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Editorial on the Research Topic 


Genetics and genomics of emerging and multifactorial stresses affecting plant survival and associated plant microbiomes


In the face of unprecedented global climate challenges, agricultural systems must adapt to a convergence of multifactorial stresses—drought, salinity, temperature fluctuations, nutrient limitations, pathogen outbreaks and other abiotic stresses—many of which occur concurrently, amplifying their impact and threatening crop yield, quality, and global food security (Fedoroff et al., 2010; Jiang et al., 2025). These multifactorial stressors not only threaten global crop yields and food security but also expose the underexplored but critical role of plant-associated microbiomes in mediating plant health, development, and resilience. This complex biological interplay provides the backdrop for the Research Topic “Genetics and Genomics of Emerging and Multifactorial Stresses Affecting Plant Survival and Associated Plant Microbiomes”.

Bringing together sixteen original research and one mini-review articles, this Research Topic presents a multifaceted exploration into how plants perceive, respond to, and adapt under layered stress conditions. Through the integration of genome-wide analyses such as Genome-Wide Association Studies (GWAS), transcriptomics, QTL mapping, epigenetic profiling, functional genomics and microbiome research, these studies not only deepen our understanding of plant stress biology but also lay the groundwork for a paradigm shift in crop improvement—one that embraces holobiont-based breeding (Huitzil et al., 2023) and systems-level thinking for resilience in a rapidly changing climate.





Advancing genetic dissection through genetic mapping, GWAS and QTL meta-analysis

Several contributions leverage powerful genomics tools to identify genes and markers associated with stress-related traits. Vutla et al. dissected the genetic basis of eight key traits in pearl millet (Cenchrus americanus) using a recombinant inbred line population and high-density SNP map, identifying 45 QTLs. The co-localization of multiple QTLs on LG3 and consistent detection across years emphasizes the robustness and breeding relevance for the yield-related traits and also suggesting linked improvement of traits like plant height and panicle size in pearl millet. The overlap of QTLs means breeders can potentially improve multiple traits with fewer selection cycles. This work helps secure millet’s role as a hardy cereal for food and fodder in marginal lands. Sahu et al. conducted a comprehensive meta-analysis consolidating QTL data from 30 studies over 12 years, leading to the identification of 70 high-confidence meta-QTLs associated with yield, stress tolerance, and aflatoxin resistance in peanut (Arachis hypogaea). The discovery of candidate genes linked to aflatoxin resistance and fatty acid composition offers direct targets for marker-assisted programs. This sets the stage for peanuts that are safer, healthier, and more climate-resilient. Chandana et al. conducted a large-scale genome-wide association studies (GWAS) in chickpea (Cicer arietinum), identifying over 1,000 marker–trait associations, including 75 novel loci related to root nodulation. Their work provides critical genetic insights into enhancing biological nitrogen fixation, an essential trait for sustainable crop production. In wheat, Sharma et al. employed QTL meta-analysis to consolidate over 200 QTLs associated with powdery mildew resistance into 68 meta-QTLs and 13 high-confidence MQTLs, some co-localizing with known resistance genes in wheat. The refined loci enable fine mapping and functional studies to enhance durable resistance. Complementarily, Vishwakarma et al. performed GWAS to map SNPs linked to grain quality and agronomic traits in bread wheat (Triticum aestivum). Their identification of stable, environment-resilient SNPs informs breeding programs aimed for dual improvement in yield and quality. Suresh et al. screened 427 tropical maize lines and identified 14 lines with robust Gray Leaf Spot resistance, some carrying extra drought or viral resistance. The genetic markers found provide a toolkit for breeders to combine disease resistance with agronomic performance. Given GLS’s yield impact in Africa, these donor lines could substantially reduce crop losses without heavy fungicide use. Together, these studies illustrate the power of modern genomic tools to untangle complex stress-related traits and move toward the development of crop varieties that are not only high-yielding but also resilient to multifactorial environmental stresses. Their collective contributions mark a critical step in incorporating multi-trait and environment-stable genomic regions into mainstream breeding programs.





Molecular, epigenetic, and evolutionary insights of gene families in plant defense and disease resistance

Understanding gene expression and regulatory mechanisms under stress is essential for designing resilient crops. Ahmad et al. explored the transcriptomic response of date palm roots to salinity stress in the presence of the beneficial root endophyte Piriformospora indica. Their study revealed upregulation of genes involved in ion transport, oxidative stress responses, and hormone signaling highlighting the synergistic roles of beneficial microbes in stress mitigation. Liu et al. conducted a comprehensive metabolomic and microbial profiling of tobacco rhizosphere soils across four cropping systems, using non-targeted metabolomics and amplicon sequencing (16S rRNA and ITS). Their findings revealed significant shifts in lipid metabolism, amino acid biosynthesis, and secondary metabolite pathways, which in turn shaped distinct microbial communities. Notably, increased abundance of arbuscular mycorrhizal and saprotrophic fungi suggests enhanced nutrient cycling and plant support under diversified cropping. This study demonstrates the intricate link between soil chemistry and microbial dynamics and provides actionable insights for designing sustainable rotation and fertilization strategies in tobacco cultivation. Patil and Tripathi profiled microRNA expressions in papaya (Carica papaya) genotypes with contrasting responses to Papaya ringspot virus (PRSV), revealing genotype-specific and infection-responsive miRNA signatures. Their findings underscore the regulatory role of small RNAs in modulating antiviral defenses and highlight miRNA-based mechanisms that differentiate susceptible and resistant responses. This study opens avenues for molecular breeding and genome-editing approaches to enhance PRSV resistance in papaya. Su et al. provided a comprehensive analysis of Protein Arginine Methyltransferase (PRMT) and Jumonji C-domain containing (JmjC) gene families in apple (Pyrus malus), linking their expression to cold and drought stress. As key players in histone modification and epigenetic regulation, these genes are promising candidates for engineering stress-responsive chromatin dynamics in perennial crops. Adding an evolutionary dimension, Sultan et al. studied NLR immune gene evolution in annual and perennial Glycine species. Annuals like soybeans had expanded NLRomes via recent duplications, while perennials experienced contraction but higher diversification. Gene birth after speciation contributed to unique repertoires, especially in G. latifolia. Uneven NLR distribution was observed in polyploid genomes. Findings inform disease resistance breeding in soybean. This study underscores the value of leveraging wild relatives for breeding programs and highlights the broader importance of germplasm diversity in anticipating future pathogen pressures. Evolutionary divergence and gene duplication events have shaped plant immunity-related gene families (e.g., NLRs, PRMTs, JMJs), offering novel genetic resources for biotechnological and breeding interventions.

Collectively, these insights reveal the sophisticated regulatory frameworks plants employ to navigate environmental stress and emphasize untapped avenues for breeding resilient cultivars through the integration of molecular and evolutionary principles.





Functional genomics and field validation

Several studies bridged molecular discoveries with practical applications. Wambi et al. employed a multi-trait, principal component–based selection index on 192 maize hybrids to identify genotypes resistant to fall armyworm (FAW). The best index improved yield under infestation while cutting leaf damage significantly. This approach lets breeders target multiple traits at once, speeding development of pest-resilient hybrids. Such tools could be crucial for African farmers battling FAW without heavy pesticide reliance. This approach offers a robust and efficient tool for breeding high-yielding, FAW-resistant maize varieties. Kavai et al. investigated the genetic basis of resistance to maize lethal necrosis (MLN) in tropical maize by evaluating 182 hybrids from a 14-parent diallel across three years under artificial inoculation and rainfed conditions in Kenya. Identifying inbred lines with both resistance and yield potential allows for hybrid development without major trade-offs. In regions hit by MLN, these results offer a pathway to stable maize production in sub-Saharan Africa. Wang et al. offer a mechanistic foundation for hemiparasitic seedling development in Malania oleifera, an ecologically significant and oil-rich tree endemic to karst regions. Growth trials with nutrient-rich/poor soils and various hosts showed vigorous hosts greatly improved aboveground growth, with less effect on roots. Hormone metabolism, stress response, and antibiotic biosynthesis genes were upregulated in haustoria. Host association boosted nutrient synthesis and stress tolerance. Findings aid cultivation of hard-to-grow hemiparasites while optimizing propagation strategies for this economically valuable species.





Plant-microbiome interactions under multifactorial stresses

An essential component of this Research Topic is the examination of plant-microbiome interactions in stress contexts: Rhizosphere microbial communities are dynamic mediators of plant stress responses and disease resistance. Crop genotype, soil conditions, and biotic stresses co-influence microbial shifts, with strong implications for sustainable agriculture.

Liu et al. studied tobacco cropping systems, showing that crop rotation and fertilization alter rhizosphere metabolites (lipids, amino acids) and microbial diversity (e.g., mycorrhizae), enhancing soil health and plant productivity. Tyagi et al. provide a timely mini-review on the complex interplay between waterlogging stress, plant microbiomes, and disease development. The authors emphasized how waterlogging induces metabolic reprogramming, hypoxia, nutrient imbalances, and shifts in microbial community structure, all of which can exacerbate pathogen incidence and compromise plant resilience. This synthesis identifies critical knowledge gaps and lays the groundwork for integrating microbial ecology into waterlogging-tolerant crop management strategies under climate change scenarios. Karapareddy et al. profiled rhizosphere microbial communities in cotton-growing soils across North Alabama with varied levels of reniform nematode infestation using 16S and ITS amplicon sequencing. Their study identified over 47,000 bacterial and 3,400 fungal ASVs, with key bacterial genera such as Bacillus, Streptomyces, and Conexibacter, and fungal genera including Fusarium and Cladosporium. The community structure showed tight clustering among Actinobacteria, Acidobacteria, and Proteobacteria, suggesting functional synergy. These findings underscore the ecological relevance of microbial diversity in modulating plant–nematode interactions and provide a foundation for rhizosphere-targeted strategies in pest and soil health management. Deng et al. characterized rhizosphere bacterial communities in oilseed rape (Brassica napus) cultivars with contrasting responses to Plasmodiophora brassicae infection, the causal agent of clubroot disease. Using amplicon sequencing and metagenomic functional analysis, the study revealed that resistant and susceptible cultivars exhibited distinct shifts in key nitrogen-cycling bacterial genera—such as Nitrosomonas, Limnobacter, and Thiobacillus—under pathogen stress. Notably, susceptible cultivars displayed enhanced bacterial co-occurrence network complexity and upregulation of nitrification genes, while resistant cultivars favored assimilatory nitrate reduction pathways. These findings emphasize the dynamic role of rhizosphere microbiomes in modulating host-pathogen interactions and provide insight into microbial contributions to disease resistance mechanisms. These studies collectively advance the plant–microbiome integration paradigm—the concept that plant resilience emerges from the co-functioning of plant and microbial genomes.





Roadmap for future research: systems biology and beyond




Holobiont paradigm and microbiome-driven resilience

One of the most forward-looking themes in this Research Topic is the plant holobiont concept—the recognition that plant performance is co-determined by its microbiome:

	Tyagi et al. reviewed microbial dysbiosis under waterlogging stress.

	Ahmad et al. showed how P. indica inoculation enhances salt tolerance in date palm.



These studies collectively advocate for “holobiont breeding”, integrating host genetic traits with microbiome function—a paradigm shift from conventional plant-centric approaches to co-optimized plant–microbiome systems.





Towards systems-level crop improvement: challenges and horizons

The articles in this Research Topic signal a transformation in plant biology—from single-gene studies to systems-level, multidimensional investigations. Key future directions identified include:

	Causal microbiome engineering uses synthetic communities and functional metagenomics.

	Temporal and spatial gene expression resolution through high-resolution time-series and cell-type-specific profiling.

	Pan-genome analysis and structural variant discovery beyond SNP-centric studies.

	CRISPR/dCas9 epigenome editing and synthetic RNA technologies for precision trait modulation.

	AI-driven phenotype prediction and climate-resilient variety design through integration of omics and environmental data.



These trajectories call for transdisciplinary collaboration, uniting plant genetics, epigenomics, microbiology, data science, and field-based agronomy.

The 17 articles published under this Research Topic represent a significant leap forward in our collective understanding of plant stress biology. These studies span a diverse array of plant systems, stress types, and methodological frameworks ranging from GWAS, meta-QTL analyses, transcriptomics, metabolomics, and epigenetics to field validation and microbiome profiling. Together, this Research Topic moves beyond single-stressor frameworks by embracing integrative approaches that capture the interactions among plant genomes, epigenomes, and the associated microbial communities-the plant holobiont. Multiple studies have demonstrated that stress resilience is not solely encoded in the plant genome but is also influenced by dynamic plant–microbiome interactions. For instance, insights from Liu et al. Deng et al.,Karapareddy et al. and Tyagi et al. emphasize the role of rhizosphere and endosphere microbial shifts under stress and highlight beneficial microbes as potential bioenhancers. Simultaneously, genetic and genomic studies by Vutla et al., Sahu et al., Suresh et al. and Chandana et al. offer precise markers and candidate genes for resistance breeding through QTL mapping and GWAS. Several contributions exemplify the shift toward actionable trait discovery (Kavai et al. and Wambi et al.) bridging lab-based genomic insights with field-based validation. Moreover, integrative molecular approaches including miRNA profiling (Patil and Tripathi), transcriptome analysis (Ahmad et al.), and epigenetic regulators (Su et al.) advance our mechanistic understanding of stress perception and response. The evolutionary insights from Sultan et al. add further depth by situating stress responses within the broader context of gene family diversification and adaptation. Collectively, these works signal a notable advancement toward designing crops not merely as standalone genetic entities, but as dynamic systems interacting continuously with their environment and associated biota. A compelling future direction emerging from these studies is the incorporation of microbiome-aware selection and breeding a concept gaining traction as “holobiont breeding” (Huitzil et al., 2023). This requires precise characterization of beneficial microbial consortia, their functions, and the plant traits that facilitate their recruitment and persistence under stress.

The future of plant resilience research must integrate multi-omics with high-throughput phenotyping, environmental modeling, and artificial intelligence. Such convergence will enable the discovery of novel gene networks, predictive trait–microbe associations, and adaptive alleles suited to future climates (Wang et al., 2024). Structural variants and presence/absence variations uncovered through pangenomics and Pan-GWAS offer another layer of stress-relevant variation often missed in SNP-only frameworks (Hu et al., 2024, 2025). Advances in genome editing tools like CRISPR/dCas systems and synthetic biology platforms hold promise for targeted modulation of regulatory networks involved in stress tolerance (Miki et al., 2018). Moreover, future research must prioritize stress combinations and field-level complexity. Multifactorial stress experiments, longitudinal sampling, cell-type specific profiling, and synthetic community reconstitution are necessary to elucidate causal interactions and validate lab findings under real-world agricultural scenarios (Schmitz et al., 2022; Taskiran et al., 2024).






Conclusion

The convergence of climate variability, pathogen pressure, abiotic stress, and soil degradation poses complex challenges to global agriculture. Addressing these requires an integrated understanding of plant genetics, physiology, and plant–microbe interactions. The Research Topic offers a blueprint for the future of sustainable crop improvement. It calls for systems-level integration of plant genetics, microbial ecology, functional genomics, and field-based validation. The holistic vision presented here anchored in robust data and interdisciplinary collaboration will be pivotal in breeding the next generation of climate-smart, microbiome-optimized, and climate-adapted varieties. We are confident that the insights presented in this Research Topic will inspire continued innovation and strategic research toward global food and environmental security. The studies presented herein converge on a singular message: the path to climate-smart agriculture lies in holobiont-aware breeding, where plant genotypes and their associated microbiomes co-evolve and co-adapt for sustainable productivity.

We extend our deepest appreciation to the authors, reviewers, and editorial teams whose contributions make this thematic issue a robust resource and a visionary roadmap for advancing plant resilience research. The insights and innovations presented here pave the way for a future where crops are not only genetically fortified but ecologically and epigenetically empowered to thrive in the face of multifactorial stresses.
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Histone methylation is an important type of histone modification that regulates gene expression in plants. In this study, we identified 14 arginine methylation-related genes (Protein Arginine Methyltransferase, MdPRMT) and 32 demethylation-related genes (JmjC Domain-Containing Family, MdJMJ) in apple. Furthermore, we investigated the phylogenetic relationship, chromosome distribution, gene structure, motif analysis, promoter sequence analysis, and expression patterns of MdPRMT and MdJMJ genes. Homology analysis showed a high degree of conservation and homology between PRMT and JMJ genes in Arabidopsis and apple. We identified the types of duplicated genes in the MdJMJ and MdPRMT gene families, found a large number of whole-genome duplicates (WGD) gene pairs and a small number of tandem duplicates (TD) pairs, transposed duplication (TRD) gene pairs as well as proximal duplicates (PD) pairs, and discussed the possible evolutionary pathways of the gene families from the perspective of duplicated genes. Homology analysis showed a high degree of conservation and homology between PRMT and JMJ genes in Arabidopsis and apple. In addition, the promoter regions of MdPRMT and MdJMJ contain numerous cis-acting elements involved in plant growth and development, hormone response, and stress responses. Based on the transcriptional profiles of MdPRMT and MdJMJ in different tissues and developmental stages, it was found that MdPRMT and MdJMJ may play multiple roles in apple growth and development, for example, MdJMJ21 may be involved in the regulation of apple endosperm formation. MdPRMT and MdJMJ exhibit different expression patterns in response to hormone signaling in apple, MdJMJ3, MdJMJ18, MdJMJ30, MdPRMT2, MdPRMT13, and MdPRMT14 may play roles in apple response to drought stress, while the expression of MdJMJ13, MdPRMT3, MdPRMT4, and MdPRMT6 is affected by cold stress. Our study provides a foundation for determining the functional roles of MdPRMT and MdJMJ genes in apple.
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1 Introduction

In eukaryotes, the basic structural unit of chromatin is the nucleosome (Kouzarides, 2007). Generally, nucleosomes are composed of octamers consisting of two copies each of four histone subunits, H2B, H2A, H3, and H4 (Thomas Jenuwein, 2001; Liu et al., 2010). The N-terminal amino acid residues of histones are susceptible to post-translational modifications, including acetylation, methylation, phosphorylation, ubiquitination, and other histone modifications (Kouzarides, 2007). In recent years, with the advancement in detection techniques for histone modifications and further research, it has been discovered that the middle and C-terminal regions of histones can also be specifically modified. These modifications affect the compactness and accessibility of chromatin in different ways, thereby influencing gene expression and ultimately affecting various physiological and developmental processes in organisms. They are one of the most important epigenetic regulatory mechanisms of gene expression in eukaryotes (Lawrence et al., 2016). Histone modifications are reversible covalent modifications. The occurrence, removal, and functional roles of these covalent modifications are mainly regulated by histone-modifying enzymes and their corresponding cofactors, including Writers, Erasers, and Reader/Effectors (Liu et al., 2010). Writers are enzymes that catalyze the addition of chemical groups to histones for modification, such as histone acetyltransferases (HATs), histone methyltransferases (HMTs), kinases, and ubiquitinases. Erasers are enzymes that remove these modifications from histones, such as histone deacetylases (HDACs), histone demethylases (HDMs), phosphatases, and deubiquitinases. Readers are proteins or protein complexes that recognize and specifically bind to substrates with specific post-translational modifications (Liu et al., 2010). Among them, histone methylation, as one of the main types of histone modifications, primarily affects the binding of histones to Reader proteins, leading to changes in chromatin structure, and thus transcriptional repression or activation (Genschik et al., 2014). Histone methylation can be divided into lysine methylation and arginine methylation based on their occurrence sites (Alvarez-Venegas, 2005), so HMTs can also be classified into HKMTs and PRMTs. The removal of histone methylation modifications is mainly accomplished by HDMs (Luo et al., 2014).

Protein arginine methylation is catalyzed by type I and II PRMTs, with type I PRMTs catalyzing asymmetric dimethylation of arginine residues and type II PRMTs catalyzing symmetric dimethylation of arginine residues (Bedford and Richard, 2005). Studies have shown that Arabidopsis protein arginine methyltransferase 5 (AtPRMT5), a homolog of human PRMT5, is an enzyme capable of catalyzing symmetric dimethylation of arginine residues, and it plays a role in Arabidopsis growth and development, especially in promoting flowering (Wang et al., 2001; Pei et al., 2007). In addition, other type I PRMTs in Arabidopsis that can catalyze asymmetric dimethylation of arginine residues (AtPRMT10, AtPRMT4a, and AtPRMT4b) have also been shown to promote flowering (Niu et al., 2007, 2008). Overall, existing evidence suggests that protein arginine methyltransferases play important roles in plant growth and development. HDMs are key factors regulating the steady state of histone methylation. HDMs can be divided into two types based on their mechanisms: lysine-specific demethylase KDM1/LSD1 and demethylases containing Jumonji C (JmjC) domains. KDM1/LSD1 performs demethylation of mono- and dimethylated lysine residues through FAD-dependent amine oxidation reactions, while JmjC proteins catalyze demethylation reactions that are dependent on iron (II) and α-ketoglutarate, and they play important roles in histone demethylation. They can remove methylation modifications at H3K4, H3K9, H3K27, and H3K36 (Anand and Marmorstein, 2007). Arabidopsis contains 21 JmjC domain proteins (JMJs), which are divided into five subfamilies (KDM5/JARID1, KDM4/JHDM3, KDM3/JHDM2, JMJD6, and JmjC domain-only) based on protein sequence similarity (Luo et al., 2014). In rice, 20 JmjC domain proteins have been identified, among which OsJMJ706 specific to H3K9 and OsJMJ703 specific to H3K4 have been shown to be involved in the regulation of rice flower organ development and transposon silencing, respectively (Sun and Zhou, 2008; Copenhaver et al., 2013; Cui et al., 2013). These findings collectively indicate that PRMTs and HDMs play important roles in plant growth and development.

Apple (Malus domestica) is one of the most important fruits in the world (Perini et al., 2014). Previous studies have shown that histone lysine methylation in apples is primarily mediated by a class of proteins containing SET domains (SDGs). The apple genome contains a total of 67 SDG genes, which play important roles in apple development and stress responses (Li et al., 2021). However, research on protein arginine methyltransferases and histone demethylases in apples is very limited, so it is necessary to reveal their functional characteristics in apples.

In this study, a total of 32 JMJ members and 14 PRMT members were identified in the apple genome, and they were subjected to detailed analysis in terms of systematic evolution, homology relationships, conserved domains, gene structure, and cis-acting elements. In addition, the expression profiles of MdPRMTs and MdMJMs in different organs of apple at different developmental stages, under biotic and abiotic stresses, and in response to hormones were also studied. In conclusion, this study provides a comprehensive analysis of JMJ and PRMT genes in apple, laying a foundation for further exploration of their regulatory roles in apple development, stress responses, and hormone signaling.




2 Materials and methods



2.1 Identification and classification of histone methylation modification genes

Following previous research, the Arabidopsis Information Resource (TAIR, https://www.arabidopsis.org/) was used to obtain the Arabidopsis thaliana histone methylation modification genes protein sequences. The whole genome data of apples (Malus domestica) was obtained from the Apple Genome Database (http://bioinformatics.cau.edu.cn/AppleMDO/) (Da et al., 2019). And the gene identifier (ID) can be found in the Supplementary Table S1.

Candidate histone methylation modification genes (PRMTs and JMJs) in apple were identified using; two basic local alignment search tool (BLAST) methods implemented in TBtools (Chen et al., 2020). The Arabidopsis PRMTs and JMJs protein sequences were used as queries for BLAST analysis. Additionally, relevant hidden Markov models were obtained from the Pfam database (http://pfam.xfam.org/), and employed to search the apple protein sequence data using the HMMER 3.0 software with a stringent threshold of E ≤ 10–20. After removing redundancy and duplicate sequences, a preliminary set of candidate sequences was determined. The intersection of the gene family candidate members was obtained by combining the results obtained from the above-mentioned methods. Subsequently, the conserved protein domains of the target gene family in apples were analyzed using the Web CD-Search tool on the NCBI website (https://www.ncbi.nlm.nih.gov/Structure/bwrb/bwrpsb.cgi/). This analysis aimed to determine whether the conserved domain related to the target gene family protein was present in each candidate sequence. Only the candidate sequences containing complete domains were retained for further analysis. In the case of those sequences that contained different or incomplete domains, their sequence integrity was assessed by submitting them to the SoftBerry website (http://linux1.softberry.com/) before subjecting them to the Batch Web CD-Search tool for comparing the similarity between their domains and those of Arabidopsis PRMTs and JMJs sequences.

The protein physicochemical properties of gene family members were calculated using the ExPASy online software ProtParam (https://web.expasy.org/protparam/). These properties encompass various parameters such as the number of amino acids, molecular weight, theoretical pI, instability index, aliphatic index, and grand average of hydropathicity. The chromosome location of each confirmed histone methylation modification gene was retrieved from the GFF3 file of apple genome, and then visualized on apple chromosomes using TBtools (Chen et al., 2020).




2.2 Phylogenetic analysis of histone methylation modification proteins in M. domestica and A. thaliana

The amino acid sequences of PRMTs, and JMJs in Arabidopsis and apple were obtained individually from the TAIR and AppleMDO databases. These sequences were aligned using MUSCLE in MEGA 11 software. Then, the optimal model was determined using MEGA 11 software, and the phylogenetic tree was constructed using the maximum likelihood method(ML) (Tamura et al., 2021). The bootstrap consensus tree inferred from 1000 replicates is taken to represent the evolutionary history of the taxa analyzed (Felsenstein, 1985). The phylogenetic tree was visualized and optimized by TBtools.




2.3 Chromosomal distribution and synteny analysis

The gene location analysis was performed using the Amazing Gene Location tool in TBtools, which mapped the PRMTs and JMJs to their respective chromosomes based on the information extracted from the GTF/GFF files. To visualize the synteny blocks within the apple genome and between the genomes of apple, Arabidopsis, rice and maize, the Dual Synteny Plotter tool in TBtools was employed. These synteny blocks were generated using the One Step MCScanX-Super Fast method. Rice and maize genome data were both downloaded from the EnsemblPlants database (https://plants.ensembl.org/index.html). The Simple Ka/Ks calculator (NG) in TBtools was utilized to calculate the synonymous (Ks) and non-synonymous (Ka) values for duplicated genes.




2.4 Identification of duplicated gene types

We employed the DupGen_finder tool (https://github.com/qiao-xin/DupGen_finder) to classify the types of duplicated genes. DupGen_finder_unique categorizes plant genome duplicated genes into five categories based on a specific algorithm: whole-genome duplication (WGD), proximal duplication (PD), transposed duplication (TRD), dispersed duplication (DSD), and tandem duplication (TD) (Qiao et al., 2019). Using Arabidopsis as an outgroup for apple, we followed the recommended workflow of DupGen_finder for our analysis and parameter configuration as previously described (Kenchanmane Raju et al., 2023).




2.5 Sequence analysis

The conserved features of PRMTs and JMJs sequences were analyzed and visualized based on motifs using the Multiple Em for Motif Elicitation (MEME) suite 5.4.1 (https://meme-suite.org/meme/tools/meme) (Bailey et al., 2015) and TBtools. The gene structure of PRMT and JMJ genes were assessed using Gene Structure Shower in TBtools, utilizing information from the apple genome GFF3 file. To identify the cis-elements in the promoters of PRMT and JMJ genes, PlantCare (https://bioinformatics.psb.ugent.be/webtools/plantcare/html/) was employed (Lescot et al., 2002).




2.6 Expression profiling of PRMT and JMJ genes in apple

The expression pattern of PRMT and JMJ genes following abiotic, hormone and biotic stress treatment were obtained from SRA database in NCBI website or National Genomics Data Center. The study IDs were as follows: for abiotic stress treatment: salt treatment (SRP229388), cold stress (CRA002596) and drought treatment (SRP347250); for hormone treatment: 1-Methylcyclopropene (1-MCP) treatment (SRP334206), Gibberellin Acid 3 (GA3) and 1-Naphthaleneacetic acid (NAA) treatment (SRP185711) and Indole-3-butyric acid (IBA) treatment (SRP330812); for biotic stress treatment: Alternaria alternata (SRP091754), Pythium ultimum (SRP048684), Fusarium solani (SRP239526) and ring rot (SRP153065). Kallisto, an RNA-seq quantification program were used to calculate the expression of gene (Bray et al., 2016). In this study, the gene expression was estimated using the fragment number per kilobase per million mapped exons (FPKM) and transcripts per kilobase of exon model per million mapped reads (TPM) method.




2.7 Quantitative reverse transcription polymerase chain reaction

Apple (‘GL3’) tissue culture seedlings were transferred to MS medium plus 200 mM sodium chloride (NaCl), 10% polyethylene glycol (PEG) 6000. Leaves were sampled at 0, 6, 12 and 24h after treatment for RNA isolation. Total RNA was extracted from apple leaves using the hot borate method as previously described (Ma et al., 2006). For reverse transcription-PCR, first-strand cDNA was synthesized from 1 μg of total RNA using Reverse Transcriptase M-MLV (RNase H-) (Takara Biomedical Technology Co., Ltd., Shiga, Japan). qRT-PCR was conducted with Takara SYBR Premix Ex Taq II (Takara Biomedical Technology Co., Ltd.) using a Light Cycler 480 instrument (Roche, Basel, Switzerland). MdEF-1α were used as internal controls. All primers used are listed in Supplementary Table S8.





3 Results



3.1 Identification of PRMTs and JMJs in apple

To identify the PRMTs and JMJs gene families in the apple genome, a comprehensive investigation was carried out using the protein sequences of the corresponding genes from Arabidopsis as search queries. After eliminating redundant and duplicate sequences, we identified 14 and 32 genes in PRMT and JMJ families, respectively, in the apple genome (Table 1). The predicted protein sequence lengths of the PRMT and JMJ families ranged from 232 (MdPRMT11) to 722 (MdPRMT3) and 187 (MdJMJ2) to 1843 (MdJMJ14) amino acids, respectively. The molecular weight (MW) of the PRMT and KDM families ranged from 25.45 (MdPRMT11) to 81.12 (MdPRMT3) and 21.43 (MdJMJ2) to 210 (MdJMJ14) kDa, respectively. The isoelectric point (pI) values for the PRMT and JMJ families varied from 25.45 (MdPRMT11) to 81.12 (MdPRMT3) and 5.05 (MdJMJ8) to 9.03 (MdJMJ28), respectively. The complete information about the genes, including gene locus ID, chromosomal position, coding sequence length, and protein sequence length, was shown in Table 1. The nomenclature of the genes followed a sequential order based on their arrangement on the chromosome.

Table 1 | PRMT and JMJ genes identified in apple.


[image: A table detailing gene characteristics divided into two families: PRMTs and JMJs. For each gene, columns include gene name, gene ID, chromosome, genomic location, GRAVY score, strand, amino acid length, isoelectric point (pI), and molecular weight (MW in kDa).]



3.2 Analysis of chromosomal distribution and evolutionary relationships of MdJMJ and MdPRMT genes

In Figure 1A, the chromosomal distribution of PRMTs, and JMJs in apple was shown. The analysis revealed that the distribution of these genes is irregular. Particularly, the MdJMJ genes were distributed on all chromosomes apart from chromosomes 2, 9, 11, and 17. The chromosomal distribution of MdPRMT genes was comparatively more restricted, limited to chromosomes 2, 4, 7, 8, 13, 15, and 16. Notably, chromosome 15 showed the most concentrated distribution with a total of 6 genes (MdPRMT8, MdPRMT9, MdPRMT10, MdPRMT11, MdPRMT12 and MdPRMT13).

[image: Image A shows a schematic representation of chromosomes labeled Chr00 to Chr16 with specific markers such as MdJMJ1 and MdPRMT1 distributed across them. Image B displays a circular diagram of these chromosomes with interconnections indicated by lines and labeled markers around the perimeter.]
Figure 1 | Chromosomal distribution and collinearity analysis of JMJ and PRMT genes between apple and A. thaliana. (A) Chromosomal distribution and duplication analysis of JMJs and PRMTs in apple. (B) Collinearity analysis of JMJ and PRMT genes family in apple.

Gene duplication events are a common occurrence across all species, playing a crucial role in generating novel functional genes and driving species evolution (Xu et al., 2012). In order to explore gene duplication events within the JMJ and PRMT gene families in apple, we conducted genome synteny analysis. The analysis revealed the presence of 10 potential duplicated genes in the MdJMJ gene family and 4 in the MdPRMT gene family (Figure 1B). This finding suggests that the expansion of the MdJMJ gene family is primarily driven by segmental duplication, as indicated by the high number of potential duplicated genes. Notably, there is a significantly gene cluster located on chromosome 15 for the MdPRMT gene family (Figure 1A).

Using Arabidopsis as an outgroup for apple, we followed the recommended workflow of DupGen_finder and found that after the divergence of the two species, the MdJMJ family contained 10 WGD-pairs, 1 TD-pairs (MdJMJ1-MdJMJ2), and 3 TRD-pairs (MdJMJ3-MdJMJ6, MdJMJ4-MdJMJ7, MdJMJ11-MdJMJ12). No DSD-pairs and PD-pairs were found in the MdJMJ family. The MdPRMT family had 4 WGD-pairs (MdPRMT7- MdPRMT14, MdPRMT5-MdPRMT8, MdPRMT2-MdPRMT13, MdPRMT1-MdPRMT12), 2 PD-pairs (MdPRMT11-MdPRMT9, MdPRMT9-MdPRMT10) and 1 TRD- pairs (MdPRMT6-MdPRMT13). No DSD-pairs and TD-pairs were found in the MdPRMT family. Detailed analytical results can be found in Supplementary Table S9. The analysis outcomes indicate that the primary mode of evolution for the MdJMJ and MdPRMT gene families is whole-genome duplication.

To elucidate the evolutionary relationships of the PRMT and JMJ gene families, a maximum likelihood (ML) phylogenetic tree was constructed using the PRMT and JMJ proteins from apple and Arabidopsis (Figure 2). The classification of the gene families was based on the established Arabidopsis JMJ gene families. The JMJ subfamily includes KDM5, KDM4, KDM3, KDM1, JMJC, and JMJD6, with 8, 6, 10, 4, 1, and 3 MdJMJ proteins, respectively (Figure 2A).

[image: Phylogenetic trees labeled A and B compare different genes. Tree A displays KDM5, KDM4, KDM3, and KDM1 gene groups with red and green dot markers for specific genes. Tree B shows gene relationships using the MdPRMT and AtPRMT markers in red and green. Both trees illustrate evolutionary connections among various gene sequences.]
Figure 2 | Phylogenetic relationship of JMJ (A) and PRMT (B) proteins from apple and Arabidopsis. The bootstrap consensus of tree was inferred from 1000 replicates, and the phylogenetic tree was constructed using the maximum likelihood method. In the figure, red dots represent Arabidopsis proteins, while green dots represent apple proteins.

To gain deeper insights into the origin, evolutionary history, and functional characteristics of PRMT and JMJ genes, we performed a comparative synteny analysis between the genomes of apple, Arabidopsis, rice and maize (Figure 3). The apple genome contained 19 JMJ genes with high synteny to the Arabidopsis genome, forming a total of 21 syntenic gene pairs, as shown in Figure 3A. These syntenic gene pairs include MdJMJ10-AtJMJ16, MdJMJ11-AtJMJ17, MdJMJ11-AtJMJ18, MdJMJ14-AtJMJ19, MdJMJ15-AtJMJ20, MdJMJ17-AtJMJ21, MdJMJ19-AtJMJ22, MdJMJ21-AtJMJ23, MdJMJ22-AtJMJ24, MdJMJ23-AtJMJ25, MdJMJ23-AtJMJ26, MdJMJ24-AtJMJ27, MdJMJ25-AtJMJ28, MdJMJ27-AtJMJ29, MdJMJ28-AtJMJ30, MdJMJ29-AtJMJ31, MdJMJ3-AtJMJ32, MdJMJ31-AtJMJ33, MdJMJ4-AtJMJ34, MdJMJ5-AtJMJ35, and MdJMJ9-AtJMJ36 (Figure 3A). 7 syntenic gene pairs were found between apples and maize, only one ortholog pair (AtJMJ21-OsFBO14) were found in Arabidopsis and rice. In addition, there were 7 PRMT genes in the apple genome that showed synteny with the Arabidopsis genome, forming a total of 11 syntenic gene pairs. These syntenic gene pairs include MdPRMT13-AtPRMT1a, MdPRMT13-AtPRMT1b, MdPRMT14-AtPRMT4b, MdPRMT14-AtPRMT4a, MdPRMT2-AtPRMT1a, MdPRMT2-AtPRMT1b, MdPRMT3-AtPRMT7, MdPRMT5-AtPRMT5, MdPRMT7-AtPRMT4b, MdPRMT7-AtPRMT4a, and MdPRMT8-AtPRMT5 (Figure 3B). Five pairs of co-linear genes (ZmPRMT6-MdPRMT6, ZmPRMT3-MdPRMT7, ZmPRMT3-MdPRMT14, ZmPRMT4-MdPRMT7, and ZmPRMT5-MdPRMT6) were identified between maize and apple, while no co-linear genes were found between Arabidopsis and rice. These results indicate a high conservation of JMJ and PRMT genes between the apple and Arabidopsis genomes.

[image: Comparative genomic illustrations show chromosomal relationships among four plant species: Zea mays, Malus domestica, Arabidopsis thaliana, and Oryza sativa. Part A highlights genetic links using blue, yellow, and red curves. Part B similarly outlines genetic connections. Chromosomes are labeled, and lines indicate gene synteny across species.]
Figure 3 | Synteny analysis of JMJs (A) and PRMTs (B) of apple, Arabidopsis, maize and rice.

For evolutionary studies, Ka (non-synonymous substitution) and Ks (synonymous substitution) values can be used to predict the selective pressure on duplicated genes (Zhao et al., 2016). When the Ka/Ks ratio falls below 1, it signifies that the genes have undergone purifying selection, indicating the absence of significant functional differentiation among these genes during the evolutionary process (Hurst, 2002). We utilized the Simple Ka/Ks CalculatorNG program in TBtools to analyze 14 pairs of collinear genes in MdJMJ and MdPRMT to further investigate the evolutionary relationships among these collinear genes. The results showed that all the collinear gene pairs had a Ka/Ks ratio less than 1, indicating that these genes have undergone purifying selection and have not experienced functional differentiation (Table 2). However, it is important to note that a Ka/Ks ratio less than 1 does not imply that these collinear genes have not undergone functional differentiation or evolution. It simply suggests that, within the observed time scale, the functional differences among these genes have had a relatively minor impact on the evolutionary process.

Table 2 | Calculation of synonymous (Ks) and non-synonymous (Ka) for duplicated genes in apple.


[image: A table comparing pairs of genes with associated values. Column headers are "Gene 1," "Gene 2," "Ka," "Ks," and "Ka/Ks." Gene pairs listed include MdJMJ5 with MdJMJ17, MdJMJ9 with MdJMJ20 and MdJMJ26, and others. Ka values range from 0.02 to 0.44, Ks values from 0.14 to 1.84, and Ka/Ks ratios from 0.10 to 0.42.]



3.3 Sequence and structure analysis of JMJs and PRMTs

A phylogenetic tree for the MdJMJ and MdPRMT gene families was constructed using the Maximum Likelihood method in MEGA11.0 software (Figures 4A, E). It is evident that the genes clustered together in both gene families exhibit similar conserved domains. MdJMJ4 and MdJMJ31 contained only motif 1, while MdJMJ17 lacked any motifs. Additionally, motif 15, motif 19, and motif 20 were unique to MdJMJ19, MdJMJ29, MdJMJ28, and MdJMJ15, respectively (Figures 4B). The motif analysis was further supported by conserved domain analysis further supported the similar domain structures within gene cluster, which showed MdJMJ19, MdJMJ29, MdJMJ28, and MdJMJ15 possessed the ZZ superfamily domain, PLN02529 superfamily domain, and PLN02328 superfamily domain, respectively (Figures 4C). These three conserved domains were specific to these four genes, consistent with the motif analysis. Gene structure analysis revealed significant variation in the structure of MdJMJ genes, with clustering genes showing similar structures (Figure 4D). The number of introns ranged from 0 to 32, with MdJMJ28 and MdJMJ15 lacking introns, while MdJMJ3 and MdJMJ16 had the highest number of 32 introns.

[image: Comparative analysis of genomic structures and motifs in panels A to H. Panel A shows a phylogenetic tree of MdJMJ genes. Panel B details motif compositions of MdJMJ genes with a color legend for each motif. Panel C represents domain architectures with various color-coded domains. Panel D illustrates exon-intron structures with UTR and CDS regions marked. Panels E to H parallel A to D, displaying similar data for MdPRMT genes, including a phylogenetic tree, motifs, domain architectures, and exon-intron structures, with corresponding legends and scales.]
Figure 4 | Phylogenetic analysis, motif composition, conserved domains of MdJMJ, and MdPRMT proteins and exon-intron structures of MdJMJ and MdPRMT genes. (A–C) The phylogenetic tree (A), motif composition (B) and the distribution of conserved domains (C) of MdJMJs. (D) Gene structures of the MdJMJ genes. (E–G) The phylogenetic tree (E), motif composition (F) and the distribution of conserved domains (G) of MdPRMTs. (H) Gene structures of the MdPRMT genes. Green rectangles represent untranslated regions (UTRs); yellow rectangles represent coding sequence (CDS) or exons; grey lines represent introns.

For the MdPRMT gene family, which had a smaller number of members, clustering of genes based on conserved motifs revealed similar motif structures within the clusters (Figures 4F). Conserved domain analysis clearly reveals that MdPRMT10, MdPRMT5, MdPRMT2, and MdPRMT13 genes only contain the AdoMet_MTases conserved domain (Figures 4G). MdPRMT4 and MdPRMT8 genes only possess the COG4076 superfamily conserved domain. The PRMT5_C and PRMT5 conserved domains are present only in MdPRMT7, MdPRMT12, and MdPRMT1 genes. All the members of the MdPRMT gene family have gene structures with introns, ranging from 6 (MdPRMT10 and MdPRMT5) to 22 (MdPRMT7 and MdPRMT12), indicating variations in gene structure within this gene family (Figures 4H).

The specific amino acid sequences of motifs of MdJMJ, MdPRMT and the detailed information of the MEME sites analysis were shown in the Supplementary Tables S2 and S3, respectively.




3.4 Cis-elements in the promoter of MdPRMTs and MdJMJs

An analysis was conducted on the promoter fragments (-2000 bp) of all MdPRMT and MdJMJ genes (Figures 5A, C). A large number of cis-regulatory elements were identified in their promoter regions, mainly including light response, cell cycle, low temperature, circadian rhythm, stress defense, growth and development (endosperm, seed-specific, meristem, cell differentiation), hormone signaling (MeJA, ABA, GA, Auxin, and SA), anoxic specific inducibility, and some transcription factors (TF), including MYB and ATBP. Additionally, we also found a wound responsive element in each of the MdJMJ. By counting the number of cis-regulatory elements (Figures 5B, D), it was found that light-responsive cis-elements were present in the promoter regions of all members of the MdPRMT and MdJMJ. MeJA, ABRE, and ARE elements were also widely distributed. Therefore, it can be inferred that MdPRMTs and MdJMJs play important roles in apple growth and development as well as hormone responses. On the other hand, less abundant cis-regulatory elements should not be overlooked. For example, the low-temperature elements were present in a significant number of MdJMJs and MdPRMTs, with 18 and 6 genes involved, respectively. Stress defense elements were found in 11, and 3 genes, while MYB-drought elements were present in 20 and 8 genes of MdJMJ and MdPRMT, respectively. These genes may play crucial roles in stress tolerance in apple. Additionally, one gene in MdJMJs contained an Endosperm-specific negative expression element and a Wound responsive element, while none of the MdPRMTs genes contained these two elements.

[image: Four-panel figure composed of scatter plots and heatmaps. Panels A and C display scatter plots with colored markers representing gene expressions across samples MdMJ and MdPRMT, respectively. Panels B and D are heatmaps showing numerical data for different categories, with a color gradient from white to red indicating lower to higher values. Each heatmap row correlates with a specific list from the scatter plots. Axes are labeled with numeric scales for visual reference.]
Figure 5 | The cis-elements analysis of MdJMJ and MdPRMT promoters. (A, B) The distribution (A) and number (B) of cis-elements in the promoter of each MdJMJ genes. (C, D) The distribution (C) and number (D) of cis-elements in the promoter of each MdPRMT genes.

Similarly, to compare the differences in cis-regulatory elements between apple and Arabidopsis, the same method was used to construct a map of cis-regulatory elements in Arabidopsis promoters and categorize them according to the phylogenetic tree (Supplementary Figure S2). The results indicate that, on average, Arabidopsis has a fewer variety of cis-regulatory elements compared to apple. Like apple, Arabidopsis AtJMJ and AtPRMT genes also contain a large number of light-responsive and stress-response elements, which can provide some assistance for the function and evolution of the apple gene families.




3.5 Expression profiles of the apple MdPRMT and MdJMJ in various organs, tissues and developmental stage

In this study, the expression profiles of MdJMJs and MdPRMTs in different tissues and developmental stages of apple were analyzed using publicly available transcriptome data (Figure 6). According to the results, the majority of histone modification-related genes showed relatively low expression levels during fruit maturation (SRP034165). It is worth noting that 11 histone modification-related genes (MdPRMT1, MdPRMT2, MdPRMT4, MdPRMT5, MdPRMT6, MdPRMT7, MdPRMT12, MdPRMT13, MdPRMT14, MdJMJ6, and MdJMJ19) exhibited higher expression levels in the early stage of fruit maturation, and their expression levels decreased to varying degrees as the fruit matured. Among them, the MdPRMT gene family had the largest number of genes, with approximately 64% of the genes showing decreased expression levels during fruit maturation. To delineate the expression patterns of histone modification-related genes in major organs of apple, transcriptome data from seedling and tree shoot apex, dormant buds and bud break, and different parts of apple flowers were analyzed. In shoot apex tissues at different stages, members of each gene family exhibited different expression patterns (SRP050139). For example, most members of the MdPRMT gene family showed varying degrees of down-regulation during the transition from the seedling stage to the mature stage, which was consistent with the down-regulated genes during fruit maturation. This suggests that the MdPRMTs may play an important role in the growth and development of apple. Furthermore, during apple plant development, 6 down-regulated genes were identified in the MdJMJs. Thus, it can be inferred that they collectively play a role in apple plant development.

[image: Heat map illustrating gene expression levels across various developmental stages and tissue types. The horizontal axis indicates fruit development days and different tissue samples, while the vertical axis lists gene identifiers. Colors range from blue through white to red, representing increasing expression levels, as indicated by the color scale on the right.]
Figure 6 | Expression profiles of the apple MdPRMT and MdJMJ genes in various organs, tissues and developmental stages. Different shades of red and blue denote the extent of the expression values according to the color bar provided [log2(FPKM+1)].

Dormant buds play a crucial role in the growth cycle of plants and serve as a survival strategy for apple trees under adverse conditions such as winter or drought (Rohde and Bhalerao, 2007). They are also an important means of reproduction for apple trees. We analyzed the expression patterns of histone modification-related genes in apple dormant buds during dormancy and bud break (SPR099578). The results showed that MdPRMTs and MdJMJs had 5 and 6 genes, respectively, with higher expression levels. Among them, MdPRMT7, MdJMJ3 and MdJMJ25 showed relatively minor down-regulation, while the majority of genes exhibited lower expression levels or irregular trends.

Flowers are important reproductive organs of apple. We analyzed the transcriptome data from different parts of apple flowers. The results showed that histone modification-related genes had significantly higher average expression levels in pollen compared to other parts. MdPRMTs, and MdJMJs had 1 (MdPRMT8) and 5 (MdJMJ3, MdJMJ13, MdJMJ21, MdJMJ23, MdJMJ32) genes with significantly higher expression levels in pollen, respectively. Furthermore, MdJMJ19 was expressed in all parts of the flower, with significantly higher expression levels in petals and sepals compared to other parts. Finally, it is noteworthy that MdJMJ2 showed either no expression or relatively low expression levels in fruit development, shoot apex, bud, different parts of flowers, and young leaves.




3.6 Expression profiles of apple MdPRMTs and MdJMJs under different biotic and abiotic stresses

In East Asia, Alternaria alternata apple pathotype (AAAP) is one of the main pathogens causing apple Alternaria blotch disease, significantly affecting the growth and development of apple trees and fruit yield (Abe et al., 2010). Some MdPRMTs and MdJMJs showed decreased expression levels after infection, such as MdJMJ6, MdJMJ15, and MdJMJ28. Some genes showed an upregulation, such as MdPRMT1, MdPRMT12 and MdJMJ25. In addition, certain genes demonstrated fluctuating expression levels, such as MdPRMT14 and MdPRMT7, which increased in expression level from 0 to 18 hours after infection and then decreased below the expression level at 0 hours of infection. On the other hand, MdJMJ27 and MdJMJ3 showed a decrease in expression level at the early stage of infection and then an increase in expression level after 18 hours of infection. It is worth noting that the expression level of MdJMJ13 was significantly higher at 18 and 72 hours after infection compared to other time points.

Pythium ultimum is one of the main pathogens causing Apple Replant Disease (ARD), which leads to growth inhibition and even death of apple seedlings when planted in orchard soil previously used for apple (or closely related species) cultivation (Zhu and Saltzgiver, 2020). The expression levels of MdJMJ and MdPRMT genes generally do not show significant changes after infection. However, it should be noted that MdJMJ13 expression is higher than the control after 4 hours of infection, while MdJMJ18 expression is lower than the control.

ARD causes severe growth and developmental obstacles in apple trees, and previous studies have determined Fusarium solani as the main pathogen causing ARD (Liu et al., 2022). There was a significant downregulation of MdJMJ3, MdJMJ18, MdJMJ25, MdJMJ27, MdJMJ29 and MdPRMT8, while MdPRMT2 showed an upregulation after F.solani infection. These results suggest that the above genes may play a role in apple resistance against F. solani infection.

Apple fruit ring rot (FRR) is a highly destructive disease caused by Botryosphaeria dothidea, which severely affects the apple industry’s development in the Asian region (Shen et al., 2019). The results revealed that, regardless of susceptible or resistant varieties, the expression levels of MdPRMTs and MdJMJs showed no significant changes compared to the corresponding mock after Botryosphaeria dothidea infection (Figure 7A).

[image: Heatmap displaying gene expression data from two experiments labeled A and B. Experiment A shows expression levels for different time points against fungal infections and treatments. Experiment B compares leaf and root responses to various treatments, including potassium chloride, sodium chloride, temperature changes, and drought. Expression intensity is color-coded from red for high to blue for low levels. Genes are listed on the side, with specific labels like MdPRMT1, MdJMJ1, etc. Temperature and hpi variables are noted above each column.]
Figure 7 | Expression profiles of the apple MdPRMT and MdJMJ genes under stress treatment. (A) Expression profiles of MdPRMT and MdJMJ genes at different time points under biotic stress (Alternaria alternata, Pythium ultimum, Fusarium solani, Ring rot) (SRP091754, SRP048684, SRP239526, SRP153065). (B) Expression profiles of MdPRMT and MdJMJ genes in leaves and roots at different time points under KCl and NaCl salt treatment (SRP229388), RNA-seq transcriptomes of barks (epidermis, phloem, and cambium) from one-year-old branches of two apple cultivars (‘Golden Delicious’ and ‘Jinhong’) under chilling and freezing treatments (CRA002596), and ‘GL3’ under drought stress (SRP347250). Different shades of red and blue denote the extent of the expression values according to the color bar provided [log2(FPKM+1) and log2(TPM+1)].

First, in terms of abiotic stress, we focused on salt stress (SRP229388) (Figure 6B). Transcriptional data from apple seedlings subjected to two types of salt stress, KCl and NaCl, showed that the expression levels of most MdPRMTs and MdJMJs were relatively low in the leaves. It is worth noting that MdJMJ6 showed a downregulation trend in the leaves under both types of salt stress. Conversely, MdJMJ3, MdJMJ13, MdJMJ19, and MdPRMT7 exhibited significant upregulation under both KCl and NaCl salt stress, with MdJMJ3 showing higher expression levels during the initial 1 hour of KCl salt stress, followed by a significant decrease after 6 hours, while the opposite trend was observed under NaCl salt stress. In the root system, MdJMJ13 displayed an obvious upregulation trend under both KCl and NaCl salt stress, with a significant increase in expression levels after 6 hours of NaCl stress, much higher than the expression levels under the same period of KCl stress. MdPRMT12 showed a downregulation trend, and MdJMJ19 exhibited an initial upregulation followed by a decrease in expression levels. A comparison between the leaf and root systems also revealed that the expression levels of MdJMJ13, MdPRMT2, MdPRMT13, and MdPRMT14 under both KCl and NaCl salt stress were significantly higher in the root system than in the leaf system, whereas the opposite was observed in MdJMJ6 and MdPRMT7. Neither MdJMJ16 nor MdJMJ2 showed expression.

In the northern region of China, low-temperature freeze injury is one of the common diseases in apple during winter and spring (Yang et al., 2011). We analyzed the RNA-seq transcriptomes of barks (epidermis, phloem, and cambium) from one-year-old branches of two apple cultivars, ‘Golden Delicious’ (non-cold-tolerant varieties) and ‘Jinhong’ (cold-tolerant varieties) under chilling and freezing treatments (CRA002596) (Figure 7B). The results showed that the expression level of MdPRMT8 was significantly higher in ‘Golden Delicious’ than in ‘Jinhong,’ and with the continuous decrease in temperature, its expression level showed a significant downregulation. MdPRMT9, MdPRMT10, MdPRMT11, and MdJMJ23 had higher average expression levels in ‘Golden Delicious’ than in ‘Jinhong’, but their expression levels did not show an obvious pattern of change. It is worth noting that MdJMJ19 had very high expression levels at 4°C in both apple cultivars, and as the temperature decreased, its expression levels were significantly downregulated. In particular, MdJMJ19 in ‘Golden Delicious’ showed a stable expression level at -9°C and even lower temperatures, while in ‘Jinhong’, a slight upregulation was observed starting from -4°C, and although the expression levels decreased at -14°C and -29°C, the overall trend was still upregulation. In ‘Jinhong’, the expression level of MdJMJ15 was significantly higher at -4°C and lower temperatures than at 4°C, while in ‘Golden Delicious’, the change in expression levels was not significant. MdPRMT2 and MdPRMT13 had significantly higher expression levels at -4°C in ‘Jinhong’ than at 4°C, and their expression levels were downregulated at lower temperatures, which was not observed in ‘Golden Delicious’. MdJMJ18 showed an upregulation of expression levels between -4°C and -14°C in both cultivars, and its expression levels decreased at even lower temperatures, indicating that this gene may play a role in apple’s resistance to low temperature.

Drought is also one of the main types of stress faced during apple cultivation, especially in drought-prone areas of China (Berger et al., 2016). We analyzed the RNA-seq data of ‘GL3’ under drought treatment (SRP347250) (Figure 7B). The analysis results showed that compared to the control group, most MdPRMTs and MdJMJs showed varying degrees of upregulation under drought stress, with MdPRMT2, MdPRMT6, MdPRMT14, MdJMJ18, MdJMJ13, MdJMJ20, MdJMJ21, MdJMJ25 and MdJMJ27 exhibiting significant upregulation. Therefore, it can be inferred that these genes may be closely related to apple’s resistance to drought.

We selected five MdJMJ and MdPRMT genes that were significantly upregulated under drought stress for qRT-PCR analysis. The results showed a significant and varying upregulation in all five genes upon PEG (as drought) treatment (Figure 8A). When two MdJMJ genes (MdJMJ13 and MdJMJ32) were subjected to salt stress, both exhibited a decrease in expression after 6 h, followed by an increase at 12 h (Figure 8B). Similarly, the relative expression levels of the four genes under 4°C cold stress displayed a similar pattern, with an initial increase at 6 h and subsequent decline (Figure 8C).

[image: Bar charts depicting relative expression levels of genes under different treatments over time.   Panel A shows expression levels for MdJMJ18, MdJMJ30, MdPRMT2, MdPRMT13, and MdPRMT14 under PEG treatment.   Panel B displays MdJMJ13 and MdJMJ32 with NaCl treatment.   Panel C features MdJMJ13, MdPRMT3, MdPRMT4, and MdPRMT6 at 4°C.   Each chart tracks expression at 0, 6, 12, and 24 hours after treatment. Different letters indicate statistically significant differences.]
Figure 8 | qRT-PCR analysis of selected MdJMJ and MdPRMT genes expression under PEG (A), NaCl (B) and 4°C (C) treatment. 25 d-old leaves were treated with PEG, NaCl and 4°C for 0 h, 6 h, 12 h and 24 h The mean values ± SEM are shown for three biological replicates. Different letters above the bars indicate significant differences according to Duncan-test (P < 0.05).




3.7 Expression profiles of the apple MdPRMTs and MdJMJs in response to hormone treatment

Plant hormones play a crucial role in the growth and development of plants. 1-MCP (1-Methylcyclopropene) is commonly used for preserving ethylene-producing or ethylene-sensitive fruits, effectively delaying fruit senescence (Berger et al., 2016). We analyzed the RNA-seq data (SRP334206) of three apple fruit varieties (‘Golden Delicious’, ‘Granny Smith’, and ‘Fuji’) treated with 1-MCP (Figure 9). The analysis revealed that MdPRMT2, MdPRMT7, MdPRMT12, MdPRMT13, and MdPRMT14 showed significantly upregulated expression in the 1-MCP treatment group compared to the control group in all three apple varieties. Additionally, the expression of MdPRMT8 in ‘Fuji’ was significantly lower than the other two varieties. Similarly, the expression of MdJMJ3, MdJMJ18, MdJMJ25, and MdJMJ27 was significantly higher in the 1-MCP treatment group, with MdJMJ3 showing the most noticeable upregulation at 60 d after 1-MCP treatment. This suggests that the aforementioned genes may be important for regulating the response of apple fruits to 1-MCP.

[image: Heatmap showing gene expression levels in apple varieties 'Golden Delicious', 'Granny Smith', and 'Fuji' treated with control and 1-MCP at different days after harvest (1, 7, 14, 21, and 60). The color gradient ranges from blue (low expression) to red (high expression), with specific genes listed on the right side.]
Figure 9 | Expression profiles of the apple MdPRMT and MdJMJ genes during fruit response to 1-MCP treatment (SRP334206). Different shades of red and blue denote the extent of the expression values according to the color bar provided [log2(TPM+1)].

GA3 and NAA are important plant hormones involved in various plant growth and development processes (Hennerty and Forshey, 1972; Pharis and King, 1985). We analyzed the RNA-seq data (SRP185711) of the main floral organs of ‘Honeycrisp’ apples after 18 and 132 days of NAA and GA3 treatment. The analysis showed that the expression of MdJMJ6 in the hypanthium, ovary, and ovule was significantly lower after 18 days of NAA and GA3 treatment compared to the hand-pollinated control (HP). Additionally, after 132 days of GA3 treatment, all three organs showed lower expression levels of MdJMJ6. MdPRMT8 and MdJMJ19 exhibited significant upregulation in expression after 18 days of NAA and GA3 treatment compared to HP. Furthermore, the expression levels of MdPRMTs and MdJMJs in all organs were significantly lower after 132 days of GA3 treatment compared to 18 days (Figure 10).

[image: Heatmap showing gene expression levels across various apple tissue samples at 18 and 132 days after treatment (DAT). Genes MdPRMT1 to MdJMJ32 are listed on the right. Color scale ranges from blue (low expression) to red (high expression), indicated by Log₂(TPM+1) values from zero to six. Samples include hypanthium, ovary, and ovule treated with different substances such as NC, HP, NAA, and GA₃.]
Figure 10 | Expression profiles of the MdPRMT and MdJMJ genes in response to flower treatments with NAA and GA3 in apple (SRP185711). Different shades of red and blue denote the extent of the expression values according to the color bar provided [log2(TPM+1)].

Finally, we also investigated the response of apple plants at different growth and development stages to Indole-3-butyric acid (IBA), which promotes adventitious root formation (Supplementary Figure S1). The ability of apple plants to generate adventitious roots varies at different stages of growth and development. We analyzed the RNA-seq data (SRP330812) of adult and juvenile apple plants treated with IBA. Most of the MdPRMTs and MdJMJs showed no significant sensitivity to IBA treatment. However, it should be noted that in adult plants, the expression of MdJMJ19 was upregulated after 6 and 12 hours of IBA treatment compared to mock, followed by a decrease with longer treatment time. In juvenile plants, except for the 12-hour treatment, the expression of MdJMJ19 was higher than mock.





4 Discussion

Epigenetics involves stable heritable variations in organisms without changes in DNA sequences, including histone modifications (Berger et al., 2009). Histone modifications play roles in maintaining genome stability, gene regulation, and cellular processes. Research on histone modifications in important crops like rice (Ahmad et al., 2011) and tomato (Li et al., 2020) has shown their impact on gene expression and cellular activities. In this study, MdJMJ and MdPRMT families in apples were identified, characterized, and analyzed for potential roles in stress response, hormone regulation, and tissue development (Figure 11).

[image: Illustration of a tree displaying genetic responses to various conditions and treatments. The tree is divided into flowers, leaves, and roots, each annotated with MdPRMT and MdJM gene expressions. Surrounding diagrams show effects of factors like fungal infections, temperature changes, and chemicals (NAA, GA3, IBA), with labels indicating gene expression differences under control and infected conditions. Arrows indicate increased or decreased expression, with emphasis on apple development stages and environmental stressors.]
Figure 11 | The role of the MdJMJ and MdPRMT genes in apple.

In order to better understand the phylogenetic relationship between the JMJ and PRMT gene families in apple and Arabidopsis, we constructed a phylogenetic tree. Based on the results of related studies in Arabidopsis, we classified the JMJ gene family into corresponding subfamilies, and found that the JMJ genes clustered in a logical manner. Similarly, the PRMT genes also showed reasonable clustering. Gene duplication plays a crucial role in species evolution (Panchy et al., 2016). In the current apple reference genome, we observed that most of the MdJMJ and MdPRMT genes have undergone gene duplication. In this study, we used the Arabidopsis genome as an outgroup and employed Dupgen_finder to identify the types of gene duplication within the MdJMJ and MdPRMT gene families. The results indicated that apple has recently experienced a whole-genome duplication event (Qiao et al., 2019), the predominant types of gene duplications in the MdJMJ and MdPRMT families following whole-genome duplication were WGD, with a smaller proportion of PD, TRD and TD types. Generally, different categories of gene duplication exhibit distinct patterns of functional evolution. The Ka/Ks values for most homologous gene pairs in the MdJMJ and MdPRMT gene families were less than 1, suggesting they have undergone purifying selection, eliminating deleterious mutations. Notably, a cluster of MdPRMT genes was identified on apple chromosome 15. Analysis showed that these genes were mainly involved in proximal repeats. In the promoter regions, significant differences in the types of cis-regulatory elements were observed between the PD-pair (MdPRMT9-MdPRMT11, MdPRMT9-MdPRMT10). In terms of expression profiles, MdPRMT9 exhibited higher expression levels in most parts of apple flowers compared to MdPRMT10 and MdPRMT11, under various treatments including biotic stress, cold stress and 1-MCP treatment. This suggests that TD-pairs retain higher conservation in their structural homogeneity, without affecting their functional differentiation (Qiao et al., 2019), while the WGD duplication serves as the main driver for the expansion of the MdJMJ and MdPRMT gene families, contributing to the diversity in family member structures (Feng et al., 2024).

We particularly focused on the differences in cis-regulatory elements between TD and PD repeats in the MdJMJ and MdPRMT gene families. For example, between the TD-pair (MdJMJ1-MdJMJ2), 14 types of cis-acting elements were identified, but only 7 of these were shared by both genes. A similar situation was also observed between the two PD-pairs in the MdPRMT family. This suggests that tandem duplication and proximal duplication play a significant role in the evolution of novel functions in the MdJMJ and MdPRMT gene families (Cannon et al., 2004). Furthermore, a complementary pattern of cis-regulatory elements is observed in the promoter regions of WGD gene pairs. For example, MdJMJ20 and MdJMJ26 form a WGD duplicate pair with MdJMJ9, and among the predicted 14 cis-elements, only four (Light, MYB_drought, ABRE, and ARE) are shared by all three genes. The above results can be explained by the duplication-degeneration-complementation (DDC) model. The DDC model suggests that following a gene duplication event, two alleles at two different loci experience degeneration mutations at different times, leading to a pair of duplicate genes sharing the ancestral gene’s functions and completing the ancestral gene’s functions in a complementary manner (Hahn, 2009). Comparative analysis of gene expression in various apple tissues revealed significant tissue-specific expression differences among most duplicate gene pairs (Figure 6), suggesting that these genes have evolved by differentiating ancestral gene functions or expression patterns under different tissue conditions. Additionally, we focused on comparing cis-regulatory elements in the promoters of apples (MdJMJ and MdPRMT families) with those of Arabidopsis (AtJMJ and AtPRMT families) (Supplementary Figure S2). The average number of cis-elements in apples is 9.28 for MdJMJ and 9.57 for MdPRMT, compared to 7.76 for AtJMJ and 8.22 for AtPRMT in Arabidopsis. The differences in element types can be attributed to both the high species specificity of cis-elements and the result of different selection pressures and environmental conditions acting on the ancestral genes after duplication events, leading to the acquisition of new cis-regulatory elements in their promoters (Zhang, 2003; Lan and Pritchard, 2016). The genes in model organisms generally have more comprehensive functional studies. For example, the homologous gene of MdJMJ21, AtJMJ25, has been confirmed to be involved in the formation of the very early embryo and endosperm in Arabidopsis (Day et al., 2008). We found that there is an endosperm-related cis-acting element in the promoter region of both MdJMJ21 and AtJMJ25 (Supplementary Figure S2), suggesting that MdJMJ21 may be involved in the regulation of apple endosperm formation. The Arabidopsis gene AtLDL1 has been confirmed to participate in physiological (defense) and developmental (flowering time) processes (Dutta et al., 2017), possessing ARE, ABRE, and Stress_defense-related regulatory elements. Homologous to AtLDL1, MdJMJ3 has eight ABRE and one ARE regulatory elements and shows up-regulated expression under drought stress treatment, and it is significantly expressed in anthers and pollen. Therefore, MdJMJ3 may similarly participate in the regulation of apple abiotic stress and flower development processes. Further homologous analysis of some genes in the MdJMJ and MdPRMT gene families with model organisms can reveal their potential functions.

Multiple models have been proposed to elucidate the retention and evolution of gene duplications, including gene dosage balance (Birchler et al., 2005), subfunctionalization (SF), neofunctionalization (NF) (Sandve et al., 2018), expression specialization, and pseudogenization (Qiao et al., 2019). Based on expression profiles, we studied the expression differences between duplicated genes and explored the mechanisms of gene retention. Interestingly, at different stages of fruit development, many gene pairs showed complementary expression patterns, which may indicate subfunctionalization. For instance, the gene pair MdPRMT1 and MdPRMT12, where one gene copy had higher expression levels at several stages while the other gene copy had higher expression levels at the remaining stages. Some gene pairs exhibited parallel expression patterns, suggesting that gene dosage balance is imposed in the evolution of duplicated gene pairs to maintain the total expression level of ancestral genes. For example, duplicated gene pairs like MdPRMT9-MdPRMT10 and MdJMJ1-MdJMJ2 showed similar expression patterns at different stages of fruit development. Additionally, some gene pairs showed expression specialization and nonfunctionalization, such as MdJMJ19-MdJMJ31 and MdJMJ18-MdJMJ30, where one gene copy was highly expressed at almost all stages of dormant buds, while the other gene copy showed low or no expression. We primarily focused on the performance of MdJMJ and MdPRMT under abiotic stress. It was found that some duplication gene pairs exhibited similar expression patterns under abiotic stress treatments, such as MdJMJ18-MdJMJ30 and MdJMJ13-MdJMJ32, where qPT-PCR and transcriptome analyses confirmed their consistent expression patterns under drought stress and salt stress, and a certain number of related cis-regulatory elements were identified in their promoter regions, possibly involved in regulating gene expression under stress conditions. These results demonstrate the complexity of the expansion and evolution of the MdJMJ and MdPRMT gene families, laying the foundation for further elucidating their more specific regulatory mechanisms.




5 Conclusions

In this study, a total of 14 MdPRMT genes and 32 MdJMJ genes were identified in apples. Co-linearity analysis showed that both gene families exhibited high conservation between Arabidopsis and apple. Promoter analysis indicated that MdPRMTs and MdJMJs may play important roles in plant growth and development, light response, hormone response, and stress response. Based on the analysis of transcription levels of MdPRMTs and MdJMJs in different tissues and developmental stages, we found that MdPRMTs and MdJMJs may have multiple functions in the growth and development process of apples. Especially, MdPRMT13, MdPRMT14, and MdJMJ19 showed a downtrend during fruit ripening and aging process. MdPRMT7, MdPRMT12, MdJMJ3, MdJMJ13, MdJMJ21, MdJMJ23, MdJMJ25, MdJMJ26, MdJMJ27, and MdJMJ32 exhibited high expression levels in specific organs and tissues of apples. MdJMJ25, MdPRMT7, MdPRMT14, MdJMJ9, MdPRMT2, MdJMJ3, MdJMJ18, MdJMJ27, and MdPRMT8 were involved in response to biotic stress. MdPRMT2, MdPRMT7, MdPRMT12, MdPRMT13, and MdPRMT14 showed a significant upregulation in the 1-MCP-treated group of three apple varieties. MdPRMT8 and MdJMJ19 exhibited significant upregulation within 18 days after NAA and GA3 treatment. MdJMJ19 may be associated with apple response to IBA.
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Waterlogging is a constant threat to crop productivity and ecological biodiversity. Plants face multiple challenges during waterlogging stress like metabolic reprogramming, hypoxia, nutritional depletion, reduction in gaseous exchange, pH modifications, microbiome alterations and disease promotion all of which threaten plants survival. Due to global warming and climatic change, the occurrence, frequency and severity of flooding has dramatically increased posing a severe threat to food security. Thus, developing innovative crop management technologies is critical for ensuring food security under changing climatic conditions. At present, the top priority among scientists is to find nature-based solutions to tackle abiotic or biotic stressors in sustainable agriculture in order to reduce climate change hazards to the environment. In this regard, utilizing plant beneficial microbiome is one of the viable nature based remedial tool for mitigating abiotic stressors like waterlogging. Beneficial microbiota provides plants multifaceted benefits which improves their growth and stress resilience. Plants recruit unique microbial communities to shield themselves against the deleterious effects of biotic and abiotic stress. In comparison to other stressors, there has been limited studies on how waterlogging stress affects plant microbiome structure and their functional traits. Therefore, it is important to understand and explore how waterlogging alters plant microbiome structure and its  implications on plant survival. Here, we discussed the effect of waterlogging stress in plants and its microbiome. We also highlighted how waterlogging stress promotes pathogen occurrence and disease development in plants. Finally, we highlight the knowledge gaps and areas for future research directions on unwiring how waterlogging affects plant microbiome and its functional traits. This will pave the way for identifying resilient microbiota that can be engineered  to promote their positive interactions with  plants during waterlogging stress.
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Introduction

In recent decades, harsh environmental conditions, such as floods, drought, and extreme temperatures, have caused a significant drop in agricultural yields across the globe (Kreibich et al., 2022; Furtak and Wolińska, 2023). According to the Food and Agriculture Organization of the United Nations (FAO), an increase in food production of around 70% by 2050 is necessary to fulfill the demand of an expanding population (FAO, 2021). However, in fulfilling this demand, there is need to develop future climate resilient smart crops in sustainable agriculture. Numerous problems arise in the forecasts of what the future holds for our global community, including how to strengthen food production in light of the escalating effects of climate change and rising population. Climate change has dramatically increased the magnitude and occurrence of environmental stressors like floods which affects crop productivity and food security (Kreibich et al., 2022). Among environmental stressors, waterlogging stress has emerged as a significant threat to agricultural output because it alters not only key plant physiological and biochemical features but also alters microbiome and soil physiochemical properties (Francioli et al., 2021; Nio and Mantilen, 2023). In nature, seasonal flooding is a regular occurrence in various ecosystems and has a favorable impact on biodiversity and production. Flooding may benefit agriculture by reloading soil nutrients in floodplains, creating new homes for wildlife, and reviving wetlands (Tonkin et al., 2018). However, unanticipated and uncontrolled floods, on the other hand, are one of the most damaging natural catastrophes, with the ability to wreak huge damage not only to agriculture and but also endangers public health (Kron, 2005). Climate models indicate that flooding events may become more frequent and severe in the near future (Jongman et al, 2014). Under flooding conditions, plants can be either completely submerged or partially submerged which can have distinct impact on their physiological, biochemical and morphological traits (Sasidharan et al., 2017). In other words, flooding is classified into two types: waterlogging, which occurs when water is on the soil surface and only plant roots are submerged and submergence, in which the whole plant can be either underwater/fully immersed or partially submerged (Jia et al., 2022). In the field, waterlogging can occur quickly after a heavy rainstorm or as a result of flood, which leads plants to hypoxic conditions (Voesenek et al., 2016).

Plants under waterlogging stress becomes more susceptible to microbial pathogens which further endangers their survival (Moslemi et al., 2018). On the other hand, waterlogging also leads dramatic alteration in root microbiome which has huge impact on plants survival under unfavorable conditions (Francioli et al., 2022; Leelastwattanagul et al., 2023). In nature, plants are associated with diverse and taxonomically structured microbial communities including bacteria, fungi, and viruses, which are called the plant microbiota (Trivedi et al, 2020). There are numerous reports which highlight the importance of beneficial microbes in improving not only plant growth but also their tolerance to different stressors (Bokhari et al, 2019; Shekhawat et al, 2021; Timmusk et al., 2023). Some of the key function’s microbes can assist plants are nutrient availability, modulation of growth and defense phytohormonal signaling cascades, enhances stress tolerance and soil fertility (Ali et al., 2022a, Ali et al, 2022b, Ali et al., 2023). Despite significant progress in crop cultivar genetic modification and cultivation practices that reduce waterlogging effects, the impact of rhizosphere microorganisms in plant resistance to waterlogging has received little attention. To reduce flooding stress, two primary tactics may be implemented: traditional water management facilities (e.g., drainage, dikes) and natural based solutions (Zölch et al., 2017). Also, agronomic solutions for dealing with submergence or waterlogging include creating standard models for predicting and assessing crop loss due to floods for risk management, decision making and economic insurance. Exploring plant microbiome under waterlogging stress can provide novel nature-based strategy for improving plant tolerance to waterlogging stress. Previous studies have reported the microbial inoculation can ease waterlogging induced effects in plants. For example, inoculation of plants with Bacillus sps, producing 1-aminocyclopropane-1-carboxylic acid deaminase, lower stress-induced ethylene levels, thereby protecting plants from waterlogging stress (Ali and Kim, 2018). Similarly, Farwell et al. (2007), revealed that inoculation of Pseudomonas putida UW4 generates ACC deaminase, which mitigates the effects of waterlogging and metal stress. Several ACC deaminase-producing bacterial strains, including Serratia ureilytica, Achromobacter xylosoxidans, Ochrobactrum rhizosphaerae, and Herbaspirillum seropedicae, were isolated from the rhizosphere of waterlogged Ocimum sanctum which may protect plants from waterlogging-induced damage (Compant et al., 2019). These studies further support the notion that microbiota can be an important tool for mitigating waterlogging stress in sustainable agriculture. There are many reports which have shown that microbiome as a significant component for improving plant health and resilience to environmental stressors (Koskella et al., 2017; Lau et al., 2017; Compant et al., 2019). Unlike other stresses, there have been few studies examining the influence of waterlogging on plant microbiota. There are reports that waterlogging promotes anaerobes and disease-causing pathogens which jeopardize plants survival (Hsu and Shih, 2013; Leelastwattanagul et al., 2023). However, it is likely that plants may also recruit stress-relieving microbiome, with the ability to promote or adapt to waterlogging stress necessitates future investigations. The effects of waterlogging stress on microbial diversity and plant microbiome interactions in not fully explored despite the availability of high throughput tools. This mini review offers an update on how waterlogging stress affects plants and their microbiota. First, we discuss the effect of waterlogging in plants and signaling evolved. Next, we discussed the effect of waterlogging stress on plant microbiota. We also highlight how waterlogging promotes pathogen distribution, distribution and disease severity in different plant systems.





Waterlogging stress in plants

Waterlogging affects multifaceted morphological, physiological and biochemical traits in plants which are crucial for their growth and survival. The main challenges plants face during waterlogging stress are reduction in the rate of gas exchange, hypoxia, low nutrient absorption, preventing aerobic respiration, increased reactive oxygen species (ROS) and ethylene levels (Ashraf, 2012; Tamang et al., 2014). Waterlogging also affects root system architecture such as growth inhibition of lateral roots which is due to the interference of ethylene with local auxin signaling (Shukla et al., 2019). Waterlogging altered root system fails to transport water and nutrients to aerial parts thereby causes reduced apoplastic water movement (Sauter, 2013). Waterlogging stress also affects chemical or hydraulic signals that cause stomatal closure, eventually contributing to reduced leaf development (Li et al., 2015). Another common response to floods is a reduction in photosynthesis. On the other hand, waterlogging triggers the accumulation of toxic compounds, carbon starvation and cytoplasmic acidification which eventually leads to plant death. On the other hand, plants vary in their capacity to survive the detrimental effects of waterlogging due to their rapid or induced modifications in plant traits, like plant height, adventitious roots aerenchyma production, changes in leaf anatomy, improved shoot elongation, starch storage hyponasty, barriers against radial oxygen loss (Voesenek et al., 2016). For example, taller plants, in particular, with aerenchyma content and larger specific leaf area may retain greater levels of gas exchange during a flood and so continue to grow (Colmer et al., 2019). Furthermore, certain plants may store enormous amounts of starch in their underground structures, alter their metabolic rates, and have the ability to develop quickly after the flood waters subside (Voesenek and Bailey-Serres, 2015).

Plants under go rapid metabolic and anatomical reprogramming during waterlogging stress in order to survive (Tyagi et al., 2023). Previous research has shown that waterlogging triggers local hypoxia-driven responses in the roots as well as systemic responses in the shoots, including changes in hormonal dynamics, metabolic reprogramming, ubiquitin-dependent protein degradation, and a variety of other molecular and metabolic responses (Hsu et al., 2011). Two hormones namely Abscisic acid (ABA) and ethylene (ET) were identified as key drivers for systemic signaling during water stress (Hsu et al., 2011; TSAI et al., 2014). One of the earliest responses to anoxia conditions in plant roots or shoots is the activation of calcium and reactive oxygen species (ROS) signaling cascades and suppression of mitochondrial respiration (Yang et al., 2023). Some of the key players like vacuolar H+/calcium transporter CATION/PROTON EXCHANGER 1 (CAX1) and the RESPIRATORY BURST OXIDASE HOMOLOGs D and F (RBOHD and RBOHF) that drive early response during waterlogging have been identified that regulates distinct anoxia response like aerenchyma formation (Liu et al., 2017; Yang et al., 2022). Recently, Peláez-Vico et al. (2023), identified GLUTAMATE-LIKE RECEPTOR 3.3 and 3.6 (GLR3.3 and GLR3.6) calcium channels, RBOHD, and aquaporin PLASMA MEMBRANE INTRINSIC PROTEIN 2,1 (PIP2,1) proteins as potential players involved in waterlogging systemic signaling in Arabidopsis. These studies provide novel insights on how plants respond to waterlogging stress at molecular level. However, future studies are required to unravel early, localized and systemic signaling form root to shoot and also the role of cell wall sensors and calcium channels, hormones and transporters during waterlogging stress, as well as how they regulate signal perception and transduction.





Plant microbe interactions under stress conditions

Plant-microbiome interactions are complex which can be beneficial or harmful in nature. For example, beneficial microbiome provides an array of benefits to plants such as nutrient availability and uptake, nitrogen fixation, promote growth, antagonism towards pathogens, boost stress resilience and improve soil fertility (Ali et al., 2023). In contrast, harmful microbiota can be saprophytic, biotrophic, hemi biotrophic and necrotrophic inhibiting or killing the host through a variety of mechanisms (Wille et al., 2019). There have been numerous studies highlighting the plant-microbe interaction mechanisms, such as how plants respond to microbial colonization and how microbial diseases and symbionts modify plant cellular processes (Cheng et al., 2021). Interestingly, plant microbiome is an essential determinant of plant health and also one of the important drivers for plant survival under stressful conditions (Compant et al., 2019). Plant beneficial microbiomes or their metabolites are often used bioinoculants or biostimulants to enhance sustainable plant development, and have emerged as a viable alternative to agrochemicals that have negative environmental and health consequences.

Plant microbiome interactions occurs at different plant compartments with distinct habitats like phyllosphere, endosphere and rhizosphere. Plant microbiome assembly is an intricate process which is highly influenced by numerous genetic, biochemical, and physiological and environmental factors. For example, microbes have different growth conditions in terms of physiology, nutrients, pH, temperature and moisture in addition to host factors all of which can have significant impact on their assembly and host interactions in above and below ground plant organ systems (Trivedi et al., 2020). Plants ability to produce diverse chemical compounds like hormones, flavonoids mucilage, and other chemicals from roots affects microbial development, attracts particular bacteria, and can vary the rhizosphere features. However, soil microbiota, on the other hand, are sensitive to environmental changes, which has significant impact on plant survival (Zhou et al., 2023). Increased climate change and other harsh environmental stressors have not only direct effect on plant growth and yield production but also on its beneficial microbiome and their interactions. As, climate change is increasing the frequency and intensity of drought, flooding, and global temperatures is rising all of which changes the composition and activity of plant microbiomes, potentially affecting host functional attributes. Many studies have shown that environmental stressors change plant microbiome which can have distinct impact on growth and adaptive traits or can be either beneficial or detrimental to their host plants. For example, under drought stress plant recruit selective drought tolerant bacterial taxa which supports their growth under drought stress (Fitzpatrick et al., 2020). Similarly, under salinity stress plant shape unique microbiome which alleviates their salt induced effects (Xu et al., 2020). Similarly, endophytes have been found to promote seed germination during heat and drought stress (Hubbard et al., 2019). According to Wipf et al. (2021), Sorghum bicolor under drought and heat stress shapes particular microbiota belongs to Actinobacteria which are known to promote growth under stress conditions. On the other hand, environmental cues can have detrimental impact on plants by promoting harmful microbiota. For example, during waterlogging anaerobes and pathogens can dominate which can have detrimental impact on plant growth and survival (Moslemi et al., 2018). Previous research has demonstrated that flooding affects the root microbiome by decreasing immunological modulator beneficial bacterial  communities making plants more susceptible to disease (Soltani et al., 2010; Kavamura et al., 2021). Climate change can modify pathogen abundance and behavior, disrupt host-pathogen interactions, and stimulate the formation of novel diseases (Cohen and Leach, 2020).





Effect of waterlogging on plant microbiome

Microbes associated with root system have a significant influence on the soil environment, regulating numerous soil biochemical processes as well as plant growth and adaptive (Sun et al., 2024). Like other stressors, flooding has a direct influence on soil and root microbiome by gradually depleting O2 in soil pores which are filled with water. The shift from oxygenated to anoxic soil affects the microbial makeup from a preponderance of aerobic organisms, to a higher presence of facultative anaerobes, and eventually to the dominance of strict anaerobes. Flooding alters microbial communities in bulk and rhizo-sphere soils (Lin et al., 2011; Hamonts et al., 2013; Francioli et al., 2021). Because the bulk soil is the primary source of microorganisms recruited by plant roots in the rhizosphere (Bulgarelli et al., 2012; Bonito et al., 2014), flooding’s impact on the microbial composition of the bulk soil can likewise influence the microbiome of the rhizosphere. Several research on rice plants have shown how flooding impacts the microbiome, mostly in terms of bacteria, although archaea, oomycetes, fungus, and viruses remain largely unknown. Flooding has been demonstrated to change rhizospheric and bulk soil microbial populations (Iniesta-Pallarés et al., 2023). Previous research has highlighted the impact of flooding on the rice phyllosphere microbiome, with Firmicutes (54%) and Bacillus (52.63%) being the leading species in flooded rice plants. According to Tian et al. (2015), the amount and duration of floods reduce plant microbial endophyte colonization. Under normal conditions, the microbiome profiling showed that the presence of beneficial microbial communities such as Desul-fitobacterium), a nitrogen and carbon dioxide-fixing bacteria Amnibacterium kyonggiense, phosphatase and beta-glucosidase-producing bacteria, Streptomyces and Chaetomium pathogen inhibiting, and plant growth hormone-producing microbes like Trichoderma, Talaromyces Promicromonospora and Penicillium (Hyakumachi, 1994; Salas-Marina et al., 2011). However, soil microbiome profiling in sugarcane during waterlogging showed the dominance of plant detrimental microbial communities like pathogens and growth-inhibiting bacteria (Leelastwattanagul et al., 2023). Waterlogging also effects plant mycobiome in sugarcane by increasing Basidiomycota and reducing Ascomycota which contains many plant pgroth promoting fungal genera like Trichoderma, Aspergillus, Talaromyces, Exophiala, Cladosporium, Phoma, Penicillium, Purpureocillium, Chaetomium, and Phomopsis (Leelastwattanagul et al., 2023). Similarly, Myricaria laxiflora, a riparian shrub that frequently encounters periodic summer floods, has decreased endophyte diversity in anaerobic conditions. A recent study on spring wheat (Triticum aestivum) found that flooding stress causes substantial alterations in the makeup of the rhizosphere microbiome (Francioli et al., 2022). They found that anaerobic bacteria belonging to phyla Desulfobacterota and Firmicutes along with plant detrimental microbial taxa Geobacter and Clostridium were dominant than plant-beneficial bacterial taxa like Sphingomonas and Streptomyces which will have huge outcome on plant fitness and survival. There have been numerous studies on how flooding effected different microbial communities and their functional attributes. For instance, hypoxia triggered by flooding effects the plant mycorrhizal association mainly by inhibiting hyphal growth and AM spore germination (Tacon et al, 1983). Similarly, flooding also affects ecto-mycorrhiza (ECM) colonization and richness (Unger et al., 2009). Plants exposed to waterlogging stress reduced their ability to colonize with microbial endophytes as most of the endophytes colonizing terrestrial roots are obligate aerobes, and their survival is hindered under hypoxic conditions triggered by flooding (Li et al., 2010). Previous studies have reported that endophyte diversity was decreased in Myricaria laxiflora and rice plants during flooding stress (Tian et al., 2015). Flooding also alters phyllosphere microbiome structure in plants (Tian et al., 2015; Vishwanathan et al, 2020). For instance, rice culms exhibited a decrease in Gammaproteobacteria members in response to flooding stress, although Firmicutes members, particularly Bacillus species, appeared to adapt to flooding (Cui et al., 2019). In rice, flooding and heat stress dramatically changes root microbiome by enhancing the presence of bacterial alpha diversity and reducing the relative richness of Actinobacteria and Firmicutes which plays key role in carbon decomposition and soil fertility (Liu et al., 2023). In addition to root microbiome, flooding also effects leaf microbiome dynamics depending on the developmental stage, with younger plants experiencing a more dramatic disturbance in community formation (Francioli et al., 2022). Importantly, these studies reported that the change in microbiome composition was directly related to plant growth and development as well as adaptive responses.

In comparison with other stressors, how waterlogging changes plant root exudate chemistry that influence microbiome structure is not fully understood. It is well documented that plants undergo metabolic reprogramming from aerobic to anaerobic energy synthesis which can direct influence on root exudates. Therefore, it will be interesting to unravel the root exude diversity under waterlogging conditions in both model and crop plants which can provide novel insights on how plants influence its microbiome during waterlogging. However, the effect of waterlogging on soil physicochemical traits such as pH, structure, porosity, nutrients and oxygen reduction or reduced gaseous exchange are the primary factors have severe influence on microbial diversity and community activity (Neatrour et al., 2004; Yu et al., 2022). Further we have shown the effect of waterlogging on plant microbiome and its functional traits that are associated with plant growth and adaptive responses in Figure 1. In this schematic illustration we have highlighted host driven factors like metabolic shift from aerobic to anaerobic, altered root exudes, and soil based factors such as hypoxia, reduction in gaseous exchange, nutrition shortage that alter plant microbiome during waterlogging.

[image: Diagram illustrating the impact of waterlogging stress on plants. Panel A: Tolerant plants show increased antioxidant activity, carbohydrate levels, and gene expression, leading to stress tolerance. Susceptible plants exhibit increased CO2, fermentation, and toxic substances, resulting in cell death. Panel B: Control plants (without stress) have beneficial root exudates and rich soil nutrients, promoting positive microbe interactions. Plants under stress show altered root exudates and anaerobic metabolism, leading to dysbiosis and presence of pathogens. Both panels emphasize differences in microbial competition and diversity due to waterlogging stress.]
Figure 1 | A schematic illustration shows how waterlogging affect plants and their microbiome. (A) Depicts waterlogging induced changes in tolerant and susceptible plants. (B) Shows how waterlogging stress affects microbiome structure by altering host driven factors and soil physicochemical properties which leads to dysbiosis and effects plant growth and adaptive traits.





Waterlogging increases pathogen distribution and disease severity in plants

Plants are constantly challenged by different microbial pathogens which causes significant yield losses (Ali et al., 2018; Mir et al., 2021). With climate change and occurrence of abiotic stressors has changed the distribution, host specificity and pathogenicity of microbial pathogens thereby posing serious threat to sustainable agriculture (Ali et al., 2023). Flooding not only affects plant growth but also makes them susceptible to number of pathogens. Flooding changes plants microbiome structure which have significant impact of their disease resistance. Indeed, flooding impacts the onset and development of various plant diseases by altering host vulnerability as well as the survival and pathogen distribution. In general, diseases and pests proliferate rapidly in high humidity circumstances due to enhanced germination and proliferation which ultimately leads to huge crop yield losses (Savary et al., 2019). Flooding promotes disease progression when plants get infected with oomycete or fungal diseases like Phytopythium, Pythium, Phytophthora, Fusarium (Wilcox, 1985; Moslemi et al., 2018). These pathogens cause more damage to waterlogged stress plants and leads to high mortality. During floods, increased root exudation of ethanol, carbohydrates, and amino acids can promote pathogen infection (Blaker and McDonald, 1981; Tyler, 2002). Flooding promotes disease development by altering beneficial microbial communities which are crucial for activating plant immune system. Previous studies have shown that flood affects immune modulator beneficial microbial communities belonging Sphingomonas, Streptomyces, Flavobacterium, Saccharimonadia and Massilia which leads to dis-ease progression (Soltani et al., 2010; Kavamura et al., 2021). Also, flooding promotes disease progression by affecting plant symbiotic association which are known to inhibit disease and pathogen distribution by their antagonistic or antibiotic potential, as well as activating systemic resistance induction. Francioli et al. (2021), reported an increase in Clostridium species in roots after floods which is commonly linked with root rot under waterlogged soils. Previous study has revealed that flooding in Ulmus minor plants changes root mycobiome and increases the development of root rot disease caused by Plectosphaerella cucumerina by altering the beneficial microbial communities (Martínez-Arias et al., 2020). Recent study has revealed that Phytophthora medicaginis a causative agent of root rot disease in chickpea, was more severe under waterlogging conditions (Dron et al., 2022). At present there are not effective control measures against Phytophthora root rot however, farmers are advised to avoid fields prone to waterlogging. Similar studies have demonstrated that waterlogging enhances the infection of phytopthora root rot in oak, avocado, and lucerne plants (Kuan and Erwin, 1980; Jacobs et al., 1997). In kiwi fruit, waterlogging triggers the severity of root rot disease caused by Phytopythium vexans and Phytopythium chamaehyphon, which causes more damage that waterlogging alone (Savian et al., 2020). Waterlogging has been shown to increase the prevalence of apple crown and root rot (Phytophthora spp.), banana vascular wilt (F. oxysporum f. sp. cubense), raspberry damping off (Pythium irregulare), and chili pepper verticillium wilt (Verticillium dahlia) (Aguilar et al., 2000; Sanogo et al., 2008; Li et al., 2015). On the other hand, waterlogging renders pigeon pea plants more vulnerable to fungal diseases including Fusarium wilt and Phytophthora blight, resulting in considerable output losses (Yohan et al., 2017). Previous study has reported that waterlogging increases the severity of disease in pea plants caused by Mycosphaerella pinodes and resulted in reduced root and shoot growth (McDonald and Dean, 1996). Above studies further provides the evidence that waterlogging enhances pathogen aggressiveness, their occurrence that causes more damage than waterlogging alone. Further we have summarized the case studies highlighting the effect of waterlogging on disease incidence and severity in different plants in (Table 1).

Table 1 | Waterlogging induced pathogen occurrence and disease progression in different plants.


[image: A table showing the impact of waterlogging (WL) on various plants, pathogens, effects, and references. For example, chickpeas affected by Phytophthora medicaginis show enhanced disease progression. References are provided for each entry, such as Dron et al., 2022 and others. Each plant and its respective pathogen and effect are detailed, showing increased disease severity and other impacts.]
The promotion of pathogenic microbes and disease progression in plants during waterlogging in mainly linked with energy deprivation (Moslemi et al., 2018), suppression of oxidative burst and the immune response, and hypersensitive cell death (McDonald, 2002). It will be interesting in future to decipher the molecular complexity of waterlogging and plant disease development and identify potential targets that suppresses plant immunity. Further we have shown the effect of waterlogging on disease development in plants in Figure 2. In contrast, hypoxia caused by floods can minimize disease development in plants by enhancing host defense responses as a result of the activation of a general stress response (Chung and Lee, 2020). Similarly, it was found that flooding stress lead the activation of plant immune signature transcriptional factors WRKY which modulated the expression of plant defense marker genes which have diverse antagonistic effect on microbial pathogens (Hsu et al., 2013). Future research is thus needed to determine how waterlogging affects plant immune signaling cascades utilizing different crop systems, since this would offer fresh perspectives on enhancing disease resistance.

[image: Diagram illustrating the effects of waterlogging stress on plants. It shows four main impacts: A) Increased pathogen occurrence and virulence, B) Impaired plant immune signaling and hormonal defense, C) Aerobic to anaerobic metabolic shift causing energy depletion and nutritional stress, D) Hypoxia reducing gaseous exchange and altering beneficial microbiomes. These factors collectively contribute to increased pathogen distribution and disease severity in plants.]
Figure 2 | A schematic illustration shows how waterlogging affects different plant traits that promotes pathogen distribution and disease development. (A) waterlogging can enhance pathogen invasion or virulence, (B) it affects plant immunity signaling cascades which leads plant more vulnerable to diseases, (C) waterlogging induced metabolic shift, hypoxia, energy crisis and nutritional stress also promotes disease progression, (D) Alterations in beneficial microbiome or dysbiosis leads to pathogen dominance and disease progression.





Conclusion and future perspectives

Waterlogging is a complex process which affects plant growth and its metabolic traits by reducing soil oxygen levels, soil nutrient utilization efficiency and altering microbiome. Over the last decade, there has been a great deal of interest in exploring the beneficial functional attributes of plant microbiomes, for crop improvement which have proven to be an effective nature-based solution to combat environmental stresses while safeguarding environmental and soil health. For instance, the development of drought or salinity tolerant microbiome synComs have been used by many researchers to improve the growth and adaptive responses in different plant systems under lab and field conditions. Therefore, there is need to utilize plant beneficial microbiome as a key strategy for mitigating waterlogging stress in plants and enhance crop productivity. This will require an in-depth study using different omics and synthetic biology approaches to decipher how plant microbiome responds and adapts to waterlogging stress. Also, harnessing genome editing tools and synthetic biology to engineer plants to produce root exudates that can shape unique stress resilient microbiome is another viable strategy for improving plant waterloging tolerance and growth traits. There is need to explore the microbiome of waterlogging tolerant crops or wild varieties which may lead to the identification unique stress resilient microbiota that might promote the plant growth and survival under waterlogging conditions. Future studies should also unwire how waterlogging driven metabolic shift in plants alter root exudate chemistry that will eventually shape distinct microbiome communities. In light of climate change, microbes are the best candidates to explore because of their rapid natural adaptability to environmental extremes and nourish under extreme growth conditions. At the same time, how microbiome dysbiosis occurs during waterlogging stress that triggers disease development or pathogen distribution warrants future investigation. Finally, we recomend for designing future flood modelling tools which will be an effective way for evaluating hypothesis and examining different situations, particularly with relation to the health of plants, microbial communities, plant pathogen interactions and soil health. This would require the collaboration of plant scientists from different backgrounds to design future flood modelling in order to prevent flood induced damage to sustainable agriculture.
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Papaya ringspot virus (PRSV) is one of the most devastating viruses of papaya that has significantly hampered papaya production across the globe. Although PRSV resistance is known in some of its wild relatives, such as Vasconcellea cauliflora and in some of the improved papaya genotypes, the molecular basis of this resistance mechanism has not been studied and understood. Plant microRNAs are an important class of small RNAs that regulate the gene expression in several plant species against the invading plant pathogens. These miRNAs are known to manifest the expression of genes involved in resistance against plant pathogens, through modulation of the plant’s biochemistry and physiology. In this study we made an attempt to study the overall expression pattern of small RNAs and more specifically the miRNAs in different papaya genotypes from India, that exhibit varying levels of tolerance or resistance to PRSV. Our study found that the expression of some of the miRNAs was differentially regulated in these papaya genotypes and they had entirely different miRNA expression profile in healthy and PRSV infected symptomatic plants. This data may help in improvement of papaya cultivars for resistance against PRSV through new breeding initiatives or biotechnological approaches such as genome editing.
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Introduction

Papaya (Carica papaya L.), belonging to the family Caricaceae, is one of the economically most important nutraceutical fruit crops grown in tropical and subtropical regions of the world. Worldwide, the ring spot disease of papaya caused by the Papaya ringspot virus (PRSV) and transmitted by aphid vectors in a non-persistent manner, has been the most devastating threat to papaya cultivation (Gonsalves et al., 2010; Mishra et al., 2016). PRSV, with a single-stranded positive sense RNA genome of 10 Kb length, encoding for a polyprotein that is eventually cleaved into 10 distinct proteins, belongs to the family Potyviridae and genus Potyvirus (Tripathi et al., 2008). The ringspot disease of papaya is identified by distorted leaves with mosaic pattern, wet oil streaks on petioles, stunted growth and ring spots on the fruits at later stages (Tripathi et al., 2008; Mishra et al., 2016).

Visible success has not been achieved in managing the PRSV under field conditions in many papaya growing regions of the world, mainly due to lack of agronomically accepted PRSV resistant papaya cultivars. Hence, developing PRSV resistant papaya varieties, either through conventional breeding or through biotechnological interventions, with acceptable agronomic traits and quality fruits is a priority (Mishra et al., 2016). Successful implementation of such virus resistant breeding programs, largely depends on the identification and selection of superior papaya genotypes that are resistant to PRSV (Prakash and Singh, 2013). Singh et al. (2006) conducted the study to identify superior papaya varieties that are tolerant to viral diseases under north Indian climatic conditions, by evaluating several accessions of papaya comprising of both Indian and exotic cultivars, along with promising selections. In an effort to develop PRSV resistant papaya, ICAR-Indian Agricultural Research Institute, Regional Station, Pune (IARI, RS, Pune, India) has successfully developed four PRSV tolerant dioecious lines named Pune Selection-1 (PS-1), PS-2, PS-3 and PS-5, by selecting and sib mating from segregating population of a land race of papaya called as Madhubala. All the four PS lines (-1, 2, 3 and 5) proved superior in respect of fruit yield and PRSV tolerance as compared to other commercial papaya varieties, suggesting that these lines can be used as a source of PRSV tolerance (Datar et al., 2013; Sharma and Tripathi, 2019; Sharma et al., 2019).

During the course of evolution, plants have developed diverse resistance mechanisms against the invading viruses such as RNA silencing, immune receptor signaling, protein degradation, hormone mediated defense, innate antiviral immunity, translation repression, small RNA-mediated antiviral defense, dominant viral resistance genes, resistance to virus movement, autophagy, and cross protection (Loebenstein, 2009; Muthamilarasan and Prasad, 2013; Park et al., 2013; Sett et al., 2022, Calil and Fontes, 2017, Patil et al., 2021). The RNA silencing is mediated by various types of small RNAs such as siRNAs, microRNAs, tasiRNAs etc (Weiberg and Jin, 2015). Unlike animals, plants lack defense cells and rely on the capacity of every cell to distinguish and defend against the invaders. Micro RNA is a class of unique small endogenous, non-coding RNA that is involved in regulation of gene expression by binding to the target mRNA leading to mRNA cleavage, translational repression, mRNA de-adenylation or transcriptional silencing thereby controlling the expression of the translated product (Jones-Rhoades et al., 2006; Winter et al., 2012). The control for gene expression is based on complementary pairing at specific positions for the target (Rhoades et al., 2002). These microRNAs are responsible for specific temporal and spatial control of their gene targets. Depending on the different environmental conditions, they act as an alternative strategy for editing the transcriptome during various environmental stresses. The role of miRNAs in plant development and stress response is well established and also has a crucial role in plant-virus interactions (Liu et al., 2017). Some of the plant miRNA families are highly conserved through thousands of millions of years, whereas some of them evolved and diversified to become specific to certain plant species and their genotypes (Axtell and Bartel, 2005; Axtell et al., 2007; Grimson et al., 2008). With the advent of high-throughput sequencing, it has been possible to identify not only the conserved miRNAs, but also plant species-specific miRNAs (Fahlgren et al., 2007; Moxon et al., 2008). Several studies have implicated the role of microRNAs that respond to diverse biotic stresses in various plant species and also diverse plant genotypes of same plant species. The miRNA accumulation at various levels in response to virus infection has been reported by various studies (Bazzini et al., 2007; Naqvi et al., 2010; Khraiwesh et al., 2012; Kumar, 2014). The plant miRNAs and their corresponding target genes have been identified to be responsive to infection by diverse viruses such as cucumber green mottle mosaic virus (CGMMV), cowpea severe mosaic virus (CPSMV), mungbean yellow mosaic India virus (MYMIV), sugarcane mosaic virus (SCMV) and soybean mosaic virus (SMV) in cucumber, cowpea, common bean, black gram, corn and soybean (Yin et al., 2013; Kundu et al., 2017; Liang et al., 2019; Patwa et al., 2019; Martins et al., 2020).

Several Potyviruses are also reported to result in differential expression of miRNAs in the host plants. Tobacco etch virus (TEV) and Potato virus Y (PVY) representative of Potyviridae family show higher expression of miR166, miR171, miR159, and miR167 (Bazzini et al., 2007). Further the differential expression of miR160, miR169, miR164 and miR156 was observed in infected Nicotiana benthamiana leaf samples (Bazzini et al., 2007). Another study on PVY, reported higher expression of miR398, miR171, miR168, and miR156, while double infection of PVX-PVY showed synergistic effect on phenotype and resulted in higher expression of miR156 and miR398, while miR171 was downregulated (Pacheco et al., 2012). In spite of accumulation of certain miRNAs, the targets of the corresponding miRNA were upregulated, and SPL6-IV mRNA was suggested to be inhibited in PVX-PVY infection (Pacheco et al., 2012). TEV infection alone increases the expression of miR159 and miR168 in N. benthamiana (Várallyay et al., 2010).

Recent advances in the field of miRNA-mediated gene silencing have been reported to be applied in several agricultural crop species to counter diverse virus infections (Tiwari et al., 2014; Khalid et al., 2017). In order to understand the mechanism of PRSV tolerance in Pune Selection (PS-3) as compared to susceptible papaya genotypes (PM), in this study, miRNA-based regulatory network is investigated using high-throughput deep sequencing technology. For the first time we report here differential expression of microRNAs in response to PRSV infection in both PRSV tolerant and susceptible genotypes of papaya (C. papaya.).





Materials and methods




Evaluation of selected papaya genotypes for PRSV tolerance through artificial inoculation

To screen for PRSV resistance in diverse genotypes of papaya, thirty plants of each of the papaya genotypes such as Pune Selections (PS-1, PS -2, PS-3, and PS-5) and other commercial papaya cultivars (PM, Co2, Pusa Delicious, Pusa Dwarf, Madhu Bindu and Red Lady) and the papaya wild relative Vasconcellea cauliflora were planted in pots for artificial inoculation. To reconfirm the PRSV tolerance in the above listed genotypes of papaya, all the test lines were sap inoculated at 4–6 leaf stage using 0.1 M phosphate buffer, pH 7.5 with previously maintained PRSV isolate in a susceptible papaya cv Red Lady in the insect proof glasshouse at IARI Regional Station, Pune (Gorane et al., 2019). Sap inoculated plants were kept in insect proof glasshouse for 4–6 weeks for recording the symptoms and further confirmation and quantification of PRSV.





Detection and quantification of PRSV by ELISA and RT-PCR

The leaf tissues from fully expanded young leaves of two papaya genotypes, PM (Susceptible) and PS 3 (tolerant) were collected from healthy and PRSV infected plants maintained at ICAR-IARI, Regional Station, Pune (Maharashtra, India). Leaves of the PRSV resistant wild relative of papaya V. cauliflora, were also collected for comparison. The presence and absence of PRSV infection in collected leaf samples was confirmed by ELISA and RT-PCR using PRSV specific antisera and primers, respectively. In order to confirm the virus infection, leaf samples from papaya plants were collected 4 weeks post inoculation and subjected to double antibody sandwich-enzyme linked immunosorbent assay (DAS-ELISA) using PRSV specific polyclonal antibodies (Agdia Inc., USA). Further reconfirmation of inoculated samples was done by reverse transcriptase polymerase chain reaction (RT-PCR) on selected samples of each papaya line. Total RNA was extracted from selected leaf samples by RNeasy plant mini kit (Qiagen, Germany) and cDNA synthesized using iScript™cDNA synthesis kit (Biorad, USA) following manufacturer’s instructions. The PRSV CP gene was amplified by PCR using 2 μl cDNA template, 12.5 μl of PCR master mix (ThermoFisher Scientific, USA) and 10pM of each PRSV CP specific primers (Gorane et al., 2021). PCR program was setup as follows: 1 cycle of initial denaturation for 3 min at 94°C followed by 35 cycles of denaturation at 94°C for 30 sec, annealing at 60°C for 1 min and extension at 72°C for 1 min and 1 cycle of final extension at 72°C for 10 min. The PCR products were subjected to electrophoresis in a 1% (w/v) agarose gel, stained with GelRed nucleic acid stain (Biotium, USA) and visualized in Gel Documentation system (Syngene, UK).





RNA extraction, library construction and sequencing

Total RNA was extracted from the papaya leaves using Sigma Plant RNA isolation kit (Sigma-Aldrich, USA), according to the manufacturer’s instructions. The small RNA library was constructed by the Small RNA Sample Pre-kit. The small RNA samples were ligated by using chimeric oligonucleotides 5’-GTTCAGAGTTCTACAGTCCGACGATC-3’ and 3’-TCTGCACACGAGAAGGCTAGA-5’ with adapter sequences. The final cDNA library was ready for sequencing, after a round of adapter ligation, reverse transcription, PCR enrichment, purification and size selection. The qualified library was subsequently sent for Illumina HiSeq2500 sequencing to Nucleome Informatics Pvt. Ltd. (Hyderabad, India). The raw reads generated were processed by removing the adapter sequences, empty reads, no insert tags, oversized insertion, low quality reads (>50% of the bases with a quality score =5), poly A tags and small tags to obtain the clean reads (Supplementary Figure 1). The clean reads were further filtered based on read length of 18–24 nucleotides using in-house scripts.





Identification and differential expression analysis of miRNAs

Clean reads were first aligned with PRSV P isolate DEL (Accession No. EF017707, Parameswari et al., 2007) in which unaligned reads were considered for further analysis. Unaligned reads were mapped to the C. papaya hairpin loop of miRBase v21.0 (https://mirbase.org/) to filter known miRNAs. Known miRNA count files and unaligned reads from the above process were submitted to miARma-seq (miRNA-Seq and RNA-Seq Multiprocess Analysis) suite to predict novel miRNAs. This suite was used to identify differential expression analysis of known and novel miRNAs. The miARma-Seq (Andrés-León et al., 2016) uses edgeR software for differential expression analysis which includes: Read counts Normalisation, Model dependent p-value estimation and FDR value estimation based on multiple hypothesis testing. The significant differentially expressed known and novel miRNAs were filtered based on FDR < 0.05.





Target identification and functional annotation

The targets of some of the differentially expressed plant miRNAs were identified through the online tool psRNATarget (released 2017; https://www.zhaolab.org/psRNATarget/home) by using sequence of papaya (C. papaya) transcript, JGI genomic project, Phytozome, phytozome v8.0, internal number 113 (Dai et al., 2018). The psRNATarget server runs on a Linux cluster with a robust distributed computing back-end pipeline and is developed for high-throughput analysis of the NGS data. This software encompasses latest findings of plant miRNA target recognition, that can distinguish the translational and post-transcriptional inhibition, thus with an ability to report the number of small RNA/target site pairs that can affect small RNA binding activity to target transcript. The psRNATarget evaluates complementarity between small RNA and target gene transcript using the scoring scheme originally applied by miRU (Zhang, 2005). The targets with single base or no mismatches in the seed region (position 2–8 bases) were considered for further analysis. The functional identification of targets was performed using functional annotation tools agriGo (Gene Ontology Analysis Toolkit and Database for Agricultural Community) (Tian et al., 2017).





Validation of small RNA data by RT-PCR for selected miRNAs

The small RNA data obtained from different papaya samples by next generation sequencing was validated using semi-quantitative RT-PCR (Figure 1). The total RNA was extracted from the papaya leaf samples using Spectrum Plant Total RNA Kit (Sigma-Aldrich, St. Louis, MO, USA) following the manufacturer’s instructions. About 2 µg of total RNA was subjected to reverse transcription using the MultiScribe Reverse Transcriptase, RT Random Primers and other components from the High-Capacity cDNA Reverse Transcription kit (Applied Biosystems, Foster City, CA, USA). The RT-PCR reactions were carried out in a total reaction volume of 20 µL, with a cDNA synthesis cycle of 25 °C for 10 min, 37 °C for 120 min and 85 °C for 5 min, set up in a Bio-Rad S1000 Thermal cycler (Bio-Rad Laboratories, Hercules, CA, USA). A 1:10 dilution of the cDNA was used for PCR amplification of various miRNAs (miR160, miR164 and 5S rRNA), using specific primer pairs (Supplementary Table 1). The RT-PCR products were resolved in 2% TAE (Tris-acetate-EDTA) agarose gels stained with ethidium bromide and visualized under ultraviolet (UV)-light.

[image: Gel electrophoresis image showing three panels labeled miR160, miR164, and 5S rRNA. Lanes include molecular markers (M), different conditions (PM and PS3 under H and I), a no-template control (NTC), and a vector control (Vc). Bands are visible, indicating DNA or RNA fragments at specific sizes, with markers at 100 base pairs and 50 base pairs.]
Figure 1 | Validation of small RNA data obtained from different papaya genotype leaf samples by next generation sequencing using semi-quantitative RT-PCR. M, DNA ladder; PM-H, Pusa Majesty-Healthy; PM_I, PM-Infected; PS3_H, Pune Selection 3 – Healthy; PS3_I, Pune Selection 3 – Infected; NTC, Negative Control and VC, Vasconcellea cauliflora.






Results




Evaluation of papaya lines for tolerance to papaya ringspot virus

A total of 11 papaya genotypes (6 commercial cultivars, 4 Pune Selections (PS) and one wild relative of papaya V. cauliflora) were evaluated for resistance to PRSV, at IARI, Regional Station Pune (Maharashtra state, India). Overall, the PRSV-disease incidence recorded was highest (100%) in commercial cultivar PM and lowest (40%) in PS5, followed by PS3. The overall average PRSV disease incidence was higher (73%) in commercial cultivars as compared to PS lines where average disease incidence was 60%. The presence of PRSV infection was confirmed in all the test genotypes by both ELISA and RT PCR. However, the virus titer varied in different papaya lines. The highest ELISA OD value of 1.55 was recorded in Honey Dew and the lowest value of 0.42 in PS3 papaya line. These OD values varied from 0.8 to 1.55 in commercial papaya test lines. Overall, the average ELISA value was recorded higher (1.29) in commercial papaya cultivar as compared to PS lines (0.83). Moreover, the field experiments over the years for evaluation of PRSV resistance showed similar pattern of disease intensity as reported by Sharma and Tripathi (2019). The above finding along with previous reports of field experiments showed that the PS lines have a good level of tolerance against PRSV infection as compared to the other commercial papaya cultivars (Table 1; Figure 2).

Table 1 | Field evaluation of different papaya genotypes for tolerance to Papaya ringspot virus (PRSV) infection and estimation of PRSV titer by ELISA and RT-PCR.


[image: Table showing the effect of PRSV on different papaya genotypes. Columns list genotype, PRSV infectivity in the glasshouse (%), PRSV titer by ELISA, PRSV confirmation by RT-PCR, and type of symptoms. Notable results include: Red Lady and Pusa Dwarf with 80% infectivity and mild mosaic symptoms; PM with 100% infectivity and mosaic symptoms; V.C. with 0% infectivity and no symptoms.]
[image: Image A shows a papaya field with rows of young trees in an open landscape. Image B captures a closer view of papaya plants with dense green foliage near a building. Chart C is a bar graph illustrating PRSV disease severity percentages for various papaya varieties. Chart D is a line graph showing ELISA OD values for the same varieties.]
Figure 2 | Performance of various papaya genotypes for PRSV resistance at the IARI experimental Station, Pune, Maharashtra state, India. (A) The papaya plant rows that are marked in a rectangular box are the PRSV tolerant Pune selection (PS) papaya lines, while the papaya plant rows on its right side are the PRSV susceptible commercial papaya varieties. (B) Performance of PRSV tolerant Pune selection line (right row) vs susceptible commercial variety (left row) at fruiting stage. (C) Levels of PRSV infectivity, in percentage, as exhibited by different papaya genotypes in glasshouse by artificial PRSV inoculation, (D) Graphical representation of PRSV load in artificially inoculated papaya genotypes under glasshouse condition, as determined by ELISA (OD value).





Analysis of small RNA sequencing data

To study the impact of PRSV infection with reference to different miRNAs and transcriptomic changes at genome-scale, two different papaya varieties PM (PRSV susceptible) and PS3 (PRSV tolerant) were used along with V. cauliflora (VC; PRSV resistant). For further characterization, Illumina HiSeq2500 sequencing platform was used to sequence the healthy and infected PM and PS3, together with VC, which generated a total of 237.8 million reads. Comparable numbers of reads were obtained in healthy samples of PRSV susceptible (PM) and a tolerant (PS3) variety i.e. 52 million reads while VC and infected samples ranged from 42–45 million reads (Table 2).

Table 2 | Summary of type and number of small RNA reads obtained by Illumina HiSeq 2500 sequencing in healthy and infected Papaya varieties PM (PRSV susceptible), PS3 (PRSV tolerant) and VC (Wild relative of papaya).


[image: Table comparing RNA sequences from healthy and PRSV infected papaya plants. Categories include raw reads, total clean reads, clean reads (18–24 nt), unaligned reads, novel miRNA reads, known miRNA reads, and virus alignment across different plant types: PM, PS3, and VC. Data in the table varies significantly between healthy and infected plants for each category.]
A high percentage (99%) of clean reads were obtained after further processing, filtering and mapping of raw reads with the reference genome. These clean sequences were further classified as unaligned reads and virus aligned reads (Table 2). The unaligned sequences were varying in different samples, 71% clean reads were unaligned in PM(I), 50% in PS3(I), 40% in PS3(H), 37.7% in VC, and 22.6% in PM(H) (Table 2). A maximum of 4.3 million reads of novel miRNAs was obtained after mapping unique and unaligned reads for PM(I), whereas PS3(I) had only 0.711 million reads of novel RNAs (Table 2).

The size distribution of the sequenced small RNA ranged from 18 to 24 nucleotides (nt) (Figure 3). The abundance of small RNA reads is not identical in all the samples, 21nt sequence was predominant in PRSV infected samples of PM and PS3, while 23nt was dominant in PM-H, 24nt were dominant in PS3-H and VC. Whereas the smaller sized small RNA species i.e., 18–20nt were in reduced amounts in all the plant samples irrespective of PRSV infection status (Figure 3).

[image: Bar chart showing the number of reads in millions across different read lengths (eighteen to twenty-four nucleotides) for five groups: PM_H, PM_I, PS3_H, PS3_I, and VC. The twenty-one nucleotide read length shows the highest read count, particularly for PM_I and PS3_I.]
Figure 3 | Size distribution of small RNAs, with read lengths in the range of 18–24nts, retrieved through Illumina next generation sequencing from different papaya genotypes that show different levels of tolerance to PRSV. PM-H, Pusa Majesty-Healthy; PM_I, PM-Infected; PS3_H, Pune Selection 3 – Healthy; PS3_I, Pune Selection 3 – Infected; and VC, Vasconcellea cauliflora.





Identification and quantification of known and novel miRNAs

In order to filter known miRNAs, the unique sequences were further mapped to the C. papaya hairpin loop of miRBase v21 (https://mirbase.org/) and were quantified using in-house scripts. According to the alignment results, the maximum number of reads were noted in the PM (I) sample i.e. 1,145,855 while the healthy samples PM(H) showed 160,874 reads (Table 2; Figure 4A). The wild relative of papaya V. cauliflora showed the lowest reads of 114,025.

[image: Bar graph and Venn diagrams depict miRNA analysis data. The bar graph shows reads for various miRNAs across five conditions, with distinct colors for PM-H, PM-I, PS3-H, PS3-I, and VC. Venn diagrams illustrate overlaps in data sets: one compares PS3-I vs PM-I and PS3-H vs PM-H, while the other compares PM-I vs PM-H and PS3-I vs PS3-H.]
Figure 4 | Differentially expressed miRNAs between PRSV infected and non-infected papaya genotypes: (A). The known miRNAs showing more than 1000 reads in any one of the samples, (B) and (C) Venn diagrams showing known differentially expressed miRNAs in Healthy and infected, susceptible and resistant papaya cultivars. PM-H, Pusa Majesty-Healthy; PM_I, Pusa Majesty-Infected; PS3_H, Pune Selection-3 – Healthy; PS3_I, Pune Selection-3 – Infected; and VC, Vasconcellea cauliflora.

It was interesting to note that the PRSV tolerant papaya variety PS3 showed higher reads in healthy samples as compared to the PRSV infected samples (Table 2). A total of 79 known miRNAs were identified among different samples, 28 known miRNAs show more than 1000 reads (Figure 4A). Maximum number of reads were recorded for the two microRNAs, miR159a and miR398 (Figure 4A; Table 3). A comparison between PRSV resistant and susceptible papaya varieties suggests that the 18 miRNAs were differentially expressed in infected PS3 and PM samples, while 9 miRNAs were differentially expressed in healthy samples and 6 miRNAs were present in both healthy as well as the infected samples (Figure 4C). Further, the infected and healthy samples were compared with each other, wherein 15 known miRNAs were identified in PM variety that were not present in PS3, while 4 miRNAs were differentially expressed in PS3 alone (Figure 4B). On the other hand, 29 known miRNAs were differentially expressed in both the varieties (Figure 4C). The known miRNA count files and unaligned reads from the above process were submitted to miARma-seq suite to predict novel miRNAs (mirDeep of MiARma-Seq suite). A total of 291 novel miRNAs were identified in different papaya genotypes (Table 4).

Table 3 | Differential expression of known miRNAs in healthy and PRSV infected Papaya plant leaf samples and their comparative expression is denoted as ↑ (boxed in green color) as upregulation, ↓ (boxed in red color) as downregulation.


[image: Heatmap chart displaying comparisons of microRNA expression levels among different conditions: PM-I vs PM-H, PS3-I vs PS3-H, PS3-H vs PM-H, PS3-I vs PM-I, PM-I vs VC, PS3-I vs VC, VC vs PM-H, and VC vs PS3-H. Each condition is marked in green or red, indicating upregulation (green) or downregulation (red). The chart includes specific identifiers like cpa-miR156a through cpa-miR8155, with arrows indicating direction of expression changes for some entries.]
Table 4 | Differential expression of known and novel miRNAs in healthy and infected papaya varieties: Pusa Majesty (PM), Pune Selection-3 (PS3), and Vasconcellea cauliflora (VC).


[image: Table showing upregulated and downregulated miRNAs in different sample comparisons. For known miRNAs: PM-I vs PM-H (24 up, 20 down), PM-I vs PS3-H (36 up, 17 down), PM-I vs VC (38 up, 27 down), PS3-I vs PM-H (18 up, 15 down), PS3-I vs PS3-H (33 up, 11 down), PS3-I vs VC (39 up, 25 down), VC vs PM-H (26 up, 29 down), VC vs PS3-H (23 up, 27 down). For novel miRNAs: PM-I vs PM-H (37 up, 15 down), PM-I vs PS3-H (35 up, 14 down), PM-I vs VC (40 up, 8 down), PS3-I vs PM-H (40 up, 6 down), PS3-I vs PS3-H (34 up, 9 down), PS3-I vs VC (40 up, 7 down), VC vs PM-H (7 up, 14 down), VC vs PS3-H (4 up, 17 down).]




Differential expression of miRNAs associated with PRSV infection

A comparative analysis of change in the levels of expression of miRNAs in the infected samples vs healthy samples indicated that the higher number of miRNAs were upregulated in infected samples. A similar pattern was noticed in both known as well as novel miRNAs (Table 4).




Known miRNAs

A total of 44 miRNAs were compared of which 24 were upregulated and 20 were downregulated in the PRSV infected susceptible papaya variety PM. The heat map of the data clearly suggests that the conserved miRNAs belonging to family miR395, miR171, miR160, miR156, miR172, miR169, miR164, miR396, miR398, miR408, miR167 and miR477 show differential expression in infected and healthy samples (Figure 5). Amongst the conserved miRNAs, miR396, miR160f, miR160c, miR390b, miR390a, miR393, miR398, miR164b, miR156a, miR156b, miR156c, miR171d, miR395b, miR395a, miR395d, miR395e, miR162a, miR319, miR535 were upregulated, whereas miR477, miR166c, miR166d, miR166b, miR408, miR159a, miR167d, miR167c, miR167b, miR167a, miR160e, miR171b, miR159b and miR394b were downregulated in PRSV infected PM samples as compared to PM-H. Some of the miRNA specifically present in papaya such as miR8137, miR8140, miR8154, miR8135 are upregulated while miR8148, miR8152, miR8153, miR8149 and miR8144 were downregulated in infected samples as compared to healthy samples of PM (Figure 5).

[image: Heatmap with hierarchical clustering and a color key indicating values from negative five to five, transitioning from blue to red. The heatmap displays gene expression data with color variations representing different expression levels across conditions labeled VC, PM-H, PM-I, PS-H, and PS-I. The dendrograms illustrate relationships between the conditions and genes.]
Figure 5 | Heat map obtained from sequencing data showing differentially expressed known miRNAs in PRSV infected leaves (PM-I and PS3-I) to healthy samples (PM-H, PS3-H) and VC. cpa-miR stands for microRNA of Carica papaya plant. The color scale shown at the top illustrates relative expression of a miRNA across all samples: red represents expression above mean, blue represents expression lower than mean. PM-H, Pusa Majesty-Healthy; PM_I, PM-Infected; PS3_H, Pune Selection 3 – Healthy; PS3_I, Pune Selection 3 – Infected; and VC, Vasconcellea cauliflora.

The PRSV tolerant variety (PS3) shows contrasting expression as compared to susceptible papaya variety (PM) upon PRSV infection. The miRNAs miR408, miR166b, miR166c, miR166d, miR159a, miR477, miR167d, miR167c, miR8148, miR8152, miR8149, miR8153 are upregulated in PS3-I, whereas they get downregulated in PM-I when compared to their corresponding healthy samples (Table 3). Similarly, contrasting expression pattern was noted for the miRNAs: miR396, miR160f, miR160c, miR390b, miR390a, miR393, miR164b, miR156a, miR156b, miR156c, miR171d, miR395b, miR535, miR8137, miR8140, which gets downregulated in infected samples of PS3, while upregulated in PM-I. The miR398 is upregulated in infected samples of both the papaya varieties (Table 3).

Apart from contrasting results the miRNA identified only in PS3 variety includes miR160d which is upregulated, and miR164a, c, d that is downregulated in PRSV infected papaya samples (Table 3). A comparison between healthy samples of the papaya varieties PM and PS3 suggests differential expression of 15 miRNAs, among them the 2 miRNAs, miR162a and miR8155 were upregulated while 13 were downregulated (Table 3). The PRSV infected sample PS3 when compared with PM-I showed higher expression of 10 miRNAs while lower expression of 14 miRNAs. The miR160 a,b and miR171c were present only in the infected samples of PS3 and not in PM-I (Table 3).

Another comparison of miRNA expression was made between the PM, PS3 with the wild relative of papaya VC (PRSV resistant). Interestingly both the papaya varieties PM and PS3 showed similar miRNA expression pattern (Table 3). The expression of miR156 a,b,c, miR160c,d, miR160f, miR164a-e, miR167d, miR390a,b, miR393, miR396, miR398, miR408, miR477, miR5211, miR8135–37, miR8139a-e, miR8141–46, miR8148–54, were downregulated in healthy samples of both the papaya varieties. Some of the miRNAs which were downregulated in infected samples when compared to VC include miR156e-f, miR159a-b, miR160a,b, miR160e, miR166b-d, miR167c, miR169, miR171a-d, miR172a-b, miR319, miR394a, miR395a-e, miR8140, and miR8155 (Table 3).





Novel miRNAs

A total of 291 novel miRNAs were identified in the infected and healthy papaya leaf samples of contrasting genotypes and the wild relative. The sequencing reads suggest differential expression of 52 and 43 novel miRNAs in PM and PS3 respectively. Amongst these 29 miRNAs were upregulated and 8 miRNAs were downregulated in infected samples of both the papaya varieties, while 5 miRNAs showed differential expression. Two miRNAs unique for the papaya variety PM-I were downregulated, while one unique miRNA was upregulated in PS3-I samples. The PRSV resistant V. cauliflora samples were also sequenced and a comparison was made with the healthy samples of both the papaya varieties (Table 3). Twenty-one miRNAs were differentially expressed, 10 miRNAs showed similar expression, 2 miRNAs were upregulated, and 8 miRNAs were downregulated in VC when compared with PM and PS3 varieties (Table 3).





Target analysis of miRNAs

The miRNAs are negative regulators of gene expression, therefore, to investigate the role of miRNA, it is important to predict the target transcript sequences. The conserved miRNAs are associated with conserved targets that are common in various plant species such as Arabidopsis, rice, and poplar (Liang et al., 2013). The subfamilies of miRNAs differing at 1–2 nucleotide positions target same transcript, miR160a-f targets auxin response factors (ARF10, 16, 17), miR156a-c targets Squamosa promoter-binding-like protein 7,2, and the miR166b-d targets homeobox leucine zipper protein. Whereas the miR164a-c targets NAC domain containing protein, and the miR171b-d targets Scarecrow-like protein, histone lysine N-methyltransferase ATX2-like protein. The miRNAs are downregulated in VC as compared with papaya, that targets transcription factors of family SPL, ARF, NAC domain, growth factors (Supplementary Table 2). These transcription factors are involved in leaf development and lateral root development. The CpARF10, CpARF16, and CpARF17 showed fruit-specific expression, which indicated that they might play an important role in fruit ripening (Liu et al., 2015a).







Discussion

MicroRNAs (miRNAs), are long noncoding RNAs, that regulate gene expression by binding to the target mRNAs, resulting in mRNA cleavage or inhibition of protein translation (Ambros, 2001; Carrington and Ambros, 2003; Bartel, 2004). The plant miRNAs play a crucial role in diverse biological phenomenon, such as development of leaf (Rhoades et al., 2002; Chen, 2005; Guo et al., 2005; Lauter et al., 2005), nutrient homeostasis (Chiou, 2007) and various stress responses (Chapman et al., 2004; Jones-Rhoades and Bartel, 2004). Understanding the differential expression pattern of miRNAs and their role during the virus infection in papaya will provide the clues to design advanced strategies to control the PRSV infection in papaya and other high value horticultural crops.

Therefore, in this study, we present a detailed analysis of the miRNA expression pattern in papaya plants that are susceptible (PM) and tolerant (PS3) to PRSV, with or without PRSV infection/symptoms, along with the wild relative of papaya V. cauliflora, to understand the miRNA-mediated PRSV resistance. We performed deep sequencing by employing Illumina HiSeq 2500 sequencing and compared the miRNA expression between the resistant and susceptible papaya genotypes, following PRSV infection. Here we also report and reconfirm similar findings of PRSV tolerance in papaya lines that was previously demonstrated by Sharma and Tripathi (2019), wherein the Pune Selection (PS) lines showed significant level of PRSV tolerance compared to the commercially cultivated papaya cultivar (PM: Pusa Majesty) under the field trials conducted for more than four years, at Pune in Maharashtra state (India). The present study is based on the past reports of Chavan et al. (2010), wherein eight commercial papaya cultivars were screened for PRSV resistance and a lowest PRSV incidence of 13.2%, was recorded for the papaya variety ‘Madhubala’, that subsequently served as parental material for the PRSV tolerant Pune Selections (PS). Both the present and the past studies reported a better tolerance to PRSV in PS lines when evaluated in different climatic conditions, at different time points. Thus, these PS lines can be a potential source of PRSV tolerance and can be incorporated in the future PRSV resistance breeding programmes. Further, V. cauliflora, that are wild relatives of cultivated papaya, were found to be immune to PRSV infection, which could be because of its natural immunity or non-host nature. As expected, PRSV was not detected in virus inoculated V. cauliflora plants, either by ELISA or by RT-PCR, which is in conformity with the previous reports (Sharma and Tripathi, 2019; Sharma et al., 2019). Based on the PRSV infection data from present and previously reported studies, PS3 can be a good candidate to further investigate the molecular basis of virus tolerance. Therefore, the two contrasting genotypes with reference to PRSV tolerance, PS3 and PM were selected to study the differential expression of known and novel miRNAs in response to PRSV infection, by employing next generation sequencing technologies. Some of the miRNA targets found in papaya are involved in the ubiquitin-dependent protein catabolic process and the increasing evidence indicates that plants utilize this process during their immune response to pathogen invasion. However, this ubiquitin pathway can also be used by the viruses to enhance the infection process, by enhancing their own replication (Marino et al., 2012). Infection of N. tabacum by the RNA viruses Tobacco etch virus (TEV) and Potato virus Y(PVY) representative of the Potyviridae family show higher expression of miR166, miR171, miR159, and miR167 post infection; while differential expression of miR160, miR169, miR164 and miR156 in TEV and PVY infected plants (Bazzini et al., 2007). Similarly, studies on another member of Potyviridae revealed that miR160, miR393, and miR1510 were involved in resistance to SMV infection in soybean plants (Yin et al., 2013). The small RNA (sRNA)-sequencing, degradome-sequencing, as well as a genome-wide transcriptome analysis in SMV infected soybean revealed that increase in the expression level of miR168 leads to a serious inhibition of the target AGO1 mRNA, that encodes for a member of the argonaute family of proteins, which associate with the small RNAs and have important roles in RNA interference (Chen et al., 2015, 2016). In another study, microarray analysis indicated that the up-regulated miRNAs, namely, miR168a, miR403a, miR162b and miR1515a regulated the expression of AGO1, AGO2, DCL1 and DCL2, that encode for the components of silencing complex (Bao et al., 2018). Studies by Abreu et al. (2014) on response of papaya microRNAs to infection by papaya meleira virus (PMeV) resulted in identification of 462 microRNAs, representing 72 microRNA families. The expression of 11 microRNAs, with potential targets in 20S and 26S proteasomal degradation pathway was studied in response to PMeV infection and its titer.

In the present study, the abundant reads of small RNA (23nt and 24nt) were predominant in PM-H, PS3-H and V. cauliflora. Whereas, the 21nt small RNA reads were predominant in PRSV infected leaf samples of PM and PS3. These results are similar to earlier reports which have shown that 24nt small RNAs are more abundant in several other plant-pathogen interactions such as tomato-late blight, tomato-cucumber mosaic virus (CMV) and wheat-powdery mildew pathogen (Xin et al., 2010; Feng et al., 2014; Luan et al., 2015). The distribution of different sized distinct small RNAs may reflect their compositions (Ding and Lu, 2011). In this study, we found that both 23nt and 24nt small RNAs were more abundant in the healthy papaya plants than in the PRSV infected papaya. Whereas the 21nt and 22nt sized miRNAs were more abundant in both the papaya varieties, PM and PS3 infected with PRSV. This finding is in line with reports by Du et al. (2019) where they found larger number of 24nt sized small RNAs in the non-infected library than in the virus infected. The expression profile of miRNAs was altered on co-infection of tobacco curly shoot virus along with its betasatellite in N. benthamiana (Du et al., 2019). A number of siRNAs and their targets have been shown to determine leaf development, such as miR156-Squamosa Promoter Binding Protein-Like (SPL) (Xu et al., 2016), miR160-Auxin Response Factor (ARF) (Ben-Gera et al., 2016), miR165/166-Class III Homeodomain-Leucine Zipper (HD-ZIPIII) (Jia et al., 2015), miR319-Teosinte Branched/Cycloidea/Proliferating Cell Factor (TCP) (Bresso et al., 2018), miR390-Trans-Acting Small Interfering RNA3 (TAS3) (Husbands et al., 2016) and miR396-Growth Regulating Factor (GRF) (Omidbakhshfard et al., 2015). Additionally, multiple crucial components that are required for miRNA and ta-siRNA biogenesis, such as AGO1 (Bohmert et al., 1998), AGO7 (Garcia et al., 2006), SERRATE (SE) (Prigge and Wagner, 2001), and Hyponastic Leaves 1 (HYL1) (Liu et al., 2011) are suggested to influence the leaf development. The miRNA expression levels are associated with the different types of leaf curvatures (Williams et al., 2005). The qPCR of miRNAs revealed that a higher level of miR166 was associated with the downward curvature of leaf, while higher miR319a expression was correlated with wavy margins of the leaves (Williams et al., 2005).

In our study, a total of 44 known miRNAs and 291 potentially novel miRNAs were found to be differentially regulated during PRSV infection in papaya. Out of the 44 known miRNAs 20 miRNAs were downregulated and 24 were upregulated. Several studies report that the miRNAs also regulate host defenses against pathogens, including viruses, by suppressing pathogen multiplication at the post-transcriptional level (Al Abdallat et al., 2014; Feng et al., 2014; Du et al., 2019). Several miRNAs (e.g., miR168, miR169, and miR482) have been reported to target transcription factors controlling host resistance to virus infection (Várallyay et al., 2010; Zhu et al., 2013; Li et al., 2017). In N. benthamiana, virus infection may regulate the expression of miR168 to alleviate the anti-viral function of AGO1 protein (Várallyay et al., 2010; Du et al., 2019). Our study also showed the differential expression of 15 miRNAs which might play a key role in resisting the PRSV infection, by manipulating some of the genes involved in metabolic or gene silencing pathway. Past studies had shown that the rice miR164 played an important role in resistance to southern rice black-streaked dwarf virus infection, as well as resistance to drought stresses by differentially regulating its target genes in rice crop (Feng et al., 2014; Xu et al., 2014). Du et al. (2019) had also shown the expression of miR164a and miR482 in the two libraries derived from N. benthamiana coinfected with TbCSV and TbCSB, suggesting that these two miRNAs may have an important role in virus resistance. Further, studies by Xiao et al. (2014) indicated for a role of miRNA-mediated production of phasiRNAs in interaction between begomovirus and the model host plant N. benthamiana. Various studies have demonstrated a role of miRNA-mediated phasiRNA pathway in diverse biological processes, including pathogen resistance (Kurihara et al., 2006; Kang et al., 2012; Peng et al., 2014; Cui et al., 2017; Zheng et al., 2020). The miR482/2118-mediated cleavage of NBS-LRR transcripts involved in disease resistance play an important role in non-race specific disease resistance and also triggers production of phased small RNAs that regulate the expression of their target genes (Kurihara et al., 2006; Kang et al., 2012). On infection by the virus, the expression level of miR482 was down-regulated and as a result the NBS-LRR transcripts were up-regulated (Kang et al., 2012; Cui et al., 2017). Analyzed 18 miRNA libraries prepared from SMV resistant and susceptible near-isogenic lines (NILs) of soybean, at three different time intervals of post virus infection. Their study found that a large number of miRNAs were differentially expressed in the two soybean NILs, that targeted a series of NBS-LRR resistance (R) genes. In a similar study by Soltani et al. (2021), the effect of CMV infection on different quinoa varieties, resulted in identification of differentially expressed miRNAs and the corresponding genes that modulated the variety-specific biological pathways, such as plant-pathogen interaction (PPI), DNA replication, repair and recombination, and hormone signaling. These biological pathways ultimately result in modulation of defense hormones such as SA, JA, and ET (Soltani et al., 2020). Some of the biological phenomenon, such as DNA replication and repair in the host genome are critical for antiviral mechanism (Soltani et al., 2020). Upregulation of DNA recombination resulted in persistent induction of LRR gene expression in Tobacco mosaic virus (TMV) infected tobacco plants ultimately leading to high level of resistance against TMV (Kovalchuk et al., 2003; Boyko et al., 2007).

Several studies have shown that the plant miRNAs target and negatively regulate the plant R genes by prompting the production of phased, trans-acting siRNAs (tasiRNAs) against these R genes, and this miRNA-mediated gene regulation is suppressed on bacterial or viral infection (Zhai et al., 2011; Li et al., 2012). In tobacco, the R gene “N” against TMV was found to be regulated by miR482 (Whitham et al., 1994; Li et al., 2012). In brief, the silencing of NBS-LRR genes by miR482, and their activation after miR482 down-regulation upon bacterial or viral infection, have been widely studied in different host plants (Li et al., 2012; Shivaprasad et al., 2012; Zhu et al., 2013). Similarly, Li et al. (2012) demonstrated that the expression of miR6019 and miR6020 in tobacco plants result in specific cleavage of transcripts of the N gene and its homologs by binding to the complementary sequence of the conserved Toll and Interleukin-1 receptors (TIR)-encoding domain of the N transcript (Li et al., 2012; Moon and Park, 2016). Moreover, synthesis of phased, secondary siRNAs (phasiRNAs) from the N coding sequence through overexpression of miR6019 was shown to be accompanied by reduction in the N gene transcript accumulation and N-mediated resistance against TMV (Li et al., 2012).

In present study, the expression of miRNAs was potentially regulated by PRSV infection in papaya plant lines that were characterized by using high-throughput sequencing technology. The molecular functions and validation of these miRNAs in inducing resistance against PRSV infection in the resistant plants requires further investigation. However, the results presented here will improve the understanding of the viral infection and the response of miRNAs in the host plants in general and in particular for PRSV in papaya plants. In the future, this knowledge will also be helpful in providing additional information for developing viral management strategies, mainly through the plant breeding technologies and biotechnological interventions.
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Powdery mildew (PM), caused by Blumeria graminis f. sp. tritici, poses a significant threat to wheat production, necessitating the development of genetically resistant varieties for long-term control. Therefore, exploring genetic architecture of PM in wheat to uncover important genomic regions is an important area of wheat research. In recent years, the utilization of meta-QTL (MQTL) analysis has gained prominence as an essential tool for unraveling the complex genetic architecture underlying complex quantitative traits. The aim of this research was to conduct a QTL meta-analysis to pinpoint the specific genomic regions in wheat responsible for governing PM resistance. This study integrated 222 QTLs from 33 linkage-based studies using a consensus map with 54,672 markers. The analysis revealed 39 MQTLs, refined to 9 high-confidence MQTLs (hcMQTLs) with confidence intervals of 0.49 to 12.94 cM. The MQTLs had an average physical interval of 41.00 Mb, ranging from 0.000048 Mb to 380.71 Mb per MQTL. Importantly, 18 MQTLs co-localized with known resistance genes like Pm2, Pm3, Pm8, Pm21, Pm38, and Pm41. The study identified 256 gene models within hcMQTLs, providing potential targets for marker-assisted breeding and genomic prediction programs to enhance PM resistance. These MQTLs would serve as a foundation for fine mapping, gene isolation, and functional genomics studies, facilitating a deeper understanding of molecular mechanisms. The identification of candidate genes opens up exciting possibilities for the development of PM-resistant wheat varieties after validation.
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Introduction

Powdery mildew (PM), caused by the obligate biotrophic fungus Blumeria graminisis f. sp. tritici (Bgt), is a widespread global disease resulting in substantial wheat yield losses. Over the past forty years, there have been numerous global outbreaks of wheat PM (Morgounov et al., 2012). The pathogen is the sixth most significant fungal disease of wheat (Dean et al., 2012) and the eighth largest cause of wheat production loss worldwide (Savary et al., 2019). Generally, PM has predominantly been observed in regions characterized by ample rainfall and humid climate (Bennett, 1984). Nonetheless, its emergence as a significant concern in drier and warmer regions is leading to substantial reductions in wheat yield in these areas. This shift could be attributed to the cultivation of semi-dwarf wheat varieties, the increased use of nitrogen-based fertilizers, and the practice of dense planting in the field (Wang et al., 2005; Morgounov et al., 2012). Resistance towards PM is genetically inherited in wheat crop and is controlled by both race-specific and non-race specific genes conferring a qualitative and quantitative resistance. Race-specific resistance is largely heritable, conferred by a single resistance gene, and provides complete resistance to some specific pathogen infections but not others. Non-racial resistance provides a form of partial resistance that is not reliant on specific pathogen avirulence genes. This type of resistance permits infection but limits the spread of the disease (Maurya et al., 2021; Cheng et al., 2022; Mapuranga et al., 2022c).

Most PM resistance research has concentrated on key genes that are thought to be qualitatively race-specific. For instance, extensive research is conducted on the Pm3 resistance gene and its various alleles due to their ease of manipulation, transient expression, simple inheritance, and ability to confer complete resistance. This resistance is often associated with the hypersensitive response, but it is effective only against a small number of pathogen races and can be readily overcome by new virulent pathogen strains (Yahiaoui et al., 2004; Koller et al., 2018; Simeone et al., 2020). Until recently, the primary emphasis in plant studies has been on adult-plant resistance, which is associated with long-lasting and non-specific resistance. This resistance involves the interplay of multiple genes that delay and obstruct fungal infection, growth, and reproduction during the adult-plant phase (Jakobson et al., 2012). Therefore, combining multiple resistance genes is considered as the most economical and environmentally friendly strategy for increasing the persistence of resistance against most fungal infections in wheat. The attainment of this goal necessitates the integration of conventional breeding methods with molecular techniques, offering the potential to enhance the selection efficiency for resistance to PM and traits related to crop yield (Bapela et al., 2023).In recent decades, the introduction of Next-Generation Sequencing (NGS) technology for genotyping and advancements in genomic-assisted breeding has significantly expedited the identification and incorporation of genes for PM resistance into commercially grown wheat varieties. Moreover, 19 PM resistance genes/alleles have been cloned, e.g., Pm1a, Pm2, Pm3 (Pm3a to Pm3g, Pm3k, and Pm3r), Pm4, Pm8, Pm17, Pm21, Pm24, Pm38/Yr18/Lr34/Sr57, Pm46/Yr46/Lr67/Sr55, Pm60 and WTK4 (Yahiaoui et al., 2004; Srichumpa et al., 2005; Bhullar et al., 2009; Cao et al., 2011; Hurni et al., 2014; He et al., 2018; Hewitt et al., 2021; Sánchez-Martín et al., 2021; Gaurav et al., 2022). Of these, only Pm3k belongs to tetraploid wheat (Yahiaoui et al., 2009). Most of these genes have been incorporated into wheat from closely related species and their wild relatives. However, due to their reduced resistance levels and the undesirable linkage drag they carry, these genes have not seen widespread commercial utilization (Friebe et al., 1994).

Various research groups have previously developed high-density linkage maps and used them in QTL mapping studies for PM resistance (Singh et al., 2022). Nonetheless, the majority of the QTLs identified in different research studies have not undergone fine mapping due to overlapping genomic regions and have seldom been utilized in marker-assisted breeding programs. This appears to be due to variations in experimental designs, environmental conditions, genetic backgrounds of the parental strains, population sizes, types, and densities of molecular markers employed, as well as the statistical methodologies employed in subsequent analyses. Moreover, when focusing on wheat specifically, additional factors come into play, including the complexity of the hexaploid wheat genome, the prevalence of highly repetitive sequences within the genome, and the lack of comprehensive high-density linkage maps (Kumar et al., 2023).

Meta-analysis of QTLs retrieved from different independent studies, is an alternate method that can help in precise mapping of traits (Sharma et al., 2023). MQTL analysis is a relatively new concept and is rapidly emerging an efficient method for narrowing the confidence intervals (CI) of overlapping QTLs, allowing for rapid and efficient discovery of candidate markers and genes linked to the trait of interest (Kumari et al., 2023; Sharma et al., 2023). Meta-analysis has already been performed for various traits in wheat (Kumar et al., 2021; Pal et al., 2021, Saini et al., 2022b) including resistance to different diseases such as leaf rust (Soriano and Royo, 2015; Amo and Soriano, 2022), stem rust (Yu et al., 2014), tan spot (Liu et al., 2020), Fusarium head blight (Liu et al., 2009; Löffler et al., 2009; Venske et al., 2019; Zheng et al., 2021), stripe rust (Jan et al., 2021; Kumar et al., 2023), multiple disease resistance (Pal et al., 2022; Saini et al., 2022a) and PM resistance (Marone et al., 2013). The most recent study on PM resistance, published in 2013, conducted a meta-analysis with a dataset consisting of only 96 QTLs and identified 24 MQTLs (Marone et al., 2013). Since considerable number of QTLs for parameters contributing to PM resistance have been reported after this last report of MQTL analysis for PM resistance in wheat, the present study involving MQTL analysis was conducted (based on QTL studies published until July 2021) to supplement the list of MQTLs and candidate genes reported in the earlier MQTL study for PM resistance. Overall, the primary aim of this study is to investigate the genetic basis of PM resistance by identifying promising genomic regions and candidate genes using the newly available wheat genome data, integrating it with GWAS information and analyzing the roles of the identified candidate genes in various wheat tissues. The outcomes of this research will have significant utility for wheat breeders, providing valuable resources for enhancing resistance to PM in wheat varieties.





Materials and methods




Literature survey for collection of QTLs for powdery mildew

We conducted a comprehensive search for articles that reported QTLs linked to PM resistance in wheat, spanning from 1996 to 2021. This search was performed using Google Scholar (https://scholar.google.com/) and other accessible data sources. An additional resource for this search was a recently created Wheat QTL database (http://wheatqtldb.net/; Singh et al., 2022). Each QTL mapping study was screened to extract the following information: (i) mapping population type (e.g., F2:3, RILs, DH, BC) and their parents, (ii) population size, (iii) chromosome number, (iv) position of the QTLs and flanking markers, (v) logarithm of odds (LOD) values and (vi) variance explained by the individual QTLs (PVE) and (vii) different disease resistance parameters, such as area under disease progression cure (AUDPC), infection type (IT), maximum disease severity (MDS) and vernalized seedling score (VSS). QTLs with missing data were excluded from the meta-analysis.





Development of a comprehensive consensus map

The R package called ‘LPmerge’ (Endelman and Plomion, 2014) was used to construct the consensus map following the steps described recently (Kumar et al., 2023). The following genetic maps were employed as the framework maps in this process: (i) the ‘ITMI_SSR map,’ containing 1406 loci (Song et al., 2005); (ii) the ‘Wheat, Consensus SSR, 2004’ map, which includes 1235 marker loci (Somers et al., 2004); (iii) an integrated map for durum wheat with 30,144 markers (Maccaferri et al., 2015); and (iv) the ‘Illumina iSelect 90 K SNP Array-based genetic map,’ comprising 40,267 loci (Wen et al., 2017). For the construction of the consensus map, markers flanking individual QTLs were also included. The genetic maps contained several common markers located at different genetic positions, and these markers were taken into consideration during the construction of the consensus chromosomes maps.





QTL projection on the consensus map

The genetic map file and the QTL information file from each study were compiled and employed as input text files for QTL projection through BioMercator V4.2 (Sosnowski et al., 2012). This software requires a set of distinct descriptors for each QTL such as the genetic position of the QTL (both peak position and CI), LOD score, PVE value, the trait linked with the QTL, and the size of the mapping population used to identify the QTLs. The QTLProj command of the software was used to homothetically project the peak positions and confidence intervals of each individual QTL onto the consensus map (Gudi et al., 2022). If a specific study did not provide the CI for a particular QTL, we employed population-specific formulas to calculate the 95% CI as follows:

[image: CI calculation formula for F sub 2 comma 3 and Backcross populations: CI ninety-five percent equals five hundred thirty divided by the product of R squared and N.]	

[image: For the RIL population, confidence interval (95%) is calculated as 1.63 divided by the product of R squared and N.]	

[image: Text showing a statistical formula: "For the DH population, CI (95%) = 287 / (R² × N)".]	

Where R2,is the phenotypic variance explained by the individual QTL.

N is the population size.





Meta-analysis of the QTLs

QTL meta-analysis for individual wheat chromosomes was conducted using BioMercator v4.3.2 (Goffinet and Gerber, 2000; Veyrieras et al., 2007). Two different approaches were used, while conducting the analysis, depending upon the number of QTLs projected on each chromosome. We followed the method proposed by Goffinet and Gerber (2000), when the count of projected QTLs per chromosome was 10 or fewer and we applied the method outlined by Veyrieras et al. (2007) when the number of QTLs per chromosome exceeded 10. In the initial approach, the selection of the best model was determined by examining the model with the lowest Akaike information criterion (AIC) scores. In the second approach, the optimal model was identified from a range of models, which encompassed the Bayesian information criterion (BIC), AIC, corrected AIC, AIC3, and average weight of evidence (AWE). If a model met the criteria of having the lowest score in at least three of the other models, it was considered the most suitable choice.





Candidate gene discovery within the MQTLs and their comparison with GWAS-MTAs

For identifying the genes underlying the MQTL regions, the sequences of the markers flanking the MQTL regions were retrieved from public data repositories such as Grain Genes (https://wheat.pw.usda.gov/GG3) or Cereals DB (https://www.cerealsdb.uk.net/cerealgenomics/CerealsDB/indexNEW.php) databases. To ascertain the physical locations of markers, we conducted BLASTN searches against the Wheat Chinese Spring IWGSC RefSeq v1.0 genome assembly, available on the Ensembl Plants database (http://plants.ensembl.org/index.html). The “JBrowse-WHEAT URGI database” (https://urgi.versailles.inra.fr/jbrowseiwgsc/) was also used to determine the physical locations/genomic co-ordinates of specific SNP markers. The peak positions of the MQTLs were calculated using the following formula proposed by Saini et al. (2022a). Furthermore, some high-confidence MQTLs (hcMQTLs) were chosen and investigated for the identification of available CGs. The following criteria was used to choose these hcMQTLs- (i) involvement of at least 3 initial QTLs, (ii) LOD score ≥ 3 and (iii) PVE value >10. The ‘BioMart’ tool, accessible in the Ensembl Plants database, was utilized to retrieve gene models located within a 2 Mb genomic region (1 Mb region on either side of the MQTL peak position). From the InterPro database (https://www.ebi.ac.uk/interpro/), functional annotations for the available gene models were obtained. The genes were further narrowed down based on their Knet scores (Knetminer.com). Additionally, to confirm the effectiveness of the MQTLs, data on PM resistance from 11 GWAS published between 2017 and 2023 were collected and used. The details of these GWAS studies with respect to the population size, type of wheat, platform used for genotyping the mapping panel are given in Supplementary Table S5. To pinpoint the significant SNPs and/or marker-trait associations (MTAs) as reported in these GWAS studies, their physical locations were determined using methods such as BLASTN searches, referencing databases, or consulting the source papers. This process was similar to how the physical locations of MQTLs were determined. The MTAs identified through GWAS within 5 Mb genomic areas nearby a MQTL were considered to be co-located. This is because wheat exhibits an extensive linkage disequilibrium (LD) decay range, which is approximately 5 Mb (Yang et al., 2021).





Identification of known major resistance genes co-localizing with MQTLs

The nucleotide sequences for previously characterized PM genes or sequences of markers linked to these genes were retrieved from databases such as Grain Genes and NCBI (www.ncbi.nlm.nih.gov). Subsequently, BLAST searches were performed using these sequences against the wheat reference genome available in the Ensembl Plants database. After identifying the physical locations of the genes, their positions were compared with the physical coordinates of the MQTLs to determine whether they co-located with the MQTLs.






Results




Distribution of QTLs associated with powdery mildew on wheat genome

QTLs from 34 individual mapping studies (published from 1996 to 2021) were collected and screened for information related to different types of mapping population used, chromosome number, marker positions, LOD score and PVE values. A total of 222 QTLs from PM resistance traits were available for meta-QTL analysis. The detailed information on these QTLs is given in Supplementary Table S1. The number of QTLs present on individual chromosomes varied from a minimum of 3 QTLs on chromosome 6D to a maximum of 21 QTLs on 2B (Figure 1A). Moreover, the distribution QTLs across the three sub-genomes displayed significant differences, with 79 QTLs located on sub-genome A, 86 on sub-genome B, and 57 on sub-genome D. LOD scores for individual QTLs ranged from 2.1 to 82.6 with an average of 11.3. Most QTLs (83.3% of the total) had their LOD score of< 6 (Figure 1B). The phenotypic variation explained by an individual QTL varied from 2.3 to 90% with an average of 16.4%. Approximately, 36.93% of QTLs exhibited a PVE value of< 10% and only a small fraction (6.75%) had a PVE value of > 40%, which suggests the involvement of both major and minor QTLs governing PM resistance (Figure 1C).

[image: Three bar graphs depict quantitative trait loci (QTL) distribution. Graph A shows QTL counts across chromosomes 1A to 7D, peaking at chromosome 2B. Graph B presents QTL numbers by LOD score categories, highest below three. Graph C displays QTL numbers by percentage phenotypic variance explained (%PVE), with most below ten.]
Figure 1 | Basic characteristics of QTLs associated with PM resistance (A) chromosome-wise distribution of QTLs, (B) LOD scores of QTLs, (C) % PVE of the QTLs.





Wheat consensus map and QTL projection

The high-density Wheat_Consensus_Map_2023 generated in the present study using four different genetic maps exhibited a huge variation in the distribution of markers. The marker density on individual chromosomes varied from 1.37 markers/cM on chromosome 4D to 15.92 markers/cM on chromosome 5B, with a mean of 6.40 markers/cM throughout the genome. The marker density on sub-genome B was highest (9.91 markers/cM) followed by sub-genome A (7.21 markers/cM) and sub-genome D (2.54 markers/cM). The length of individual chromosomes also varied significantly (ranged from 157.78 cM for chromosome 4B to 743.48 cM for chromosome 5A with an average of 406.28 cM). The cumulative genetic map length of all the chromosomes in the map was 8531.99 cM spanned by 54,672 markers. On average, there were approximately 2,603 markers mapped per chromosome and the number of different genetic markers that were mapped on a single chromosome ranged from a few hundred (400 on chromosome 4D) to several thousand (4,769 on chromosome 3B) (Figure 2).

[image: Horizontal bar chart showing chromosome segments labeled Chr1A to Chr7D with varying colors from green to red. The segments represent measurable values in centimorgans (cM), ranging from zero cM to more than seven hundred forty-three cM. The color gradient next to the chart indicates value ranges from zero to four thousand seven hundred seventy, with green representing lower values and red representing higher values.]
Figure 2 | Distribution of marker on the consensus map used in MQTL analysis in the current study.





Meta-analysis of QTLs associated with powdery mildew resistance

The method proposed by Gerber and Goffinet (Goffinet and Gerber, 2000) was employed for meta-analysis of QTLs across all wheat chromosomes, except for chromosome 1A, 2A, 2B, 2D, 4A, 5D, and 7D, for which the Veyrieras approach was used (Veyrieras et al., 2007), as these had >10 QTLs projected per chromosome. Out of 222 QTLs, only 168 could be projected (75.6% of the total no. of QTLs) onto the newly constructed consensus map. The remaining QTLs could not be projected because of either of the underlying reasons including (i) lack of sufficient number of shared markers between the consensus and initial genetic maps, and (ii) large CI associated with the initial QTLs. A total of 39 MQTLs were predicted for resistance to PM, consisting of 125 initial QTLs out of the total 168 projected QTLs (Supplementary Table S2). The remaining 36 QTLs were singletons (Supplementary Table S3) and therefore they were excluded from subsequent analysis. Further, three QTL hotspots were also identified which consisted of initial QTLs from the same studies. These hotspots were located on chromosomes 2B and 2D (Supplementary Table S4). Across the three sub-genomes, the maximum number of MQTLs were predicted on sub-genome A (18), followed by sub-genome D (12) and sub-genome B (9). Within sub-genome A, chromosome 1A harbored the highest number of MQTLs (4) while chromosome 3A had the lowest number of MQTLs (1). Similarly, for sub-genome B, chromosomes 2B, 3B, 5B, 6B, 7B comprised of 2 MQTLs each while chromosome 1B comprised of only a single MQTL. For sub-genome D, chromosomes 5D and 7D had 4 MQTLs each which is the highest whereas chromosomes 2D and 4D had 2 MQTLs each Figure 3A. No MQTLs were predicted on chromosomes 4B, 1D, 3D and 6D. The number of QTLs per MQTL ranged from ≤ 2 in 16 MQTLs to ≥ 6 QTLs in the 4 MQTLs (viz., MQTL2B.1, MQTL7A.2, MQTL7A.3 and MQTL7D.3) Figure 3B.

The PVE of individual MQTLs varied from a minimum of 5.9 to a maximum of 76.5% with a mean of 21.17% and the LOD score varied from 1.5 to 30.4 with an average of 6.48. Notable features displayed by the initial QTLs, MQTLs and their distribution across different wheat chromosomes are illustrated in Figures 1, 3, 4, respectively. The CI of the predicted MQTLs and QTL hotspots varied from 0.06 to 28.14 cM and 0.52 to 1.12 respectively. On an average, the CI of MQTLs and QTL hotspots were significantly reduced by a factor of 2.07 and 1.73 respectively compared to the initial QTLs and there were substantial differences in the extent of CI reduction across different wheat chromosomes (Figure 3D). The mean physical CI of the MQTLs was 41.00 Mb, which ranged from 0.000048 Mb (MQTL5B.2) to 380.71 Mb (MQTL6A.2).

[image: Four graphs labeled A, B, C, and D analyze MQTLs and QTLs. A: Bar graph displaying the number of MQTLs across various chromosomes, showing uneven distribution. B: Bar graph showing the number of MQTLs by QTLs involved; 2-3 QTLs are most common. C: Bar graph demonstrating the number of MQTLs relative to QTL studies, with 2-3 studies being most frequent. D: Line graph plotting fold reduction versus chromosome number, comparing CI QTL, CI MQTL, and fold reduction data across different chromosomes.]
Figure 3 | Basic characteristics of MQTLs associated with PM resistance (A) chromosome wise distribution of MQTLs, (B) the number of QTLs involved in different MQTLs, (C) the number of QTL studies involved in different MQTLs, (D) fold reduction in confidence intervals of QTLs after meta-analysis.

[image: Circular chart depicting chromosome data labeled from Chr1A to Chr7D. Blue bars represent specific data points on each chromosome segment, while small red dots indicate additional informational points. The layout is organized around a central axis.]
Figure 4 | Circos diagram representing the features of QTLs and MQTLs associated with powdery mildew resistance. The information projected includes, (moving inwards) the outermost ring represents consensus map, the positions of projected QTLs on the consensus map, and the innermost ring represents the positions of MQTLs on different wheat chromosomes.





Gene models available in MQTL regions

A total of 39 MQTLs were mapped to the physical map of the wheat consensus map used in the present study. However, the exact physical positions of three MQTLs (viz., MQTL2A.3, MQTL7A.2 and MQTL7A.3) could not be ascertained due to the unavailability of nucleotide sequences of the markers flanking these MQTLs (Figure 5, Table 1). To enhance the reliability of the predicted MQTLs, we further refined them, leading to the identification of regions referred to as high-confidence MQTLs (hcMQTLs). In general, each hcMQTL cluster included a minimum of three initial QTLs, with a PVE value greater than 10% and a LOD score greater than three. Further analysis involving gene mining was conducted on 9 hcMQTLs, resulting in the identification of a total of 256 gene models. Among the MQTLs, the one located on chromosome 4D had the maximum number of associated gene models (51). Conversely, the MQTL situated on chromosome 6A had the fewest associated gene models (9) (Supplementary Table S7). These gene models encoded different types of proteins, a few of the important ones are as follows-, including (i) NBS-LRR proteins, (ii) transcription factors (TFs) like MADS box and GRAS, (iii) proteins belonging to oxidoreductase class such as cytochrome P450, (iv) proteins with lectin domain, (v) glycoside hydrolases, and (vi) protein kinases.

[image: Genetic map diagram displaying various loci across multiple chromosomes, labeled as 1A to 7D. Each chromosome features markers with labels such as Xgwm, Excalibur, and RAC875, alongside numerical values indicating genetic distances. Vertical lines connect these markers, organizing them across different chromosomes for comparison.]
Figure 5 | Distribution of MQTLs across the different wheat chromosomes.

Table 1 | MQTLs associated with powdery mildew resistance identified in the present study.


[image: A detailed table showing information about MQTLS including columns for MQTL, Flanking Markers, CI (cM), LOD Score, PVE%, and Number of QTLs involved. It lists various MQTL entries, each with specific values for flanking markers, confidence intervals in centimorgans, LOD scores, percentage of phenotypic variance explained, and the number of QTLs involved. Each row pertains to a different MQTL entry, providing a comprehensive comparison across these metrics.]




Comparison of MQTLs with GWAS-MTAs

The physical coordinates of 39 MQTLs identified in our study were compared to MTAs reported in 10 previous GWAS that comprised a total of 281 MTAs for PM resistance. Among these 39 MQTLs, only 18 were found to be overlapped with GWAS-MTAs (Supplementary Table S5). Some MQTLs were found to be co-localized with MTAs available from multiple GWAS; For instance, MQTL6A.1 co-localized with MTAs identified in three different GWAS. Additionally, three MQTLs (viz., 2B.1, 3B.2 and 5A.2) contained at least 3 initial QTL which were co-localized with multiple MTAs reported from two distinct GWAS.





Co-localization of MQTLs with known PM genes

The identification of the association of known PM genes with individual MQTLs revealed that a total of 2 genes associated with PM resistance, including Pm2 and Pm3 were found to be co-localized with 2 MQTLs identified in this study, whereas Pm8, Pm21, Pm38 and Pm41 were found in proximity of MQTLs identified in the present study. (Supplementary Table S6).






Discussion

Multiple QTL mapping studies in wheat related to PM have made significant contributions in advancing our knowledge of the genetic basis of quantitative resistance to PM in wheat (Mohler and Stadlmeier, 2019; Xu et al., 2020; Liu et al., 2021). These studies involve the discovery and mapping of distinct genetic regions associated with resistance against PM, offering valuable insights into the genetic complexity of this trait. However, it is widely acknowledged that QTLs identified using one specific mapping population or parental lines may not always perform effectively in a breeding program involving diverse genetic backgrounds (Yang et al., 2021). This phenomenon highlights the need for a more comprehensive and adaptable approach to harness the potential of these QTLs in wheat improvement programme. Overall, MQTL analysis is a powerful method to gather and synthesize information from multiple QTL mapping studies. It provides a more comprehensive understanding of the genetic basis underlying the trait which further helps to refine QTL positions with reduced CI’s (Welcker et al., 2011). Meta-QTL analysis has been extensively employed to study a plethora of traits, including disease resistance, across various crop species like rice (Kumar and Nagarajah, 2020; Kumar et al., 2020; Shashiprabha et al., 2022), wheat (Marone et al., 2013; Soriano and Royo, 2015; Venske et al., 2019; Zheng et al., 2021; Pal et al., 2022; Saini et al., 2022b), barley (Schweizer and Stein, 2011) and maize (Rossi et al., 2019). In a previous research effort, MQTLs were identified for wheat’s resistance to PM using a limited number of initial QTLs for PM resistance, resulting in the identification of only a small number of MQTLs associated with this trait (Marone et al., 2013). The precision of the meta-analysis findings tends to increase in tandem with the number of initial QTLs employed. It is important to emphasize that a positive relationship typically exists between the precision of results derived from meta-analysis and the number of initial QTLs involved in the analysis (Kumar et al., 2023). Moreover, with the continuous progress in molecular genetics and QTL mapping techniques, there is a consistent discovery and publication of new QTLs. Consequently, it is essential for us to stay updated with these developments to incorporate the latest QTL information into more robust and stable (MQTL) analyses. Hence, in this current study, we conducted a MQTL analysis by integrating QTL data reported in 34 different studies during 1996–2021 on PM resistance and identified 39 MQTLs. to acquire a more profound understanding of how genetic factors regulate resistance to PM in wheat. The first step in the meta-analysis process involved mapping the original QTLs onto a consensus map, which is crucial for identifying common regions of interest through meta-analysis.

Sub-genome B revealed the highest density of genetic markers, thus harboring maximum number of initial QTLs. This finding aligns with previous reports that have explored genetic diversity and the intricate genetic makeup of disease resistance in wheat (Soriano and Royo, 2015; Amo and Soriano, 2022; Pal et al., 2022; Saini et al., 2022b). Conversely, the comparatively low level of genetic variation in the sub-genome D may explain the relatively small number of QTLs detected across various QTL mapping studies which is consistent with previously conducted meta-analyses for disease resistance in wheat that also reported less number of QTLs on sub-genome D (Venske et al., 2019; Liu et al., 2020; Zheng et al., 2021; Pal et al., 2022; Saini et al., 2022a). We believe that our current effort in gathering and analyzing QTL data for PM resistance in wheat represents the most extensive and thorough compilation to date. The highly dense consensus map constructed in our study using four different genetic maps allowed us to identify markers that were closely associated with corresponding MQTLs. The consensus map used in the current study consists of a higher number of markers in comparison to the consensus map utilized in a prior study on MQTL related to PM resistance in wheat, where only 3,618 markers were used and these were obtained by merging only two wheat linkage maps. A higher proportion of QTLs (75.6%) were projected on the consensus map. One potential explanation could be the use of a comprehensive consensus map in the present research. The discovery of 39 MQTLs from the initial pool of 168 QTLs led to a notable decrease by a factor of 2.07 (=10.35/5) in the number of genomic regions or QTLs linked to PM resistance in wheat. Our study stands out as a more up-to-date and comprehensive compilation as compared to a prior meta-analysis on PM resistance (Marone et al., 2013); for several reasons. Firstly, we incorporated a larger dataset, utilizing 222 QTLs from 34 mapping studies, in contrast to 101 QTLs from 20 studies, which has been shown to improve the accuracy of statistical findings. Secondly, we employed a highly dense consensus map with 54,672 markers, as opposed to the earlier study’s use of 3,618 markers. Thirdly, our study integrated a greater number of QTLs (168) into MQTLs due to the use of the dense consensus map. Additionally, we validated 18 MQTLs using GWAS-based MTAs, demonstrating the broader genetic impact of these regions on PM resistance. Moreover, our study employed specific criteria to prioritize hcMQTLs for CG mining, leading to the identification of more promising CGs.




Candidate genes within the hcMQTLs and their association with PM responses

Candidate gene mining within 9 hcMQTLs revealed 256 unique gene models. Twenty-five promising candidate genes were chosen based on Knet score (Table 2). The roles of some genes in conferring resistance to PM is discussed as follows: (i) NBS-LRR domain-containing proteins are also encoded by some cloned Pm genes such as Pm2b, Pm60 and Pm21 that confer PM resistance in wheat (He et al., 2018; Zou et al., 2018; Jin et al., 2022), (ii) Proteins belonging to the protein kinase family are essential components of the defense mechanism in wheat. Receptor-like kinases (RLKs) and plant protection kinases participate in the recognition and initiation of a diverse array of signals connected to various developmental and physiological functions. These include processes related to defense mechanisms as well as beneficial symbiotic interactions (Rentel et al., 2004; Garcia et al., 2012), (iii) Jacalin like lectin domain containing genes have the ability to bind to carbohydrates, recognizing those derived from pathogens or injury during infections (Lannoo and Van Damme, 2014; Esch and Schaffrath, 2017). A mannose-specific JRL (mJRL)-like gene (TaJRLL1) which codes for a protein containing two jacalin-like lectin domains has been discovered in wheat. When TaJRLL1 was introduced into Arabidopsis thaliana, resistance towards two fungal pathogens, F. graminearum and Botrytiscinerea was enhanced. The levels of jasmonic acid (JA) and salicylic acid (SA) showed a substantial increase in transgenic Arabidopsis plants. These results suggest that TaJRLL1 could be a component of the SA and JA dependent defense signaling pathways (Xiang et al., 2011), (iv) Glycoside hydrolases (GHs) are the most prevalent and widely distributed class of enzymes in fungi, as observed in various studies and their primary function is to enzymatically break down the glycosidic bonds between carbohydrate molecules or between carbohydrates and non-carbohydrate groups (Zhou et al., 2013). One study discovered that GH proteins are recognized by the leucine-rich-repeat receptor-like protein in the dicot plant Nicotiana benthamiana. Heterologous expression of this receptor in wheat, made it responsive towards GH proteins, resulting in an increased resistance to F. graminearum (a fungal pathogen) and lower levels of the mycotoxin deoxynivalenol in wheat grains (Wang et al., 2023a), (v) Transcription factors like GRAS, MYB and MADS-box play an important role in plant disease resistance. 1R-MYB transcription factor was reported to play key role in disease resistance against stripe rust fungus in wheat (Zhang et al., 2015). Studies by Zhang et al. (2016) and Castelán-Muñoz et al. (2019) have reported that members of the MADS-box gene family participate in the control of both biotic and abiotic stress reactions, which indicates a potential role in stress response. Several MADS-box genes were activated and displayed varying levels of expression after inoculation of wheat spikes with FHB indicating their potential defensive roles against Fusarium infections (Kugler et al., 2013), (vi) The gene TaCYP72A which encodes cytochrome P450, plays a significant role enhancing host resistance to Fusarium head blight (FHB) in wheat (Gunupuru et al., 2018), (viii) Synaptobrevin domain containing proteins-TaSYP137 and TaVAMP723, the SNAREs proteins containing streptobrevin and longin domains have been reported to reduce resistance to Blumeria graminis f. sp. Tritici in wheat (Wang et al., 2023b).

Table 2 | Most promising candidate genes associated with powdery mildew resistance.
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Concordance between MQTLs and known major genes

While there is a record of over 100 PM resistance genes/alleles within 63 loci (Pm1-Pm66), only a handful of them have been cloned and thoroughly characterized. These include Pm1a, Pm2a, Pm2b, Pm3b, Pm5e, Pm8, Pm17, Pm21, Pm24, Pm38, Pm41, Pm46, and Pm60, while the majority remain uncharacterized (Yahiaoui et al., 2004; Krattinger et al., 2009; Moore et al., 2015; Sánchez-Martín et al., 2016; He et al., 2018; Singh et al., 2018; Xing et al., 2018; Zou et al., 2018; Zhang et al., 2019; Li et al., 2020; Lu et al., 2020; Xie et al., 2020; Hewitt et al., 2021; Jin et al., 2022). Except for Pm24, Pm38, and Pm46, which code for a tandem kinase gene known as WTK3, an ABC transporter, and a hexose transporter, respectively, most of the characterized PM resistance genes in wheat are categorized as NLR proteins and exhibit specificity to distinct pathogen races (Mapuranga et al., 2022). As many as 2 PM resistance genes, including Pm2 and Pm3 were found to share the same genomic locations as overlap with 2 MQTLs that were identified in this study. For instance, MQTL1A.1 co-localized with Pm3a and Pm3b and MQTL5D.1 co-localized with both Pm2a and Pm2b genes conferring resistance to PM in wheat, thus confirming the effectiveness of employing a highly saturated consensus map in MQTL analysis. Furthermore, 4 PM (Pm8, Pm21, Pm38 and Pm41) genes were found in proximity to the MQTLs identified in the present study.

Recently, Jin et al. (2022) established that the PM resistance genes Pm2b was located within the same genomic region as Pm2a and PmCH1357. However, these genes exhibited distinct resistance profiles, suggesting that Pm2 exhibits a diverse resistance spectrum among its multiple alleles. The researchers also identified a transcription factor called TaWRKY76-D as an interacting partner of Pm2b, and this interaction relied on the NB domain of Pm2b and the WRKY domain of TaWRKY76-D. Interestingly, TaWRKY76-D was found to have a negative regulatory effect on PM resistance in wheat. Additionally, the team developed a specific KASP marker known as K529, which offers the advantages of high-throughput and high-efficiency for the detection of Pm2b. In the current study, MQTL1A.1 was discovered to co-localize with both Pm3a and Pm3b, suggesting a connection between these genes and reinforcing the fact that 10 alleles providing race-specific resistance to PM exist at the Pm3 locus in hexaploid wheat.





Assessing the effectiveness of MQTL through GWAS

GWAS is a promising approach for exploring intricate traits, leveraging both recent and past recombination events within the association panel, thereby enabling precise mapping of these traits (Bush and Moore, 2012; Saini et al., 2022c; Singh et al., 2023; Reddy et al., 2023). The emergence of cost-effective, high-throughput sequencing technologies have simplified the discovery of MTAs associated with various disease resistance traits using genome-wide variants (Kumar et al., 2020; Alemu et al., 2021; Tomar et al., 2021; Nannuru et al., 2022; Vikas et al., 2022; Pradhan et al., 2023). In this study, approximately 46% (18 out of 39) of the identified MQTLs were confirmed through associations with MTAs related to PM resistance. The limited verification of MQTLs by GWAS-MTAs may be attributed to various factors or reasons. Firstly, neither of these methods (MQTL or GWAS) comprehensively captures all the genetic diversity inherent within the crop species. Secondly, there is a notable disparity in the genetic materials utilized between these two approaches. Furthermore, it is important to note that GWAS primarily targets the identification of common or frequent genetic variants, typically those with a minor allele frequency exceeding 5%. Additionally, environmental factors can significantly influence trait expression, and if not adequately controlled for, they may obscure associations between markers and traits. On the contrary, linkage-based interval mapping studies excel in detecting rare alleles that significantly influence the phenotype.

The stability and reliability of MQTLs could be enhanced when they are corroborated by MTAs identified through multiple GWAS studies and encompass numerous QTLs derived from different interval mapping studies. In our study, four such MQTLs (MQTL2B.1, MQTL3B.2, MQTL6A.1, MQTL5A.2) with at least 2 initials QTLs from different studies with reduced CI (95%) (average CI< 6cM) were verified with multiple MTAs obtained from different GWAS. These meta-QTLs have immense potential and can be regarded as valuable candidates for use in marker-assisted breeding (MAB) initiatives aimed at enhancing PM resistance in wheat.






Conclusions

Our current could identify the most stable and reliable QTLs associated with PM resistance in wheat, providing insight into the intricate quantitative genetic structure of PM resistance. Out of the 39 MQTLs which were identified, 9 hcMQTLs were selected for further investigation to identify the underlying CGs. A total of 256 unique candidate genes were identified within the hcMQTLs, with 25 promising candidates belonging to various gene families known to play roles in disease resistance, such as NBS-LRR, protein kinases, jacalin-like lectins, glycoside hydrolases, and transcription factors. The co-localization of MQTLs with known powdery mildew resistance genes (Pm2, Pm3, Pm8, Pm21, Pm38, and Pm41) validated the effectiveness of the MQTL analysis. The obtained MQTLs would be useful for further understanding of the molecular mechanisms of PM resistance and for the development of PM-resistant wheat varieties. Additionally, information pertaining to markers flanking the MQTLs can be integrated into genomic selection models, thereby, improving the accuracy of PM resistance through more accurate estimates of genomic estimated breeding values (GEBVs). In the future, breeders have the opportunity to enhance PM resistance trait in wheat by utilizing the most promising MQTLs, specifically 1A.1, 1A.2, 2B.1, 3B.1, 3B.2, 4D.2, 5A.1, 6A.1 and 7D.4 as identified in this research. The candidate gene underlying these MQTLs could bevalidated for marker-assisted breeding programs aimed at enhancing PM resistance in wheat.
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Within the family Fabaceae, the genus Glycine is composed of two subgenera annuals (2n=40) and perennials. This life strategy transition may have differentially affected the evolution of various gene families. Its cultivated species G. max has high level of susceptibility to major pathogens including viruses, bacteria and fungi. Understanding nucleotide-binding domain leucine-rich repeat (NLR) genes evolution in soybean is of paramount importance due to their central role in plant immunity and their potential in improving disease resistance in soybean cultivars. In this study, we investigated the significance of this annual-perennial transition on the macroevolution of NLR genes in the genus Glycine. Our results reveal a remarkable distinction between annual species such as Glycine max and Glycine soja, which exhibit an expanded NLRome compared to perennial species (G. cyrtoloba, G. stenophita, G. dolichocarpa, G. falcata, G. syndetika, G. latifolia and G. tomentella). Our evolutionary timescale analysis pinpoints recent accelerated gene duplication events for this expansion, which occurred between 0.1 and 0.5 million years ago, driven predominantly by lineage-specific and terminal duplications. In contrast, perennials initially experienced significant contraction during the diploidisation phase following the Glycine-specific whole-genome duplication event (~10 million years ago). Despite the reduction in the NLRome, perennial lineages exhibit a unique and highly diversified repertoire of NLR genes with limited interspecies synteny. The investigation of gene gain and loss ratios revealed that this diversification resulted from the birth of novel genes following individual speciation events. Among perennials, G. latifolia, a well-known resistance resource, has the highest ratio of these novel genes in the tertiary gene pool. Our study suggests evolutionary mechanisms, including recombination and transposition, as potential drivers for the emergence of these novel genes. This study also provides evidence for the unbalanced expansion of the NLRome in the Dt subgenome compared with the At subgenome in the young allopolyploid G. dolichocarpa. To the best of our knowledge, this is the first study to investigate the effect of annuality and perenniality life transition on the evolution of NLR genes in the genus Glycine to identify its genomics resources for improving the resistance of soybean crop with global importance on the economy and food security.
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Introduction

Soya (Glycine max), a legume, is the fourth most important agricultural commodity in the world. It is widely cultivated and used to produce biodiesel, high-quality livestock feed and the cheapest edible protein for humans (Sedivy et al., 2017). The genus Glycine comprises two subgenera (Glycine subgenus and Soja subgenus) that diverged approximately 5 million years ago (Mya) and exhibit different life strategies. The subgenus Soja consists of annual plants such as the soybean (Glycine max) and its wild ancestor, Glycine soja, which was domesticated about 6,000–9,000 years ago. These plants are indigenous to eastern Asia, including China, Japan, Korea, and some parts of Russia. In contrast, the subgenus Glycine encompasses around 30 perennial species. The majority of these species are found in Australia and inhabit a variety of environments, including deserts, sandy beaches, rocky outcrops, as well as monsoonal, temperate, and subtropical forests (Innes et al., 2008). All diploid Glycine species have a chromosome count of (2n = 4x = 38 or 40), which is different from most species in the legume tribe Phaseoleae, which usually have (2n = 20 or 22). Both Glycine subgenera basically have (2n = 40). More recently, probably within the past few tens of thousands of years, allopolyploid taxa have appeared within the subgenus Glycine. These freshly developed allopolyploids of the Glycine subgenus have been discovered as far north as Taiwan and the Ryukyu Islands (Egan and Doyle, 2010; Forrester and Ashman 2018). The progenitor of the entire Glycine genus underwent a polyploidy event approximately 5–13 million years ago. Within the last 500,000 years, an additional wave of genome duplication has occurred in the subgenus Glycine, giving rise to a vast and fully characterized polyploid complex (Sherman-Broyles et al., 2014; Kim et al., 2015). This complex has eight allopolyploid species (2n = 78, 80) and one autopolyploid species (2n = 80), which were produced from diverse combinations of diploid (2n = 38, 40) genomes. Among them, G. dolichocarpa (4n=80) is a tetraploid that consists of two subgenomes At and Dt, which arose from two progenitor species G. syndetika (A) and G. tomentella (D) (Li et al., 2014; Manzoor et al., 2019).

A reference genome for the cultivated soybean (G. max) accession ‘Williams 82’ was released in 2010 (Schmutz et al., 2010), while reference genomes for its annual relative G. soja accession IT182932 and W05 were published in 2019 (Xie et al., 2019). The genomes of Glycine species were divided into seven categories based on their potential to form fertile hybrids and the degree of pairing of meiotic chromosomes. These groups were labeled with capital letters A through G (Sherman-Broyles et al., 2014; Kim et al ., 2015). The annual wild cousin of soybean (Glycine soja) and the cultivated soybean (Glycine max) both belong to the G genome group and have the same number of chromosomes (2n = 40).

The perennial wild relatives of soybeans possess significantly more complex genomes compared to their annual counterparts, which are categorized into six distinct genome groups (A–F). Members of the perennials, subgenus Glycine have 2n = 38, 40, 78, and 80 chromosomes, in contrast to the subgenus Soja (Sherman-Broyles et al., 2014). Perennial soybeans have not had as much genomic study as their annual counterparts, despite efforts to explore their genetic properties.

Among plant resistance genes, nucleotide-binding domain leucine-rich repeat (NLR) genes are the principal component of the effector-triggered immunity (ETI) (Cui et al 2015). Through these intracellular NLR genes, resistance reactions result in infected plant tissues, typically accompanied by hypersensitivity reactions (HRs) (Pan et al., 2000; Jones et al., 2016). When invading pathogens are detected, these NLR proteins become activated, leading to changes in the conformation of the nucleotide-binding site (NBS) domain. To stop infected cells from spreading, the N-terminal domains of the exposed NBS domain start a downstream hypersensitive response (HR) that causes apoptosis to stop the proliferation and transmission of the pathogen (Andersen et al., 2018; Wang and Chai 2020). Based on the type of N-terminal domain, NLR genes are divided into four subclasses: Toll/Interleukin-1 receptor-like (TIR-NLR), RX-type coiled-coil (CC-NLR), CCR-NLR subclade with RTP8-type CC domain (CCR-NLR), and G10 subclade (CCG10-NLR), a recently proposed category with a distinct type of CC that forms a monophyletic group. Given the global dominance of soybeans, there is a growing need to enhance their genetic potential. Both domesticated (G. max) and wild (G. soja) annual species show lower levels of genetic diversity (Quershi et al ., 2023).

Globally soybean production is significantly hampered due to high susceptibility of G. max to viral, bacterial, fungal and nematode pathogens. In the US alone, an estimated loss of $95.48 billion were occurred during 1996 to 2016 highlighting the significant financial implication of these pathogens on soybean production (Bandara et al., 2020). Given the economic importance of soybean and the significant yield losses caused by various diseases, understanding the NLR genes in soybean is vital for crop improvement programs (Araújo et al., 2019). It enables the development of soybean varieties with enhanced disease resistance through traditional breeding or biotechnological approaches. For example, the identification and functional characterization of NLR genes can lead to the development of soybean lines harboring single or multiple NLR-encoding R gene receptors, potentially offering broad-spectrum resistance (Araújo et al., 2019). The perennial wild relatives of the subgenus Glycine are a valuable resource due to their disease resistance genes and adaptability to various habitats. To identify the unique mechanism of NLR gene evolution, it is necessary to perform a comprehensive characterization of NLR genes in both annual and perennial species of Glycine. The major objectives of this study to investigate the long-term evolutionary history of NLR genes in annuals and perennials species, identification of novel resistance resources in genus Glycine and effect of diploidization on their evolution. This study provides insights into the complexity and evolution of NLR genes in Glycine species, which could enhance disease resistance in Glycine crops and aid in the development of more resilient soybean cultivars.





Materials and methods




Mining of NLR genes in for Glycine species

The genome sequences of various species within the Glycine genus can be accessed through several genome database portals. For this study, we prioritized chromosomal anchored genomes and annotation files for all nine Glycine species and acquired them from two portals (NCBI and legume-info) database (Supplementary Table S1). We downloaded the genomes of G. max, G. cyrtoloba, G. stenophita, G. dolichocarpa, G. falcata, G. syndetika, G. latifolia, G. tomentella, and G. soja (Supplementary Table S1). To enable comparison of ancestral species, G. dolichocarpa, a tetraploid species, was divided into two distinct subgenomes, At and Dt. All genome files were labelled into their respective transcriptome, proteome, and gene transfer file formats. The reference proteomes of all nine Glycine genomes were processed using the NLRtracker pipeline (Jones et al., 2016; Kourelis et al., 2021). The NLRtracker produces output files containing sequences of NLR and NLR-associated sequences, as well as annotations of NLR, NBARC, deduplicated NBARC sequences, and domain sequences. These files were generated using interproscan and specified motif patterns. To ensure clarity, each NLR gene was subjected to manual curation using clustering and phylogenetic analysis, given the unclear nature of NLRtracker’s CCR-NLR annotation.





Phylogeny and classification of NLR Genes

A library of NBARC domains has been produced by the PRG database, which includes reference NLR genes (Calle García et al., 2022). As previously mentioned, domain clusters were created using UCLUST’s 70% identity criteria (Edgar, 2010). The group category was assigned to each cluster using the subgroup nomenclature by (Seo et al., 2016). Seo et al. (2016) used classified clusters as seed probes to extract the NBARC domains of the Glycine genus produced by NLRtracker. These domains were then aligned with the NBARC seed probes to facilitate a comprehensive phylogenetic study of Glycine. Insights into evolution were obtained using the maximum likelihood technique of IQtree v 2.0 (Nguyen et al., 2015). The best fit model, VT + F + R10, was chosen along with 1000 bootstrap repetitions as the adjusted value.





Loci maps and syntenic maps of NLR-genes

The Interproscan tool was used to generate various output files, such as the GFF3 file, NLR fasta file, and an assembled file for gene density maps. After that, we used an adjusted bin size of 5 kb to intersect NLR gene sequences in the annotated file using BEDtools (Quinlan and Hall, 2010). After completing this procedure, count files were produced, which were subsequently modified by assigning each coordinate a bin number. Using the Rldeogram package, this generated a karyotype file for display in R (Hao et al., 2020).





Evolutionary analysis in Glycine NLRs

As previously stated, Clustalw was used to align the deduced protein sequences of paralogs with their compatible subgroups (Li, 2003). The alignment of the respective nucleotide sequences was performed using the Perl-based pal2nal software (Suyama et al., 2006). For improved alignment, gaps and codons were removed, and Ks values were determined using the MA method and Kaks calculator. Depending on how nucleotide and protein sequences are substituted, Kaks values can be either non-synonymous (changing over time) or synonymous (changing over time).The frequency of evolution in various species may be inferred from Ks values. To prevent substitution saturation, Ks values larger than two were eliminated. NLR genes were grouped using the Orthovenn2 program to investigate orthologs. Orthovenn2 discovered common genes across all species by supplying the protein sequences of suspected NLR genes of various species with an E-value of 1e-2 as the default option (Xu et al., 2019). NLR genes were submitted to Orthofinder for a thorough examination of orthology (Emms and Kelly, 2019). Tree building was performed using the obtained orthologs. The number of gene gain and loss output was obtained sequentially by CAFE5 using orthogroup and ultrametric tree files as input. The available literature provides a thorough overview of evolutionary analysis (Areej et al., 2023).





Lineage specific gene analysis

Phylogenomic analysis was performed using Notung (Version 2.9) Command Line Interface (CLI). This software was used to calculate the lineage-specific genes (LSGs) in the genus Glycine. The gene tree and species tree were reconciled under postfix species labels. Prior to reconciliation, the species tree was converted into a binary tree. Following the phylogenomic analysis, Notung saved the output in a Homolog table. This file contained descriptions of Paralogs, Orthologs, and Xenologs. The data provided by these results were then used to generate an UpSet plot using R. This plot indicated the conserved lineages across different species within the genus Glycine.





Comparative transcriptomics

To perform the expression analysis of identified NLR genes, we utilized available datasets from PRJNA628842 and PRJNA393826 bioprojects using the NCBI database (Supplementary Table S1). We aligned the raw read sequences using the reference genome of G. max and G. soja with HISAT (Pertea et al., 2015, 2016). Alignments were passed to StringTie for transcript assembly. Lastly, Ballgown was used to process the assembled transcripts and abundance to group the experimental conditions and identify the genes that were differently expressed between the conditions (Pertea et al., 2015, 2016).






Results




Expanded NLRome in annuals in contrast to perennials species of Glycine

Significant differences of NLR genes were observed among annual and perennial species. Identified NLR genes can be classified into four sub-classes CC-NLR, CCG10-NLR, TIR-NLR and CCR-NLR (Figure 1A). NLR genes are often incomplete and have undergone pseudogenization due to gene duplication, retro-transposition, non-processed inactivation, and nonsense mutations. We further performed manual filtering for intact NLR genes from each class and a similar trend was identified among Glycine species (Supplementary Table S2) and 318 and 348 NLR genes were found in G. soja and G. max, respectively. Relatively contracted NLR gene distribution was found in perennials, including G. falcata (77), G. dolichocarpa (184), G. syndetika (111), G. tomentella, (99), G. cyrtoloba (93), G. latifolia (140), and G. stenophita (78) (Figure 1B). NLR genes belonging to sub-class CC-NLR and TIR-NLR have gained substantial expansions as compared to their distribution among seven perennials’ species. Another subclass, CCR-NLR, which is a key component in network of NLRome. They remained highly conserved in all members of the family Fabaceae and their extent remained conserved, yet their expansion was also observed in annuals. Studying the factors contributing to the increased prevalence of NLR genes in annuals compared to perennial species is of immense importance. Recent phylogenomics suggest an increased number of non-redundant genes in annuals (129,006) as compared to perennials (109,827) (Zhuang et al., 2022). Expansion of NLR genes in annuals is also consistent with the super-pangenome of Glycine that provides evidence of a higher rate of non-core gene formation in annuals as compared to perennials. G. dolichocarpa subgenomes (At and Dt) have shown contraction of NLR genes upon comparison with their progenitor of G. syndetika (A) and G. tomentella (D). Significant reductions in TIR-NLR genes were observed in both At and Dt subgenomes. Interestingly G. dolichocarpa-Dt has shown increased ratio intact NLR genes as compared to its progenitor G. tomentella (D) in contrast to At which have shown considerable contraction as compared to G. syndetika (A) especially 66% TIR-NLR were lost after allopolyploidization. Overall, NLRome in both At and Dt have shown biased subgenomic fractionation as Dt have shown higher ratio of intact NLR genes as compared to At. Comparing the A, D, At, and Dt genomes revealed that the At and Dt subgenomes of the allopolyploid lost 7,351 genes, with a higher number of losses from D (4,109) than from A (3,242) (Zhuang et al., 2022). This suggests that this biased fractionation of NLR genes is asymmetrical to the total number of genes lost in each subgenome.
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Figure 1 | Comparative analysis of NLR genes and its subclasses in genus Glycine: A nucleotides domain-based perspective (A) Distribution of NLR genes in major classes across genus Glycine including partial and full length NLR genes (B) Distribution of Intact NLR Genes in Glycine Species.





NLR gene density is not a function of genome size

We further correlated the NLRome of each species with respect to their genome size and examined the structural organization of NLR genes. All genome assemblies anchored at the chromosomal level were analyzed to construct NLR gene density maps. A significant diversity of resistant genes was established across the different members of genus Glycine. The gene density map (Figure 2; Supplementary Table S3) demonstrates that the density of NLR genes does not correlate with genome size within the genus Glycine. For instance, G. latifolia, despite having a relatively smaller genome size of 995 MB, exhibits an expanded NLRome. This contrasts with G. falcata, which has a larger genome size of 1.39GB and displays a reduced NLRome density. Similarly, G. cyrtoloba, with a genome size of 1.3GB, has a constrained NLRome. This is different from G. syndetika and G. stenophita, which, despite their smaller genome sizes of 948 and 940 MB, respectively, possess a higher NLRome density than G. cyrtoloba. Interestingly, there is a contraction of NLR gene families in both subgenome At and Dt of the allotetraploid species G. dolichocarpa when compared to its ancestors, G. tomentella and G. syndetika. The contraction of NLR gene families in G. dolichocarpa suggests that polyploidization events do not necessarily lead to an expansion of gene families but can also result in their contraction. This observation aligns with previous findings that polyploidization can either increase or decrease certain gene families, contributing to the complexity of our understanding of genome evolution (Yin et al., 2019). These findings emphasize the complex dynamics of NLR gene density and its independence from genome size, highlighting the complex interaction of genetic factors in shaping the NLRome across different species within the genus Glycine. The expanded NLRome in G. latifolia and the reduced NLRome in G. falcata, despite their contrasting genome sizes, indicate that NLR gene density is not merely a function of genome size. Instead, it may be influenced by a multitude of factors, including the species’ evolutionary history, environmental pressures, and genetic mechanisms. We further illustrated that individual gene density maps on each chromosome revealed significant variation in the distribution of NLR genes. Annual species like G. max and G. soja have more pronounced high-density regions (Supplementary Figure S1), suggesting a higher concentration of NLR genes, which could be crucial for their immune response. In contrast, perennial species show a more uniform and lower density distribution, indicating fewer NLR genes or a more even spread across their genomes.

[image: Horizontal bar chart visualizing gene data for various *Glycine* species. Each bar represents a species with color variations indicating gene activity, from low (light colors) to high (dark colors), across a range of bins from zero to two hundred eighty thousand.]
Figure 2 | Gene density map: This graph displays bins on the x-axis, each representing a 5kb segment of the genome. The color gradient from brown to blue signifies the varying density of NLR genes. This graphical representation provides a quantitative correlation between NLR gene density and genomic size of different species of Glycine.





Classification of identified NLR genes

Furthermore, a comprehensive classification of NLR genes was performed across the genus Glycine. The evolutionary history of NLR genes in the genus Glycine can be traced by constructing their phylogenetic relationships. This is achieved by analyzing the amino acid sequences of the conserved NB-ARC domain. The TNL clade branched out as expected. The CNL class split into three major subclades: CCR-NLR, CC-NLR, and CCG10-NLR. Within the CC-NLR sub-clade, we identified four significant sub-groups: CNL-Un, CNL-G11, CNL-G7, and G4. The TNL clade exhibited polyphyletic traits, suggesting multiple radiations and significant diversification (Figure 3). In comparison, CCG10-CNL exhibited considerable diversity and expansion with seven radiations. CCR-NLR doesn’t diversify and remains highly conserved across all species. The complete absence of groups from G1-G8 across the genus Glycine aligns with previous findings (Asif et al., 2023, Rani et al., 2023, Areej et al., 2023). The multiple radiations of G7 and G4 also suggest their significant diversification throughout the genus Glycine. The expansion and absence of certain groups in genus Glycine directly related to the specific pathogen they detect. The encounters of Glycine species with different pathogens lead to the diversification of certain groups like we observe in G10, G4 and G7, and the absence of certain pathogens also leads to the lack of associated sub-groups, as in this case G1-G8.

[image: Circular phylogenetic tree displaying genetic relationships among Glycine species. Groups are color-coded: CCR in grey, G10 in cyan, G11 in orange, G4 in light blue, G7 in green, and UN in magenta. Various Glycine species are represented with unique colors, as indicated in the legend.]
Figure 3 | Phylogenetic distribution of 8 genomes and two subgenomes of genus Glycine among four major subclasses of NLR genes 1) CC-NLR 2) CCG10-NLR 3) CCR-NLR 4) TIR-NLR.





Contrast in gene birth and lost ratio in annuals and perennials

Since we have observed that the annual lineage (soja) of Glycine have an expanded NLRome as compared to the perennial lineage (wild). These expansions in the NLRome are either due to the birth of new genes or duplication of existing genes. The study of gene gain and loss of NLR genes in the genus Glycine was conducted using Orthofinder and CAFÉ analysis. Family trees for each Glycine species and its subgenome were constructed by comparing them with Phaseolus vulgaris, its closest allies in the legume tribe. Despite the unique whole genome duplication (WGD) event that occurred in the ancestor of annuals (soja) and perennials (wild), a significant loss of NLR genes was observed in the ancestral lineage (Figure 4). The contraction of NLR genes after WGD in Glycine is consistent with previous observation that the WGD event is followed by a trend of diploidization leading to contraction. Furthermore, following the divergence from perennials, the annual lineage (Soja), exhibited an expansion of NLR gene families (Figure 4). The most significant gene gain of 42 gene families were observed in the ancestral lineage of the subgenus Soja. The highest rate of terminal duplication is found in both annual species of the subgenus Soja. In contrast, the perennial subgenus G. wild demonstrates an overall decrease in the number of NLR gene families across the subgenus. The greatest gene loss was observed in G. falcata, which lost 39 gene families and gained only 6 of them. Terminal duplication also shows a downward trend across the perennials,except for G. latifolia, which gained twenty-nine gene families and lost only seven of them. Considering the evidence from gene birth and death analysis, we can hypothesize that the birth of new sub-gene families, lineage specific and terminal duplication could be the major reason for expanded NLRome in annuals species. We also compared the shared orthologs between perennials and G. max (Figures 4B, C). In total 49 shared orthologs were present between perennials diploid species (G. falcata, G. cyrtoloba and G. stenophita: 4B). Increased number of shared ortholog of up-to 59 were present between G. max and polyploid perennials (G. dolichocarpa, G. tomentella and G. syndetika:4C).

[image: Map and phylogenetic tree showing the distribution and divergence of specific plant species. Panel A illustrates annuals in China and perennials in Australia. Panels B and C display Venn diagrams depicting genetic relationships among various plant species, highlighting overlaps and unique attributes. Annuals, perennial diploids, and perennial tetraploids are color-coded.]
Figure 4 | Unraveling gene gains and losses in Glycine species: (A) The phylogenetic tree visualizes the evolutionary trajectory of NLR genes, highlighting gene gain (green), loss (red), and duplication (blue) events across the chronological spectrum. Additionally, the branch color indicates the global distribution of each species, linking genetic evolution to geographical occurrence. (B, C) The Venn diagram illustrates the distribution of species-specific and orthologous NLR genes across the sub-genus, providing insights into the genetic diversity and evolutionary relationships among the species.





Evolutionary history of NLR gene evolution

Considering the immense importance of gene duplication, as illustrated by gene gain and loss analysis. We explored the duplication history of Glycine by comparing Ks values between paralogs of each subgroup. The closest estimates suggest that divergence between annuals and perennials occurred at ~7 Mya. Collective Ks values obtained from all members of the genus Glycine have shown a common duplication curve since 26 Mya after the split from the recent common ancestor Phaseolus vulgaris. Substitution analysis further suggests that the rate of duplication increased after the Glycine-specific whole-genome duplication (WGD) event, which occurred approximately ~10 Mya (Figure 5). Despite contraction after ongoing diploidization, the perennials lineage underwent a high ratio of gene duplication between an estimated time range of 3–8 Mya (Ks= 0.05–0.01) followed by gradual reduction at the end of this marked increases in the duplication of CCG10-NLR and TIR-NLR were observed during this accelerated gene duplication cycle. However, annuals continued their gene duplications until recently, and the highest duplication rate was observed between 0.1–0.5 Mya. This suggests that annuals species of Glycine remained expanding their NLRome and the highest duplication occurred after the divergence of G. max and G. soja (annuals speciation ~ 0.47 Mya). Interestingly, both annuals’ species G. max and G. soja have showed pronounced duplications of G4-CNL subgroup that ultimately led to diversification and expansion of CC-NLR genes. In short, recent gene duplication is responsible for the expansion of the NLRome in annuals. Secondly, the duplication assay does not provide evidence of recent and accelerated gene duplication rates in subgenomes G. dolichocarpa, which is consistent with lower terminal duplication rates provided by Orthofinder analysis. It further suggests that the Dt-subgenome of G. dolichocarpa could have expanded through processes other than gene duplication, such as recombination and transposition.
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Figure 5 | Evolutionary history of NLR gene duplication in Glycine species.





Conservation of lineage and species-specific gene

We further evaluated the conservation of lineage-specific gene across genus Glycine by comparing NLR gene tree and species tree using Notung tool. The highest conservation of lineage-specific genes was found among annuals (G. max and G. soja) where 64 both species shared 64 orthologs (Figure 6). Among perennials highest lineage conservation were found among G. latifolia and G. falcata which is contrast with their relatively earlier divergence (~6 Mya). Furthermore, G. falcata also showed a significant share of common orthologs with all members of perennials, suggesting the highest conservation of ancestral NLR genes. Comparison of perennials and annuals revealed ten or less than ten conserved lineages. This significant lack of conserved lineages can be explained by the geographical isolation of perennials species since most perennials are native to Australia and annuals are native to eastern China. In the case of tetraploid G. dolichocarpa, both subgenomes At and Dt have shared 24 and 26 NLR genes lineages with their progenitors G. syndetika (A) and G. tomentella (D). The highest number of species-specific lineages was observed in G. latifolia, which is consistent with the rapid birth of genes and terminal duplication discussed earlier (Figure 4). Overall, a higher ratio of species-specific genes was found in perennials and annuals, demonstrating less complex specific NLR genes repertoire.

[image: Bar graph displaying intersection sizes of species-specific and lineage-specific genes. Blue bars represent intersection sizes, with the highest at sixty-four and various smaller sizes labeled. Below, a dot matrix indicates gene presence across nine species, connected by red lines illustrating gene lineage relationships.]
Figure 6 | Identification of species and lineage specific NLR genes in genus Glycine: The blue bars denote the count of lineage-specific genes within each species. The red dots and lines below the bars highlight the lineages that are conserved across multiple species.





Synteny analysis

Considering the highest degree of lineage-specific genes among annuals and lower conservation among perennials, we further performed an in-depth comparison by using synteny analysis. It provides a deep understanding of the evolutionary connections, genomic modifications, and preserved functions across various organisms. Among annuals, a considerable amount of syntenic links were discovered among these species (Figure 3). This suggests a high level of genomic conservation between G. max and G. soja, which is expected given their close evolutionary relationship within the annuals. G. soja and G. max have shown the greatest number of ortholog clusters throughout the chromosomes (Figure 7A). We further compared annuals (G. max and G. soja) and perennial member G. latifolia. G. max and G. soja exhibit a significant degree of synteny between them, which contrasts with G. latifolia (Figure 7B). The latter demonstrates a declining trend in the syntenic relationship between orthologs within the subgenus Soja. Further, G. soja was substituted with the perennial G. dolichocarpa. Interestingly, the members of the subgenus G. wild did not exhibit as much synteny among themselves as we found within the subgenus Soja (Figure 7C). Major clusters were identified on chromosomes 1, 2, 3, 18 and 20. High syntenic relation between G. max and G. soja indicate that they both share a common ancestor, and a large part of the genome has been maintained over time, which shows high genomic stability.

[image: Three circular diagrams labeled A, B, and C depict syntenic relationships between different Glycine species. Each circle represents chromosomes with connecting lines indicating genomic similarities. Panel A shows "Glycine soja" and "Glycine max," Panel B shows "Glycine latifolia" and "Glycine max," and Panel C shows "Glycine cyrtoloba" and "Glycine max." Each chromosome is color-coded and numbered.]
Figure 7 | Synteny analysis of NLR genes among annuals and perennials species. Each panel represents syntenic relations among (A) annuals (G. max and G. soja) (B) Annuals species and G. latifolia (C) G. dolichocarpa, G. max and G. latifolia..





Comparative transcriptomics of identified NLR genes

We further evaluated the expression identified NLR genes using available datasets. We performed a comparative transcriptomic analysis of both G. soja and G. max in response to infection by Fusarium oxysporum (Figure 8). Within the 45-day duration, a total of 45 genes were expressed in G. soja, whereas 53 genes were expressed in G. max. These genes were categorized into distinct groups: CCR, G10, G11, TNL, and CNL-UN. Notably, the expression of NLR genes was significantly higher in G. soja (wild soybean) compared to G. max (cultivated soybean). Specifically, under both infected and non-infected conditions in the wild, genes such as Glysoja.17G046920.1, Glysoja.14G038028.1, Glysoja.17G046921.1, Glysoja.05G011704.3, and Glysoja.14G038027.1 exhibited elevated expression levels in infected conditions, whereas their expression was comparatively lower in non-infected conditions. These highly expressed genes primarily belonged to the CCR-NLR and TIR-NLR groups. Contrastingly, G. max has shown opposite expression pattern. NLR gene expression was higher under non-infected conditions compared to infected conditions. Genes such as Glyma.16G215100.1, Glyma.14G079600.1, Glyma.17G245500.1, Glyma.17G245600.1, Glyma.17G179200.1, Glyma.05G082200.1, and Glyma.16G137200.1, categorized under CCR-NLR and TIR-NLR groups, demonstrated this differential expression pattern. Additionally, Glyma.14G079500.1 and Glyma.16G210600.1 exhibited notably high expression levels, specifically in non-infected conditions. Overall, the analysis indicates that the expression of NLR genes is substantially higher in wild soybean species compared to cultivated soybeans in response to Fusarium oxysporum. Furthermore, distinct expression patterns were observed between the two species under both infected and non-infected conditions, with different sets of genes displaying varied expression levels in response to the pathogen.
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Figure 8 | Expression analysis upon Fusarisum oxysporum infection (A) heatmap of NLR genes expressions in infected and non-infected G. soja (B) heatmap of NLR genes expressions in infected and non-infected G. max.

In the PRJNA628842 dataset, the seeds of two lines of G. max (LHY and WT) were grown in the Hogland Solution for two weeks and these samples were collected according to the ZT (zeitgeber time) (Figure 9). LHY is a transgenic line, that overexpresses Late Elongated Hypocotyl gene (LHY) which is responsible for the circadian movement of leaf in plants (Wang et al., 2021). We performed comparative transcriptomics between two lines of G. max LHY and WT and their response to drought stress (LHY-D and WT-D). In normal conditions relatively lower expression of 25 NLR genes were observed that can be classified into 5 groups (CCR, G10, G11, TNL and UN), highest number of genes that were expressed belonged to helper NLR (CCR-NLR). However, under drought conditions in LHY and WT, the expression rate of NLR genes were higher as compared to well-watered conditions. In total 7 genes have higher rate of expression in both LHY-D and WT-D condition belonging to CCR-NLR, TIR, and G11-CNL subgroups.

[image: Heatmap showing expression levels of various genes (Glyma identifiers) across different conditions: Ihy-D, Ihy, WT-D, and WT, each with three replicates (rep1, rep2, rep3). Color intensity indicates expression levels, with darker red representing higher values and lighter shades indicating lower values, as per the scale from 0 to 20 on the right.]
Figure 9 | Expression analysis of NLR genes upon drought treatment in wild and transgenic G. max. LHY lines overexpression LHY genes illustrates higher expression of NLR genes drought conditions.






Discussion

Soybean, originally from China, is now the world’s most widely grown oil and protein seed crop. Despite its agricultural importance, the primary gene pool of soybean, which includes G. max (cultivated soybean) and G. soja (wild soybean), exhibits low genetic diversity. This limited diversity is a significant constraint on the crop’s environmental resilience and yield potential. G. max is particularly susceptible to major pathogens, including viruses, bacteria, and fungi (Araújo et al., 2019; Bandara et al., 2020). Nucleotide-binding site leucine-rich repeat (NLR) genes play a crucial role in plant immunity by recognizing pathogen effectors and triggering defense responses.




Expansion of NLRome in annuals

Previous study for the characterization of NLR genes was limited to annual species (G. max and G. soja) and due to fragmented genome assemblies limited number of NLR gene were identified. For example, reduced NLR were identified from G. max (Zheng et al., 2016; Afzal et al., 2022). Utilization of updated reference genome and mining approaches has allowed detailed understanding of NLR gene evolution. Our study reveals that both G. max and G. soja have an expanded repertoire of NLR genes compared to their perennial relatives. This expansion is attributed to recent gene duplications occurring between 0.1 to 0.5 million years ago in their common ancestor and after their speciation. This is evidenced by a higher ratio of duplicate NLR genes to singletons and the rapid emergence of non-core genes in annuals in annual species compared to perennials (Liu et al., 2018; Zhuang et al., 2022).





Contraction in Perennials

Perennial species have experienced significant contraction of NLR genes following a whole-genome duplication event approximately 10 million years ago. This contraction has led to a more diversified but smaller set of NLR genes, likely due to gene duplications that occurred between 4 to 7 million years ago after diverging from the annual lineage. It is consistent with previous studies that identified multiple soybean cyst nematode (SCN) population in G. tomentella and other species G. argyria and G. pescadrensis also showed resistance to all tested SCN populations (Wen et al., 2017). Similarly perennial Glycine species (G. argyrea, G. clandestina, G. dolichocarpa, G. tomentella and G. canescens) have demonstrated resistance to soybean rust (Phakopsora pachyrhizi) (Herman et al., 2020).





Genomic stability in annuals

The high syntenic relationship between G. max and G. soja indicates that a large part of their genome has been maintained over time, demonstrating high genomic stability in the annual lineage. Synteny analysis revealed a high degree of genomic conservation between the annual species G. max and G. soja, indicating their close evolutionary relationship and shared ancestry. This is consistent with recently constructed De-novo assembled pan genome of soybean wild relatives that provide evidence of greater genomic stability of G. max and G. soja as compared to perennial species and confirmed that large part of genome has been maintained over time (Joshi et al., 2013). In contrast, the perennial species G. latifolia exhibited a declining trend in syntenic relationship with the annuals, suggesting divergence within the subgenus Soja. Previous study has also decreased trend of syntenic relation as only 12 out of 12 G. latifolia linkage groups were identified that were colinear with G. max chromosomes (Chang et al., 2014). Within the perennial subgenus Glycine wild, the species did not exhibit as much synteny among themselves as observed within the annual subgenus Soja. Major syntenic clusters were identified on chromosomes 1, 2, 3, 18, and 20.





Unique NLR Repertoire in G latifolia

G. latifolia, known for its high levels of resistance to multiple soybean pathogens and pests, encodes a unique repertoire of NLR genes that are highly species-specific. This diversification might have occurred after the common duplication curve between 4–7 Mya. Despite the ongoing diploidization trend in perennial species, G. latifolia has gained 29 gene families with an accelerated terminal duplication rate relative to the closest species (G. cyrtoloba and G. stenophita). Gene gain and loss analysis provide strong evidence that the birth of new gene families and terminal duplication are significant reasons for the highly divergent evolution of NLR genes in G. latifolia. Previous studies highlighted the presence of 3,148 unique sets of genes and noted the overrepresentation of NB-ARC encoding genes (Zhuang et al., 2022). Similarly, comparative analysis with five legume species showed that genes related to defense responses were significantly overrepresented in Glycine-specific orthologous gene families (Liu et al., 2018).





Gene birth and losses is a significant driver of divergent evolution

The evolutionary history of NLR genes in soybean annuals and perennials plants indicates that gene duplications and losses have played a significant role in shaping their current NLR gene profiles. The study of gene gain and loss of NLR genes in the genus Glycine revealed that annual species have a higher rate of gene birth and terminal duplication compared to perennials. The most significant gene gain was observed in the ancestral lineage of the subgenus Soja, while the greatest gene loss was observed in G. falcata. G. latifolia, however, showed a significant gain of gene families, indicating a dynamic evolutionary process. Recently constructed high density linkage maps for G. latifolia and their comparison with G. max has found significant chromosomal rearrangements in perennial species and annual species G. max has undergone more frequent gene duplication contributing to their genetic diversity adaptability (Chang et al., 2014). These dynamics are crucial for understanding how plants adapt to pathogen pressures and environmental changes.





Conservation of lineage and species-specific genes

The study found the highest conservation of lineage-specific genes among annuals (G. max and G. soja), while perennials showed a higher ratio of species-specific genes. This significant lack of conserved lineages between annuals and perennials can be explained by their geographical isolation and different evolutionary pressures.





Effect of allopolyploidy on NLR evolution

This study provides new insights into the effect of allopolyploidy on the evolution of NLR genes. The availability of the complete genome of A and D diploid progenitors allows a precise definition of its sub-genome and its genome-wide distribution of NLR genes. Comparing the A, D, At, and Dt genomes revealed that the At and Dt sub-genomes of the allopolyploid lost 7,351 genes, with a higher number of losses from D (4,109) than from A (3,242) (Zhuang et al., 2022). Conversely, NLR distribution was asymmetrical to the already described complete gene fractionation pattern. Marked expansion of NLR gene distribution was observed for Dt as compared to At. This asymmetric expansion of the NLRome in the subgenomes of G. dolichocarpa could possibly be due to homologous sequence exchanges (HSEs) and illegitimate recombination. The availability of chromosomal-anchored genome sequences of additional polyploids and their progenitors will further provide a better understanding of the role of polyploids on the evolution of NLR genes.





Implications for soybean breeding

The findings highlight the importance of leveraging the genetic diversity within the Glycine genus to improve soybean’s disease resistance. By identifying and introgressing beneficial NLR genes from wild relatives and other sources, breeders can develop soybean varieties with enhanced resilience and yield potential. This study has significant implications for crop breeding and development of disease-resistance soybean cultivars. The phylogenetic distribution of NLR genes provides a catalog of genetic resources that can be used for crop improvement. By utilizing diverse Glycine germplasm, breeders can introduce new resistance genes into elite cultivars, enhancing genetic diversity and crop resilience. The conserved NLR genes are valuable resource for developing broad-specturm disease resistance. G4, G7, G11, CCR-CNL and CCG10-CNL perennial lineage-specific NLR genes of Glycine offer an opportunity to develop unique disease resistance traits tailored to regional challenges. These genes can be incorporated into breeding programs to create cultivars with enhanced or novel resistance traits. The use of genomic and transcriptomic resources has enabled researchers to uncover the mechanisms underlying the diversification and maintenance of NLR gene repertoires, providing valuable insights for future studies on plant immune system evolution and disease resistance. The provided results offer valuable insights into the genetic diversity, evolution, and regulation of NLR genes in related plant species, supporting the findings of the study on the genus Glycine. These results underscore the broader significance of NLR gene research in the context of plant immunity and evolutionary biology.
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Date palm transcriptome analysis provides new insights on changes in response to high salt stress of colonized roots with the endophytic fungus Piriformospora indica
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Salinity is a significant threat that causes considerable yield losses in date palm. The root endophytic fungus Piriformospora indica has proven effective in providing salt stress tolerance to host plants. However, the underlying molecular mechanism facilitating the date palm’s response to P. indica inoculation, and its involvement in the salt stress tolerance, remains unknown. In this study, the colonization of P. indica on date palm seedlings exposed to saline conditions was observed through confocal microscopy, and its impact on gene expressions was evaluated using the transcriptomic analysis. Our findings show that P. indica colonization reinforced the cortical cells, prevented them from plasmolysis and cell death under salinity. The RNAseq analysis produced clean reads ranging from 62,040,451 to 3,652,095 across the treatment groups, successfully assembling into 30,600 annotated genes. Out of them, the number of differentially expressed genes (DEGs) varied across the treatments: i.e., 2523, 2031, and 1936 DEGs were upregulated, while 2323, 959, and 3546 were downregulated in Salt, Fungi, and Fungi+Salt groups, respectively. Furthermore, principal component analysis based on transcriptome profiles revealed discrete clustering of samples from different treatment groups. KEGG and GO pathways enrichment analysis highlighted variation in the number and types of enriched pathways among the treatments. Our study indicated variations in gene expression related to plant hormone biosynthesis and signal transduction (auxin, abscisic acid, gibberellin, and ethylene), ABC transporters, sodium/hydrogen exchanger, cation HKT transporter, transcription factors such as WRKY and MYBs, and the plant immune system (lipoxygenase and jasmonate) of the date palm seedlings. By characterizing the transcriptome of date palm roots under salt stress and with colonization of P. indica, the present findings provide valuable perspectives on the molecular mechanisms responsible for inducing salinity stress tolerance in plants.
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1 Introduction

Salinity is a major challenge to agricultural crop growth, impacting approximately 20% of cultivated land and 33% of irrigated land globally (Shrivasata and Kumar, 2015). It disrupts crucial physiological and metabolic processes in plants, including photosynthesis, respiration, and protein synthesis (Athar et al., 2022). This disruption arises from ion toxicity, nutrient imbalances, decreased osmotic potential, and impaired water uptake, leading to damage to plant cell organelles (Abdul Aziz and Masmoudi, 2023a). In arid regions, increased groundwater salt levels have severely affected date palm production. Date palm, Phoenix dactylifera, employs intricate mechanisms involving sensing, signaling, and response to mitigate the adverse effects of salt stress (Ma et al., 2022). Therefore, enhancing date palm’s defense mechanisms of salinity tolerance is crucial for ensuring efficient date palm productivity in salt-affected regions.

Certain soil fungal species contribute to the enhancement of plant salt stress defense mechanisms, due to their adaptability to saline environments (Siddiqui et al., 2022). Endophytic mycorrhizal fungi establish mutually beneficial relationships with various terrestrial plant species, offering a potential solution for overcoming salinity stress. Piriformospora indica, belonging to the Sebacinales order, is an endosymbiont characterized as a harmless, axenically cultivable root endophyte. This fungus has the capability to colonize the roots of numerous higher plants, improving their growth by enhancing stress tolerance and disease resistance (Jisha et al., 2019). This has led to the speculation of their potential role as a symbiotic fungus for enhancing date palm’s tolerance to salinity stress.

A systematic investigation into the mechanisms underlying the date palm and P. indica colonization can be an essential way for improving the salt tolerance of date palm. The various pathways through which P. indica modulates plant physiological processes have been examined in different model interaction systems, such as P. indica colonization with Arabidopsis thaliana and Hordeum vulgare (Achatz et al., 2010; Qiang et al., 2012). Transcriptomic analyses in various studies have found differentially expressed genes (DEGs) in the roots of plants inoculated with P. indica under diverse stress conditions, including salinity stress (Ghaffari et al., 2016; Abdelaziz et al., 2019), drought stress (Zhang et al., 2018), early blight (Panda et al., 2019), and root-knot nematode infections (Atia et al., 2020). P. indica inoculation triggers the expression of host plant defense-related genes (PR, LOX2, and ERF1), abiotic stress-responsive genes (DREB2A, CBL1, and RD29A), and osmoprotectants like proline and glycine betaine (Waller et al., 2005; Zarea et al., 2012; Trivedi et al., 2013).

Thus, there is clear evidence that P. indica plays a crucial role in balancing the trade-off between the growth of host plants and their tolerance to salt stress by influencing various physiological aspects. The interaction between plants and this endophytic fungus is intricate and mutual, making it stimulating to reveal the transcriptomic alterations in date palms with the inoculation of P. indica in response to salt stress. Hence, it becomes imperative to develop novel molecular strategies aimed at enhancing salt stress tolerance in date palms through using endophytic fungi.

Limited transcriptome profiling studies have been conducted in non-model plants like date palm (Abdul Aziz and Masmoudi, 2024). Al-Dous et al. (2011) utilized Illumina GAII sequencing to assemble 58% of the date palm genome, predicting 25,059 genes. Bourgis et al. (2011) performed a comparative transcriptome study on oil and date palm mesocarps using pyrosequencing data from the Roche GS FLX Titanium platform. Additionally, pyrosequencing data contributed to transcriptomic profiles for date palm fruit development (Yin et al., 2012). Full-genome assemblies of date palm’s plastid (158,462 bp) and mitochondrion (715,001 bp) have been achieved (Yang et al., 2010; Fang et al., 2012). Al-Mssallem et al. (2013) conducted de novo transcriptome assembly using second and third generation sequencing technologies, revealing stress-related genes in date palm. Despite these efforts, the transcriptomic profiling of genes in response to salt stress for P. indica colonized date palm remains unexplored.

In our previous study, we have demonstrated that inoculation of date palm seedlings with the beneficial endophyte P. indica reduced the adverse impacts of salt stress (Sabeem et al., 2022). It improved the growth of date palm seedlings through the maintenance of ion balance, enhanced uptake of nutrients, and increased antioxidant activity. Hence, this study aims to enhance our understanding of P. indica-mediated salt tolerance in date palms through root transcriptome analysis. The main objectives include gaining a deeper understanding of P. indica’s potential to alleviate salt stress by profiling differentially expressed transcripts/genes in date palm during salt stress. Through RNA sequencing, the current investigation compares the transcriptomes of P. indica-colonized and non-colonized date palm roots under salt stress condition. Numerous salt-responsive date palm differentially expressed genes (DEGs) were identified, and their functional annotation was conducted. This transcriptome profiling contributes to our knowledge on how P. indica colonization in date palm roots aids plants to resist the increasing problem of salinity stress in arid regions.




2 Materials and methods



2.1 Plant material and growth conditions

Tissue culture seedlings of the Khalas variety of date palm were obtained from the tissue culture laboratory at UAE University and grown in ½ MS liquid medium (R core team, 2022). Before exposure to salinity stress treatments, seedlings were cultivated in a growth chamber for four weeks under controlled conditions, at a temperature of 25°C ± 2°C, a photoperiod consisting of 16 hours of light and 8 hours of darkness, and a relative humidity of 60%.




2.2 Fungal growth conditions, root colonization, and stress treatments

P. indica was cultivated on potato dextrose agar (PDA) medium (Sigma, St. Louis, USA) and left to incubate for 10 days at 28°C in darkness. Chlamydospores from the agar plate were introduced to 100 ml of Kaefer medium for liquid culture in 500 ml Erlenmeyer flasks. Furthermore, the flasks were placed on a rotary shaker, operating at 100 rpm, for 8 to 10 days at 28°C. Following centrifugation of the P. indica liquid culture, the harvested solution had its mycelium removed and was washed three times with sterile distilled water.

For the co-cultivation process, P. indica was combined with the roots of in vitro-grown Khalas date palm seedlings. This involved injecting 1% of a 500 µl diluted mycelial solution into the media surrounding the roots, with a subsequent gentle shaking of the mixture. The inoculated seedlings were placed in a growth chamber at 25°C with a photoperiod of 16 hours of light and 8 hours of darkness. To shield the root zones from light exposure, aluminum foil covered the bottom of the tubes containing the seedlings. After allowing P. indica to propagate within the roots of Khalas date palm seedlings for three weeks, four experimental groups were generated. Plant seedlings grown in normal water were classified as control. Seedlings grown in ½ MS medium with 250 mM NaCl are termed as the Salt group. Those cultivated in normal water and inoculated with P. indica are determined as the Fungi group. Seedlings grown in a ½ MS medium with 250 mM NaCl and inoculated with P. indica are categorized as the Fungi+Salt group in this study. Each experimental group was prepared in triplicates and samples from each replicate was used for subsequent transcriptomic and root structure analysis.




2.3 Root structure after colonization with P. indica and application of salt stress

Roots were collected after three weeks from both inoculated and non-inoculated seedlings cultivated in ½ MS liquid medium with the addition of 250 mM NaCl and under control conditions. These roots were embedded in 8% low melting agarose, and cross-sections were developed with a vibratome (Xiao et al., 2019), resulting in sections with a thickness of 150 µm. Consequently, the sections were stained using the cell wall dye SCRI Renaissance (Musielak et al., 2015).

Imaging of the sections was conducted using an LSM 880 Airyscan Confocal Microscope (Leica Microsystems, Wetzlar, Germany). The 405-nm laser was employed to visualize the cell wall stain, while the 488-nm laser was used for autofluorescence. Images were captured with a 2x0.8M17 Plan-Apochromat objective, and the tile scan function was employed to obtain the full field of view.




2.4 Total RNA extraction and cDNA library preparation for RNA-seq sequencing

Total RNA extraction from root samples of different treatments was carried out using the RNeasy total RNA isolation kit from Qiagen, following the manufacturer’s instructions. The concentration of RNA was determined using a NanoDrop1000 spectrophotometer from Thermo Scientific, USA. Approximately 3 µg of RNA per sample was used for cDNA synthesis. The TruSeq RNA Sample Prep Kit from Illumina, USA, was utilized to construct the cDNA libraries, following the manufacturer’s protocol, and indexed codes were introduced to associate sequences with each sample. Macrogen in Seoul, South Korea, performed paired-end sequencing for all libraries using an Illumina HiSeq X-ten platform.




2.5 Quality control and data analysis

The raw data in fastq file format were examined with the quality filtering procedures. Using the fastp tool, adaptor sequences and low-quality reads (with a quality score below Q20) were eliminated to obtain clean reads. These clean reads were used in subsequent analyses for downstream steps. For each sample, high-quality clean reads were aligned to the reference P. dactylifera genome (https://www.ncbi.nlm.nih.gov/bioproject/322046) using the HISAT2 tool. The feature counts tool was used to quantify transcript abundance and read counts (Liao et al., 2014). Moreover, gene expression levels were assessed through calculations using FPKM (fragments per kilobase of transcript sequence per million base pairs), a metric that normalizes expression by considering the transcript length and total mapped reads.




2.6 Differential expression analysis and functional annotation of transcripts

Differential expression analysis was performed using the DESeq2 R package (version 1.43.1) (Love et al., 2014). DEGs were identified by comparing the expression levels of all transcripts between the salt stressed and control groups. Genes exhibiting a fold change greater than 1 and a false discovery rate (FDR) value below 0.05 were considered differentially expressed.

The functions of the identified DEGs were annotated using the Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and Uniprot databases. Functional gene set enrichment analysis was conducted using the iDEP.96 software available at sdstate.edu. This analysis provided perceptions into the enriched biological processes and pathways associated with the identified DEGs, aiding in the interpretation of their functional significance in the context of the experimental conditions.




2.7 Data processing and visualization

The data analysis and visualization were carried out using R (version 4.3.1). Various packages were used for different aspects of analysis and visualization (R core team, 2022). Specifically, the Pheatmap package was utilized for generating heatmaps, the ggplot2 package for creating bar plots and volcano plots, and the ggVennDiagram package for generating Venn diagrams. The use of diverse R packages allowed for a thorough exploration and presentation of the results obtained from the differential expression analysis and functional annotation of genes.





3 Results



3.1 Root structural characterization of the date palm seedlings

To understand the cellular and subcellular responses of P. indica colonization in living date palm roots challenged with 250 mM NaCl, confocal microscopy was used to visualize tissue anatomy and reveal the consequences of salt treatment and the colonization of roots with P. indica. The P. indica colonized cortical cells reinforced the root architecture and prevented the plasmolysis and cell death of salt treated roots (Figure 1). The non-colonized and salt treated roots showed huge plasmolysis of the cortex cell layers, whereas the colonized roots with P. indica and salt-treated preserved the cortex cell layers from plasmolysis (Figure 1).

[image: Cross-sectional images of plant roots under different treatments: control, salt, fungus, and fungus with salt. Each section highlights the epidermis, cortex, endodermis, and vasculature system, with the latter labeled on the fourth image.]
Figure 1 | Anatomical structure of date seedlings roots. Confocal microscopy was used to examine the tissue anatomy of date palm roots colonized and non colonized with P. indica under control and salt stress conditions. The cell wall was stained with a pink color, while autofluorescence was represented by a green color.




3.2 RNA sequencing analysis of the date palm seedlings root

A transcriptomic analysis was conducted to investigate the molecular mechanisms underlying P. indica-mediated salt tolerance or adaptation in date palm seedlings under salinity stress. The sequencing results yielded raw reads ranging from 67,295,188 to 39,977,852 (Supplementary Table S1). After the elimination of low-quality reads and contaminants, the clean reads from all samples ranged from 62,040,451 to 3,652,095 (Supplementary Table S1). The control group had the highest number of both raw and clean sequencing reads, while the Fungi+Salt treatment group had the lowest (Supplementary Table S1). Similarly, the control group exhibited the highest number of mapped reads at 5,254,737, whereas the Fungi+Salt group had the lowest reads (3,275,435). Approximately, 30,600 functional genes were annotated from the clean reads, with over 94% successfully assigned to protein-coding genes across all samples (Figure 2). Particularly, the Fungi+Salt group showed a relatively higher number of protein-coding genes (94% to 96%) compared to other treatments.

[image: Stacked bar chart comparing RNA type distribution across samples C1 to S3. Categories include protein coding, lncRNA, transcribed pseudogene, and others. Protein coding RNA forms the largest segment, with other types varying in proportion across samples. Legend clarifies color-coded RNA types.]
Figure 2 | Distribution of the functionally assigned clean reads of the date palm seedlings root RNA Sequencing. The functionally assigned clean reads were distributed across various categories, including protein coding, long non-coding RNA (lncRNA), ribosomal RNA (rRNA), pseudogene, small nucleolar RNA (snoRNA), transfer RNA (tRNA), small nuclear RNA (snRNA), transcribed pseudogene, and miscellaneous RNA (misc_RNA), in different treatments. The treatments were categorized as follows: C: control), F: P. indica colonized date palm seedlings under control condition, FS: P. indica colonized date palms under salt stress condition, and S: non-colonized date palm seedlings under salt stress conditions.




3.3 Identification and evaluation of DEGs

In order to understand how P. indica colonization enhances salt tolerance in date palms, we analyzed the DEGs in the established experimental groups. The transcriptomic profile of the control group (without salt and uncolonized) was used as a reference for both salt and fungi treatments. However, for the Fungi+Salt group, the salt treatment was used as a reference transcriptome. DEGs were examined based on a fold change of ≥ 1 and an FDR of ≤ 0.05 in response to salt stress and P. indica colonization in date palm roots. In the Salt, Fungi, and Fungi+Salt treatments, a total of 25,902, 23,351, and 25,679 DEGs were identified, respectively (Figures 3A–C; Supplementary Table S2).
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Figure 3 | Volcano plots of the DEGs in the different treatment groups of the date palm seedlings. DEGs were identified using DESeq2 R package (version 1.43.1). The vertical axis represents the statistical significance of the difference in gene expression. Blue dots indicate the upregulated DEGs, the red dot signifies downregulated DEGs, and the green dot shows the non-significant DEGs. (A) Visualization of the DEGS in the date palm seedlings inoculated with P. indica under control condition. (B) Visualization of the DEGS in the non-inoculated date palm seedlings inoculated under salt stress condition. (C) Visualization of the DEGS in the date palm seedlings inoculated with P. indica under salt stress condition. The analysis revealed significant variation in the expression pattern of DEGs across the treatments.

Among the treatments, a high number of upregulated DEGs were observed in the Salt group (2523) followed by fungi group (2301), whereas the lowest number (1936) was observed in Fungi+Salt group (Supplementary Table S2). Conversely, Fungi+Salt treatment displayed the highest count of downregulated DEGs (3546), trailed by the Salt group (2323), whereas only 959 downregulated DEGs were identified in the fungi treated group. The variation in DEGs between the treatments showed how the colonization of P. indica influenced the date palm’s functional responses under normal condition and salinity stress. Moreover, it is worth noting that, among the upregulated DEGs, only 19 genes (0.4%) were observed to be present in all treatment groups (Figure 4A). In contrast, most upregulated DEGs exhibited treatment-specific expression patterns, as depicted in the Venn diagram (Figure 4A). Correspondingly, when considering the downregulated DEGs, it is notable that just 334 genes (6.8%) were detected consistently across all treatments. Moreover, the salt group and Fungi+salt group exhibit the largest proportion of upregulated and downregulated DEGs, with 1020 (23.0%) and 944 (19.3%) DEGs respectively (Figures 4A, B). The PCA analysis based on the transcriptome profile showed the distinct clustering of the samples of different treatments, which further explained the differences in functional responses of date palm under different stress conditions (Figure 4C).
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Figure 4 | Variances and similarities in the transcriptomic profile of DEGs across the treatment groups. DEGs were identified using DESeq2 R package (version 1.43.1). In this analysis only DEGs with fold change ≥ 1 and ≤ -1 are included. (A) Venn diagram displaying the shared and treatment specific upregulated DEGs among the treatments. (B) Venn diagram showing the shared and treatment-specific downregulated DEGs across the treatments. (C) PCA based on the Fragments Per Kilobase Million (FPKM) values demonstrating the clustering of samples from the different experimental groups.




3.4 Pathway enrichment analysis of the transcriptome of the colonized date palm with P. indica

Various source databases, such as NCBI, GO, KEGG, and UniProt, were used for pathway enrichment analysis and functional gene annotation. The analysis results indicate variations in gene counts and fold changes associated with different pathways in the established treatments (Figures 5A–C).

[image: Three horizontal bar graphs labeled A, B, and C show gene enrichment across various pathways. The x-axis represents the number of genes, and the color gradient indicates fold enrichment from two to four. Prominent pathways for each graph include "Metabolic pathways" and "Biosynthesis of secondary metabolites," with variations in specific pathways highlighted in each graph.]
Figure 5 | KEGG pathway enrichment analysis of the DEGs of the experimental date palm groups. We performed KEGG pathway enrichment analysis using iDEP.96 available at iDEP.96 (sdstate.edu). The analysis revealed variation in the number and types of enriched pathways in the experimental groups. (A) Non-inoculated date palm seedlings under salt stress (Salt group) (B) P. indica inoculated date palm seedlings under salt stress (Fungi) (C) P. inidca inoculated date palm seedling under the control condition (Fungi+Salt).

For the pathway enrichment analysis and functional gene annotation, different source databases were used, including the NCBI, GO, KEGG and UniProt. Overall, the analysis findings show variations in gene counts and fold changes of genes associated with different pathways in the established treatments. For example, we observed a higher number of enriched KEGG pathways in the Salt+Fungi group (18), followed by the Fungi group (17) (Figure 5A), whereas the lowest number (16) enriched KEGG pathways were observed in the Salt group. Additionally, the different groups exhibited variations in the enriched pathways. For instance, the Fungi group showed significant enrichment in pathways, including DNA replication (3.86 folds), phagosome (1.75 folds), cysteine, and methionine metabolism (1.65 folds), stilbenoid, diarylheptanoid and gingerol biosynthesis (3.70 folds), starch and sucrose metabolism (2.14 folds), as well as biosynthesis of various plant secondary metabolites (3.76 folds) (Figure 5B). Some pathways, including fatty acid elongation (2.91 folds), fatty acid degradation (2.00 folds), diterpenoid biosynthesis (2.46 folds), steroid biosynthesis (1.99 folds), alpha-Linolenic acid metabolism (1.85 folds), and brassinosteroid biosynthesis (2.97 folds), were enriched in the Fungi+Salt treated group (Figure 5C). Additionally, we found that the pathways associated with ABC transporters were present in both the Fungi+Salt and Fungi groups but were not detected in the Salt group. The GO pathway enrichment analysis revealed a higher number of enriched pathways in the Fungi+Salt group (Figure 6A), followed by the Salt group (Figure 6B). The Fungi treated group exhibited a lower number of enriched pathways (3) compared to Fungi+Salt (14) and Salt (8) groups (Figure 6C). In a similar way, the Uniprot pathway enrichment analysis revealed a clear and discernible pattern of enriched pathways across the various experimental treatments. The discrepancy in enriched pathways demonstrates the impact of P. indica colonization on the functional responses of date palms under salinity stress (Supplementary Figure S1).
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Figure 6 | GO pathway of the DEGs in the date palm seedlings treatment conditions. The GO pathway enrichment analysis was performed using iDEP.96 tool available at iDEP.96 (sdstate.edu). The analysis showed substantial variations in enriched pathways across the experimental groups. (A) P. indica inoculated date palm seedlings under salt stress condition (Fungi+Salt group). (B) Non-inoculated date palm seedlings under salt stress condition (Salt group). (C) P. indica inoculated seedlings under the control condition (Fungi group).




3.5 Impact of P. indica inoculation on the date palm hormone related genes

Plant hormones regulation is important for plant cell cycle, plant growth and stress responses. The analysis of DEGs related to plant hormones, including auxin, gibberellin, and abscisic acid, was conducted in the transcriptome of each experimental group. The results revealed specific variations in the expression profiles of genes associated with hormone regulation across the treatments. Particularly, a larger number of DEGs related to gibberellin biosynthesis were identified in the P. indica inoculated date palm seedlings under the salt stress condition (28), followed by the non-inoculated seedlings under the salt stress condition (25), while the P. indica inoculation under the control condition exhibited the lowest number (18) (Figure 7; Supplementary Table S3). Particularly, genes associated with gibberellin 2-beta-dioxygenase 8 (1.10 folds), gibberellin 2-beta-dioxygenase 2 (3.64 folds), and gibberellin 3-beta-dioxygenase 1-like (2.47 folds) were significantly upregulated in the P. indica inoculated date palms under salt stress treatment. Moreover, genes including gibberellin 2-beta-dioxygenase 1 (1.74 folds), gibberellin 20-oxidase-like protein (1.86 folds), gibberellin-regulated protein 5 (2.11 folds), and gibberellin-regulated protein 6 (5.46 folds) were significantly upregulated in the P. indica inoculated date palm seedling under control condition but downregulated in the P. indica inoculated date palm seedling under salt stress condition (Figure 7).

[image: Heatmap comparing Log2FoldChange across conditions: Fungi, Fungi+Salt, and Salt, for several LOC identifiers. Color intensity represents -log10(p-value), ranging from light peach to deep red, indicating statistical significance levels in gene expression changes.]
Figure 7 | Bar plot showing the expression of DEGs associated with gibberellin biosynthesis and catabolism. DEGs were identified using DESeq2 R package (version 1.43.1). DEGs involved in gibberellin biosynthesis and catabolism were retrieved from the DEGs profile of each treatment and a heated bar plot were generated using ggplot2 package in R. The coordinates of the figure show the statistics of genes expression. The bar color intensity shows the increase and decrease of P value in the form of -log10. Fungi: P. indica inoculated under control condition, Fungi+salt: P. indica inoculated under salt stress condition, and Salt: Non- inoculated salt stress condition.

Similarly, significant differences were observed in the DEGs associated with auxin and abscisic acid-responsive proteins across the treatments (Supplementary Figures S2, S3). The P. inidca inoculated date palm seedlings under the salt stress condition showed a higher abundance of DEGs related to auxin (75) and abscisic acid (78), followed by the non-inoculated salt stress condition (79 and 77), and the P. indica inoculated under the control condition (57 and 44) (Supplementary Figures S2, S3; Supplementary Tables S4, S5). These findings highlight the intricate and treatment-specific regulation of plant hormone-related genes, emphasizing their importance in plant cell cycle, growth, and stress responses.




3.6 P. indica inoculation alters the expression pattern of transcription factors

In this study, stress tolerance was explored with a focus on transcription factors, crucial regulatory components in stress-responsive pathways. Specifically, three families of stress-responsive transcription factors—ethylene-responsive transcription factors (ERFs), WRKYs, and MYBs—were examined in the transcriptome of the treatment groups. The results revealed significant variations in the number and expression patterns of DEGs associated with these transcription factor families across the treatments (Figure 8).
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Figure 8 | Bar plot showing the expression pattern of ethylene-responsive transcription factors (ERFs) across the treatments. DEGs were identified using DESeq2 R package (version 1.43.1). DEGs related to ERFs were retrieved from the DEGs profile of each treatment and a heated bar plot were generated using ggplot2 package in R. The bar coordinates show the statistics of ERFs expression. The bar color intensity shows the increase and decrease of P value in the form of -log10. Fungi: P. indica inoculated under control condition, Fungi+salt: P. indica inoculated under salt stress condition, and Salt: Non- inoculated salt stress condition.

Among the three families, the P. indica inoculated date palm seedlings under the salt stress condition showed the highest number of ERFs (111), followed closely by the non-inoculated seedlings under the salt stress condition with 110 ERFs, while the P. indica inoculated date palm seedling under the control condition showed 68 ERFs (Figure 8; Supplementary Table S6). Furthermore, the expression of ERFs within each treatment varied, for instance, in the P. indica inoculated date palm seedlings under the salt stress, 17 out of 111 ERFs (15.3%) were upregulated, and 34 (30.6%) were downregulated. Similarly, in the non-inoculated salt stress condition and inoculated control condition, 21 (19.1%) and 9 (13.2%) ERFs were upregulated, while 18 (16.3%) and 8 (11.7%) were downregulated, respectively (Supplementary Table S6).

In the other two transcription factor families (WRKYs and MYBs), significant variations were observed in both the number and expression patterns across the experimental treatments. Particularly, the P. indica inoculated under the salt stress group had the highest number of WRKYs (88) and MYBs (34), followed by the non-inoculated salt stress group with 85 WRKYs and 33 MYBs, and the P. indica inoculated under the control condition with 71 WRKYs and 30 MYBs (Supplementary Figures S4, S5; Supplementary Tables S7, S8). These findings indicate the intricate regulatory role of transcription factors in stress responses and highlight treatment-specific differences in their expression profiles.




3.7 P. indica inoculation modulates the expression of immune and transporter genes

The inherent immune system of plants relies on various components, including salicylic acid, jasmonate, and ethylene, which play pivotal roles in influencing both harmful pathogens and symbiotic organisms. Additionally, lipoxygenases contribute by converting linoleic or alpha-linolenic acid into (9S)- and (13S)-hydroperoxides, serving as precursors for various oxylipins involved in plant defense. Transcriptomic analysis indicated that the colonization of P. indica led to alterations in the abundance and expression of genes related to plant defense.

The expression of genes involved in jasmonate synthesis exhibited differences among the experimental groups (Supplementary Figure S6; Supplementary Table S9). The non-inoculated salt stress group showed the highest number of DEGs related to jasmonate (4), followed by P. indica inoculated under the salt stress condition (3), and P. indica inoculated under the control condition (2). Similarly, a total of 8 DEGs related to lipoxygenases were identified in the transcriptome of the experimental groups. Specifically, a significant variation was observed in the expression patterns of these DEGs across the treatments (Supplementary Figure S6; Supplementary Table S10). In the P. indica inoculated seedlings under the salt stress condition, 6 out of the jasmonate-related DEGs (75%) were downregulated, while in the non-inoculated salt stress condition, only 3 (37.5%) were downregulated.

Transporter genes, including ABC transporters, HKT, and sodium/hydrogen exchangers, play a crucial role as transporter proteins in plant stress responses and various physiological processes (Sabeem et al., 2022). In this study, three differentially expressed genes (DEGs) related to the HKT gene, specifically HKT1, HKT6, and HKT8, along with their isoforms, were identified in the transcriptome of treatment condition (Supplementary Figure S7; Supplementary Table S11). These genes exhibited a differential expression pattern across the treatments. Moreover, all HKT-related genes were upregulated in the P. indica inoculation under control condition, while they were downregulated in the P. indica inoculated under the salt stress condition.

Similarly, four DEGs related to sodium/hydrogen exchangers and their isoforms were identified with varying expression levels in different treatments (Supplementary Figure S8; Supplementary Table S12). In the P. indica inoculation under the control condition, most of the sodium/hydrogen exchangers showed downregulation. However, a different expression pattern was observed in the P. indica inoculation under the salt stress and non-inoculated salt stress condition, except for one isoform (LOC103713094: sodium/hydrogen exchanger 2-like), which exhibited upregulation in both groups, (1.28 folds) and (1.11 folds), respectively.

ABC transporters play an essential role in plant physiology by facilitating the movement of various substances across cell membranes. This involvement is critical for essential processes such as nutrient absorption, hormone signaling, detoxification, and plant-microbe interactions, among others. Ultimately, these transporters significantly impact plant growth, development, and stress responses. In the present study, 109, 107, and 97 DEGs related to ABC transporters genes and their isoforms were identified in the Salt group, Fungi+Salt group and Fungi group, respectively (Supplementary Figure S8; Supplementary Table S13). The Salt group shared the highest proportion of upregulation (23.8%) followed by Salt+Fungi (21.4%) and Fungi (17.5%). On the other side, Fungi+Salt group exhibited the largest proportion of downregulated DEGs (14.5%), followed by Salt group (11%) and Fungi group (5.1%). In addition, we observed differences in the ABC transporters linked to DEGs among the treatments (Supplementary Table S13).





4 Discussion

The endophytic fungus, P. indica, plays a crucial role in effectively modulating plant responses to salt stress and reducing its adverse effects on plant functioning. Transcriptomic analysis serves as a gold standard proxy for exploring stress-responsive genes and understanding the molecular mechanisms of stress tolerance in plants (Abdul Aziz et al., 2022). In this study, the roots of date palm seedlings were inoculated with P. indica, and RNAseq was conducted after successful colonization, with the goal of revealing the molecular mechanisms underlying P. indica-mediated salt tolerance in date palms. The study showed the formation of a symbiotic interaction between the P. indica and date palm roots due to its ability to colonize a broad range of host, previously found with barley (Baltruschat et al., 2008), and rice (Jogawat et al., 2013).

An initial assessment of root sections using confocal microscopy displayed significant plasmolysis of the cortex cell layers in non-colonized salt-treated roots. In contrast, the roots colonized by P. indica exposed to salt treatment exhibited reinforced and preserved cortex cell layers, preventing plasmolysis. This observation displays the colonization and interaction of P. indica with the date palm roots, suggesting a potential protective role of P. indica in maintaining the structural integrity of root cells under salt stress conditions (Gill et al., 2016). Likewise, it was reported by Ali et al. (2022) that the endophytic fungus Stemphylium lycopresici inoculated to maize roots under saline condition (Gill et al., 2016), enhanced the root hair development, lowered the formation of lysogenic aerenchyma and decreased the Na+/K+ ratio in maize plants.

The results of RNAseq showed alterations in gene expression within the roots of date palm CV Khalas colonized by P. indica, enhancing its tolerance to salt stress. The observed changes in gene expression patterns between P. indica-colonized and non-colonized date palm seedling roots under salt stress highlight the significant influence of P. indica colonization on plant gene expression. These findings associated with existing studies on the impact of endophytic microorganisms on host plant gene expression under abiotic stresses (Masmoudi et al., 2021). For instance, Cheng et al. (2021) reported significant gene alterations in the leaves of Achnatherum inebrians under salt stress induced by the fungus Epichloe gansuensis. In contrast, the introduction of Epichloe coenophiala into tall fescue resulted in minimal genetic alterations, with the DEGs primarily involved in the plant’s response to abiotic stress (Dinkins et al., 2017). Similarly, the analysis of the whole transcriptome of rice plants revealed that approximately 0.5% of all genes experienced expression level changes following inoculation with Glomus intraradices (Güimil et al., 2005). Gazara et al. (2020) reported P. indica-induced gene modifications in rice plants exposed to salinity. Furthermore, Rho et al. (2018) conducted a meta-analysis, indicating that incorporating endophytes, particularly P. indica, positively impacted plant growth and the ability to withstand abiotic stresses such as salinity, drought, and nitrogen deficiency. These collective findings indicated the potential of P. indica in influencing the molecular responses of plants to environmental stresses, including salt stress, thereby enhancing their tolerance. Similarly, our results showed the salt stress tolerance was conferred in date palm by P. indica inoculation via the expression of defense-related genes.

The pathway enrichment analysis conducted in this study, with a specific focus on KEGG pathways, revealed significant differences in enriched pathways when comparing the transcriptomes of P. indica-colonized roots to non-colonized roots (salt stress) of date palm seedlings. These differences highlight the selective involvement of the P. indica influenced expressed in different KEGG pathways, contributing to increased resilience to salinity stress. For example, there was a significant upregulation of genes involved in phenylpropanoid biosynthesis in the P. indica inoculated date palm seedlings under the salt stress group (fold change = 3.95) and inoculated control condition (fold change = 3.97), compared to the non-inoculated salt stress treatment (fold change = 2.48). This indicates the beneficial role of P. indica colonization in elevating salt stress. Phenylpropanoids, synthesized from phenylalanine in plants, are secondary metabolites crucial for enhancing plant’s ability to withstand various biotic and abiotic stresses (Korkina, 2007). Additionally, the upregulation of genes associated with flavonoid biosynthesis in P. indica-colonized roots (control and salt stress conditions) suggests a potential enhancement of the antioxidant capacity of date palms against reactive oxygen species (ROS) produced during salt stress. Flavonoids, known as low molecular weight phenolic compounds, possess the ability to scavenge ROS generated in plants facing biotic or abiotic stress conditions (Shomali et al., 2022).

The transcriptome analysis of date palm roots during the interaction with P. indica revealed a stimulation of phytohormones such as gibberellin, auxin, and abscisic acid biosynthesis and signal transduction. The expression of genes involved in gibberellin biosynthesis displayed significant differences between the roots of P. indica-colonized and non-colonized plants. The higher expression of gibberellin 2-beta-dioxygenase 8, gibberellin 3-beta-dioxygenase 1, and gibberellin 2-beta dioxygenase 2 in the roots of P. indica-colonized date palm seedlings suggests the beneficial effect of P. indica on plant growth under salt stress. Particularly, the presence of gibberellin 2-beta-dioxygenase 8, an enzyme involved in the hydroxylation of gibberellin precursors, exclusively in the P. indica inoculation under the salt stress group is essential. The role of gibberellin in interactions of endophytes with roots is well known. The earlier studies on P. indica mainly focused on the activation of innate immune responses through gibberellin synthesis in plants. It has been displayed that P. indica supported the rice plants to survive root herbivory, and gibberellin functioned as a signal and interaction component for the inducible plant tolerance against the stress conditions (Cosme et al., 2016). In barley mutants, the impaired synthesis of gibberellins affected the perception and reduced P. indica colonization which indicated that gibberellin acts as a modulator of the basal defense of the roots (Schäfer et al., 2009). Previous research has further showed that plants with elevated levels of gibberellin catabolism genes can better withstand challenging environments such as drought and high salinity (Zhou and Underhill, 2016).

Similarly, auxin and abscisic acid are vital plant hormones that play fundamental roles in plant metabolism, growth, and development (Bouzroud et al., 2019). The results indicate that P. indica colonization alters the gene expression of auxin and abscisic acid-related genes. Auxins such as IAA are not only involved in key developmental processes but also plays a role in stress defense responses (Naser and Shani, 2016). Therefore, it was not surprising in our study that root-interaction of P. indica with date palm seedlings interfered with its auxin metabolism or signaling, which stimulated their growth and developmental processes. Abscisic acid-intensive 5 protein, which participates in drought stress response, showed a significant upregulation (fold change = 6.43) in the P. indica-colonized salt-treated date palm roots. In general, ABA stimulates Arbuscular Mycorrhiza (AM) symbiosis but the impact of this hormone is largely dependent on the developmental stage of the interaction and the conditions of stress (López-Ráez, 2016). Mainly, ABA plays its role when plants and their interacting symbionts are under the stress conditions, specifically osmotic stress. Therefore, the variations in the gene expression profile related to auxins and ABA signify the beneficial effect of P. indica colonization on date palm growth under salt stress. The modulation of hormone-related genes by P. indica suggests a potential mechanism through which the fungus enhances the salt tolerance of date palm seedlings.

Transcription factors, including ERFs, WRKYs, and MYBs, exert a significant impact on regulating the biosynthesis and signaling of stress-related hormones such as ethylene, abscisic acid, jasmonate, and salicylic acid (Abdul Aziz and Masmoudi, 2023b; Zhou et al., 2022). It has been reported that inoculation of P. indica with barley seedlings upregulated specific genes such as WRKY transcription factors (Molitor et al., 2011). This suggests WRKY a significant interaction factor in the P. indica’s inoculation with date palm seedlings. Our data analysis revealed a significant difference in the expression pattern of transcription factors between P. indica-colonized and non-colonized roots of date palm seedlings. These variations in transcription factor expression could potentially influence the expression of key genes involved in the biosynthesis and signaling of stress-related hormones that may play a role in the salinity tolerance of date palm seedlings (Abdul Aziz et al., 2021).

For example, ethylene, a crucial phytohormone with vital roles in plant physiological processes, including growth, development, and stress responses, exhibited higher expression of 1-aminocyclopropane-1-carboxylate oxidase 1 in the P. indica-colonized groups (control and salt stress) compared to non-colonized roots (salt stress) (Supplementary Figure S9). 1-aminocyclopropane-1-carboxylate oxidase 1 is an essential enzyme in ethylene biosynthesis and serves as a rate-limiting factor. Therefore, our data here showed that P. indica induces ethylene synthesis in date roots after inoculation, which suggests that ethylene signaling is required for symbiotic interaction between them. It has been found that impaired ethylene signaling resulted in reduced root colonization in Arabidopsis (Khatabi et al., 2012). Furthermore, previous research indicated that the colonization of barley roots by P. indica led to the upregulation of 1-aminocyclopropane-1-carboxylate oxidase (Schäfer et al., 2009). Similarly, genes involved in jasmonate biosynthesis, a major component of the plant innate immune system, exhibited altered expressions in P. indica-colonized roots compared to non-colonized date palm roots. These findings are related to previous studies, suggesting that P. indica colonization leads to the downregulation of genes involved in jasmonate biosynthesis, resulting in a lower immune response (Schäfer et al., 2009). This downregulation facilitates successful colonization and the establishment of a symbiotic association.




5 Conclusion

This study provides evidence that the colonization of P. indica, a fungal endophyte, in date palm roots contributes to the reinforcement of root architecture, prevention of plasmolysis, and reduction in cell death under high salinity conditions. Transcriptome analysis of the roots revealed that P. indica colonization led to the upregulation of numerous genes associated with salt stress and signaling pathways. Results from the GO and KEGG analyses displayed DEGs associated with various biological processes crucial for responding to salinity tolerance. Furthermore, the modulation of gene expression related to gibberellin, auxin, ethylene biosynthesis, and signaling, and with varied expression patterns of downstream transcription factors, is anticipated to exhibit a strong correlation with salt stress tolerance. The findings of this study provide essential insights into the molecular mechanisms underlying P. indica-mediated salt tolerance in date palm. It lays the groundwork for future research on the interaction between date palm and P. indica, as well as other endophytic microorganisms, an area of study that has received limited attention.
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Bread wheat (T. aestivum) is one of the world’s most widely consumed cereals. Since micronutrient deficiencies are becoming more common among people who primarily depend upon cereal-based diets, a need for better-quality wheat varieties has been felt. An association panel of 154 T. aestivum lines was evaluated for the following quality traits: grain appearance (GA) score, grain hardness (GH), phenol reaction (PR) score, protein percent, sodium dodecyl sulfate (SDS) sedimentation value, and test weight (TWt). In addition, the panel was also phenotyped for grain yield and related traits such as days to heading, days to maturity, plant height, and thousand kernel weight for the year 2017–18 at the Borlaug Institute for South Asia (BISA) Ludhiana and Jabalpur sites. We performed a genome-wide association analysis on this panel using 18,351 genotyping-by-sequencing (GBS) markers to find marker-trait associations for quality and grain yield-related traits. We detected 55 single nucleotide polymorphism (SNP) marker trait associations (MTAs) for quality-related traits on chromosomes 7B (10), 1A (9), 2A (8), 3B (6), 2B (5), 7A (4), and 1B (3), with 3A, 4A, and 6D, having two and the rest, 4B, 5A, 5B, and 1D, having one each. Additionally, 20 SNP MTAs were detected for yield-related traits based on a field experiment conducted in Ludhiana on 7D (4) and 4D (3) chromosomes, while 44 SNP MTAs were reported for Jabalpur on chromosomes 2D (6), 7A (5), 2A (4), and 4A (4). Utilizing these loci in marker-assisted selection will benefit from further validation studies for these loci to improve hexaploid wheat for better yield and grain quality.
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Introduction

Wheat (Triticum spp.) is a major staple crop in many countries, including India, and accounts for nearly 30% of global cereal consumption (van Ittersum et al., 2016). Although this main food crop is consumed chiefly as unleavened flatbread (chapati), 15% of the produced yield is used in baking for other bakery items such as bread and cookies. Wheat’s value-added characteristics are critical for home consumption and the baking industry (Cappelli and Cini, 2021). Wheat quality is currently described using a variety of metrics, and a single quality parameter can effectively distinguish wheat genotypes of variable qualities (Guzmán et al., 2019). Grain appearance, test weight, grain protein, grain hardness, sedimentation, gluten content, gluten index, iron, zinc, phenol score, and flour extraction are used to categorize wheat varieties suitable for specific end-products such as bread, biscuits, and chapatis. Wheat varieties have been divided into distinct product-specific genotypes based on these qualities in different nations.

The GlutoPeak test is used to forecast the baking qualities of wheat flour, and the association of GlutoPeak indices with several conventional quality measures such as grain hardness (GH), sodium dodecyl sulfate sedimentation value (SDSS value), farinograph, and alveograph has been investigated (Mecitoğlu Güçbilmez et al., 2019). The SDSS test is a quick test to forecast baking quality and gluten strength in wheat (Carter et al., 1999). Low alveograph stability, strength, P/L ratio, protein content, and high alveograph extensibility and biscuit diameter relate to soft endosperm genes in wheat, which are responsible for enhanced biscuit-making capacity. Ma and Baik (2018) reported that soft wheat varieties with low protein content (7.9–9.7%), low sedimentation volume (20.0–32.0 mL), and low damaged starch contents (1.9–3.4%) are desirable for good biscuit-making quality. Various physio-chemical parameters such as grain appearance (GA) score, grain hardness (GH), test weight (TWt), thousand kernel weight (TKW), protein, gluten content and index, SDSS value, phenol test, carotenoids, and diastatic activity are known to have a role in chapati-making quality (Kumar S. et al., 2018). In addition to this, for making a good loaf of bread the combination of elastic gluten with grain protein content of 13% is a prerequisite (Shuey, 1960). Wheat cultivars that have sedimentation values between 35 and 50 cc are typically used to make chapatis, while higher values than that are utilized to make bread (Mecitoğlu Güçbilmez et al., 2019). While GH and diastase activity play a clear role, it was found that phenol score may not be a good indicator of chapatti quality.

Although quality traits are important, bread wheat’s grain yield (GY) potential and stress tolerance must be increased to ensure global food security and fulfill future demands. Amid mounting breeding efforts, the low annual rate of GY increase (0.9%) (Ray et al., 2013), the growing menaces of heat and drought stresses on wheat yields (Zampieri et al., 2017), patterns of GY stagnation (Ray et al., 2012), invite the complementation of traditional breeding approaches with genomic tools that can hasten the development of high-yielding and stress-resilient wheat varieties. Wheat GY, however, has remained a challenging trait for genomic breeding due to its quantitative genetic regulation, including numerous loci with minor effects, a shortage of knowledge about the genetic basis of GY, unstable GY quantitative trait loci (QTL) reported in a different environment, epistatic effects, low heritability of GY across environments, and genotype × environment interactions (Jiang et al., 2017). Therefore, to effectively use genetic resources in breeding programs to increase wheat grain production, we must improve our knowledge of the genetic architecture of grain yield and other related attributes.

The molecular basis of complex traits is frequently studied via QTL mapping based on linkage analysis. However, mapping populations such as recombination-inbred lines (RILs) take a long time and much money to create. Furthermore, linkage mapping is based on recent recombination events, resulting in low mapping resolution, and only two alleles from the parents are considered. A genome-wide association study (GWAS) based on linkage disequilibrium (LD) represents an alternate strategy for examining connections between genotype and phenotype with the introduction of high-throughput sequencing technology (Gupta et al., 2020).

A GWAS has various advantages compared with linkage mapping, including a greater resolution and the ability to detect more variation without requiring mapping populations. GWAS has been successfully performed to explore various traits in a range of crops. In wheat, GWAS has been used to investigate grain yield, agronomic traits (Liu et al., 2017), and disease resistance (Liu et al., 2017; Riaz et al., 2018. However, only some studies have focused on quality-related traits in wheat under environmental stresses and grain yield-related traits. Hence, the main goal of this study was to use the mixed-linear model for GWAS of value-added traits and grain yield-related traits using 154 advanced breeding lines of genomic selection nurseries grown at the Ludhiana and Jabalpur Borlaug Institute for South Asia (BISA) sites. We also analyzed the phenotypic distributions of the traits and the statistical correlations between these traits. In addition, we used the KnetMiner to explore the homologous genes in other species with the reported marker trait associations (MTAs) in this study. Based on the available literature, this is the first GWAS using genotyping-by-sequencing (GBS) to examine the stability of value-added quality traits in spring wheat. Our findings provide an understanding of the genetic pathways underlying quality-related attributes.





Materials and methods




Plant material and phenotyping of grain yield and related traits

The panel of 154 selected advanced breeding lines of wheat (Supplementary Table 1) was evaluated in field trials at the BISA research farms, Jabalpur (JBP) (23°14′00.6N and 80°04′40.7E) and Ludhiana (LDH) (30°59′28.74N and 75°44′10.87E). The alpha-lattice experimental design was followed in two replications. The plot size was 5.016 m2, and the lines were sown in six rows, 22 cm apart and 3.8 m in length. The field trials were managed by standard agronomic practices recommended for the locations. Fertilizer was applied with the proportions of 150 N/60 P/40 K kg/ha at Ludhiana and 120 N/60 P/40 K kg/ha at Jabalpur as per the wheat growing zone recommendations.

During the 2017–18 crop season, the lines were phenotyped and evaluated across the location for five traits such as days to heading (DTHD) and days to maturity (DAYSMT). DTHD and DAYSMT were measured as the total number of days from sowing to when 75% of plants had either spike emergence or matured, respectively. Plant height (PH) was recorded from the plant’s base to the tip of the spike (excluding awns). Thousand kernel weight (TKW) and grain yield (GY) were measured per plot.





Estimation of value-added quality traits

Quality traits data was recorded at the Wheat Quality Laboratory, Punjab Agricultural University (PAU), Ludhiana, Punjab for six grain quality parameters including protein percent, TWt, GA, PR score,SDSS value, and GH.

Using an Infratec 1226 Cold Grain Analyzer and the AACCI standard procedure, protein percentage was measured non-destructively at 12% moisture basis. The instrument uses near-infrared light transmitted through the grains. The results are displayed as % protein content as per calibration.

TWt, also known as hectoliter mass, measures the volume of grain per unit. Hectoliter weight was determined using a Tecator model FP Auto 680 by taking wheat grains in a 100 mL measuring cylinder; the sample was weighed, and the hectoliter weight was expressed as kg ha−1 (AACC, 2000).

Subsequently, we measured the GA score through direct visualization based on the grain’s size, shape, color, and luster. It was evaluated subjectively out of a maximum score of 10. The phenol reaction score was evaluated by soaking about 100 grains overnight in 1% phenol solution. The grains were assessed for the extent of darkness out of a score of 10, half an hour after draining off the phenol solution.

The SDSS test was used since it is a simple, small-scale method that estimates wheat gluten strength quickly. The SDSS test was carried out according to Nakamura et al., (2012). The SDS-lactic acid solution was prepared by dissolving 20 g of SDS in 1 L of distilled water and adding 20 mL of stock diluted lactic acid solution (one-part lactic acid plus eight parts distilled water volume by volume). Six grams of the whole meal sample were placed in a stoppered, graduated cylinder with 50 mL of water. The samples were mixed, hydrated for 2 min, remixed, and then hydrated for another 2 min. SDS–lactic acid solution (50 mL) was added to each sample, and the contents were mixed by inverting the tubes four times. The contents were allowed to settle, and the sedimentation height (mL) was recorded. If the value was more than 60 mL, it was considered as strong gluten wheat; from 30 to 60, it was medium strong, and if less than 30 mL, it was weak.

The GH was measured using the grain hardness tester supplied by M/S Ogawa Seiki Co. Ltd., Japan, by crushing randomly taken ten grains one by one, considering the weight, diameter, and moisture of the grain. The mean force (kg) required to crush the grain was recorded (Heo and Sherman, 2013).





Statistical analysis

The experimental design in each environment was an alpha-lattice with two replications per environment/location. The best linear unbiased prediction (BLUP) values were obtained through META-R v6.03 (Alvarado et al., 2020). All effects are considered random for calculating the BLUP and broad-sense heritability. The correlation matrix between the BLUP values of studied traits was computed and visualized with the ‘corrplot’ package in the R software.





Genotyping, linkage disequilibrium

Genomic DNA of the lines was isolated from 15 days-old seedling leaves using a standard cetyltrimethyl ammonium bromide (CTAB) method (Doyle and Doyle, 1987). DNA concentration was quantified using the Quant-iT PicoGreen dsDNA assay (Life Technologies Inc., NY) and normalized to 20 ng/μl. The panel of 154 lines was genotyped using the GBS method (Poland et al., 2012). The single nucleotide polymorphisms (SNPs) were called using the TASSEL (Trait Analysis by association Evolution and Linkage) version V5.3.1 GBS pipeline (Glaubitz et al., 2014). Marker polymorphisms were found using a minor allele frequency of 0.01, which resulted 13,082,477 GBS tags. Among these, 68.98% were aligned to RefSeq v1.0 using Bowtie2 (Langmead and Salzberg, 2012) with assembly of Chinese Spring (IWGSC, 2018). After filtering the tags as described by Juliana et al. (2019), we found 89,863 SNPs. Then, these markers were filtered in panel, and those with more than 60% missing data, a minor allele frequency of less than 5%, or heterozygosity of less than 10% were eliminated. Similarly, the markers and lines with a total missing data percentage of more than 50% were eliminated and 18,351 polymorphic markers were used for all the subsequent analyses. LD analysis was performed using TASSEL V5.3.1 software (Bradbury et al., 2007) using the markers with known positions from the 18,351 polymorphic markers. The LD was estimated as squared allele frequency correlations (R2). P-values <0.01 for each pair of loci and Bonferroni correction <0.2 were considered significant.





Genome-wide association scans for grain quality and agronomic traits

Six grain quality parameters (GA Score, GH, PR Score, Protein %, SDSS Value, and TWt), and five agronomic traits (DTHD, DAYSMT, PH, GRYLD, and TKW) from both the locations (Ludhiana and Jabalpur) were considered for a GWAS using 18351 polymorphic GBS markers. GWAS analysis was performed with TASSEL V5.3.1 software (Bradbury et al., 2007) using a Mixed Linear Model (MLM). Population structure was used as a fixed effect in the model’s fitting, while kinship was used as a random effect that was considered by the first two principal components (Patterson et al., 2006; Price et al., 2006).





Detection of marker trait associations for quality traits

Associations of GA Score, GH, PR Score, Protein %, SDSS Value, and TWt, with candidate loci were identified. We obtained the p-values to determine the significance of the association of traits with the markers and the percent variance explained (PVE), which predicted the extent of the QTL effects. The Manhattan plots for grain quality traits were generated in the GWAS, indicating the most significant associations with a −log10 (P value) greater than 3, along with the Bonferroni correction threshold (we used the Bonferroni correction for multiple testing with an α level of 0.01 for the quality traits and a relaxed α level of 0.20 for all the other datasets) and quantile-quantile (Q-Q) plots.





Prediction of candidate gene and modeling of homology

The ENSEMBL Wheat database and the International Wheat Genome Sequencing Consortium (IWGSC) RefSeq v1.1 annotations were used to find candidate genes related to the stable loci discovered in this investigation. To find candidate genes, regions within the 1 Mbp window of the localized stable MTA were also chosen. For the gene network analysis and homology finding, an open-source online software, Knetminer, was used at: https://knetminer.org (accessed on Oct 28, 2022) (Hassani-Pak et al., 2021).






Results




Phenotypic variation and heritability grain quality traits and agronomic traits

A range of variation for all grain quality traits was reported in the advanced breeding lines of the spring wheat panel. The Protein % ranged from 8.50 to 12.35, with a mean of 10.35 and a CV of 8.61%. Similarly, TWt, GA Score, PR Score, SDSS values, and GH ranged from 66.50 to 78.00, 4.0 to 6.0, 2.20 to 5.50, 29.0 to 50.0, and 7.70 to 12.0 respectively (Table 1).

Table 1 | Descriptive statistics of various quality traits of wheat.
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Concerning the quantitative traits analysis, a range of variation was observed for GRYLD and other yield related traits at both the locations (Ludhiana and Jabalpur). The broad-sense heritability for the traits under consideration ranged from 0.40 to 0.91 (Table 2). The highest broad-sense heritability (0.91) was observed for DTHD at Jabalpur, while the same for GRYLD at Ludhiana and Jabalpur were recorded as 0.69 and 0.60, respectively. Similarly, nearly stable and high heritability were observed for TKW at Ludhiana (0.82) and Jabalpur (0.74). An excellent yielding line (GID: 6692345; SOKOLL/3/PASTOR//HXL7573/2*BAU/4/SOKOLL/WBLL1) with a yield of >7.0 t/h was observed for the Ludhiana location, while there were three lines (GID: 6681676, QUAIU#1/SUP152; GID: 6681793, ND643/2*WBLL1/4/WHEAR/KUKUNA/3/C80.1/3*BATAVIA//2*WBLL1 and GID: 6681817 SUP152/QUAIU#2) were >7.8 t/h for the Jabalpur location. In grain quality traits, the lines with GID 6568703 (PRL/2*PASTOR/4/CHOIX/STAR/3/HE1/3*CNO79//2*SERI*2/5/CHONTE), 6692267 (PASTOR//HXL7573/2*BAU/3/ATTILA/3*BCN/4/SOKOLL/3/PASTOR//HXL7573/2*BAU), and 6692345 (SOKOLL/3/PASTOR//HXL7573/2*BAU/4/SOKOLL/WBLL1) had 12.35, 12.32, and 12.28 protein %, respectively. The lines (GID: 6684333, SWSR22T.B./2*BLOUK #1//WBLL1*2/KURUKU) had high test weight value (78) while three lines (GID: 6568578, KIRITATI/4/2*SERI.1B*2/3/KAUZ*2/BOW//KAUZ/5/2*SUP152, GID: 6568703, PRL/2*PASTOR/4/CHOIX/STAR/3/HE1/3*CNO79//2*SERI*2/5/CHONTE and GID: 6684107, MUTUS*2/HARIL #1) had high grain hardness of 11.8, 11.8, and 12.0, respectively.

Table 2 | Variability analysis of various yield-related agronomic traits at two locations.
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Correlations between agronomic and quality traits of both locations

Location-wise correlation among the agronomic traits was analyzed. For Ludhiana and Jabalpur, the suffixes ‘L’ and ‘J’, respectively, have been added to the trait names. GRYLD_L showed a positive correlation with TKW_L, DTHD_L, PH_L, and DAYSMT_L with values of 0.39, 0.17, 0.12, and 0.10, respectively (Figure 1; Supplementary Table 2). TKW_L showed a positive correlation with PH_L with the value of 0.11 and a negative correlation with DAYSMT_L and DTHD_L with -0.18 and -0.09 values, respectively. GRYLD_J showed a positive (0.04) correlation with DAYSMT_J and TKW_J, while it had a negative correlation with DTHD_J, and PH_J with -0.21 and -0.13, respectively. TKW_J showed a positive correlation with PH_J with a value of 0.30 and a negative correlation with DAYSMT_J and DTHD_J with -0.14 and -0.10 values, respectively.

[image: Correlation matrix using a color-coded bubble plot to represent the relationships between various variables. Dark blue bubbles indicate strong positive correlations, while dark red bubbles indicate strong negative correlations. The size of the bubbles reflects the strength of the correlation. A color gradient bar on the right shows correlation values ranging from negative one to positive one.]
Figure 1 | Correlation of agronomic traits in wheat lines. Phenotypic correlations between days to heading (DTHD), days to maturity (DAYSMT), plant height (PH), grain yield (GRYLD), thousand kernel weight (TKW), Ludhiana (_L), Jabalpur (_J), grain appearance score (GA Score), grain hardness (GH), phenol reaction score (PR Score), protein percentage (Protein %), SDS sedimentation value (SDSS Value), and test weight (TWt). The upper and lower 95% confidence intervals are included in parenthesis below the correlation value.

The correlation between the quality traits revealed that there were positive correlations between all the traits. For example, Protein % has a high correlation with the TWt, GA score, PR score, SDSS value, and GH with the values of 0.62, 0.46, 0.39, 0.59, and 0.36, respectively. Similarly, TWt had a high correlation with the GS score, PR score, SDSS value, and GH with the values of 0.92, 0.45, 0.64, and 0.66, respectively. We observed a positive correlation between SDSS value and HG (0.51). A similar pattern was observed for the GA score with the PR score (0.39), SDSS value (0.56), and GH (0.66) (Supplementary Table 1). There was a significant correlation between the GA score and PR score, SDSS value, and GH with values of 0.39, 0.56, and 0.66, respectively. In addition, the PR score correlated well with SDSS and GH with values of 0.33 and 0.34. In addition, SDSS value had a high correlation with GH with a value of 0.51.

The correlation between GRYLD and quality traits across sites (Ludhiana and Jabalpur) elucidated that, GRYLD_L has positive correlation with Protein%, TWt, GA Score, SDSS Value, and GH (0.11, 0.15, 0.23, 0.23 and 0.17, respectively) and showed a negative correlation with the PR Score (-0.18). Furthermore, GRYLD_J had very low correlation with GA Score (0.02) and PR Score (0.12).





Marker densities and population structure

Marker densities of all 18351 GBS markers utilized, aligned to RefSeq v1.0, showed that the telomeric and sub-telomeric regions had higher densities than the centromeric regions in all chromosomes (Figure 2). The B-genome has the highest number of markers (48.8%), followed by the A-genome (36.3%) and the D-genome (13.6%). The SNPs in high linkage disequilibrium with one another are reflected by the red area and are consequently inherited together (Figure 3). Population structure analysis of all the 154 lines in this study indicated moderate population structure, high diversity, and relatedness between the lines across the locations. The first two principal components plot, PC1 and PC2, explain 6.9% and 5.4% of the variation, respectively (Figure 4).
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Figure 2 | Densities of 18,351 genotyping-by-sequencing markers in the reference bread wheat genome (RefSeq v1.0). The color key with marker densities indicates the number of markers within a window size of 1 Mb.

[image: A heatmap displaying a matrix with grid lines, indicating data relationships. The color gradient ranges from blue to red, corresponding to the R squared values from zero to one. Various segments include numeric labels on both axes.]
Figure 3 | Patterns of LD blocks (right) of GWAS results indicating the position of candidate genes and/or QTL regions associated with grain quality traits and agronomic traits.

[image: Scatter plot displaying yellow dots representing data points spread across two axes labeled as "Principal Component 1" and "Principal Component 2." The points are randomly distributed, indicating variance along both components.]
Figure 4 | Population structure analysis of 154 lines. The plot of the first two principal components explaining 6.9% and 5.4% of the variation, respectively indicated weak population structure with high relatedness between the lines.





Detection of marker trait associations for grain quality traits

For the quality traits, a total of 55 significantly (P <0.001 and Bonferroni correction cut-off value of 0.2) associated SNPs were detected (Table 3, Figure 5). For GA Score, two SNPs, S5A_671478896 and S7B_613779914, were identified on chromosomes 5A and 7B that explained 18% and 27% of phenotypic variation, respectively. For GH, 13 MTAs were detected on 1A, 1D, 2B, 3A, 4A, 4B, and 7B with 9 – 13% PVE. Interestingly, seven MTAs were on chromosome 7B. Furthermore, SNPs S7B_689902344 and S2B_13408810 had 13% and 12% PVE, respectively. For PR score, five MTAs were detected only on a single chromosome, 2A, with 20–22% PVE, and two SNPs, S2A_707007872 and S2A_707063443, had 22% PVE.

Table 3 | Genome wide significant associations (R2) of single nucleotide polymorphisms (SNPs) with quality traits in wheat.
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Figure 5 | Manhattan plots of GWAS results for grain quality traits (grain appearance score (GA Score), grain hardness (GH), phenol reaction score (PR Score), protein percentage (Protein %), SDS sedimentation value (SDSS Value), and test weight (TWt).); Threshold = −log10(p−value) > 3.

For the Protein %, ten MTAs were obtained on chromosomes 1A, 1B, 3B, 5B, and 7A with 10- 13% PVE, whereas 3A consisted of five MTAs alone. SNP S7A_13179057 had the highest PVE at 13% and S3B_720255460 had 12% PVE. Furthermore, 13 MTAs were found for the SDSS value on chromosomes 1A, 1B, 2B, 4A, and 7B with a range of 10–14% PVE, with a maximum of six MTAs on the 1A chromosome. SNP S1A_49281757 had the highest PVE, 14%, followed by the SNP S1A_49239494 with 12% PVE on the same chromosome. For the TWt, 12 MTAs were reported on chromosomes 1A, 2A, 2B, 3A, 3B, 6D, 7A, and 7B with 10–14% PVE.SNPs S2A_48176393 and S7A_506298541 had the highest (14%) PVE.





Detection of marker trait associations for agronomic traits

For the Ludhiana location, a total of 20 MTAs were detected for all the agronomic traits (Table 4). Three MTAs, S4A_84900641, S4B_664526264, and S5A_470192586, on chromosomes 4A, 4B, and 5A, respectively, were found for the DAYSMT_L with a range of 10–11% of PVE (Figures 6, 7). Only two MTAs, S4D_456260804a and S4D_457212141, on single chromosome 4D were obtained for the DTHD_L with 14% PVE. Five MTAs were found on chromosomes 2B, 2D, 7B, and UN (non-confirmed location) for PH_L with a range of 10–14% PVE. SNP SUN_32203753 had the highest PVE of 14%, and SNPs S2B_49523499, S2D_69502623, and S2D_67201447 had 11% PVE. Furthermore, eight MTAs were reported for TKW_L with a range of 10–14% PVE on the 2B, 3B, 5B, 7A, and 7D chromosomes where four MTAs shared the 7D chromosome alone. SNPs S7D_450126108 and S2B_565059870 showed a high PVE of 14% and 13%, respectively.

Table 4 | Genome wide significant associations (R2) of single nucleotide polymorphisms (SNPs) with agronomic traits in wheat at Ludhiana.
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Figure 6 | Manhattan plots of GWAS results for agronomic traits days to heading (DTHD), days to maturity (DAYSMT), and grain yield (GRYLD); Ludhiana (LDH), Jabalpur (JBP); Threshold = −log10(p−value) > 3.

[image: Manhattan plots display genomic data related to grain yield and thousand kernel weight for Ludhiana and Jabalpur. Each chart shows -log₁₀ p-values against chromosome positions, with colored dots representing data points and highlighted peaks indicating significant loci.]
Figure 7 | Manhattan plots of GWAS results for agronomic traits grain yield (GRYLD) and thousand kernel weight (TKW); Ludhiana (LDH), Jabalpur (JBP); Threshold = −log10(p−value) > 3.

For the Jabalpur location, 44 MTAs were reported for all the agronomic traits (Table 5; Figures 6, 7). We found three MTAs for DAYSMT_J on chromosome 7A (S7A_652922600), 3A (S3A_1395864), and 3D (S3D_553430673) which had a maximum of 13% and 11% PVE, respectively, while the location of one MTA that explains 11% of phenotypic variation was not known (SUN_37992374). Similarly, two MTAs for DTHD_J were found on chromosomes 1B (S1B_511789038), with 15% PVE, and 4B (S4B_525119244), with 14% PVE, while the location of one MTA that explained up to 14% of phenotypic variation was not known (SUN_37992374). Plant height had ten MTAs with a maximum of four on the 2A chromosome, whereas the highest PVE, 27%, was obtained on chromosome 3D (S3D_18502122), followed by 26% PVE on both 1A (S1A_517587620) and 2A (S2A_458243706). For TKW_J, a total of 16 MTAs was observed; a maximum of six were on chromosome 2D, followed by four on Chromosome 4A, and three on chromosome 7A. The highest PVE (13%) was obtained for the SNP S7A_24940330, followed by S6B_393496773 with 12% PVE; the rest of the MTAs were in the range of 10–11% for PVE.

Table 5 | Genome wide significant associations (R2) of single nucleotide polymorphisms (SNPs) with agronomic traits in wheat at Jabalpur.


[image: Table displaying genetic association data for traits DAYSMT_J, DTHD_J, GRYLD_J, PH_J, and TKW_J. Columns are SNP, Chr, Alleles, Position (Mb), p-Value, add_effect, and PVE%. Each row provides detailed information for specific SNPs relating to these traits, showing various chromosomes, allele combinations, and statistical measures such as p-Value and percent variance explained.]




Detection of marker trait associations for grain yield

For grain yield, only two MTA were detected for the Ludhiana location, SNPs S1A_27512785 (Chromosome 1A) and S4D_75146074 (Chromosome 4D), with 13 and 14% of PVE, respectively (Figure 7). At the Jabalpur location, 11 MTAs were obtained for GRYLD with a range of 10–13% PVE. There was a maximum of three MTAs on the chromosome 5A, followed by two on the chromosome 1A; the rest were on single chromosomes such as S1B_460449239 on 1B, S3A_531631224 on 3A, S3B_584821928 on 3B, S4B_648759658 on 4B, S7A_588008821 on 7A, and S7B_707946706 on 7B. Two SNPs, S1A_10214692 on 1A and S5A_556823005, on 5A, had the highest phenotypic variance with 13% and 12% PVE, respectively.





Candidate gene prediction and associated network

A total of 116 SNPs were physically mapped to IWGSC RefSeqv1.1 with high confidence. To identify the putative candidate genes, the 1Mb flanking region of the mapped SNPs was annotated using EnsemblPlant BioMart. This led to the identification of 19 SNPs overlapped by candidate genes (Table 6). Based on the literature survey and current findings, 19 SNPs were considered as novel, and were associated with the following traits: protein %, SDS, PH, DTHD, PR Score, TWt, TKW, GH, DMT, and GYLD. The validation results in KnetMiner network showed that the SNPs for SDSS, such as S1A_49153543, S1A_49281757, S2B_477569164, and S4A_740926925 overlapped with TraesCS1A02G066900, TraesCS1A02G067300, TraesCS2B02G333900, and TraesCS4A02G491100.

Table 6 | A list of predicted proteins and function translated by IWGSC genes overlapping 19 Novel SNPs.


[image: A table containing genetic information related to specific SNP positions, traits, IWGSC IDs, predicted proteins, functions, and references. Each row lists details such as the SNP position, associated trait, protein ID, predicted protein name, its function, and the study or paper reference. Some entries are marked as "Not available."]
The SNPs were associated with coding proteins such as SPD1 (involved in plastid development during early seedling growth); RRP5 (role in alternative regulation in plants); DMAS1-B, NRAMP2 and NAAT2-D (Fe/Zn transport and accumulation in grain); and Thioredoxin-like_sf (Redox regulation) (Supplementary Figure 1). The SNPs for TKW (S3A_512561741, S3B_739166411, S4A_679160910, and S7D_476139586) overlapped with TraesCS3A02G284100, TraesCS3B02G494600, TraesCS4A02G406300, and TraesCS7D02G367800. These Traes IDs code proteins such as GAUT (involved in pectin and xylan biosynthesis); COG_su4 (mediates the proper glycosylation of proteins trafficking through the Golgi apparatus); DHNA_phytyltransferase_MenA (involved in 2-carboxy-1,4-naphthoquinone phytyltransferase); and MIP (These channel proteins function in water, small carbohydrate (e.g., glycerol), urea, NH3, CO2, and possibly ion transport). Likewise, the SNPs for protein %, viz. S3B_720255460, S3B_728890092, and S7A_13179057, were found to be associated with TraesCS3B02G471800, TraesCS3B02G481200, and TraesCS7A02G031700 respectively, which code for LRR_dom_sf/NB-ARC (involved in a variety of biological processes); F-box-like_dom_sf/F-box_dom (present in numerous proteins with a bipartite structure); and Aminoacyl-tRNA synthetase (These channel proteins function in water, small carbohydrate (e.g., glycerol), urea, NH3, CO2 and possibly ion transport, by an energy independent mechanism). Similarly, for TWt, PH, GYLD, and DAYSMT, we found 2, 2, 2, and 1 overlapped genes, respectively (see detail in Table 6).






Discussion

The performance of a wheat crop should not be judged only from the angle of grain yield as it has several end-product qualities that determine the market value with different value-added parameters. We must explore the different combinations of additional value-added quality parameters to select for desirable end-use quality. Molecular markers linked to the desirable traits is a holistic approach and can be applied in molecular breeding as a tool to identify varieties and lines at any crop development stage. This study attempted the high-resolution genetic dissection of quality, yield, and agronomic variables in spring wheat to find new valuable alleles in genotypes.

The heritability of GRYLD and TKW was good, while for the phenological traits, it was high for DTHD and moderate for DAYSMT and PH. This implies that the phenotypic measurements were of very high quality and that the attributes had a high degree of predictive power. It was reported (Maphosa et al., 2014; Würschum et al., 2018) that GRYLD, a highly quantitative and environmentally sensitive trait, showed significant variation among environments. We also found that agronomic traits significantly contributed to variance explanation and that their heritability was lower than that of other factors, indicating a considerable G×E impact on GRYLD. Therefore, moderate heritability values for GRYLD were anticipated, given that multiple genes govern it. The lower sowing density with smaller plots may also impact the low heritability and yield variances (Thorwarth et al., 2017; Bhatta et al., 2018). The two locations used in this study have very distinct climates. Due to the high ambient temperature, the growing season is comparatively shorter in Jabalpur than in Ludhiana, which has a significantly colder environment with longer growing seasons (Mondal et al., 2016).

Grain quality is a cumulative effect of several traits such as grain protein content, grain hardness, GA score, PR score, SDSS value, and test weight. There is a perception that for good end-products and chapati-making quality, there is a specific combination of the desired grain quality features. To ascertain which combination of quality has what relationship with the others, we estimated correlations between the grain quality of the advanced breeding lines. Likewise, we proceeded with the correlation study to elucidate the correlation between the agronomic and quality traits. There are only a few reports where correlations between the end-use quality traits such as protein %, TWt, GA Score, PR Score, GH, and SDSS value in spring wheat in multi-environment were studied (Guzmán et al., 2016; Ibba et al., 2020; Tsenov et al., 2020).

Grain protein is the primary determinant of wheat quality, its end use, and commercial value (Cox et al., 1985). However, it is well known that grain protein is negatively correlated with grain yield in wheat; in our study, too, we found that there was a negative correlation between protein percentage and the yield from Jabalpur (-0.20), but there was a slight non-significant correlation between protein % and the yield from Ludhiana (0.11). This revealed the influence of environment on the genotype quality. Despite this negative correlation, many reports have reported simultaneous improvements in grain yield and GP (Niu et al., 2010; Vishwakarma et al., 2014, 2016). Protein % has a positive correlation with all the quality measures. Even in this study, we found that all the quality traits studied significantly correlated. Mladenov et al. (2012) also reported a significant positive correlation between the Protein % and sedimentation (SDSS value). In addition to this, test weight is a measure of grain density, which showed a significantly positive correlation with Protein %; in contrast, none of the other traits had a significant correlation. This elucidates that the previous study’s test weight had shown a positive correlation with TKW but not with the Protein % and SDSS value due to these being environment-specific (Mladenov et al., 2012). Grain yield showed a positive correlation (0.17*) with days to maturity indicating that an increase in days to maturity would increase grain yield as also mentioned by Semnaninejad et al. (2021). In addition to this, Grain yield significantly positively correlated with TKW_L (0.39***) and TKW_J (0.04) for both locations as identified by earlier reports (Semnaninejad et al., 2021; Zhang et al., 2021).




GWAS for agronomic traits

For days to heading, we identified two MTAs on 4D. For the Jabalpur location, it was on chromosome 1B, 4B UN, which was earlier reported by Cadalen et al. (1998) in a double haploid population with his model that explained that the heading date loci from chromosomes 4B and 4D (Xfba1- 4B, Xglk556–4B, and Xfba211–4D) had the main effects. There were interaction effects with plant height QTLs (Xfba393–1A and Xcdo1188–1B) which explained about 50% of the plant height variation. Worland (1996) elucidated that almost all chromosomes carry genes for heading. This notwithstanding, the important genes Vrn (vernalization) and Ppd (photoperiod), located in homeologous groups 5 and 2, have a significant role in heading date. The SNPs significantly associated with plant height were identified on 2B, 2 (2D), 7B, and UN for the Ludhiana location and 1A, 2A, 3D, 4D, 6A, 6B, and 6D for the Jabalpur location. Previously, plant height was also reported on chromosomes 1A (Sukumaran et al., 2015), 2A (Ain et al., 2015; Mengistu et al., 2016; Sheoran et al., 2019), and 2B (Zanke et al., 2014; Ain et al., 2015; Gao et al., 2015; Sheoran et al., 2019). In addition, the SNPs identified for PH on chromosome 2B (565.060 Mb) were found in proximity to the reduced height genes Rht4 (609.3 Mb). We also obtained 4 SNPs on chromosome 2A, where the Rht7 gene was reported. In this study, SNPs for PH were detected on chromosome 6A. The locus on 6A was consistently detected under drought, heat, and irrigated conditions for yield (Edae et al., 2015; Lopes et al., 2015). Sukumaran et al. (2015) reported the PH in the WAMI population and PH was not correlated with YLD according to the genetic and phenotypic correlation study, demonstrating that the loci on 6A have pleiotropic effects on several characteristics (Sukumaran et al., 2015). However, numerous studies have shown that QTLs influenced by environmental factors in various crops regulate plant height and heading date (Xu et al., 2005; Zhang et al., 2009). The SNPs significantly associated with DTM were identified on chromosomes 4A, 4B, and 5A for the Ludhiana location and 3A, 3D, and 7A for the Jabalpur location, corresponding to the earlier reported genomic regions for DTM on chromosome 5A (Gahlaut et al., 2019; Sheoran et al., 2019), 4B (Sukumaran et al., 2015), and 7A (Adhikari et al., 2020). SNP S7A_652922600 (TraesCS7A02G458100) for the DAYSMT on chromosome 7A plays a key role in the function of Znf-containing proteins.

We found a set of three markers for TKW on chromosome 7A in the region from 718 to 735 Mb while Rathan et al. (2022) and Jamil et al. (2019) also identified markers for TKW on the same chromosomal region at 731.8 Mb in multiple environments. This indicated that this chromosome region might have some haplotype block for the TKW.

A complicated quantitative feature, grain yield contains MTAs dispersed across several chromosomes (Jamil et al., 2019). For grain yield in our study, we found MTAs on chromosomes 1A and 4D for the Ludhiana location, while for the Jabalpur location there were three MTAs on chromosome 5A and two MTAs on 1A, 1B, and 3A. Jamil et al. (2019) reported QTLs on 1A, 1B, 5A, and 3A for GRYLD. In an earlier study, two MTAs were present on chromosome 1A with 13% PVE. While chromosome 1B QTLs had 7.55% PVE in our study, one common MTA (S1A_3613616) on 1A had a pleiotropic effect with grain hardness that had a positive correlation with GRYLD also, which intimated that GH had a direct effect on GRYLD. Three markers on 1B explained 13% to 16% PVE for GRYLD (Jamil et al., 2019). Moreover, we reported one MTA on the 4D chromosome. Li et al. (2014) also reported a QTL (QGy4D) on the same chromosome flanked by SSR marker Xbarc334-Xwmc331. It is recognized that several important genes regulating plant height, yield productivity, and yield components are located on chromosomes 4B and 4D (Huang et al., 2006). In our study, we used different environments with very distinct climates. Jabalpur has high ambient temperatures in the daytime and cooler nights during the crop growing season, and the crop’s days to heading, flowering, and maturity periods are shorter in comparison to Ludhiana. In contrast, Ludhiana has a significantly colder environment with longer growing seasons (Mondal et al., 2016). These differences in the environment were also seen in the marker-trait association for the agronomic traits at both locations. We assume that this was the main reason for there being no common MTAs identified for the agronomic traits.





GWAS for quality and values added parameters

For the quality traits, most of the genetics studies undertaken on wheat have used linkage mapping to study the genetic basis of quality determinants. This entails identifying genes/QTLs linked with the trait of interest by establishing linkage disequilibrium (LD) in populations obtained from bi-parental crosses. However, because of the limited number and location of meiotic events, QTL mapping resolution is frequently limited to 10–30 cM, and it can only study a small fraction of the total number of potential alleles in the population from which the parents originated (Zhu et al., 2008). As an alternative to linkage mapping, association mapping (AM) can help locate alleles in a large number of germplasm samples Yu et al., 2006). Earlier investigations revealed that the GLM model could create false-positive sites due to the lack of a Kinship matrix and a shift in the phenotypic interpretation rate (Yu et al., 2006).

Value-added parameters are complex traits influenced by both the genetic background of the germplasm and the growth conditions (Mohan et al., 2022). Earlier genes/QTLs with major and minor effects on wheat end-use quality traits have been identified and characterized. Nonetheless, whether with bi-parental or association studies, genetically dissected the quantitative trait loci (QTLs)/alleles for the GA Score, PR Score, and SDSS Value, these traits remain uncharacterized. The literature search revealed that this is the first time MTAs for GA Score (2), PR score (5), and the SDSS Value (13) have been reported. This novel locus can be helpful in the identification of new end-use quality products with their corresponding combination in the existing germplasm.

The SDSS value is a thorough indicator for subtly assessing wheat quality and one of the crucial tests to gauge flour’s gluten content. This directly affects the flour’s suitability for processing and baking (Peña et al., 2012) Given that the SDSS value is a quantitative variable influenced by genetic and environmental influences, some QTLs can only be found in particular environments. We reported 13 such MTAs, which are consistent with other findings located on chromosomes 1A (6 SNPs), 1B (2), 2B (3), 4A, and 7B (Goel et al., 2019; Zhang et al., 2020; Alemu et al., 2021). We reported SNP S1A_510849238 on 1A, were near to QTL (540,660,000–544,610,000 bp, RefSeqv1.0) as earlier reported by Yang et al. (2020) through a GWAS. In addition, two more QTLs were reported on chromosome 1A QSsv.cau-1A.1.1 (371,573,909–386,426,688 bp, RefSeqv1.0) and QSsv.cau-1A.1.2 (419,490,584–492,004,197 bp, RefSeqv1.0) by (Tian et al., 2021). We found six MTAs associated with SDSS value on chromosome 1A; this indicates that chromosome 1A is an important region for SDSS value.

According to research, grains that react with phenol to generate color also have the unfavorable trait of browning wheat products like pasta and noodles (Bernier and Howes, 1994). This makes grain screening a valuable method for determining the quality of the end product, thus proving useful in screening the end products. For the phenol reaction score, we have reported five MTAz in between 712.85 -706.42 Mb i.e., the 6.43 Mb region only; this elucidated the possibility of a haplotype block for this trait. The phenol color reaction of the grain gene was on the long arm of chromosome 2A. According to Nair and Tomar (2001) Triticum turgidum variety durum Desf. has at least two genes that regulate the phenol color response.

The GA score was evaluated based on the grain’s size, shape, color, and luster. We have reported only two MTAs for the GA score on 5A and 7B chromosomes. To date, no previous report has been found for the gene/QTLs for GA score. Previously, Kumar et al. (2019) measured six traits related to grain shape and size, namely, length, width, area, length-to-width ratio, test weight, and thousand kernel weight. Despite a significant correlation with grain yield traits, no significant QTL was found for these traits. These findings could lead to the hypothesis that focusing on grain shape and size, particularly an increase in GA, may improve wheat yield by increasing TGW. Test weight is often referred to as the specific weight of a known volume of grain and serves as a crucial quality indicator. We reported MTAs for test weight on chromosomes 1A, 2A (3), 2B, 3A, 3B, 6D (2), 7A (2), and 7B. There are few studies showing QTL for test weight; however, one of the most recent ones found eight loci on chromosomes 1D, 2A, 2B, 2D, 3B, 3D, 4D, and 7A (Cabral et al., 2018), and while another found loci on 1B and 3B (Alemu et al., 2021).





The absence of Gpc-B1 allows the exploration of the novel identified loci contributed by the lines

Our study did not identify the major Gpc-B1 gene reported on chromosome 6B by Uauy et al. (2006). This indicates that the genotype x environment interactions played a crucial role. Therefore, exploring a non-adapted genotype provides an opportunity to enhance GPC in the cultivated wheat gene pool. Gpc-B1 played a significant role in developing several lines for the grain protein; however, it was found at par or negative yield (Uauy et al., 2006; Blanco et al., 2012; Vishwakarma et al., 2014, 2016). These independent loci could be useful to enhance GPC through MAS, without compromising yield. In this study, we identified MTAs on chromosomes 1A, 1B, 3B, 5B, and 7A. In earlier reports with bi-parental mapping populations, QGPC.ndsu.5B (found on 5BS) and QGPC.ndsu.7A.2 (found on 7AL) QTLs were present in non-adapted germplasm, according to a comparison with 49 GPC investigations (Kumar A. et al., 2018). Even though El-Feki et al. (2013) discovered a QTL on 5BS, it was too far away from QGPC.ndsu.5B. A few previous investigations in both durum (Peleg et al., 2009; Suprayogi et al., 2009) and hexaploid wheat (Mann et al., 2009; Li et al., 2012) found a stable QTL for GPC on 7AL. The QTL QGPC.ndsu.7A.2 was found near the telomeric end of chromosomal arm 7AL, whereas the QTLs previously published (Mann et al., 2009; Peleg et al., 2009; Suprayogi et al., 2009; Li et al., 2012) were found in the middle of the chromosome arm 7AL. We reported five MTAs on 3B alone within the 20.98 Mb region. The presence of GPC region QGpc.caas-3B flanked by marker wmc3-wmc418in in bi-parental mapping that showed a high LOD value, 11.10, with the highest phenotypic variance of 14.5% has been reported previously by Li et al. (2009). This could be of significant interest as these QTLs were independent of grain yield and may be used as haplotype blocks, contributing to the favorable alleles in the future.





Novel allele for grain hardness on chromosome 7B

Grain hardness or texture in wheat is directly associated with critical end-use quality attributes such as milling yield and flour extraction. Our research corroborated this by indicating a moderately positive relationship between GH and flour extraction in all settings. Grain hardness in wheat is controlled by the main hardness locus (Ha) on chromosome 5DS, which is positioned at a sub-telomeric location (Sourdille et al., 1996; Morris, 2002). Friabilins are 15-kD lipid-binding endosperm-specific proteins encoded by the Ha locus. The two main proteins in friabilins are Puroindoline a (Pina) and Puroindoline b (Pinb) (Gautier et al., 1994). According to a study of diverse wheat sets (Morris, 2002), hard wheat varieties either lack or possess specific mutations for the pin coding genes. The wild-type pin alleles are found in soft wheat types (Bhave and Morris, 2008). In addition to the significance of the Ha gene, previous research has identified numerous additional QTLs linked to hardness (Heo and Sherman, 2013). In this study, we found seven MTAs on 7B, and no QTL for GH on 7B was reported. These MTAs on 7B could be novel alleles, indicating that both parental genotypes will likely contain the Ha locus hardness alleles.






Conclusion

This is the first study to report a GWAS for value added quality traits in bread wheat T. aestivum. Genetic and functional analysis of the associated genomic regions may enhance wheat quality. Overall, several lines with a combination of appropriate grain quality and agronomic traits were identified, especially for protein content that plays a vital role in tackling nutritional deficiencies or hidden hunger. Quality-enriched T. aestivum lines and genomic regions harboring grain quality SNPs can accelerate the breeding program for developing nutritional and value-added end product quality wheat varieties.
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Introduction

The chickpea (Cicer arietinum L.) is well-known for having climate resilience and atmospheric nitrogen fixation ability. Global demand for nitrogenous fertilizer is predicted to increase by 1.4% annually, and the loss of billions of dollars in farm profit has drawn attention to the need for alternative sources of nitrogen. The ability of chickpea to obtain sufficient nitrogen via its symbiotic relationship with Mesorhizobium ciceri is of critical importance in determining the growth and production of chickpea.





Methods

To support findings on nodule formation in chickpea and to map the genomic regions for nodulation, an association panel consisting of 271 genotypes, selected from the global chickpea germplasm including four checks at four locations, was evaluated, and data were recorded for nodulation and 12 yield-related traits. A genome-wide association study (GWAS) was conducted using phenotypic data and genotypic data was extracted from whole-genome resequencing data of chickpea by creating a hap map file consisting of 602,344 single-nucleotide polymorphisms (SNPs) in the working set with best-fit models of association mapping.





Results and Discussion

The GWAS panel was found to be structured with sufficient diversity among the genotypes. Linkage disequilibrium (LD) analysis showed an LD decay value of 37.3 MB, indicating that SNPs within this distance behave as inheritance blocks. A total of 450 and 632 stringent marker–trait associations (MTAs) were identified from the BLINK and FarmCPU models, respectively, for all the traits under study. The 75 novel MTAs identified for nodulation traits were found to be stable. SNP annotations of associated markers were found to be related to various genes including a few auxins encoding as well as nod factor transporter genes. The identified significant MTAs, candidate genes, and associated markers have the potential for use in marker-assisted selection for developing high-nodulation cultivars after validation in the breeding populations.





Keywords: association mapping, chickpea, GWAS, nitrogen fixation, nodulation, PVE, pleiotropic




1 Introduction

Chickpea (Cicer arietinum L.) is a self-pollinated diploid crop with a chromosome number of 2n = 2x = 16, which is grown as an annual crop mainly during the winter season and is the third most important pulse crop globally with a cultivated area of 15.00 million hectares, production of 15.87 million tons, and average productivity of 1.06 t/ha (FAOSTAT, 2023). Chickpea along with other legumes can transform nitrogen from the atmosphere into ammonia through a symbiotic relationship with a rhizobium, Mesorhizobium ciceri. The ability of the chickpea to acquire adequate nitrogen through its symbiotic association with M. ciceri is essential for promoting growth and facilitating grain yield. Farmers exploit this mutually beneficial interaction with rhizobia to overcome nutrient deficiencies in soils, as these bacteria can supply as much as 97% of a plant’s total nitrogen demand (Peoples and Craswell, 1992). In addition, these symbiotic relationships play a crucial role in replenishing substantial amounts of nitrogen in agricultural soils and thereby decreasing the reliance on expensive fertilizer treatments worldwide (Herridge et al., 2008). Gaining a greater understanding of the aspects that could enhance the advantages of this mutually beneficial relationship would be rewarding in the field of agriculture. Comprehending the relationship between genotype and nodulation in chickpea is crucial for optimizing the advantages of nitrogen fixation and minimizing the need for nitrogenous fertilizers. The whole process of symbiosis and nodulation is quite complex and tightly regulated and still has not been explored at the molecular level in chickpea. Nevertheless, a considerable number of genes associated with the process of nodulation at various stages have been identified in model legumes like Medicago truncatula and Lotus japonicus, employing a mix of forward and reverse genetics investigations (Roy et al., 2020). Several genes implicated in nodulation were initially discovered as nodulin genes that have elevated expression levels in nodules as compared to other plant tissues. Reverse genetics tests demonstrated that a significant number of these genes encoded proteins that played a role in nodulation (Combier et al., 2006). Precise improvement of complex quantitative traits like root nodulation traits needs the identification of related genomic regions rather than the identification of genes and quantitative trait locus (QTL) mapping, a robust technique that requires either bi-parental mapping populations, which is time-consuming (Edae et al., 2014), or genome-wide association study (GWAS) based on the linkage disequilibrium (LD) for the identification of genes/QTLs. Despite that chickpea is the most important food legume, nodulation studies in chickpea have been limited. Hence, a high-throughput, in-depth analysis of the chickpea root nodule is crucial for gaining deeper insights into the complexities of nodulation events. Identification of genotypes as resources for high nodulation and establishing an association between the nodulation traits and molecular markers can produce a higher yield per unit area. So far, the chickpea germplasm including the global core collection has not been fully utilized for the purpose. Thus, we conducted a systematic evaluation of conserved germplasm to facilitate the identification of high-nodulation genotypes with the objectives of phenotyping of nodulation and yield traits as resources, and we conducted a genome-wide association study to establish the association between the nodulation traits and molecular markers/genomic regions in chickpea.




2 Materials and methods



2.1 Plant material

A set of 2,094 diverse germplasms including a global core set of 1,950 genotypes and Indian Agricultural Research Institute (IARI) breeding materials (144) of chickpea was evaluated for the number of nodules and yield per se traits. The core germplasms collected from 28 different countries across the world were obtained from the gene bank at the International Crops Research Institute for the Semi-Arid Tropics (ICRISAT), Patancheru, Telangana, India. The plant materials were grown and evaluated for two consecutive crop seasons in 2018–2019 and 2019–2020 at IARI, New Delhi. Phenotypic data for nodulation and yield per se traits were recorded. Data were subjected to core hunter3 in R (De Brucellae et al., 2018) and descriptive statistics for the construction of four association panels (APs) focusing on nodulation (two APs), root (one AP), and plant architecture traits (one AP). The association panel under study consists of 271 diverse germplasm inclusive of BG 372, BG 3022, BG 547, and BG 1105 as four checks (Supplementary Table 1). The experimental trials for the association panel were conducted at four environmental locations in 2020–2021, as follows: IARI, New Delhi, location 1 (28°38′24.0252″N latitude, 77°10′26.328″E longitude, and 228.6 m AMSL) having sandy clay loam soils; Sam Higginbottom University of Agriculture, Technology and Sciences (SHUATS), Naini, Prayagraj, location 2 (25°24′41.27″N latitude, 81°51′3.42″E longitude, and 98 m AMSL) with clay loam to sandy loam soil; Dr. Rajendra Prasad Central Agricultural University (RPCAU), Samastipur (KVK, Vaishali), location 3 (25°86′29.679″ latitude, 85°78′10.263″ longitude, and 52 m AMSL) with sandy loam soil; and IARI Regional Station, Pusa, Bihar, location 4 (25°54′56.16″ latitude, 85°40′24.9564″ longitude, and 52 m AMSL) with alluvial soils. The layout embodied an augmented randomized block design with four blocks and a spacing of 60 cm between rows and 10 cm between plants. Each block consisted of 72 lines including repeated check rows. The observations recorded on randomly selected five plants for each genotype for 12 traits included days to 50% flowering (DFF), plant height (PH) in cm, number of pods (NOP) per plant, number of seeds (NOS) per plant and yield (SY) per plant in grams, number of nodules (NON) per plant, nodule fresh weight (NFW) in grams, root fresh weight (RFW) in grams, root dry weight (RDW) in grams, stem fresh weight (SFW) in grams, and stem dry weight (SDW) in grams.




2.2 Phenotyping and data analysis

The nodule phenotyping pipeline includes mainly two parameters: counting the number of nodules per plant and taking nodule fresh weight as explained further. Phenotyping for the number of nodules was conducted 60 days after sowing; the optimum stage in legumes to fix maximum biological nitrogen was as reported earlier (Yuan et al., 2022) and followed the steps shown in Figure 1. Randomly selected five plants from each genotype were uprooted from the adhered soil mass using a hand hoe by digging 20 cm or even deeper into the soil (step 1). Particular care was taken not to disturb the root nodule system during sampling, and adhering soil was removed carefully (step 2). Root and shoot systems were separated (step 3). Roots with intact nodules were washed, and the number of nodules was counted (step 4). The intact cleaned roots were stored in butter paper bags to further obtain nodule and root fresh weight. The shoots were also kept in polythene packets. Phenotyping for root, shoot, and nodule fresh weight was conducted on the same day followed by their storage in the oven at 55°C for 1 week to obtain their dry weight. The explained procedure was followed for all the locations, the observations for all the traits were taken for five plants, and the mean of five plants per genotype was taken into consideration for analysis. Phenotypic data analysis including frequency distribution and correlation for all four locations was conducted using the R software (https://www.R-project.org/).

[image: Step-by-step process of plant analysis: 1) A person wearing gloves uproots a plant from soil. 2) Three uprooted plants are placed on a red surface. 3) A person uses scissors to trim a plant on the red surface. 4) A person examines plant roots using tweezers while wearing purple gloves. Arrows indicate the sequence from planting to root examination.]
Figure 1 | Phenotyping steps for number of nodules.




2.3 Genotyping of the association panel

Genotypic data for the association panel were successfully obtained from whole-genome resequencing of chickpea (Varshney et al., 2019). For single-nucleotide polymorphism (SNP), called clean reads were mapped on the reference genome of the chickpea genotype CDC Frontier (Varshney et al., 2013). To filter out low-quality variants, the loci with sequencing depth higher than 10,000 and lower than 400, mapping times higher than 1.5, or quality scores lower than 20 were used. The loci with estimated allele frequency not equal to 0 or 1 were determined as SNPs. The raw genotypic data extracted from the database contained 1,198,121 SNPs distributed on eight pseudomolecules. The filtering for missing data (≤20%) and minor allele frequency (MAF) ≥2% was performed using vcf tools (Vogt et al., 2021); an additional filter for the rate of heterozygosity (Ho) ≤ 0.5%, MAF ≥ 5%, and Ho ≤ 5% led to a working set of 602,344 SNPs (referred as 602K), which were used for genome-wide association mapping analysis.




2.4 Association analysis

The generated genotyping data were integrated with phenotypic data of multi-location observations recorded for the traits under study. Phenotypic data were used for the calculation of best linear unbiased predictions (BLUPs). Individual BLUPs across the environments were estimated using the ACBD-R software (Rodríguez et al., 2017) with the following model:

[image: Mathematical equation for a model: Y subscript i j equals mu plus Gen subscript j plus Env subscript i plus Env subscript i times Gen subscript j plus Bloc open parenthesis Env subscript i close parenthesis plus e subscript i j.]	

where Genj and Checkj correspond to the effects of the identifier of checks, the un-replicated genotypes, and checks that are repeated in each block (Blocki); Envi is the effect of ith environment, µ is the mean, and e is the error component (as described in ACBD-R User Manual; Rodríguez et al., 2017). The population structure was assessed using a neighbor-joining phylogenetic tree (constructed through the TASSEL software and visualized through the ITOL software) and principal component analysis (PCA). PCA was performed using a function dedicated to assessing the genetic relatedness among accessions and generating the principal components (PCs) from the genotypic data. The first three principal components were considered as covariates in GAPIT using the high-performance computing R tool. The r2 values for SNP markers were computed and then filtered focusing on pairs within each chromosome, and a linkage disequilibrium heat map was created to identify significant LD block and its size, which falls diagonally in the heat map at a p-value of 0.001. A whole genome was generated and sorted for individual chromosomes by utilizing TASSEL version 5. Subsequently, these files were used to generate LD decay curves for all eight chromosomes individually and for the entire genome. To estimate the sizes of LD blocks, the r2 values were plotted against the distance in base pairs (bp) while setting a threshold at r2 = 0.2.

GWAS was performed using the general linear model (GLM), mixed linear model (MLM), multi-locus mixed model (MLMM), FarmCPU model, and BLINK model using the R/GAPIT 3.0 package. Further, in this study, the Bonferroni correction threshold value of −log10 > 7.0 (p-value) was used as the cutoff. The SNPs with the above values were declared as significant marker–trait associations (MTAs). The Manhattan and Q-Q plots were generated through qqman version 0.1.8 (Turner, 2014). The percent phenotypic variance (PV) explained by all significant detected SNPs was generated from all used models and calculated as the squared correlation between the phenotype and genotype of the SNP. Stable MTAs obtained more than twice across the location were found. Pleotropic SNPs having an association with more than one trait were also identified.




2.5 Identification of associated SNPs and candidate genes

The genes involving significant SNP markers were aligned against the National Center for Biotechnology Information (NCBI) non-redundant (nr) protein database using BLASTX to obtain functional annotations (https://blast.ncbi.nlm.nih.gov). The stable and pleiotropic SNPs were subjected to a basic local alignment search tool (BLAST) search using the sequence information of the markers. A BLAST search was carried out using a data web service. Putative candidate transcripts (with transcript IDs) within and 20-kb flanking region of SNPs were identified in the NCBI chickpea database, and the function of the gene was determined using the UniProt database (https://www.uniprot.org/).





3 Results



3.1 Distribution and correlation among the nodulation traits

Phenotypic data collected under all the environments for the association panel were statically analyzed, and the results are presented further. The mean and distributions for 12 phenotypic variables in 271 accessions chosen from the chickpea reference set are presented in Figure 2. The traits under study exhibited normal and near-normal to skewed distributions. The mean of the DFF (53.42), Days to maturity (DTM) (143.84), PH (42.74), NOP (84.27), NOS (74.32), yield per plant (8.24), NON (8.83), NFW (336.61), RFW (2.16), RDW (0.46), SFW (6.69), and SDW (4.23) were recorded. The results of correlation coefficients revealed that nodule fresh weight and nodule dry weight were positively and significantly correlated with yield plant−1 at genotypic and phenotypic levels (Figure 3).

[image: Collection of twelve histograms showing distributions of variables: DFF, DTM, PH, NON, NFW, SFW, SDW, RFW, RDW, NOP, NOS, and yield. Each histogram includes a density curve, mean, and standard deviation. The x-axes represent variable values; the y-axes denote density. Each graph uses a spectrum of colors, transitioning from green to red. The mean and standard deviation values are displayed on each graph.]
Figure 2 | Phenotypic variation for traits assayed within the chickpea reference set.

[image: Correlation matrix displaying Pearson's correlation coefficients between various variables, represented through a color gradient from red to blue, indicating negative to positive correlations. Each cell shows the correlation value and significance level: 'ns' for not significant, '*' for p < 0.05, '**' for p < 0.01, and '***' for p < 0.001. Variables are labeled along the matrix's axes.]
Figure 3 | Estimation of Pearson’s correlation coefficients for the chickpea association panel.

The results of the correlation coefficients evidenced that the genotypic correlations for most of the traits were slightly higher than their corresponding phenotypic correlations, which would be beneficial in the selection of traits because they exclude the environmental influence. It also revealed significant and positive correlation values for seed yield with the number of pods per plant, seeds per plant, shoot fresh weight, days to flowering, and days to maturity. However, negative correlation values for seed yield with shoot dry weight and nodule fresh weight were observed. Significant and positive correlations were observed for the trait SY with NPB, NSB, and NPP, indicating that the seed yield may be enhanced through an increase in Number of primary branches (NPB), Number of secondary branches (NSB), and Number of pods per plant (NPP).




3.2 Assessment of population structure and linkage disequilibrium block

In order to assess the number of subpopulations, a phylogenetic tree utilizing phenotypic and marker data through the neighbor-joining method was constructed (Figure 4A). The phylogenetic tree revealed the presence of three subpopulations/subclusters, which were further confirmed by the generated PCA scree plot (Figure 4B). Subcluster 3 was the largest one, containing 202 inclusive of all checks, followed by subcluster 2 containing 55 and subcluster 1 containing 14 genotypes. Subclusters 1 and 2 remained confined to ICC series germplasm lines.

[image: (a) A circular phylogenetic tree with branches in red, green, and purple, illustrating relationships among different species or groups. (b) A scree plot showing a curve that starts high and gradually levels off, depicting the eigenvalues against principal components.]
Figure 4 | (A) Phylogenetic tree. (B) PCA scree plot. PCA, principal component analysis.

The LD across the genome was estimated using 603,100 SNPs from the working set through the TASSEL software for the whole genome. The average LD across the genome was 635.9 kb. The distribution of SNPs across the chromosome was on eight different pseudomolecules in chickpea, as presented in Figure 5A. The number of SNPs available on each pseudomolecule and the number of SNPs used for conducting marker–trait association are represented in Figure 5B. The genomic regions represented in dark red on the chromosome were found to have a high density of SNPs, and the genomic regions represented in green had low SNP density. Ca 4 had the highest number of SNPs, and Ca 8 contained the least number of SNPs.

[image: Chart (a) is a chromosome heatmap with eight chromosomes labeled Chr1 to Chr8. It shows varying intensity colors from green to red, indicating data values, with a scale from 0 to over 9817. Chart (b) is a scatter plot showing LD (r^2) against Distance (bp), with data points mostly clustered at low distances. Green and blue lines highlight specific data thresholds.]
Figure 5 | (A) SNP density plot indicating distribution of filtered SNPs across the chromosomes. (B) Linkage disequilibrium measured r2 plotting vs. physical distance between pairs of markers (Plink 1.9). SNP, single-nucleotide polymorphism.




3.3 Genome-wide association study for identification of MTAs for nodulation and agronomic traits

A GWAS analysis was carried out to identify SNPs associated with investigated variables in chickpeas, including nodulation, morphological, and yield traits. The GWAS identified total SNPs through BLINK (643), FarmCPU (720), and MLM (439) models; the number of significant identified SNPs for each trait under different models in four different conditions are listed in Table 1; additional SNPs identified for each trait, along with their chromosome, position and Phenotypic variance explained (PVE) identified through the Blink model, FarmCPU model, and MLM are given in Supplementary Tables 2-11. As the current study focused on nodulation traits number of nodules and nodule fresh weight, their stable SNPs are presented in Table 2, and Manhattan and Q-Q plots are represented in Supplementary Figures 1 and 2. We mainly considered SNPs that had a p-value threshold of −log10 p-value ≥ 6 and a false discovery rate (FDR) below 0.1. The GWAS for the trait NON found eight SNPs that are stably expressible at locations 1 and 2; one SNP that is stably expressible at locations 1, 2, and 3; and one SNP that is stably expressible at locations 1, 2, and 4 (Table 2). Among these identified MTAs, SNP 2_825902 had 27.33% of PVE. Marker–trait association of nodule fresh weight resulted in the identification of SNP markers as 20 in the FarmCPU model; among the significant identified markers, seven SNP markers were found above the threshold of −log10 p-value. SNPs Ca5pos20514758.1 and Ca7pos21461047.1 presented on chromosome numbers 5 and 7 had 42.28% and 9.31% of PVE, respectively, through FarmCPU.

Table 1 | List of the significant SNP markers identified using different models.


[image: Table comparing single-nucleotide polymorphisms (SNP) and -log ten p-values across three methods: Blink, FarmCPU, and MLM for various traits like days to flowering (DFF) and plant height (PH). Blink shows a total of 643 SNPs, FarmCPU has 720, and MLM has 439. Each trait's SNP count and p-value range are detailed under each method.]
Table 2 | Significant marker–trait associations at Bonferroni correction p-value for traits under study at different locations/environments.


[image: Table displaying genetic data related to traits NON and NFW. Columns include SNP ID, Chromosome, Position (bp), p-Value, Minor Allele Frequency (MAF), and Location. Various SNP IDs are listed with their respective data, such as Ca2pos2169123.1 on Chromosome 2 at Position 2169123, with a p-Value of 4.22E-08, MAF of 0.00369, located in region 1. Additional SNPs are noted with similar format under FarmCPU, indicating diverse genetic associations.]
The list of the stable SNPs and their location along with their trait are in Table 3. Stable SNPs are SNPs that were identified in more than one environment. Most of the SNPs were stably expressive and common for location 3 vs. 4 and location 1 vs. 3. For plant height, we found 57, 72, and 29 SNPs in the BLINK model, FarmCPU model, and MLMM, respectively. Among the identified markers, we report 12 stable SNPs. SNP Ca6pos1492432.1 (FarmCPU for location 1) found on chromosome number 6 had 25.98% of PVE, and SNP Ca2pos6782498.2 (BLINK, location 3) present on chromosome number 2 had 27.24% of PVE (Supplementary Tables 2-10). SNP Ca8pos11994085.1 present on chromosome 8 had 14.56% of PVE (the SNPs along with PVE% are given in Supplementary Tables 2-11). We identified 14 stable SNPs each for DFF, DTM, and PH. The stable SNPs for DFF were identified only from the MLM; however, for DTM and plant height, stable SNPs were common across the models (MLM, BLINK, and FarmCPU), and for all three traits, we observed stable SNPs at locations 3 and 4. Among these MTAs, the stable SNP for the trait DFF was Ca6pos47821883.1, present on chromosome number 6 and had 48.43% of PVE (MLM and GLM). SNP Ca1pos4393831.1 present on chromosome number 1 had 8.82% of PVE. SNP Ca5pos30670011.1 present on chromosome number 5 had 9.15% of Phenotypic variance explained (PVE). The trait DTM contained SNPs Ca1pos9168435.1 and Ca1pos11296743.1 present on chromosome number 1, which had 42.37% and 33.81% of PVE, respectively; SNPs Ca5pos13855141.1 and Ca5pos30670011.1 present on chromosome 5 number had 8.05% and 9.15% of PVE, respectively. For the traits SFW and NOS, we identified 20 stable SNPs. SNPs Ca1pos33781183.1 and Ca1pos35026875.1 identified for trait SFW had 8.91% and 3.7% of PVE, respectively. SNPs Ca5pos30670011.1, Ca3pos19977000.1, and Ca4pos27656718.1 identified for NOS had 9.15%, 7.04%, and 3.74% of PVE, respectively.

Table 3 | Stable SNPs associated with more than one environment.


[image: Table showing genetic data across four traits: DFF (days to 50% flowering), DTM, Plant Height, and SFW (stem fresh weight), with columns for SNP, linkage group or chromosome, position, p-value, model, and location. Each section contains detailed entries for various SNPs, illustrating data such as model variations (MLM, BLINK, FarmCPU) and specific locations. NOS trait data include SNPs with different chromosome numbers and similar metrics.]



3.5 SNP markers associated with two or more different traits

An important initial step in the process of revealing pleiotropic loci associated with complex phenotypes is to examine SNPs that have already been independently associated with one or more different traits using the statistically stringent GWAS framework. The GWAS results were fully examined in order to identify markers that were common between traits (Table 4). A total of 43 SNPs were found common, with notable p-values and statistically significant FDRs that reduce the chances of false associations and increase the chances of true association discovered in this study. There were four markers found common for RFW vs. RDW and 16 markers for SFW vs. SDW, and 13 markers were present on chromosome 3 between genomic regions 37990876 and 38114728. Nineteen markers were common for NPP vs. Number of seeds per plant (NSP) and were distributed across all eight chromosomes of the chickpea.

Table 4 | List of the common SNP markers found for more than one trait (pleiotropic SNPs).


[image: A table displaying SNP data with columns: SNP identifier, chromosome number, position, p-value, location, and associated traits. Examples include SNP "Ca1pos34151789.1" on chromosome 1 with a p-value of 6.68E-05 linked to traits RFW and RDW, and "Ca6pos38012786.1" on chromosome 6 with a p-value of 4.43E-05 also linked to RFW and RDW. The table lists 41 entries in total. A footnote explains abbreviations for traits like RFW (root fresh weight) and RDW (root dry weight).]



3.6 Identification of putative candidate genes for associated SNPs

A BLAST search of significant SNPs identified from the current association panel was aligned against the CDC Frontier reference genome of chickpea, revealing the location of SNPs near the gene-rich region of the genome but present in intergenic regions. Irrespective of being in intron regions, the majority of the SNPs were near one or the other transcripts coding for some proteins or transcription factors. Many SNPs were located near the genes coding for general proteins well known for their metabolic function in growth and development like membrane proteins, DNA/RNA recognition/binding protein, ABC transporter, and protein kinase. SNP markers like 1_10074058 and 1_28905467 were linked to the genes governing the traits that are indirectly involved in root nodulation like auxin-responsive protein, environmental stress, and plant–microbe interaction candidate genes near the location of identified MTAs; their transcript IDs, proteins produced from them, and role of those proteins in plants based on previous reports are given in Tables 5A and Table 5B.

Table 5A | Putative candidate genes identified for NON at the 10-kb region of linked SNPs along with their molecular functions.


[image: A table listing SNPs and associated data. Columns include SNP identifier, start and end positions, sequence description, and biological function. Examples: SNP 1_10074058 has auxin-responsive protein IAA26-like involved in auxin signaling; SNP 4_2035604 relates to adenosine kinase 2, involved in purine salvaging and phosphorylation. Each row contains specific protein or process descriptions linked to genetic locations.]
Table 5B | Putative candidate genes identified for NFW at the 10-kb region of linked SNPs along with their molecular functions.


[image: Table listing SNPs, associated proteins, their functions, and references. Proteins like FT-interacting and ribosomal proteins relate to plant immunity, stress response, and translation support. Key references include Ashraf et al., 2018, and Li et al., 2020.]




4 Discussions



4.1 Genome-wide association analysis as a competitive tool for identification of genomic regions controlling chickpea nodulation traits

The chickpea crop has a narrow genetic base (Kumar et al., 2017; Singh et al., 2022). Due to the use of a limited number of accessions/donor parents in breeding programs, the sensitivity of chickpea productivity toward biotic and abiotic stress is increased (Muehlbauer and Sarker, 2017). Developing high-nodulation genotypes will help in the augmentation of chickpea potentiality. In this investigation, on the basis of frequency distribution, it may be concluded that a wide range of variability existed for NON, NFW, RFW, RDW, and other yield-contributing traits. Further, correlation coefficients of our association panel revealed that nodule fresh weight and nodule dry weight were positively and significantly correlated with yield plant−1 at genotypic and phenotypic levels. These results are in accordance with those of several studies (Chandana et al., 2023; Elias, 2009; Mohamed and Hassan, 2015). This indicated that the development of effective and promising nodules helps in increasing yield. This was probably due to the uptake of atmospheric nitrogen through the process of biological nitrogen fixation. To accelerate the breeding programs, conventional breeding efforts need to be augmented using genomics-assisted breeding (Varshney et al., 2007, 2013). In our study, we carried out resequencing by whole-genome resequencing, which resulted in the identification of 1,198,121 SNPs. The sequencing cost was curtailed as an advance in the next-generation sequencing technology (Varshney et al., 2009), and the availability of chickpea draft genome (Jain et al., 2013; Varshney et al., 2013; Gupta et al., 2017) led to the identification of several millions of SNPs and other molecular markers. Further integrating whole-genome resequencing information with precise phenotyping provides detailed information about all genetic variants and enables the discovery of novel variations.




4.2 Diversity and linkage disequilibrium analysis for identifying MTAs close to the trait of interest

In GWAS analysis, population structure may be a confounding factor that must be addressed to avoid false associations. Population structure and uneven relatedness among the individuals of the population act as confounding factors and lead to spurious identification of MTAs (Zhang et al., 2010). Admixture of PCA and phylogenetic tree using the neighbor-joining method are popular approaches for accurately inferring population structure derived from the genome-wide association panels using high-density SNPs (Abraham and Inouye, 2014). The use of genotypes from various origins of the world in the study may be the reason for the three clear-cut subpopulations in the GWAS panel (Upadhyaya et al., 2001). In neighbor-joining dendrograms, the different clustering patterns are clearly visible, and similar results were reported by Thudi et al. (2021). The use of a diverse panel of genotypes can provide more valuable inference compared to bi-parental populations (Vos-Fels et al., 2017) by taking advantage of maximum allelic diversity and historic recombination events; the present study materials having diverse lines with their distant parentage ensure the required diversity for the association study. The genetic diversity of chickpea germplasm could provide important information for selecting effective parental breeding strategies as well as a better understanding of natural variations in phenotypic traits and their genetic background (Raina et al., 2019). The genome-wide LD decay estimated for the present investigation is on par with the previous association studies of chickpea for complex yield traits (Upadhyaya et al., 2016; Kujur et al., 2015). An LD value of 373 kb illustrates the string association of SNP markers with the trait of interest. The SNP density analysis revealed that SNPs are distributed across all the chromosomes, and this helps to identify all possible causal variants for traits of interest. This aligns with a previous study on Desi and Kabuli chickpea genotypes and gives the importance of geographic origin and adaptive environments in genotype clustering (Basu et al., 2018; Roorkiwal et al., 2022). The major challenge for GWAS is to control the false positives primarily caused by population structure and family relatedness (Kaler et al., 2020). To avoid such bias, a stringent selection procedure of the Bonferroni correction was applied; a total of 643, 720, and 439 SNPs were identified in the association panel through the BLINK model, FarmCPU model, and MLM, respectively. Identification of such a huge number of SNPs can provide deeper insights into the genomic regions associated with traits of interest. In this study, our main target was nodulation traits such as NON, NFW, and other associated traits like shoot and root because the association between shoot- and root-related traits indirectly contributes to the nodulation. Hence, the identification of genomic regions for root and shoot regions will also help in the simultaneous improvement of the legume crop.




4.3 MTAs controlling nodulation and yield contributing traits

In the marker and nodulation trait association, we obtained 12 SNPs in the MLMM for NON-above FDR or −log10 p-value of 7, which were highly significant markers for the number of nodules and SNPs Ca4pos29278891.1 and Ca4pos34659769.1, identified through FarmCPU for location 1 and had phenotypic effects of 3.27% and 4.08%, respectively. As of now, there are no reported large-scale studies on the identification of SNPs for the number of nodules in chickpea; these SNPs will serve as markers for molecular studies and marker-assisted breeding in chickpea. For NON, we found highly significant MTAs on chromosome numbers 2 (three SNPs), 3 (one SNP), 4 (four SNPs), and 7 (two SNPs) through the MLMM. These findings indicate that an improved understanding of these markers and genomic regions of chickpea is necessary to improve the benefits of rhizobial symbiosis in chickpea root nodulation. The trait NFW, an important nodulation trait, was used to measure the nodulation potential of legumes, especially in the case of chickpeas, as they produce indeterminate nodules and also have a direct association with chickpea growth attributes and biological nitrogen fixation (Hazra et al., 2021). Istanbuli et al. (2024) reported for NFW in their study, the maximum number of SNPs on chromosome number 4 in genomic regions was between 52- and 58-Mb regions. However, in our study, we report 75 novel markers for the nodulation traits. SNP Ca5pos20514758.1 reported for NFW and presented on chromosome number 5 had 42.28% of PVE. The SNP was also based on gene annotation in the NCBI of the Cicer genome and was found to be an associated gene that encodes for important proteins like auxin-induced proteins, which are involved in nod factor binding export proteins in Medicago (Gully et al., 2018). Plant height in chickpeas is influenced by 200 SNPs; additionally, it is consistent with earlier studies showing multiple loci controlling plant height in different crops. The multi-locus control of plant height is influenced by both genetic and environmental factors, although specific details are not fully understood (Yang et al., 2021). As provided in Supplementary Tables 2-11, traits such as DTM, DTF, RFW, RDW, SFW, SDW, NPP, NSP, and yield were controlled by more than at least 130 SNP markers. Among them for the trait DTF, the significant SNPs were Ca4pos99711.1 with 2.8% of PVE and Ca5pos30670011.1 with 9.15% of PVE identified for location 1. SNP Ca7pos16225558, which is identified in both the FarmCPU model MLM, had 5.94% of PVE. SNP Ca6pos47821883.1 identified for location 3 had 48.43% of PVE.

Through GWAS, we were able to identify highly significant markers for NFW through different models as mentioned in the Results section. Therefore, these markers serve indirectly in the improvement of nodulation in chickpea, which supports the establishment and survival of plants in adverse conditions, thereby promoting plant productivity (Gupta et al., 2015); also, our analyses provide new insights into the identities of markers and phenotypic influences on identified markers by providing causal variants for responsible markers that explained phenotypic variance. The MTAs identified in more than one environment were grouped as stable/promising ones, while MTAs with greater than 15% phenotypic variation were grouped as major MTAs. The major MTAs found in our study identify a large number of stable SNPs. Thus, the GWAS results in the identification of stable markers for all the traits such as four SNPs for RFW, seven SNPs for SFW, and 17 stable SNPs for SDW, which may be regarded as nodulation-related traits, as these traits play a role in root development and establishment. The precise phenotyping and high accuracy may lead to a greater number of stable expressions along the different locations/conditions presumed to be the real association of these markers for governing the phenotypic expression of the studied traits. Limited stable SNPs for root traits through GWAS have also been reported earlier (Thudi et al., 2014). Pleiotropy occurs when a single genetic variant is associated with multiple phenotypic outcomes. Hence, it is common to find markers to be associated with more than one trait, i.e., pleiotropic influence. Significant pleiotropic loci were detected for nodulation and yield. Thus, we can improve both traits and the productivity of the crop simultaneously and indirectly. Similarly, we also found different stable MTAs showing pleiotropic effects between different yield and nodulation traits due to their interdependence on each other. These traits are bound to share genes in common, and the results are supported by the presence of a significant positive correlation between nodulation and yield traits in our study. The PVE% explained by SNPs refers to the proportion of the total variability observed in a specific trait or phenotype that can be attributed to genetic variations in SNPs. PVE% is a measure of the contribution of genetic factors to a particular trait. The SNPs with high PVE can be considered as major and significant for that particular trait. Two SNPs were found to be stable at locations 1, 3, and 4; seven SNPs were found to be stable at locations 1 and 3 for the trait NON. SNP 2_825902, which was found on chromosome number 2, had 27.33% of the PVE. Also, for the other traits, we identified many good SNPs whose number and percentage of PVE are already explained in the Results section. Stable SNPs with high PVE can be used as fixed effects in the genomic selection pipeline.




4.4 Gene enrichment analysis for nodulation traits

In the current investigation, as our main focus was on nodulation traits, we tried to provide genes that are located within the identified MTAs for nodulation traits, and the investigation revealed MTAs within a prominent genomic region housing candidate genes responsible for governing diverse functions in plant growth, developmental processes, biotic and abiotic pathways, stress tolerance, and intricate nodulation pathways. Particularly noteworthy is the stably identified MTA 1_10074058 associated with the trait of interest NON. This locus encodes an auxin-responsive protein IAA26-like, a pivotal hormone instrumental in root initiation and initiation of root nodules. Furthermore, its involvement in transcriptional regulation and auxin-activated signaling pathways underscores its significance (Luo et al., 2018). Similarly, the SNP 1_19310421 associated with the NON trait is situated in a genomic region where the gene codes for an SNF1-related protein kinase regulatory subunit beta-3. This subunit is implicated in the regulation of protein kinase activity, cellular responses to nitrogen levels, and the intricate response to sucrose signaling (Jamsheer et al., 2021). These findings collectively contribute to our understanding of the genetic underpinnings of the observed traits and the multifaceted processes governing plant–nutrient interactions and developmental responses.





5 Conclusion

Biological nitrogen fixation (BNF) stands for a sustainable and globally applicable avenue for supplying nitrogen to agricultural systems. An effective strategy to augment BNF involves the breeding and utilization of legume varieties possessing enhanced BNF capacity. Notably, our results demonstrated the effectiveness of phenotyping with increased row-to-plant spacing in elucidating traits related to nodule formation. Leveraging association studies, we successfully identified noteworthy and stable MTAs linked to the traits of interest. A total of more than 800 MTAS have been reported for root, shoot, yield, and other morphological traits. These MTAs can be compared in future studies to identify the most probable location of causal variation for their respective traits. Subsequent in silico analysis unveiled that a substantial proportion of these MTAs were situated within intergenic regions, with the potential to modulate genes associated with the focal traits. The seven novel SNPs, namely, Ca2pos2169123.1, Ca2pos28892511.1, Ca3pos36960027.1, Ca4pos43172963.1, Ca5pos2026241.1, Ca5pos21727560.1, and Ca7pos47087116.1, identified for the number of nodules were highly significant and found common in different models of GWAS were considered as SNPs probably controlling the genomic regions for the trait NON, as these MTAs are present near the genes that aid in biological nitrogen fixation pathway. SNP Ca5pos20514758.1 identified for NFW in locations 1 and 3 was found with a PVE of 42.28% and could be used to construct the cleaved amplified polymorphic sequence (CAPS) or Kompetitive allele specific PCR (KASP) markers that can serve as a PCR-based marker for identifying polymorphism for nodulation traits in chickpea and other legumes. The stable SNPs characterized by a high proportion of PVE will be integrated as fixed effects within the genomic selection pipeline, accentuating their potential impact on future breeding efforts. The identified candidate genes could be exploited in marker-assisted breeding, genomic selection, and genetic engineering to improve the nodulation efficiency in legumes and other crop species.
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Rhizosphere microbiomes are constantly mobilized during plant–pathogen interactions, and this, in turn, affects their interactions. However, few studies have examined the activities of rhizosphere microbiomes in plants with different susceptibilities to soil-borne pathogens, especially those that cause clubroot disease. In this study, we compared the rhizosphere bacterial community in response to infection of Plasmodiophora brassicae among the four different clubroot susceptibility cultivars of oilseed rape (Brassica napus). Our results revealed obvious differences in the responses of rhizosphere bacterial community to the P. brassicae infection between the four cultivars of oilseed rape. Several bacterial genera that are associated with the nitrogen cycle, including Limnobacter, Thiobacillus, Anaeromyxobacter, Nitrosomonas, Tumebacillus, and Halomonas, showed significantly different changes between susceptible and resistant cultivars in the presence of P. brassicae infection. Moreover, increased connectedness and robustness were exhibited in the rhizosphere bacterial community co-occurrence network in clubroot-susceptible cultivars that were infected with P. brassicae, while only slight changes were observed in clubroot-resistant cultivars. Metagenomic analysis of microbial metabolism also indicated differences in the rhizosphere bacterial community between susceptible and resistant cultivars that were infected with P. brassicae. Functional analysis of the nitrogen cycle showed that genes related to nitrification (nxrB) were upregulated in susceptible cultivars, while genes related to assimilatory nitrate reduction (nasA, narB, and nirA) were upregulated in resistant cultivars that were infected with P. brassicae. These findings indicate that the synthesis and assimilation process of NO3- content were promoted in susceptible and resistant cultivars, respectively. Our study revealed differences in the characteristics of rhizosphere bacterial communities in response to P. brassicae infection between clubroot-susceptible and clubroot-resistant cultivars as well as the potential impact of these differences on the plant–P. brassicae interaction.




Keywords: rhizosphere microbiome, Plasmodiophora brassicae, susceptible cultivar, resistant cultivar, microbial metabolism, nitrogen cycle




1 Introduction

Plant rhizosphere microbiomes are increasingly being studied in recent years in relation to their contributions to various aspects of plant growth, development, and health (Berendsen et al., 2012; Bardgett and van der Putten, 2014; Saleem et al., 2019). Rhizosphere microbiomes are sensitive to alterations in biotic and abiotic factors, including plant development, infection by pathogens, and disorders in soil properties, resulting in a highly dynamic and diverse microbial community throughout the entire life cycle of plants (Zegeye et al., 2019; Panke-Buisse et al., 2015; Kwak et al., 2018; Sun et al., 2020). Moreover, rhizosphere microbiomes are responses to plant/soil-borne pathogen interactions and have been widely studied in recent years. Furthermore, there is a two-way effect between microbial community assemblage and plant/pathogen interaction. In the plant/pathogen systems, plants secrete root exudates and recruit specific microbial communities that confer them with disease resistance according to the “cry for help” theory (Hu et al., 2020, 2018). Similarly, some microbes are conducive to pathogen invasion through nutritional complementarity feedback mechanisms (Li et al., 2019; Pacheco et al., 2019; Kramer et al., 2020). Changes in the microbial community of diseased plants compared with those of healthy plants are external manifestations of disease processes, and this contributes to variations in microbial metabolisms associated with energy and material metabolic cycles, such as carbon and nitrogen cycles (Cao et al., 2024). Therefore, recent studies have focused mainly on identifying certain microbial taxa in rhizosphere microbiomes that contribute to crop health by affecting microbial metabolism or inhibiting pathogen growth. These microorganisms are considered potential tools for soil-borne disease control and sustainable farming and have been widely studied in multiple crops (Sun et al., 2022; Zhang et al., 2022; Compant et al., 2019). However, relatively limited studies have focused on the impact of changes in rhizosphere microbiomes in response to plant/pathogen interactions on the development of crop disease.

Clubroot, caused by the obligate protist, Plasmodiophora brassicae (P. brassicae), is a soil-borne disease that threatens the production of Cruciferous crops worldwide, as it results in a significant reduction of 40% to 60% in both crop yield and quality (Javed et al., 2023; Chai et al., 2014). The typical symptoms of clubroot disease are the presence of root galls as well as wilting and stunting of the above-ground parts of the plant (Schuller and Ludwig-Müller, 2016; Kageyama and Asano, 2009). Traditional measures for clubroot control cannot achieve the goals of eradication due to the long survival times (5–20 years) of resting spores in the soil (Donald and Porter, 2014). Moreover, severely affected fields are unsuitable for crop cultivation for extended periods of time (Dixon, 2009). Genetic resistance is presently being considered the most economical and effective approach for clubroot control worldwide (Diederichsen et al., 2009; Rahman et al., 2014). Multiple potential clubroot resistance genes (CR gene) in Brassica crops that are involved in modulating disease resistance responses to P. brassicae infections have been identified using next-generation sequencing (NGS) and other “omics”-based methods (Nagaoka et al., 2010; Hasan et al., 2021). Furthermore, numerous clubroot-resistant cultivars of Brassica crops have been bred and promoted commercially, including Huashuang 5R and Huayouza 62R (Zhan et al., 2015; Shah et al., 2019). Brassica crops with CR loci have been shown to successfully resist P. brassicae infection through regulating the plant innate immunity (Zhou et al., 2020). Differences in clubroot resistance between susceptible and resistant cultivars were directly reflected in plant roots, including transcription, proteins, and metabolism (Chen et al., 2015; Zhang et al., 2016; Pedras et al., 2008; Cao et al., 2008; Li et al., 2022). However, studies on whether these CR genes participate in interactions between host root and soil microbiome during the clubroot disease process are limited.

Recent studies on clubroot have indicated a distinct shift in microbial communities of Brassica crops when infected with P. brassicae (Kang et al., 2024; Wu et al., 2020). Moreover, variations in microbial community diversity have been shown to be correlated with clubroot disease severity and are highly sensitive as indicated by the microbial community in response to infections with P. brassicae (Lebreton et al., 2019; Liu et al., 2024). Changes in the microbial community due to host/P. brassicae interactions also differ in multiple situations, including disease resistance, pathotype, soil property, and fertilization (Lebreton et al., 2019; Liu et al., 2024; Cordero-Elvia et al., 2024; Gazengel et al., 2021). A more diverse microbial community also appeared to have a more obvious effect in promoting clubroot occurrence; however, this effect varied between susceptible and resistant cultivars (Wang et al., 2023; Daval et al., 2020). Moreover, the positive impact of nitrogen supply on clubroot occurrence also varies between susceptible and resistant cultivars (Gazengel et al., 2021). These phenomena suggest that clubroot resistance mechanisms in resistant cultivar may participate in the interaction within plants, pathogens, and soil microbiomes and may play an important role in shaping microbial communities. Although several studies have shown significant differences in root performance between clubroot-susceptible and clubroot-resistant cultivars when infected with P. brassicae, it is still unclear how clubroot-resistant cultivars manipulate the shaping of microbial communities based on their resistance mechanisms when infected with P. brassicae.

Additionally, we selected four cultivars of Brassica napus with different clubroot resistance levels to investigate whether clubroot resistance mechanisms affect the response of the rhizosphere microbiomes to plant/P. brassicae interactions. Based on 16S rRNA and metagenomic sequencing, we revealed the differences in microbial community, interaction within microbial communities, and microbial metabolisms of rhizosphere microbiomes between clubroot-susceptible and clubroot-resistant cultivars with or without P. brassicae infection. Our results suggest that those obvious differences in the rhizosphere microbiomes between two type cultivars may be caused by a resistant mechanism based on CR genes, which further affects the plant/P. brassicae interactions. Our study will help broaden the strategies for clubroot resistance breeding of oilseed rape and lay the foundation for utilizing soil microbial communities to control the occurrence of clubroot disease.




2 Materials and methods



2.1 Biological materials and pathogen inoculation

The cultivars of oilseed rape (Brassica napus subs. napus, hybrid) C36, H62, H62R, and Menh, as well as P. brassicae pathotype 4 isolate (Williams, 1966) were used in this study (Table 1). C36, also referred to as Chuanyou 36, was provided by the Crop Research Institute, Sichuan Academy of Agricultural Sciences (China) (Jiang et al., 2011). H62 and H62R, referred to as Huayouza62 (clubroot susceptible) and Huayouza62R (clubroot resistant), were provided by Prof. Chunyu Zhang of the College of Plant Science and Technology, Huazhong Agricultural University (China) (Li et al., 2021). Menh, referred to as Menhir (clubroot resistant), was provided by Norddeutsche Pflanzenzucht Hans Georg Lembke KG (NPZ) (Germany, https://www.proplanta.de/pflanzenbauberater/sorten/menhir-winterraps-hauptfruchtanbau_sks_4351raw1.html). Meanwhile, cultivars C36 and H62 are conventional hybrids without any clubroot resistance genes. H62R was generated by crossbreeding with H62 (Brassica napus, recipient parent) and CR Shinki (Chinese cabbage, CRb, donor parent). Menh was generated by crossbreeding with clubroot-resistant (P. brassicae pathotype 3) Mendel. Resting spores were extracted from galled root tissue collected from Brassica napus ‘Chuanyou 81’ in Shifang City, Sichuan Province. Resting spore suspensions were prepared as described in a previous study (Strelkov et al., 2006). The spore suspension was adjusted to a final concentration of 107 spores/mL. Each plant was inoculated with 10 mL of resting spore suspension. The resting spore suspension was injected into the soil close to the plant using a 10-mL syringe to ensure successful infection.

Table 1 | Summary of oilseed rape cultivars used in this study.


[image: Table displaying information about samples: Chuanyou36 (C36) and Huayouza62 (H62) from China in 2011 with no CR locus, Huayouza62R (H62R) from China in 2021 with CRb locus from Gelria R, and Menhir from Germany in 2015 with unknown CR locus and gene source. References are Jiang et al., 2011; Li et al., 2021; North German plant breeding, Hans-Georg Lembke KG.]



2.2 Experimental design and rhizosphere soil sample collection

All experiments were conducted in a greenhouse (23°C, 16-h light/8-h dark). Organic matter soil was purchased from a local market and directly used for plant cultivation without sterilization. Four cultivars of oilseed rape were also planted separately in organic matter soil in plugs (size: 540 mm × 280 mm), with each plug containing 21 holes for sowing oilseed rape. Each cultivar of oilseed rape was planted with a total of six plugs. Three plugs of plants per cultivar with a total of 63 plants were inoculated by resting spore suspensions of P. brassicae at 7 days; the rest of the three plugs of plants were treated with sterile water as the control treatment. For the P. brassicae-treated group, clubroot incidence (CI) and the disease severity index (DSI) of clubroot in each plug were calculated after 40 days of inoculation, and the rhizosphere soil of all diseased plants in the same plug were collected simultaneously into a single bag (Kuginuki et al., 1999). Regarding the control treatment, the rhizosphere soil of all plants in the same plug was also collected simultaneously into a single bag. Finally, a total of 24 rhizosphere soil samples were collected, and each treatment contained three replicates for the subsequent sequencing.

Collection and pretreatment of rhizosphere soil were done as described in a previous study (Edwards et al., 2015). The soil that remained tightly adhered to the roots after intense shaking was used as the rhizosphere soil sample. Root samples were collected into a 50-mL centrifuge tube with 25 mL of 1× PBS solution (137 mM NaCl, 2.7 mM KCl, 10 mM Na2HPO4·12H2O, and 2 mM KH2PO4). The mixture was sonicated at 40 Hz for 1 min and then shaken to separate rhizosphere soil from the roots. The rhizosphere soil was then transferred to a new sterile 50-mL centrifuge tube and centrifuged at 9,000 rpm for 5 min, after which the precipitated rhizosphere soil was subjected to freeze drying (BILON-FD80AD, Shanghai Bilang Instrument Manufacturing Co., Ltd., China). The dry rhizosphere soil was then homogenized by grinding (Tissuelyser-48, Jingxin, China). Finally, the processed samples were stored at -80°C for the subsequent 16S rRNA and metagenome sequencing.




2.3 DNA extraction and 16S rRNA sequencing

Microbial DNA was extracted from 5 g of rhizosphere soil samples of oilseed rape using the E.Z.N.A.® stool DNA Kit (Omega Bio-tek, Norcross, GA, U.S.) according to the manufacturer’s instructions. DNA samples were prepared and stored at -80°C for the subsequent 16S rRNA and metagenomic sequencing. The V3–V4 region of the 16S rRNA gene was PCR-amplified (95°C for 2 min, followed by 25 cycles at 95°C for 30 s, 55°C for 30 s, 72°C for 30 s, and a final extension at 72°C for 5 min) to investigate bacterial communities using the primers 338F (5′-ACTCCTACGGGAGGCAGCA-3′) and 806R (5′-GGACTACHVGGGTWTCTAAT-3′) (Mori et al., 2013). PCR reactions were performed in triplicate 20-μL mixtures containing 4 μL of 5× FastPfu buffer, 2 μL of 2.5 mM dNTPs, 0.8 μL of each primer (5 μM), 0.4 μL of FastPfu Polymerase, and 10 ng of template DNA. The PCR products were detected using 1.5% agarose gel electrophoresis and further purified using an AxyPrepTM DNA Gel Extraction Kit (Axygen Scientific, USA). PCR products were quantified using Qubit®3.0 (Life Invitrogen) and pooled in equimolar concentrations of 10 ng/μL. Paired-end sequencing was performed on an Illumina HiSeq 2500 platform at Beijing Biomarker Technologies Co., Ltd., Beijing, China. Microbial bioinformatic analysis was performed using QIIME 2 2021.11 (Bolyen et al., 2019). The raw sequencing data was demultiplexed and filtered using the q2-demux plugin followed by denoising with DADA2 (Callahan et al., 2016). The phylogenetic affiliation of each 16S rRNA gene sequence was analyzed using RDP Classifier (http://rdp.cme.msu.edu/) against the silva (SSU132) 16S rRNA database using a confidence threshold of 70% (Amato et al., 2013).




2.4 Metagenomic sequencing

Total DNA was also extracted from the above-mentioned rhizosphere soil samples using the E.Z.N.A.® Viral DNA Kit (Omega Bio-tek, Norcross, GA, USA) according to the manufacturer’s protocols. High-quality DNA sample (OD260/280 = 1.8–2.2, OD260/230 ≥ 2.0) was used to construct a sequencing library. Metagenomic shotgun sequencing libraries were constructed and sequenced at Shanghai Biozeron Biological Technology Co., Ltd. Briefly, for each sample, 1 μg of genomic DNA was sheared by Covaris S220 Focused-ultrasonicator (Woburn, MA, USA), and sequencing libraries were prepared with a fragment length of approximately 450 bp. All samples were sequenced using the Illumina NovaSeq 6000 platform at Shanghai Biozeron Biotechnology Co., Ltd., Shanghai, China.

Raw sequence reads underwent quality trimming using Trimmomatic v0.36 to remove adaptor contaminants and low-quality (quality below 20 and shorter than 50 bp) reads (Bolger et al., 2014). The taxonomy of clean reads for each sample was determined by Kraken2 using the customized kraken database. The abundances of taxonomy were estimated using Bracken (https://ccb.jhu.edu/software/bracken/) which can produce accurate species- and genus-level abundance even in multiple near-identical species. Clean sequence reads were assembled with MegaHit (v1.1.1-2-g02102e1). Assembled contigs were predicted using METAProdigal (v2.6.3), and a set of unique genes were generated using CD-HIT. Gene prediction was generated using MetaGeneMark software to identify coding regions in the genome. A non-redundant genome set (95% similarity threshold, 90% coverage threshold) was conducted using MMseq2 software. GO (Gene Ontology) annotation was performed using the goatools package. The unique gene set was first translated into protein sequences and then searched against the NCycle database (Tu et al., 2019) using DIAMOND (Buchfink et al., 2015) to identify the gene functions with the following filter parameters: evalue 0.00001, identity 90%. CAZymes were annotated using HMMER (v.3.2.1) to match the protein sequences to entries in the hidden Markov model (HMM) libraries of CAZyme (carbohydrate-active enzymes database) families downloaded from the CAZy (Lombard et al., 2014) database (http://www.cazy.org/, v12). KEGG (Kyoto Encyclopedia of Genes and Genomes) ortholog annotation was performed using KofamScan (https://www.genome.jp/tools/kofamkoala/) with the HMMSEARCH package (https://www.ebi.ac.uk/Tools/hmmer/search/hmmsearch).




2.5 Bioinformatic analyses

The composition of the rhizosphere bacterial community at the phylum level based on the OTUs (operational taxonomic units) data was generated using the ggplot2 package in R (v 4.3.1). The α-diversity of the bacterial community was estimated using the non-parametric Shannon and Chao1 indices. A principal coordinate analysis (PCoA) based on Bray–Curtis distance metrics was performed with R (version 4.3.1) using the vegan package to explore differences in bacterial community compositions between clubroot-susceptible and clubroot-resistant cultivars of oilseed rape. The Bray–Curtis distance was generated based on OUT datasets at the genus level. Multivariate analysis of variance (MANOVA) was conducted based on Bray–Curtis distance metrics to further confirm the observed differences. The heatmap of the down- and upregulation of bacterial genera in the four cultivars of oilseed rape was calculated based on the relative abundance of each bacterial genera data in all the sequencing samples. Significance analysis of bacterial genera in the four cultivars of oilseed rape was generated using the STAMP software. Commonality analysis of variation in bacterial genera between the four cultivars was performed using an upset-venn diagram. The upset-venn diagram was completed using Wekomo Bioincloud (https://www.bioincloud.tech) (Gao et al., 2024).

Based on the disease index of clubroot and commonality analysis of variation in bacterial genera between the four cultivars, C36 and H62 were classified as clubroot-susceptible types, and H62R and Menhir were classified as clubroot-resistant types (Table 2; Figure 1F). The averages of sequencing data from two cultivars representing the clubroot-susceptible or clubroot-resistant type data were used for the subsequent analysis. The bubble diagram was completed using Wekomo Bioincloud. Microbial co-occurrence networks were used to uncover the potential interactions between rhizosphere microbiomes for clubroot-susceptible and clubroot-resistant oilseed rape cultivars with or without P. brassicae treatment. For each treatment, we constructed one network to display the co-occurrence patterns of bacterial ASVs (amplicon sequence variants) in the rhizosphere with or without exposure to P. brassicae infection. Bacterial ASVs (with a relative abundance >0.1% for at least one sample) in the rhizosphere were selected for network construction. A pairwise Spearman correlation matrix was calculated with the “corr.test” function in the psych package in R (version 4.3.1). Robust correlations with Spearman’s correlation coefficients (p) > 0.6 or < -0.6 and p < 0.01 were used to construct networks. Network properties were performed in the igraph package in R (version 4.3.1). SIMPER (similarity percentages) analysis, which was completed based on the abundance data of bacterial ASVs using Wekomo Bioincloud, was used to identify the key bacterial genera that contribute significant differences in the rhizosphere bacterial co-occurrence network between susceptible and resistant cultivars. The mean relative abundance of bacterial genera was generated using the ggplot2 package in R (version 4.3.1). Alpha and beta diversity of GO, KEGG, and CAZy pathways were performed using the ggplot2 package in R (version 4.3.1). Significant difference analyses of the relative abundance of the KEGG pathway were completed using the STAMP software.

Table 2 | Summary of clubroot disease indices in all the treatment groups in this study.
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Figure 1 | Comparison of rhizosphere bacterial diversity among the four of oilseed rape cultivars with or without P. brassicae. (A) Composition of rhizosphere bacterial community in the phylum level in all samples. C36C, H62C, H62RC, and MenhC means cultivars Chuanyou36, Huayouza62, Huayouza62R, and Menhir treated with water (Control). C36T, H62T, H62RT, and MenhT means four oilseed rape cultivars treated with resting spores of P. brassicae. (B) Rhizosphere bacterial α-diversity (Shannon and Chao1 indices) in all samples. “n.s.” means no significant difference between two samples (P > 0.05, n = 3, Student's t-test). (C) PCoA of rhizosphere bacterial community in C36, H62, H62R, and Menh of oilseed rape cultivars between the P. brassicae-treated and control groups. (D) Downregulation of bacterial genera in the four cultivars with P. brassicae-treated group compared with those of controls. “*, **” indicate significant differences among the samples (P < 0.05 and P < 0.01, n = 3, Student's t-test). (E) Upregulation of bacterial genera in the four cultivars with P. brassicae treatment compared with the controls. “*, **” indicate significant differences among the samples (P < 0.05 and P < 0.01, n = 3, Student's t-test). (F) Commonality analysis of variation in bacterial genera among the four cultivars based on the statistical results shown in (E, F).




2.6 Data availability

The 16S rRNA amplicon data (SAMN40276299-SAMN40276322) and metagenome data (SAMN40350186-SAMN40350209) associated with this study have been deposited in the NCBI sequence read archive (SRA) under project accession PRJNA1084241. Source data have been provided in this article.





3 Results



3.1 Diversity of rhizosphere bacterial communities among the four oilseed rape cultivars infected with P. brassicae

The greenhouse experiment revealed that the four oilseed rape cultivars had varying susceptibility to P. brassicae infection. Data of CI and DSI showed that C36 and H62 cultivars were more susceptible than H62R and Menhir cultivars to P. brassicae infection (Table 2). We also tested rhizosphere bacterial community diversity in all treatments through 16S rRNA sequencing. A total of 794,568 16S rRNA gene reads were obtained from 16S rRNA sequencing data of all samples, with 2,277 bacterial zero-radius OTUs identified. The rhizosphere bacterial community in all samples was mainly dominated by phylum Proteobacteria (reads: 229,250), Planctomycetota (reads: 102,023), Acidobacteriota (reads: 96,102), Chloroflexi (reads: 68,968), Actinobacteriota (reads: 63,380), Gemmatimonadota (reads: 60,356), and Bacteroidota (reads: 31,054) (Figure 1A). The infection of P. brassicae did not significantly affect the rhizosphere bacterial α-diversity of oilseed rape at 40 dpi. Compared with the control group, the bacterial Shannon (6.58–6.78) and Chao1 (1,237–1,483) indices showed no significant difference in the four cultivars that were treated for P. brassicae (P > 0.05, Figure 1B). However, shifts in the rhizosphere bacterial communities were varied in the four cultivars under P. brassicae infection. PCoA analysis at the genus level indicated a significant difference in the structure of the rhizosphere bacterial community between C36 and Menhir cultivars in the control treatment, excluding H62 and H62R (Figure 1C). Consistently, MANOVA analysis confirmed that the cultivar type was the main driver of rhizosphere bacterial β-diversity under normal growth conditions (R2 = 0.58, P < 0.001). However, compared with the control, the responses among the four cultivars differed when infected with P. brassicae, suggesting that the rhizosphere bacterial community changed in response to P. brassicae infection among the four cultivars (R2 = 0.64, P < 0.001, Figure 1C).

Compared to the controls, the relative abundance of 76 (76/443, 17.2%) bacterial genera was significantly changed in the four cultivars when infected with P. brassicae (P < 0.05). A relative abundance of 40 bacterial genera was also significantly downregulated in the four cultivars when infected with P. brassicae, wherein nine bacterial genera underwent different changes in the four cultivars (Figure 1D). The rest of the 36 bacterial genera in the relative abundance level was significantly upregulated in the four cultivars (Figure 1E). The commonality analysis of variation in bacterial genera based on the upset-venn diagram showed that the four cultivars could be classified into two categories, C36 and H62 (top 2 intersection size: 8) and H62R and Menh (top 1 intersection size: 14) (Figure 1F)—for example, the relative abundance of Gemmatimonas, Glutamicibacter, and Tumebacillus, respectively, were significantly downregulated in the C36 and H62 cultivars. The relative abundance of Limnobacter was significantly upregulated in the C36 and H62 cultivars, while it was significantly downregulated in the H62R cultivar (Figure 1D). The relative abundance of Luteimonas, Dokdonella, Arenimonas, Woeseia, Methylophaga, and Cavicella were only significantly upregulated in the H62R and Menh cultivars (Figure 1E).




3.2 Differences in rhizosphere bacterial communities among different cultivars with varying susceptibility to infections by P. brassicae

Two categories, clubroot-susceptible (C36 and H62) and clubroot-resistant cultivars (H62R and Menh), were classified based on DSI and commonality analysis of variation in rhizosphere bacterial genera for subsequent analysis (Table 2; Figure 1F). Compared with the control groups, the bacterial Shannon index showed no significant differences in both clubroot-susceptible and clubroot-resistant cultivars infected with P. brassicae (P > 0.05, Figure 2A). However, the bacterial β-diversity showed significant differences among the four groups (R-C, R-T, S-C, and S-T), indicating an obvious difference in bacterial community composition between them (R2 = 0.15, P < 0.05, Figure 2B). Compared to the control group, a total of 49 bacterial genera with relative abundance levels were significantly changed in the clubroot-susceptible (N = 22) or clubroot-resistant (N = 24) cultivars under P. brassicae infestation (Figure 2C). Meanwhile, the relative abundance of Pseudomonas and Amaricoccus were significantly upregulated in both susceptible and resistant cultivars. Some bacterial genera, such as Limnobacter, Thiobacillus, and Anaeromyxobacter, were significantly upregulated in susceptible cultivars, while thy were downregulated in resistant cultivars. Furthermore, Nitrosomonas, Tumebacillus, and Halomonas were significantly downregulated in susceptible cultivars; however, these were upregulated in resistant cultivars.
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Figure 2 | Comparison of rhizosphere bacterial community diversity between clubroot-susceptible and resistant oilseed rape cultivars. (A) Rhizosphere bacterial α-diversity (Shannon index) in clubroot susceptible cultivars treated with water (C36 and H62, S-C) and P. brassicae (S-T); clubroot-resistant cultivars treated with water (H62R and Menhir, R-C) and P. brassicae (R-T). “n.s.” means no significant difference between two samples (P > 0.05, n = 3, Student's t-test). (B) PCoA analysis of rhizosphere bacterial community structure between susceptible and resistant cultivars. (C) Comparison analysis of bacterial genera that underwent significant changes in the susceptible and resistant cultivars. FC means fold change in relative abundance level between the treated and control samples. RA means the relative abundance of bacterial genus in each sample. The blue dot means bacterial genera in relative abundance levels that only showed significant changes in susceptible cultivars. The red dot means bacterial genera in relative abundance levels that only showed significant changes in resistant cultivars. The purple dot indicates bacterial genera in relative abundance level that showed significant changes in both susceptible and resistant cultivars. (D) Rhizosphere bacterial co-occurrence networks between clubroot-susceptible and resistant oilseed rape cultivars treated with or without P. brassicae. (E) SIMPER analysis of the top ten bacterial genera that contribute to differences in the bacterial co-occurrence network in the susceptible and resistant cultivars between the control and P. brassicae-treated groups. *, *** indicate significant differences among the samples (P<0.05, P<0.005, n=6, Permutation test). (F) Mean relative abundance of the top 10 contributing bacterial genera in the susceptible and resistant cultivar samples. “ns” means no significant difference between two samples (P > 0.05, n = 6, Student's t-test). “*” indicate significant differences among the samples (P < 0.05, n = 6, Student’s t-test).

Moreover, a rhizosphere bacterial co-occurrence network was generated to evaluate the interaction of rhizosphere bacterial communities of oilseed rape with or without P. brassicae infection. Compared to the control group (susceptible control, S-C), increased connectedness and robustness were exhibited in the rhizosphere bacterial community in susceptible cultivars infected with P. brassicae (susceptible treat, S-T) (Figure 2D). Consistently, the number of nodes and edges in the bacterial co-occurrence network in the S-T treatment was also higher than those in the S-C treatment group (S-C: nodes = 1,444, edges = 6,611, S-T: nodes = 1,962, edges = 14,376). On the contrary, similar changes were not observed in clubroot-resistant cultivars, while the connectedness and robustness of the bacterial co-occurrence network was slightly affected by P. brassicae infections (Figure 2D). The number of nodes and edges in the bacterial co-occurrence network showed a similar level between R-T and R-C treatments (R-C: nodes = 1,514, edges = 10,096; R-T: nodes = 1,552, edges = 8,441), while it was lower than those in the S-T treatment (Figure 2D). The above-mentioned results implied that P. brassicae infection had a significant impact on the interaction of the rhizosphere bacterial community in susceptible cultivars. The SIMPER analysis identified the top 10 bacterial genera responsible for differences in microbial co-occurrence network between susceptible and resistant cultivars (Figure 2E). Meanwhile, seven bacterial genera coexist in both susceptible and resistant cultivars, with the top three contributing bacterial genera being unclassified_Gemmatimonadaceae, unclassified_Pirellulaceae, and Pirellula. Compared to the controls, the relative abundance of unclassified_Gemmatimonadaceae was upregulated in resistant cultivars when subjected to P. brassicae infestation, while it was significantly downregulated in susceptible cultivars (P < 0.05) (Figure 2F). However, the relative abundance of unclassified_Pirellulaceae and Pirellula, respectively, were downregulated in resistant cultivars, while it was upregulated in susceptible cultivars (P > 0.05).




3.3 Functional diversity in the rhizosphere microbial community of clubroot-susceptible and clubroot-resistant oilseed rape cultivars exposed to P. brassicae infestation

Metagenomic analysis was used to investigate functional differences in the rhizosphere microbial community between clubroot-susceptible and clubroot-resistant cultivars when exposed to P. brassicae infection. An analysis of functional diversity annotated based on GO and KEGG databases showed that there was a significant difference between susceptible and resistant cultivars with or without P. brassicae infestation. Compared to the controls, rhizosphere microbial functional α- and β-diversity based on GO and KEGG databases showed significant changes in susceptible cultivars exposed to P. brassicae infection, while there was no significant change in resistant cultivars (Figures 3A, B). In contrast to the two types previously mentioned, rhizosphere microbial functional α- and β-diversity based on CAZy database showed no significant changes in both of the two cultivars exposed to P. brassicae infection compared with the controls (Figure 3C).
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Figure 3 | Functional diversity of rhizosphere microbiomes between clubroot-susceptible and resistant oilseed rape cultivars when exposed to P. brassicae infestation. (A–C) Functional diversity (Shannon index and PCoA) of rhizosphere microbiomes based on GO, KEGG, and CAZy databases between susceptible and resistant cultivars. Different letters represent significant differences among the treatments (P < 0.05, n = 6, Tukey test). (D) Differential KEGG pathways of rhizosphere microbiomes in the susceptible and resistant cultivars between the control and P. brassicae-treated groups.

An analysis of KEGG pathways showed that the relative abundance of multiple pathways was significantly changed in susceptible and resistant cultivars under P. brassicae infection compared with the controls. In susceptible cultivars, the relative abundance of 11 pathways were significantly downregulated when exposed to P. brassicae infection compared with the controls, while the other seven pathways were significantly upregulated (Figure 3D). In the resistant cultivars, the relative abundance of 10 pathways was significantly downregulated when exposed to P. brassicae infection compared with the controls, while the other nine pathways were significantly upregulated (Figure 3D). Among them, most of the pathways belonged to microbial metabolism, and three pathways (biosynthesis of secondary metabolites, microbial metabolism in diverse environments, and nitrotoluene degradation) showed significant changes in both susceptible and resistant cultivars. However, microbial metabolism in diverse environments and nitrotoluene degradation pathways showed opposite changes between susceptible and resistant cultivars. Both of the two pathways were significantly upregulated in the susceptible cultivars under P. brassicae infection compared with the controls, while they were significantly downregulated in resistant cultivars.

Subsequently, we focused on the variation of genes and pathways in the nitrogen (N) cycle between susceptible and resistant cultivars with or without P. brassicae infection. A total of 351 unigene protein sequences (identity ≥90%) were matched to 23 genes involved in the N cycle pathway, including nitrification (amoB, hao, and nxrB; number of unigenes = 3), denitrification (nirS, nirK, norB, and nosZ; number of unigenes = 249), nitrogen fixation (nirH; number of unigenes = 4), assimilatory nitrate reduction (nasA, narB, and nirA; number of unigenes = 8), dissimilatory nitrate reduction (narG, narH, napA, and nrfA; number of unigenes = 14), and organic nitrogen metabolism (nmo, gdh_K00261, gdh_K00262, gdh_K15371, glsA, glnA, ureA, and ureC; number of unigenes = 73) (Figure 4A). Among them, 16 genes were further analyzed. Compared to the controls, multiple genes showed different changes between susceptible and resistant cultivars when exposed to P. brassicae infection. In susceptible cultivars, we observed a higher abundance of genes associated to nitrification (amoB and nxrB), dissimilatory nitrate reduction (narH and nrfA), and denitrification (nirS, nirK, norB, and nosZ) when exposed to P. brassicae infection compared with the controls (Figure 4B). A variation in the nxrB gene abundance in the nitrification pathway (NO2-→NO3-) indicated an accelerated process in NO3- synthesis, which was consistent with the results above (Figure 2). However, in the resistant cultivars, a number of genes associated with assimilatory nitrate reduction (nasA, narB, and nirA), denitrification (nirS and nosZ), nitrogen fixation (nirH), and nitrification (amoB and hao) were upregulated when infected with P. brassicae compared with the controls, while the other genes associated with denitrification (nirK) and organic nitrogen metabolism (nmo) were downregulated. Additionally, a variation in the abundance of nasA, narB, and nirA genes in the assimilatory nitrate reduction pathway indicated an accelerated process in NO3- assimilation.

[image: Pie chart and schematic representing the nitrogen cycle. Chart A shows distribution of unigenes with a majority in blue representing 249 unigenes. Chart B illustrates nitrogen transformations with pathways: nitrification (red), denitrification (blue), nitrogen fixation (purple), and others indicated by differently colored arrows. The bar graph inserts display log fold changes in expression.]
Figure 4 | Metagenomic analysis of nitrogen cycle pathways of rhizosphere microbiomes in susceptible and resistant cultivars. (A) Number of unigenes annotated to genes related to the nitrogen cycle pathway. The color of the cake is consistent with that shown in (B), indicating the type of nitrogen cycle pathway. (B) The red arrow indicates the nitrification pathway (amoB, hao, and nxrB) of the nitrogen cycle. The blue arrow indicates the denitrification pathway (nirS, nirK, norB, and nosZ) of the nitrogen cycle. The purple arrow indicates the nitrogen fixation pathway (nifH) of the nitrogen cycle. The green arrow represents the assimilatory nitrate reduction pathway (nasA, narB, and nirA) of the nitrogen cycle. The brown arrow indicates the dissimilatory nitrate reduction pathway (narG, narH, napA, and nrfA) of the nitrogen cycle. The black arrow represents the organic nitrogen metabolism pathway (nmo) of N cycle. “*” indicates significant differences among the samples (P < 0.05, n = 6, Student's t-test).





4 Discussion

Alterations in the rhizosphere microbiome always occur in plants after being infected by soil-borne pathogens; this phenomenon has been reported in several crop/pathogen disease systems, including clubroot (Kwak et al., 2018; Hu et al., 2020; Ni et al., 2022). However, studies on the differences in response of rhizosphere bacterial community to P. brassicas infection between clubroot-susceptible and clubroot-resistant cultivars are limited. Herein we investigated the variation in rhizosphere bacterial community in oilseed rape cultivars with different susceptibility to P. brassicae infection. Our results revealed a distinct shift in rhizosphere bacterial communities in the four cultivars when infected with P. brassicae compared with the control, and this also varied among the cultivars (Figure 1). The results of this study indicated that the response of rhizosphere bacterial community to P. brassicae infection was different among the four cultivars, and the cultivar type was the main driving factor that led to variations in the rhizosphere bacterial community (Figure 1). Our results are consistent with those of previous studies, indicating that the host genotype has a significant impact on shaping the plant rhizosphere microbial community, which has also been extensively confirmed in other crops (Zhang et al., 2019)—for example, the Indica variety of rice showed a higher nitrogen use efficiency than that of the Japonica variety through recruiting more microbial taxa with nitrogen metabolism functions, which is determined by a nitrate transporter and sensor named NRT1.1B. Moreover, this distinct shift in rhizosphere bacterial community is a result of the interaction between the host plant and P. brassicae. Previous studies have also proven that a distinct transcriptome landscape existed in the roots of clubroot-susceptible and clubroot-resistant Chinese cabbage lines after P. brassicae infection, indicating an obvious difference in clubroot resistance mechanisms and root exudations (Jia et al., 2017). A variation in the root transcription landscape could also lead to alterations in root metabolites, which, in turn, may affect the rhizosphere bacterial community (Pedras et al., 2008; Li et al., 2022). Moreover, shaping plant rhizosphere microbiomes can be achieved through the secretion of root exudates (Hu et al., 2018). In cereal crops such as wheat and maize, plant root would release benzoxazinoids to alter root-associated fungal and bacterial communities under a pathogen’s infestation.

Although four cultivars showed significant differences in their rhizosphere bacterial community when infected with P. brassicae, clubroot occurrence performance and commonality analysis of variation in bacterial genera also confirmed that cultivars C36 and H62, H62R, and Menhir, could be classified into clubroot-susceptible and clubroot-resistant types (Table 2; Figure 1). A comparative analysis further revealed differences in rhizosphere bacterial communities between clubroot-susceptible and clubroot-resistant cultivars in response to P. brassicae infection (Figure 2). Compared to the controls, some bacterial genera, such as Limnobacter, Thiobacillus, Anaeromyxobacter Nitrosomonas, Tumebacillus, and Halomonas, showed significant changes in relative abundance level between susceptible and resistant cultivars when exposed to P. brassicae infection. Meanwhile, Limnobacter, Thiobacillus, and Anaeromyxobacter were reported to be associated with BNF (biological N2 fixation) and were significantly upregulated in susceptible cultivars infected with P. brassicae and were downregulated in resistant cultivars. Additionally, Thiobacillus and Anaeromyxobacter were reported to be associated with arsenite oxidation-dependent biological nitrogen fixation, and Limnobacter was reported to be associated with nitrification-anammox (PN/A) processes (Li et al., 2023; Wang P. et al., 2024). Our results suggested that variations in the relative abundance of those three bacterial genera may lead to an accumulation of NO3- and SO42- in the soil and a reduction in pH value, which may be conducive to P. brassicae infection by reducing the soil’s pH value (Wang et al., 2023). Moreover, Nitrosomonas, Tumebacillus, and Halomonas were significantly downregulated in susceptible cultivars but were upregulated in resistant cultivars. Nitrosomonas, Tumebacillus, and Halomonas were reported to be associated with nitrosation and aerobic denitrification; variations in the relative abundance of those bacterial genera have also been shown to lead to an accumulation of NO3- and SO42- in soil samples from susceptible cultivars (Arp et al., 2002; Zhang et al., 2014; González-Domenech et al., 2010).

A variation in bacterial taxa is also reflected in microbial interactions. The bacterial co-occurrence network also showed a distinct interaction intensity within rhizosphere bacterial communities in susceptible cultivars infected with P. brassicae compared with the controls. Meanwhile, increased connectedness and robustness of the bacterial co-occurrence network were observed in susceptible cultivars exposed to P. brassicae infestation compared with the controls, while there were slight changes in resistant cultivars. The SIMPER analysis revealed that unclassified_Gemmatimonadaceae, unclassified_Pirellulaceae, and Pirellula were the three most common bacterial genera that contributed to the differences in bacterial co-occurrence network between the P. brassicae-treated and control samples in susceptible and resistant cultivars (Figure 2E). Among them, the relative abundance of unclassified_Gemmatimonadaceae was upregulated in resistant cultivars exposed to P. brassicae, while it was significantly downregulated in susceptible cultivars (Figure 2F). Gemmatimonadaceae was reported to be associated with plant root metabolites, which had a negative correlation with organic acid and a positive correlation with ketone content (Wang M. et al., 2024). Flavonoids, a type of ketone, have been reported to be associated with clubroot disease resistance in Arabidopsis thaliana (Päsold et al., 2010). The relative abundance of unclassified_Pirellulaceae and Pirellula was downregulated in the resistant cultivars when exposed to P. brassicae, while it showed slight changes in susceptible cultivars. Pirellula belonged to Planctomycetes and has been shown to be associated with anaerobic ammonia oxidation (Huang et al., 2014). In this study, a decrease in the relative abundance of Pirellula in resistant cultivars may also lead to the degradation of NO3- in the soil.

Variations in bacterial taxa and interaction within rhizosphere bacterial communities may also be reflected in microbial metabolisms. Functional diversity analysis based on metagenomic sequencing data further confirmed that changes in bacterial communities resulted in alterations in microbial metabolism. Our results showed that multiple pathways associated with microbial metabolism were significantly different in susceptible and resistant cultivars when exposed to P. brassicae infection compared with the controls (Figure 3). Among them, pathways associated with the nitrogen cycle exhibited distinct differences between susceptible and resistant cultivars (Figure 3D). Our results also demonstrated that the synthesis (nitrification) and assimilation (assimilatory nitrate reduction) processes of NO3- content were promoted in susceptible and resistant cultivars, respectively. Meanwhile, the abundance of nxrB gene related to nitrification (NO2-″NO3-) was upregulated in susceptible cultivars exposed to P. brassicae infection compared with the control, while it only changed slightly in resistant cultivars. Moreover, the expression of nasA, narB, and nirA genes, which are related to assimilatory nitrate reduction, was upregulated in resistant cultivars when exposed to P. brassicae infections compared with the controls, while it was downregulated in susceptible cultivars (Figure 4). In this study, the differences in nitrification and assimilatory nitrate reduction pathways between susceptible and resistant cultivars were due to rhizosphere microbiomes in response to B. napus/P. brassicae interaction. Our results suggested that NO3- may be one of the critical factors that affect B. napus/P. brassicae interaction and could reduce the incidence of clubroot.

Nitrogen, which is widely considered as a central element in soil ecosystems, has a huge impact on plant/pathogen interactions (Cui et al., 2014). Meanwhile, nitrogen supply could enhance the development of biotrophic pathogens, while the opposite effect is observed for necrotrophic pathogens (Solomon et al., 2003; Mur et al., 2016). The different forms of nitrogen supply (ammonium NH4+ or nitrate NO3-) can have various effects on the occurrence of plant disease due to differences in assimilation and metabolism pathways (Mur et al., 2016). NO3- feeding can strengthen host hypersensitive response (HR)-mediated resistance through enhancing the production of polyamines, while NH4+ nutrition can attenuate host defense. Regarding clubroot, although some studies suggest that the occurrence of clubroot is reduced with the application of high-nitrogen fertilizers, this may be attributed to the fact that oilseed rape requires a relatively large amount of nitrogen fertilizer during its entire growth period for growth and disease resistance (Gossen et al., 2014; Rathke et al., 2005). However, recent studies have shown that a high nitrogen supply could promote the occurrence of clubroot in susceptible B. napus cultivars by regulating the transcriptomic profile of P. brassicae, including pathogenicity-related genes (NUDIX and NEP-proteins) and genes associated to obligate biotrophic functions (glutamine synthetase, associated with nitrogen metabolism), whereas the effect differs in resistant cultivars (Gazengel et al., 2021). The above-mentioned results suggest that nitrogen supply may be beneficial for P. brassicae infection. Germination of P. brassicae’s resting spores is crucial for the occurrence of clubroot disease. Recent studies have proven that a diverse bacterial community, rather than root exudates, is necessary to stimulate the germination of the resting spores of P. brassicae (Wang et al., 2023). Meanwhile, the relative abundance of Sphingobacteriia, Flavobacteriia, and Bacteroidetes was significantly enriched in the “high”-germination-rate group, while Proteobacteria dominated in the “low”-germination-rate group. Moreover, the addition of NO3-, not NH4+, was conducive for the induction of the microbial community, leading to the germination of resting spores. The NO3- supply may be utilized as nutrients by certain microorganisms and could enhance nitrogen cycle pathways within microbial communities. The results of this study are consistent with the conclusions of previous studies. The NO3- synthesis pathways in the rhizosphere microbiomes were promoted in susceptible cultivars when exposed to P. brassicae infection compared with the controls, while the NO3- assimilation pathways in the rhizosphere microbiomes were promoted in resistant cultivars. Furthermore, in this study, variations in the NO3- assimilation and synthesis pathways in rhizosphere microbiomes were a result of the occurrence of clubroot, suggesting that changes in rhizosphere microbial community were directed by the B. napus/P. brassicae interaction. We considered that this rhizosphere microbial ecology environment associated with NO3- accumulation in the susceptible cultivar may be conductive to the further development of clubroot. In the clubroot-susceptible cultivar, once the host’s own defense system was breached, P. brassicae may control the rhizosphere microbial community to facilitate further infection by regulating the host’s metabolism. However, in clubroot-resistant varieties, the rhizosphere microbial community may be continuously manipulated by the host to jointly resist the P. brassicae infection. The differences between susceptible and resistant cultivars may be determined by their distinct resistance mechanisms. Multiple studies have also shown that Brassica crop roots showed different changes in genes, transcription, metabolomics, and proteome perspectives after P. brassicae infection, while the situation varied between susceptible and resistant cultivars due to the CR gene (Chen et al., 2015; Zhang et al., 2016; Pedras et al., 2008; Cao et al., 2008; Li et al., 2022). In this study, although we revealed the differences in NO3- assimilation and synthesis pathways in the rhizosphere microbiomes between susceptible and resistant cultivars after infection with P. brassicae, it is still unclear that soil NO3- participated in the interaction between hosts, P. brassicae, and rhizosphere microbiomes. In this study, the results of microbial diversity were conducted based on relative abundance indicators, and we only focused on limited microbial taxa that were differentially distributed among different samples. Hence, we might ignore those microbial taxa that showed significant changes in absolute abundance level across different samples while having similar relative abundance levels, and these microbes might be crucial for regulating microbial ecological functions. Moreover, all the conclusions obtained in this study were completed in the greenhouse condition, so several environmental impact factors, such as soil property, fertilizer regime, and cultivation pattern, were overlooked compared to field experiments. Our further study will validate the effect of NO3- pathway of microbial community on clubroot occurrence and clarify the relationship between soil NO3- content and microbial community function. We will also investigate the succession pattern of soil nitrogen cycling during the occurrence of the clubroot disease process, which is conducive to clarify the occurrence mechanism of clubroot disease and lay a theoretical foundation for clubroot disease control by using soil microorganisms.
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Maize (Zea mays L.) production in sub-Saharan Africa can be improved by using hybrids with genetic resistance to maize lethal necrosis (MLN). This study aimed to assess the general (GCA) and specific combining ability (SCA), reciprocal effects, and quantitative genetic basis of MLN resistance and agronomic traits in tropical maize inbred lines. A total of 182 hybrids from a 14-parent diallel, along with their parents, were evaluated under artificial MLN inoculation and rainfed conditions for 3 years in Kenya. Disease ratings at four time points, grain yield (GY), and other agronomic traits were analyzed using Griffing’s Method 3 and Hayman’s diallel models. Significant (P < 0.001) GCA and SCA mean squares were observed for all traits under disease conditions and most traits under rainfed conditions, highlighting the importance of both additive and non-additive genetic effects. However, additive gene action predominated for all traits. Narrow-sense heritability estimates for MLN resistance (h2 = 0.52–0.56) indicated a strong additive genetic component. Reciprocal effects were not significant for MLN resistance, suggesting minimal maternal or cytoplasmic inheritance. Four inbred lines showed significant negative GCA effects for MLN resistance and positive GCA effects for GY under artificial MLN inoculation. Inbred lines CKL181281 and CKL182037 (GCA effects for MLN4 = -0.45 and -0.24, respectively) contained the most recessive alleles for MLN resistance. The minimum number of groups of genes involved in MLN resistance was estimated to be three. Breeding strategies that emphasize GCA could effectively be used to improve MLN resistance in this germplasm.




Keywords: diallel, combining ability, disease resistance, heritability, maize, maternal, reciprocal, maize chlorotic mottle virus




1 Introduction

Maize (Zea mays L.) is a major cereal crop in sub-Saharan Africa (SSA), where it covers more than 40 million ha of arable land. It is the most important crop for food security, income, and livelihoods for several million smallholder farmers across SSA, especially in eastern and southern Africa where nearly 85% of the maize produced is used as food (Shiferaw et al., 2011). Maize production in SSA was approximately 70 million metric tons in 2020 (FAOSTAT, 2021) and is largely produced by smallholder farmers. Despite its wide cultivation, the average maize yield in SSA is approximately 2.0 t ha-1, which is far below the global average of approximately 5.8 t ha-1 (Erenstein et al., 2022). The low maize yield is attributed to several factors including the frequent occurrence of drought, poor soil fertility, inadequate use of inputs such as improved seed and fertilizers, the impact of pests and diseases (Prasanna et al., 2021), and parasitic weeds (Menkir et al., 2012). Maize diseases of major economic importance in SSA include fungal (Asea et al., 2002; Menkir and Ayodele, 2005; Vivek et al., 2010; Sserumaga et al., 2020) and viral diseases (van Rensburg et al., 1991; Kyetere et al., 1999). Many of the pests and diseases of maize in SSA have become endemic to the region but there have been cases of new transboundary pests and diseases in recent years, affecting the food security and livelihoods of several million resource-constrained smallholder farmers (Prasanna et al., 2020). An example of a transboundary disease occurrence in Africa was the emergence of maize lethal necrosis (MLN) disease in SSA (Wangai et al., 2012; Mahuku et al., 2015a), a disease that was first reported in the Americas in the 1970s (Niblett and Claflin, 1978; Uyemoto et al., 1980).

Maize lethal necrosis was first reported in Kenya in 2011 but has since spread to several other eastern African countries between 2012 and 2018 (Wangai et al., 2012; Mahuku et al., 2015b; Adams et al., 2014; Lukanda et al., 2014; Mudde et al., 2018). This viral disease is caused by the coinfection of maize plants by the maize chlorotic mottle virus (MCMV) and any one of the viruses from the family Potyviridae, such as sugarcane mosaic virus (SCMV), maize dwarf mosaic virus (MDMV), or wheat streak mosaic virus (WSMV) (Redinbaugh and Stewart, 2018; Braidwood et al., 2018; Mwatuni et al., 2020). Recent studies revealed that Johnson grass mosaic virus (Stewart et al., 2017) and maize yellow dwarf virus (Wamaitha et al., 2018) in association with MCMV, cause MLN. The emergence of MLN in eastern Africa is attributed to the entry of MCMV into the region (Prasanna et al., 2020) since the presence of SCMV was reported in maize in East Africa much earlier (Kulkarni, 1973; Louie, 1980).

MLN has seriously affected maize grain yield and production in eastern Africa to varying levels. Based on community surveys in 2013, total maize loss in Kenya due to the MLN outbreak was estimated at 0.5 million metric tons year-1 or 22% of the average annual production, with a value of approximately USD 180 million (De Groote et al., 2016). In 2018, the total quantity of maize lost in Kenya was estimated to be approximately 0.17 million metric tons equivalent to approximately USD 51 million (De Groote et al., 2021). Strategies such as crop rotation to break the disease cycle, the use of clean seed, and vector control have been proposed to manage MLN in SSA. The most economically viable and environmentally sustainable approach to control and manage MLN is the development of resistant or tolerant maize varieties. The economic value of adopting MLN tolerant hybrids was estimated at USD 195–678 million in Kenya and USD 245–756 million in Ethiopia depending on adoption levels of 25–75% (Marenya et al., 2018), suggesting a considerable benefit to farmers in utilizing MLN resistant varieties.

The International Maize and Wheat Improvement Center (CIMMYT) in collaboration with national partners, initiated screening of its germplasm stock and from other sources for resistance to MLN in 2012. A few sources of MLN resistance were identified, and introgression of resistance into CIMMYT’s elite germplasm was initiated. The key lines that have been used for introgression of MLN resistance alleles into CIMMYT’s mid-altitude adapted maize germplasm are the yellow lines KS23-5 and KS23-6 from Kasetsart University, Thailand (Jones et al., 2018; Prasanna et al., 2020). These two lines were extracted from KS23(S)C5, a population that had undergone five cycles of S1 recurrent selection (Jampatong et al., 2010) and have resistance to maize mosaic virus (Brewbaker, 2009). Through pedigree breeding and the use of doubled haploid (DH) technology, several inbred lines have been developed, screened under MLN disease pressure to identify resistant lines with adaptive traits, and utilized for hybrid development. Some of the elite CIMMYT lines have also been converted into MLN resistant versions using the major quantitative trait locus (QTL) (qMLN06.157) from KS23-6 (Prasanna et al., 2020; Murithi et al., 2021).

Knowledge of the genetic basis of resistance to diseases is important in developing breeding strategies. Diallel studies have been used to investigate the genetics of virus disease resistance in maize (Josephson and Naidu, 1971; Loesch and Zuber, 1972; Naidu and Josephson, 1976; Rosenkranz and Scott, 1987; Mutengwa et al., 2012; Beyene et al., 2017; Nyaga et al., 2020). Beyene et al. (2017) and Nyaga et al. (2020) reported that additive gene action is more important than nonadditive gene action for MLN resistance and identified some MLN tolerant inbred lines. Studies on the genetics of maize virus diseases have focused mainly on combining ability for disease parameters but not reciprocal effects that could impact hybrid development plans and disease resistance improvement strategies. To date, studies on MLN in tropical maize have used early to intermediate maturity germplasm. The upper mid-altitude ecologies of Eastern Africa are a major maize production area, where late-maturity maize is the preferred type. However, MLN disease is increasingly affecting this region. Therefore, incorporating resistance to MLN into late-maturity maize germplasm is crucial for sustaining production in this region. Using two different sources of resistance to MLN, alleles for resistance have been introgressed into CIMMYT’s late-maturity maize germplasm suitable for the upper mid-altitude ecology of Eastern Africa. Limited to no information on the combining ability and quantitative genetic parameters of MLN resistance in adapted late maturing tropical maize germplasm has been reported. The objectives of this study were to (i) estimate the combining ability of MLN resistance and other traits among 14 late-maturity inbred lines and assess the importance of reciprocal effects, and (ii) investigate the quantitative genetic basis of MLN resistance in tropical maize.




2 Materials and methods



2.1 Genetic material

Fourteen inbred lines with varying response to MLN and other characteristics based on field evaluations were selected for this study (Table 1). The selected genotypes included five lines conventionally developed through pedigree breeding from biparental crosses involving a known source of resistance to MLN (entries 1−5), six DH lines (entries 6−11), and three drought tolerant inbred lines (entries 12−14). The 14 inbred lines were crossed in a full diallel mating design with reciprocals to generate 182 F1 hybrids. The crossing was performed at the Kenya Agricultural and Livestock Research Organization (KALRO) Kiboko Research Center (2°15’S, 37°75’E, 975 m asl), Kenya, in 2019. In the same year, seed of the 14 parental lines and one MLN resistant line (KS23-6) was increased to compose the line trials.

Table 1 | List of 14 inbred lines used to develop F1 hybrids and their reciprocal crosses in a full diallel.


[image: A table listing various plant pedigrees with columns for number, name, pedigree details, origin, growing degree-days (GDD), and characteristics. The table includes rows with plants originating from Kenya, Mexico, and Zimbabwe, showing traits like tolerance or susceptibility to MLN and information about growth conditions such as "Late, lowland, drought tolerant".]



2.2 Test locations, experimental design, and trial management

The 182 F1 hybrids plus four commercial check hybrids were grown in seven trials that were planted at two locations in Kenya in 2020, 2021, and 2022. The hybrid trial was laid out as a 3 × 62 alpha-lattice (Patterson and Williams, 1976) with two replications. A line evaluation trial was also formed, consisting of the 14 parental lines of the diallel hybrids and one inbred line check. The inbred line trial was laid out as a 3 × 5 alpha-lattice with two replications. In both trials, each experimental unit consisted of one row 5 m long, spaced 0.75 m apart and 0.25 m between plants, resulting in a population density of approximately 53,333 plants ha-1. The hybrid and parental line trials were evaluated at the KALRO-CIMMYT MLN screening facility at Naivasha (0°43’S, 36°26’E, 2086 m asl) under artificial inoculation with MLN. There were eight trials (four each of hybrids and lines) planted at Naivasha. The same set of germplasm was evaluated at the KALRO Kakamega Non-Ruminant Research Center (0°16’N, 34°49’E, 1585 m asl) under rainfed and natural foliar disease pressure conditions in six trials (three each for hybrids and lines). The inbred line trials were planted side by side with the hybrid trial at both locations. Standard agronomic and cultural practices were performed as recommended for each location.




2.3 Artificial inoculation with MLN causing viruses (MCMV and SCMV) and disease rating

The pure mother cultures of MCMV and SCMV were maintained on susceptible host maize hybrids H614 and PHB30G19, respectively, in separate insect-proof net houses at the KALRO-CIMMYT MLN screening facility. The inoculum was prepared following the protocol described in detail in previous studies (Gowda et al., 2018; Sitonik et al., 2019). Briefly, SCMV and MCMV inocula were initially prepared separately. Then, at the time of inoculation, the two viruses were mixed at a ratio of 4:1 of SCMV and MCMV, respectively. The hybrid and inbred line trials were inoculated with the mixture of SCMV and MCMV twice: first at the 4–5 leaf stage, and a second inoculation was carried out seven days after the first inoculation. A motorized backpack mist blower (Solo 423 Mist Blower, 12 L capacity) was used to deliver the inoculum at a pressure of 10 kg cm-2.

Disease rating for response to MLN infection was visually done by observing disease symptoms on all plants in a plot at four time points: at 21 (MLN1), 28 (MLN2), 35 (MLN3), and 42 (MLN4) days after the first inoculation for both inbred lines and hybrids. A scale of 1–9 was used for disease rating, where 1 = completely clean plants with no visible MLN disease symptoms, 3 = mild chlorotic streaks on emerging leaves, 5 = chlorotic streaks and mottling throughout the plant, 7 = severe chlorotic mottling, mosaic, and leaf necrosis throughout the plant, and 9 = complete plant necrosis, and dead plants (Prasanna, 2021; https://hdl.handle.net/10883/21703). The four MLN disease ratings were used to calculate the area under disease progress curve (AUDPC) which is a quantitative measure of disease intensity with time as follows:

[image: Formula for AUDPC: sum from i equals one to n of [(Y sub i plus Y sub i plus one divided by 2) times (T sub i plus one minus T sub i)].]	

where i = time of MLN disease rating, Ti is the number of days after inoculation, and Yi is the MLN disease rating (Shaner and Finney, 1977).




2.4 Agronomic and foliar disease data

Days to anthesis (DTA, recorded as days from planting to when 50% of the plants started to shed pollen), days to silking (DTS, recorded as days from planting to when 50% of the plants had emerged silks) and ears per plant (EPP) were recorded. The number of ears per plant (EPP) was obtained by dividing the total number of ears per plot by the number of plants harvested. The response to Turcicum leaf blight (TLB) a major foliar disease in SSA caused by Exserohilum turcicum (Pass.) Leonard & Suggs in SSA was recorded under heavy natural disease pressure at KALRO-Kakamega on a scale of 1–9, where 1 = highly resistant, no disease symptoms, and 9 = highly susceptible, with severely necrotic leaves. Kakamega is a high natural disease pressure location used for assessing the response to major maize foliar diseases (Vivek et al., 2010). The foliar disease response was recorded when the crop was at the dough stage. All ears in a single-row plot were harvested, weighed, and representative samples of ears were shelled to determine the percent moisture using a Dickey-John multigrain moisture tester (DICKEY-John Corporation, IL, USA). The grain yield, expressed as t ha-1 was calculated from cob weight assuming a shelling percentage of 80% and adjusted to 12.5% moisture content.




2.5 Statistical analyses



2.5.1 Analysis of variance

The data were first assessed for homogeneity of variance using Levene’s test before ANOVA, and variances were found to be homogeneous. Analyses of variance were performed using META-R (Alvarado et al., 2020), first by location and then across each separate management condition (artificial MLN inoculation and rainfed conditions). Each location-year combination was considered an environment. Genotypes and locations were considered fixed and random effects, respectively. The linear model used for combined analysis across environments was as follows:

[image: Mathematical equation representing a linear model: \(Y_{ijk} = \mu + \alpha_i + \beta_j + \rho_{ij}(\beta) + \lambda_{kl}(\rho_{ij}(\beta)) + \alpha_k \beta_j + \epsilon_{ijk}\).]	

where Yijrk is the mean of the ith genotype, in the rth replicate within the kth sub-block of the jth environment; μ is the grand mean; αi is the effect of the ith genotype; βj is the effect of the jth environment; ρris the effect of the rth replicate; ρr(βj) is the effect of the replicates within environments; λk is the effect of the kth incomplete block; λk[ρr(βj)] is the effect of the incomplete blocks within replicates and environments; αβij is the effect of the genotype × environment interaction; and ϵijrk is the residual error. To estimate variance components, all factors were considered random effects. The best linear unbiased predictions (BLUPs) and best linear unbiased estimates (BLUEs) for the genotypes were computed. The broad-sense heritability of recorded traits and disease parameters across environments was estimated according to Hallauer et al. (2010) as follows:

[image: Heritability formula: \( H^2 = \frac{\sigma^2_G}{\sigma^2_G + \frac{\sigma^2_{Gx}}{\varepsilon} + \frac{\sigma^2_e}{x}} \), where \(\sigma^2_G\) is genetic variance, \(\sigma^2_{Gx}\) is genotype-environment interaction, and \(\sigma^2_e\) is environmental variance.]	

in which [image: The image depicts a mathematical symbol: sigma squared subscript G, denoting the genetic variance component in statistical genetics.] , [image: σ²subscriptGxE] , and [image: The image displays the Greek letter sigma, squared, followed by the subscript epsilon, representing the variance of an error term in statistical notation.]  are the genotype, genotype × environment, and residual variance components, respectively, E is the number of environments, and r is the number of replications.




2.5.2 Diallel analysis

Data from the hybrid trial, excluding that of the commercial hybrid checks, were subjected to diallel analysis following Griffing’s Method 3 Model 1 (Griffing, 1956). The use of Method 3 of Griffing allowed us to investigate the possible influence of reciprocal effects due to cytoplasmic differences and/or cytoplasmic-genic relationships on MLN parameters and other traits. The hybrid source of variation was partitioned into general (GCA) and specific combining ability (SCA), and reciprocal effects. The reciprocal effects were further partitioned into maternal and nonmaternal effects. Diallel analysis was carried out using the AGD-R software for R v3.0 (Rodríguez et al., 2020). The following linear model was used for the analysis:

[image: Mathematical equation displaying: X with subscript ijtck equals mu plus t with subscript i plus b with subscript tk plus gamma with subscript ij plus parentheses n with parentheses t close subscript ijt close plus e with subscript ijtck.]	

where Xijkt = observed trait value (i and j, are parents; k, replication; t, environment), μ = population mean; ti = environment effect; bki = block or replication within environment effect; vij = genotype effect = gi + gj + sij + rij [where gi = GCA effect of the ith parent, gj = GCA effect of the jth parent, sij = SCA effect of the ijth F1 hybrid, rij = reciprocal effect of the ijth or jith F1 hybrid = mi + mj + nij(where mi = maternal effect of parental line i, mj = maternal effect of parental line j, and nij = nonmaternal effect of the ijth or jith F1 hybrid], (tv)ijt = interaction between genotypes and environments, eijkt = residual effect. The relative importance of GCA and SCA was assessed using the ratio of the GCA and SCA sums of squares.

The F1 hybrid and parental inbred line data (excluding that of the inbred line check) for MLN disease resistance parameters were further subjected to Hayman’s model (Hayman, 1954a, b) of diallel analysis. Hayman’s diallel analysis provides genetic information on additive and dominance effects of genes, average degree of dominance, distribution of genes, and number of groups of genes which control a trait among others. Hayman’s diallel analysis involves graphical and statistical analyses of array variances and covariances and estimation of genetic parameters (Hayman, 1954a, b; Mather and Jinks, 1971). Briefly, Hayman’s diallel analysis requires the calculation of the variances from all crosses of each parental array (Vr), and the covariance between parents and their crosses in each array (Wr) (Hayman, 1954a). The variances and covariances were calculated and used to construct a Wr-Vr graph. In addition, quantitative genetic parameters for MLN resistance were estimated. Hayman’s diallel analysis was carried out using the SASHAYDIALL program (Makumbi et al., 2018a) in SAS (SAS Institute, 2016).






3 Results



3.1 ANOVA under artificial MLN conditions

The combined ANOVA across four seasons under artificial MLN inoculation showed significant (P < 0.001) environment (E) and genotype (G) mean squares for all agronomic traits and disease parameters (Table 2). The G × E interaction was significant for all traits except EPP. Both GCA and SCA mean squares were significant (P < 0.001) for all the traits measured under artificial MLN inoculation. The differences between the F1 hybrids and their reciprocals were significant for DTA, GY, and AUDPC. Partitioning of the reciprocal source of variation into maternal and nonmaternal effects revealed that maternal effects were significant (P < 0.001) for only DTA, while nonmaternal effects were significant for DTA, GY, and AUDPC (Table 2). Furthermore, the GCA × E interaction was significant for both agronomic and disease parameters, while the SCA × E interaction was significant for only DTA, GY, and MLN1. The reciprocal × E interaction was significant for DTA, MLN3 and AUDPC, while the maternal × E interaction was significant for DTA, MLN disease resistance parameters, and AUDPC. The GCA: SCA ratio varied for the agronomic traits and ranged from 0.65 to 0.85 for GY and agronomic traits, and from 0.70 to 0.73 for the MLN disease resistance parameters.

Table 2 | Mean squares from combined analysis (Griffing’s Method 3 Model 1) for agronomic traits and MLN disease resistance parameters in a 14-parent diallel evaluated under artificial MLN inoculation at Naivasha over 3 years (2020−2022).


[image: Table showing sources of variation and their statistical significance across several traits in maize research. Columns include degrees of freedom (df), DTA, EPP, GY, MLN1-4, and AUDPC, with symbols indicating significance levels at 0.05, 0.01, and 0.001. Key sources include Environment, Genotypes, GCA, SCA, and interactions such as G x E. The table assesses variance in traits like grain yield and disease resistance.]



3.2 ANOVA under rainfed conditions

The combined ANOVA under rainfed conditions revealed significant (P < 0.001) environment (E), genotype (G), and G × E interaction mean squares for all traits except the EPP genotype mean squares (Table 3). The results revealed that both GCA and SCA mean squares were significant (P < 0.001) for all the traits except EPP, which showed only significant GCA mean squares. The reciprocal differences between the F1 hybrids and their crosses were significant for DTA, EPP, and GY. Both maternal and nonmaternal effects were significant for DTA, and significant maternal effects were recorded for TLB. Nonmaternal effects were significant for GY and EPP. The GCA × E interaction was significant for all traits, while SCA × E interaction was significant for EPP and GY. The reciprocal × E and maternal × E interactions were significant for flowering traits DTA and DTS. The GCA: SCA ratio ranged from 0.50 to 0.88 for the agronomic traits and was 0.94 for TLB.

Table 3 | Mean squares from combined analysis (Griffing’s Method 3 Model 1) for agronomic traits and Turcicum leaf blight in a 14-parent diallel evaluated under rainfed conditions at Kakamega, 2020−2022.
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3.3 Performance of hybrids

The mean GY of the F1 hybrids under artificial MLN inoculation was 2.0 t ha-1, with a range of 0.4 to 6.4 t ha-1, while the GY of the commercial check hybrids ranged from 0.9 to 3.4 t ha-1 (Table 4). The range of the second disease rating taken 28 days after inoculation (MLN2) was 2.5 to 6.3, while the fourth disease rating taken 42 days after inoculation (MLN4) was 3.4 to 7.7. The variance due to genetic effects was 2.5 times greater than the residual variance for GY. For the MLN disease scores, the variance due to genetic effects was 3.9 to 4.2 times greater than the residual variance. Broad-sense heritability estimates were high for most traits (0.89−0.95) and moderate for EPP (0.67). The hybrid with the highest yield under artificial MLN inoculation was the reciprocal cross P6 × P2 (6.4 t ha-1), which also had the lowest disease scores for MLN3 (2.8) and MLN4 (3.4), and lowest AUDPC (55.4) (Supplementary Table S1). Grain yield was negatively correlated with all four MLN disease ratings (r = -0.80 to -0.86, P < 0.001). Under rainfed conditions, the mean GY was 4.0 t ha-1 and 4.8 t ha-1 for the F1 hybrids and commercial check hybrids, respectively (Table 4). Overall, the GY ranged from 2.5 to 6.0 t ha-1 under rainfed conditions. The mean number of DTA was greater at Naivasha (2086 m asl) than at Kakamega (1585 m asl), possibly due to the higher elevation and cooler environment at Naivasha. The TLB disease rating ranged from 2.4 to 5.8. Broad-sense heritability was moderate for GY (0.56) and high for agronomic traits and TLB (0.82−0.86), except for EPP. The top hybrid for GY under rainfed conditions at Kakamega was P12 × P2 (6.0 t ha-1), with a TLB score of 2.9 (Supplementary Table S2).

Table 4 | Summary statistics, variance component and heritability estimates for agronomic traits, MLN disease resistance parameters, and area under disease progress curve (AUDPC) of 182 maize hybrids and four commercial hybrid checks evaluated under artificial inoculation with MLN at Naivasha, and under rainfed conditions at Kakamega for three seasons, 2020−2022.


[image: A table comparing variations in maize traits under different conditions: Naivasha (artificial MLN inoculation) and Kakamega (rainfed). Traits like grain yield, days to anthesis, ears per plant, maize lethal necrosis ratings, and residual variance are listed with units, mean values, range, L.S.D., genotypic variance, G x E variance, residual variance, and heritability. Notable differences include higher grain yield and maize lethal necrosis disease ratings in Kakamega. The table includes various maize traits identified by acronyms such as GY, DTA, and EPP.]



3.4 ANOVA for inbred lines and per se performance

Combined ANOVA revealed significant (P < 0.001) genotype (G), and G × E interaction mean squares for MLN disease ratings and AUDPC under artificial MLN inoculation while significant genotype mean squares were recorded for TLB under rainfed conditions (Supplementary Table S3). The MLN disease rating ranged from 2.1 to 6.0, 2.1 to 7.4, 2.1 to 8.5, and 2.1 to 8.6 for MLN1, MLN2, MLN3 and MLN4, respectively. The most MLN resistant line with a score of 2.1 was CKL181281 (Table 5; Figure 1). The TLB disease rating for these lines ranged from 2.4 to 4.8. Broad-sense heritability was high for the MLN disease ratings, AUDPC and TLB (0.87−0.96) and moderate for DTA.

Table 5 | General combining ability (GCA) estimates for maize lethal necrosis disease ratings, AUDPC, and agronomic traits, and per se performance of 14 maize inbred lines under artificial MLN inoculation at Naivasha over 3 years (2020−2022).
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Figure 1 | Inbred line CKL181281 under artificial MLN inoculation at the KALRO-CIMMYT MLN Screening Facility at Naivasha. This line was the most resistant in this study and was rated 2.1 on a scale of 1˗9. On the right is an MLN susceptible inbred line.




3.5 Estimates of GCA and SCA effects

The GCA effects varied between parents for the different traits. Inbred lines CKL181281, CKL181379, CKL182037, CKL176616, and CKL175755 had significant negative GCA effects for all four MLN disease resistance parameters and AUDPC, and therefore contributed to MLN resistance in their hybrids (Table 5). Inbred line CKL176616 had the largest significant negative GCA effect for both MLN4 (-0.81, P < 0.001) and AUDPC (-14.54, P < 0.001), followed by CKL175755 for MLN4 (-0.63, P < 0.001). Another inbred line, CKL181847, had significant negative GCA effects for two of the four MLN disease ratings (MLN1 and MLN2) and AUDPC. Three inbred lines (CKL175951, CKL175798, and CKL176082) had significant negative GCA effects for the fourth MLN disease rating. In contrast, five inbred lines showed significant positive GCA effects for three MLN ratings (MLN2−MLN3) and AUDPC, suggesting that these lines contributed to MLN susceptibility in their hybrids. Inbred lines CKL181281, CKL182037, CKL176616, and CKL175798 exhibited significant positive GCA effects for GY under artificial MLN inoculation. We computed the nonparametric Spearman’s rank correlation coefficient between the GCA effects for the four MLN disease resistance parameters, and the results revealed very strong correlations among the scores (rs = 0.93−0.98, P < 0.001). In terms of SCA effects, the results showed that nearly a similar number of hybrids had significant negative SCA effects on the second (35), third (37), and fourth (35) MLN disease rating (Supplementary Tables S4, S5). Several hybrid combinations, such as CKL181281 × CKL182037, CKL18912 × CKL181281, CKL18912 × CKL182037, and CKL181379 × CKL182037 consistently exhibited negative significant SCA effects for MLN2, MLN3, and MLN4, suggesting their potential for MLN disease resistance. For GY, 31 hybrids (33%) exhibited significant positive SCA effects under artificial MLN inoculation. Twenty-nine hybrids had significant negative SCA effects for the fourth MLN disease rating and significant positive SCA effects for GY. The top-yielding hybrids were between parents with desirable GCA effects for MLN resistance and GY. For example, the top two hybrids (P6 [CKL176616] × P2 [CKL181281], SCA = 2.0 t ha-1 and P6 [CKL176616] × P5 [CKL182037], SCA = 1.2 t ha-1) were between lines with significant GCA effects for both traits. Furthermore, P6 (CKL176616), P5 (CKL182037) and P2 (CKL181281) were the parents of 18 of the top 25 hybrids in terms of GY performance under MLN inoculation.

Under rainfed conditions, the inbred lines CKL18912, CKL175951, CKL175755, CKL176082, and CML444 had significant positive GCA effects for both maturity parameters (Table 6). Five inbred lines (CKL181281, CKL182037, CKDHL120918, CML585, and CKL14546) exhibited significant positive GCA effects for GY under rainfed conditions. Six inbred lines showed significant desirable GCA effects for TLB. Inbred lines CKL181281 and CKL182037, which showed significant and desirable GCA effects for MLN resistance and GY under both artificial MLN inoculation and rainfed conditions, also exhibited significant negative GCA effects for TLB. The results indicated that 10 hybrids had significant positive SCA effects for GY, while 10 hybrids had significant negative SCA effects for TLB (Supplementary Table S6). Under rainfed conditions, either P2 (CKL181281) or P5 (CKL182037) was the parent of 11 of the top 25 hybrids for GY.

Table 6 | General combining ability (GCA) estimates for agronomic traits, grain yield, and TLB, and per se performance of 14 maize inbred lines under rainfed conditions in Kakamega over 3 years (2020−2022).
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3.6 Genetic parameters of MLN resistance

The quantitative genetic parameters for MLN disease resistance were studied using Hayman (1954a) diallel analysis model. The ANOVA revealed that both additive (a) and dominant (b) gene effects were significant in the control of MLN resistance, but additive gene effects were more important in the inheritance of MLN resistance (Table 7). Furthermore, the analysis revealed that neither maternal (c) nor reciprocal effects (d) were significant for the four MLN disease resistance parameters, indicating that there were no significant differences between reciprocal crosses. This result is consistent with Griffing’s diallel analysis for the same traits (Table 2). The results show that there was significant directional dominance (b1). A comparison of the hybrid and parental means shows that dominance was for susceptibility to MLN. The interactions a × E, b × E, c × E, and d × E were significant for the four MLN disease resistance parameters, suggesting that gene effects were influenced by the environment. The genetic parameter estimates for the four MLN disease ratings are presented in Table 8. The additive and dominance variance components were both significant for the four MLN disease resistance parameters, but the additive variance component was of greater magnitude. This suggested a greater role of additive gene action in MLN resistance. Gene frequency asymmetry was detected but was less important for all four disease parameters (H2/4H1 < 0.20). The mean degree of dominance was 0.89 for MLN1, 0.93 for MLN2, 0.85 for MLN3, and 0.89 for MLN4, indicating incomplete dominance for MLN resistance. The minimum number of groups of genes for MLN resistance was estimated to be 3.53, 3.82, 3.63, and 3.31 for MLN1, MLN2, MLN3, and MLN4, respectively. The correlation coefficient between Wr + Vr and Yr (parental mean) was negative (−0.64 to −0.59) for the MLN parameters, suggesting that the dominant genes increased susceptibility to MLN. Narrow-sense heritability estimates ranged from 0.52 to 0.56 for the four MLN disease resistance parameters.

Table 7 | Mean squares from ANOVA of the 14-parent diallel for MLN disease resistance parameters under artificial inoculation with MLN based on Hayman’s (1954a) method.


[image: Table showing effects on maize lethal necrosis disease ratings at different days after inoculation. Items include additivity, dominance, maternal, and interactions with environment. Significant values are marked with asterisks, while non-significant values are marked with 'ns'.]
Table 8 | Mean genetic parameters for MLN disease resistance parameters based on diallel analysis of 14 inbred lines evaluated under artificial inoculation with MLN at Naivasha over 3 years (2020−2022).


[image: Table showing genetic parameters across four groups: MLN1, MLN2, MLN3, and MLN4. Parameters include additive variance, dominant variance components, dominant effect, allele frequency, environmental variation, degree of dominance, gene groups, correlation, and heritability. Notable values are marked with significance at the 0.01 level. Measurements are related to disease ratings at various days post-inoculation.]
The variance (Vr) and covariance (Wr) estimates for the third and fourth MLN disease rating (when full expression of the response of lines to MLN was best observed) were used for regression analysis. The slope of the regression line was >1.0, suggesting adequacy of the model (Figure 2). The lines were spread along the regression line, which suggested diversity among the lines for MLN resistance. Based on the Wr-Vr plot, the inbred lines used in this study could be grouped into four groups. Group 1 included lines 7 (CKL175951), 8 (CKL175755), 9 (CKL175798), and 10 (CKL176082) which had more dominant alleles. Group 2 included lines 11 (CKDHL120918), 13 (CKL14546), and 14 (CML444), which had slightly more recessive alleles than did the lines in group 1. Group 3 was composed of lines 1 (CKL18912), 3 (CKL181379), 4 (CKL181847), and 6 (CKL176616), which had more recessive than dominant alleles (75:25). This group of lines showed negative and significant GCA effects for MLN disease resistance parameters and AUDPC, except for line 1 (CKL18912). Inbred lines 2 (CKL181281) and 5 (CKL182037) formed the fourth group and contained the most recessive alleles for MLN resistance.

[image: Two scatter plots labeled A and B comparing variables Wr and Vr with solid and dashed lines. Both plots show a main red line with different slopes and dotted lines marked 25:75, 50:50, and 75:25. Plot A has a line equation Wr equals negative zero point one seven plus one point four five one Vr, while plot B has Wr equals negative zero point one seven plus one point three six four Vr. Both plots have a red label showing Beta equals one. Data points are numbered thirteen and fourteen in both plots.]
Figure 2 | The relationship between the variance of the F1 for each parental line (Vr) and their covariance with the non-recurrent parent (Wr) for the MLN3 (A) and MLN4 (B) disease severity scores across four seasons, 2020−2022.





4 Discussion

To effectively combat the spread of MLN in SSA, breeding for resistant varieties coupled with other strategies like clean seed as part of an integrated disease management strategy is important. The development of MLN resistant parental inbred lines with favorable alleles for key agronomic and adaptive traits is critical for the identification of high-yielding adapted MLN-resistant maize varieties. Our objective was to understand the genetics of resistance to MLN and other key traits in the late maturity maize germplasm, information that can be utilized in designing a breeding strategy for MLN resistance. The lines used in this study differed in terms of their source germplasm (drought tolerance, adaptation, and MLN resistance), and selection history with some lines developed through pedigree breeding and others developed through the DH technique. In the present study, highly significant genotypic differences for MLN disease resistance parameters and agronomic traits under artificial inoculation conditions were revealed. Highly significant genotypic differences were detected for all traits except EPP under rainfed conditions. These findings indicate that there was sufficient genetic variability for most of the traits studied in this set of germplasm, implying that progress from selection and ultimately genetic gain can be made in breeding for MLN resistance and other adaptive traits. Access to diverse germplasm resources has enabled CIMMYT to make progress in the development of MLN-resistant germplasm to combat the disease in Eastern Africa (Prasanna et al., 2020).

The broad-sense heritability for MLN disease resistance parameters was high (H2 = 0.92–0.95) in this study which suggests that a greater proportion of the observed phenotypic variation in this germplasm was due to genetic variability, and that breeding for MLN resistance can lead to considerably high genetic gains from selection for these traits. This conclusion is supported by the moderately high narrow-sense heritability (h2 = 0.52–0.56) for MLN disease resistance parameters which suggested that more than 50% of the genetic control was attributed to additive genetic effects. The implication is that the resistance of this germplasm to MLN can be improved relatively rapidly. There are no published reports on narrow-sense heritability for MLN disease resistance parameters to compare our results with. High broad-sense heritability estimates for virus diseases of maize have been previously reported, e.g., for MLN (Beyene et al., 2017), MCMV (Jones et al., 2018), and SCMV (Pokorny and Porubova, 2006).

The genetics of virus diseases have been investigated in tropical maize using a variety of intermediate maturity maize germplasm (Mutengwa et al., 2012; Nyaligwa et al., 2017; Beyene et al., 2017; Nyaga et al., 2020). In our study, we used maize in the late-maturity category to investigate the combining abilities and reciprocal effects in this germplasm. The results of this study revealed a greater contribution of GCA variance than of SCA variance for all traits under artificial MLN inoculation and for agronomic and disease traits under rainfed conditions. This suggests a preponderance of additive genetic effects in the inheritance of these traits in this germplasm. This result is consistent with findings for MLN in a study under artificial inoculation (Beyene et al., 2017), for maize streak virus (Mutengwa et al., 2012; Kim et al., 1989) and for maize dwarf mosaic virus (Loesch and Zuber, 1972; Rosenkranz and Scott, 1987). Both additive and dominant genes have been reported to condition virus resistance in maize (Naidu and Josephson, 1976; Zambrano et al., 2014). With a predominance of GCA over SCA, early testing may be more effective, and promising hybrids can be identified and selected mainly based on the prediction from GCA effects and the most resistant hybrids can be obtained by crossing the parents with the highest GCA (Baker, 1978; Makumbi et al., 2011). To improve both MLN resistance and grain yield potential, breeders can select lines with significant negative GCA effects for MLN resistance, significant positive GCA effects for grain yield, and significant negative GCA effects for foliar diseases to create new hybrid combinations for testing in the relevant target environments. Performance of hybrids can also be predicted based on the performance of single crosses (e.g. Zuber et al., 1973). Recurrent selection that emphasizes GCA can be an effective strategy to improve MLN resistance in this germplasm, as has been recommended for other virus diseases of maize (Josephson and Naidu, 1971; Kim et al., 1989; Mutengwa et al., 2012). With the implementation of forward breeding for MLN and other diseases such as MSV, the identification of MLN resistant lines that possess other adaptive traits for hybrid development should lead to faster genetic gains.

The consistency observed in the GCA effects across the four time points suggests rating genotypes for MLN resistance on multiple dates may not be necessary. Evaluating genotypes at 35 days (MLN3) and 42 (MLN4) days after inoculation should be sufficient for accurate assessment of resistance. The results revealed that five inbred lines had consistently significant desirable (negative for reduced disease) GCA effects for the four MLN resistance scores and AUDPC. This suggested that these lines have favorable alleles for resistance to MLN and can slow disease progression. Inbred line 6 (CKL176616) which had the largest desirable GCA effects for the four MLN resistance ratings derived its resistance alleles from KS23-5 unlike three of the four lines (CKL181281, CKL181379, and CKL182037) whose resistance was from KS23-6. Interestingly, among the five inbred lines, inbred line CKL175755 is not known to have any pedigree breeding history of resistance to viruses. Two other lines (CKL175798 and CKL176082), also without a background of virus resistance showed significant negative GCA effects for MLN4. Detailed studies (e.g., Jones et al., 2018) under artificial MLN, MCMV, and SCMV inoculation in net houses are needed to confirm the response of these lines as they may offer an additional source of alleles for MLN resistance. To date, only lines KS23-5 and KS23-6 have validated QTLs for MLN resistance (Murithi et al., 2021; Awata et al., 2021), but QTLs for resistance to MCMV, one of the two viruses that cause MLN have been mapped in other lines (Jones et al., 2018). In our study, the inbred line CKDHL120918 had significant positive GCA effects for MLN but this line was reported to have significant negative GCA effects for MLN in an earlier study (Beyene et al., 2017). The differences in GCA effects of this line between the two studies could be due to variation in the diallel method used, as different methods can impact GCA estimates (Fan et al., 2014). We used Method 3 in this study, while Beyene et al. (2017) used Method 4 of Griffing (1956). Four inbred lines (CKL181281, CKL182037, CKL176616, and CKL175798) out of the five that had significant negative GCA effects for all MLN disease resistance parameters and AUDPC also expressed significant positive GCA effects for GY under artificial MLN inoculation. These findings demonstrate progress made in developing lines with favorable alleles for MLN-resistance (reduced disease susceptibility) while also combining beneficial alleles for GY under both MLN-infected and rainfed conditions. Furthermore, two of the four lines (CKL181281 and CKL182037) had significant positive GCA effects for GY and significant negative GCA effects for Turcicum leaf blight under rainfed conditions. These two lines with desirable GCA effects for GY and disease resistance across different conditions have the potential as inbred line testers for the MLN breeding program if the right testing strategies (e.g. Castellanos et al., 1998; Pswarayi and Vivek, 2008) are used to confirm their suitability as testers. Suitable testers must correctly classify and discriminate efficiently among test entries (Rawlings and Thompson, 1962).

The use of reciprocal crosses provides a quantitative method to assess the contribution of maternal effects in the inheritance of a trait. When reciprocal differences are strong, parental inbred performance affects the choice of a female parent in a hybrid (Mann and Pollmer, 1981). In this study, reciprocal and maternal effects were not significant for MLN disease resistance parameters, indicating that the disease parameters recorded were not influenced by maternal effects or cytoplasmic inheritance. This suggests that a line that is resistant to MLN can be used either as a female or male parent in a hybrid combination, although other traits such as seed producibility and pollen production must be considered. According to Roach and Wullf (1987), reciprocal crosses have similar nuclear genetic contributions, and any divergence in the performance of reciprocal pairs is due to a maternal or perhaps a paternal effect. The absence of maternal influence on the MLN disease resistance parameters signifies the predominance of additive gene action for MLN resistance since maternal effects are assumed to result from nonadditive gene action. Furthermore, maternal effects can potentially decrease the accuracy of genetic studies. Both cytoplasmic and nuclear maternal genetic effects may increase the observed genetic variance, but if the trait is fully controlled by maternal factors, they could curtail the response to selection (Roach and Wullf, 1987). Therefore, lack of maternal effects in this study suggests that the response to selection for MLN resistance will be minimally impacted. Our results indicated significant reciprocal effects for several agronomic traits including DTA and GY under MLN inoculation, and DTA, EPP, and GY under rainfed conditions. These findings were consistent with other reports of significant reciprocal effects for GY in maize (Ordás et al., 2008; Kagoda et al., 2011). However, our results contrast with those of Jumbo and Carena (2008) and Machida et al. (2010) who reported no significant effects for GY.

The development of multiple stress tolerant maize germplasm is an objective of many breeding programs in SSA, and this requires the selection of parental lines with suitable breeding values for the target traits. In SSA, stress tolerances including tolerance to foliar diseases (TLB and gray leaf spot), viral diseases (MSV and MLN) and low soil fertility and drought stress are required in certain combinations in hybrids for commercial production. The results showed that several lines had desirable GCA effects for a combination of some of the stresses. These lines should be tested in hybrid combinations under managed abiotic stress conditions mainly drought and low soil fertility following established protocols (e.g. Njeri et al., 2017; Makumbi et al., 2018b). Lines that have the highest breeding values across several stresses can be used as parents in biparental populations for development of new inbred lines. Further improvement of tropical germplasm using the new lines can be achieved with the application of modern tools and techniques such as DH, genomic selection, and marker-assisted selection with improvements in phenotyping methods to increase the rate of genetic gain and develop new multiple stress tolerant inbred lines (Cooper et al., 2014; Cobb et al., 2019; Prasanna et al., 2021; 2022).

The diallel analysis model of Hayman (1954a, b) provides estimates of several quantitative genetic parameters for the traits of interest. This method of analysis has been applied to the diallel analysis of quantitative traits alongside Griffing (1956) method to gain a deeper understanding of the inheritance of a trait beyond what a single method of diallel analysis can provide (e.g. Naidu and Josephson, 1976; Hamid et al., 1982; Betrán et al., 2003; Kagoda et al., 2011). The current study is the first to investigate the quantitative genetic parameters of MLN resistance using Hayman’s model. The results indicated that additive effects had a greater contribution in the inheritance of MLN resistance compared to dominance effects based on Hayman’s method, a result similar to that obtained using Griffing’s method for combining ability analysis. A study on the inheritance of Helminthosporium leaf spot in maize (Hamid et al., 1982) also reported congruence between results from Hayman’s and Griffing’s models for several disease resistance parameters. Our results revealed that the alleles controlling resistance or susceptibility to MLN were not equally distributed among the lines used in this study (H2 < H1). This was evident through the distribution of the parental arrays along the regression line on the Wr-Vr graph. The 14 parents were therefore unique with respect to the dominance and/or epistatic effects of the genes they possess (Allard, 1956). The Wr-Vr graphs for MLN3 and MLN4 were similar in the placement of the arrays along the regression line. The group of lines that were among the most resistant to MLN (P2 [CKL181281] and P5 [CKL182037]) were located far from the origin at the upper end of the regression line, which indicated that the alleles conditioning resistance in these lines were mostly recessive. These inbred lines had desirable GCA effects for MLN resistance and AUDPC. A group of four lines (P7, P8, P9, and P10) was located closer to the origin of the regression line, which indicated that this set of lines possessed more dominant alleles. Some of these lines, especially P8 and P9, showed significant negative GCA effects for MLN and AUDPC. This finding is of particular interest and necessitates further investigation to understand the genetic basis of resistance in these lines given that resistance to MLN has been reported to be recessive. The positioning of P8 and P9 with respect to other lines with significant negative GCA effects for MLN and exhibited resistance such as P2, P3, P5 and P6, was surprising. This may suggest that these lines exhibited similar phenotypes through different genetic mechanisms (Luckett, 1989). These lines should be tested under artificial inoculation with individual MCMV and SCMV isolates in a net house for better discrimination in terms of resistance to these viruses.




5 Conclusions

This study revealed that additive genetic effects contribute significantly to the inheritance of MLN in late maturity germplasm adapted to eastern Africa. Five inbred lines, three of which were derived from introgression of MLN resistance from KS23-5 and KS23-6 exhibited significant desirable GCA effects for MLN resistance and GY under artificial MLN conditions. Three of these lines also showed significant desirable GCA effects for GY under disease and rainfed conditions and have the potential to contribute to the development of multiple stress tolerant hybrids for the target product profile. We identified four inbred lines with desirable GCA effects for MLN resistance despite having no known breeding history of virus resistance. Detailed studies under artificial inoculation with individual viruses (MCMV and SCMV) and MLN should help to decipher the genetic basis of resistance to MLN in this group of lines. Reciprocal effects were of minor importance; therefore, breeding programs can use any MLN resistant inbred line as a female or male in hybrid combinations without a significant effect on the MLN response in the final product. The graphical method of analysis revealed the distribution of the lines in relation to the abundance of recessive or dominant alleles, and this information will be useful for selecting parents for biparental populations and hybrid development.
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Introduction

Plant roots, nematodes, and soil microorganisms have a complex interaction in the rhizosphere by exchanging or communicating through biomolecules or chemicals or signals. Some rhizospheric (including endophytic) microbes process such compounds via biogeochemical cycles to improve soil fertility, promote plant growth and development, and impart stress tolerance in plants. Some rhizospheric microbes can affect negatively on plant parasitic nematodes (PPNs) thus hindering the ability of nematodes in parasitizing the plant roots. Next-generation sequencing is one of the most widely used and cost-effective ways of determining the composition and diversity of microbiomes in such complex environmental samples.





Methods

This study employed amplicon sequencing (Illumina/NextSeq) of 16S ribosomal RNA (16S rRNA) for bacteria and Internal Transcribed Spacer (ITS2) region for fungi to profile the soil microbiome in the rhizosphere of cotton grown in North Alabama. We isolated DNA (ZymoBIOMICS) from soil samples in triplicates from four representative locations of North Alabama. Based on the level of Reniform Nematode (RN) Infestation, these locations were classified as Group A-RN Not-Detected (ND), Group B-RN Low Infestation (LI), Group C-RN Medium Infestation (MI), and Group D-RN High Infestation (HI) and determined using sieving method and microscopic examination.





Results and discussion

Our analyses identified 47,893 bacterial and 3,409 fungal Amplicon Sequence Variants (ASVs) across all groups. Among the bacterial ASVs, 12,758, 10,709, 12,153, and 11,360 unique ASVs were determined in Groups A, B, C, and D, respectively. While 663, 887, 480, and 326 unique fungal ASVs were identified in Groups A, B, C, and D, respectively. Also, the five most abundant rhizospheric bacterial genera identified were Gaiella, Conexibacter, Bacillus, Blastococcus, Streptomyces. Moreover, five abundant fungal genera belonging to Fusarium, Aspergillus, Gibberella, Cladosporium, Lactera were identified. The tight clustering of bacterial nodes in Actinobacteria, Acidobacteria, and Proteobacteria shows they are highly similar and often found together. On the other hand, the close association of Ascomycota and Basidiomycota suggesting that they have different ecological roles but occupy similar niches and contribute similar functions within the microbial community. The abundant microbial communities identified in this study had a role in nutrient recycling, soil health, plant resistance to some environmental stress and pests including nematodes, and biogeochemical cycles. Our findings will aid in broadening our understanding of how microbial communities interact with crops and nematodes in the rhizosphere, influencing plant growth and pest management.
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1 Introduction

The rhizosphere, a critical zone of soil surrounding plant roots, serves as a dynamic interface for interactions between plants and a diverse array of microorganisms. These microorganisms, including bacteria, fungi, and archaea, play vital roles in enhancing plant growth, improving soil fertility, and promoting ecosystem stability. They are involved in various processes such as nutrient cycling, organic matter decomposition, and the regulation of plant stress responses (Bais et al., 2006; Zhalnina et al., 2022). The presence of beneficial microbes in the rhizosphere can improve plant health by enhancing nutrient uptake, providing protection against pathogens, and promoting plant growth through mechanisms like nitrogen fixation and phosphorus solubilization (Lugtenberg and Kamilova, 2009; Van der Heijden et al., 2015).

In addition to their direct benefits to plant health, rhizosphere microbes also interact with plant-parasitic nematodes (PPN’s), which are significant pests in agriculture. Nematodes, particularly those that feed on plant roots, cause substantial damage to crops by disrupting root function thereby affecting the plant growth that ultimately results in the yield loss. However, the rhizosphere is the niche to a wide variety of microorganisms that can influence nematode populations through several mechanisms. Beneficial bacteria and fungi in the rhizosphere can suppress nematode infestations by producing nematicidal compounds, competing for resources, or acting as biological control agents (Zhao et al., 2017; Singh et al., 2020).

Reniform nematodes (RN) is a devastating pest in agriculture due to their widespread distribution affecting several crop species and the ability to thrive in diverse soil conditions. Their infestations can significantly alter the microbial community structure within the rhizosphere, potentially leading to decreased microbial diversity and disrupted nutrient dynamics (van der Putten and Bakker, 2018). Studies have demonstrated that specific microbial taxa can improve plant health by suppressing nematode populations and enhancing nutrient availability (Latz et al., 2021). For instance, beneficial bacteria and fungi can establish symbiotic relationships with cotton roots, leading to improved nutrient uptake and overall plant vigor (Garbeva et al., 2004; Lugtenberg and Kamilova, 2009). Furthermore, these beneficial microbes in the rhizosphere can also produce bioactive compounds that directly inhibit hatching and development of nematodes (Prasad and De Vries, 2019). Identifying these microorganisms within cotton rhizospheres is crucial for developing innovative management strategies aimed at nematode control and soil nutrient enhancement, aiding in reducing the reliance on chemical pesticides (Hassan and Abo-Elyousr, 2019).

However, nematode infestations can significantly alter the structure and diversity of microbial communities in the rhizosphere (Liu et al., 2017; Naylor et al., 2021). Changes in microbial diversity, especially a reduction in beneficial bacteria and fungi, have been linked to increased nematode damage in crops such as cotton and soybean (Yuan et al., 2020a). Additionally, plant-parasitic nematodes (PPNs) can influence plant performance by altering root exudation patterns, which in turn modify the microbial composition of the rhizosphere and improve the availability of nitrogen (N) and phosphorus (P) to plants (Topalovic et al., 2020). Verschoor (2002) found that nematode feeding contributes to nutrient cycling through the excretion of ammonia (NH3), N defecation, and increased root exudation. Similarly, Xie et al. (2023) demonstrated that nematode infestations in rice altered microbial populations enhancing nutrient cycling, particularly by increasing nitrogen-fixing bacteria that support plant growth. Wang et al. (2022) reported that nematode feeding on wheat roots shifted microbial communities, favoring fungi that contribute to organic matter decomposition, thus enhancing soil nutrient availability. In another study, Patel et al. (2024) showed that nematode-induced changes in microbial diversity helped plants by promoting the activity of specific microbes involved in phosphorus cycling, supporting plant growth under nutrient-limited conditions. Increased nematode presence often correlates with a decline in beneficial microbes, disrupting the ecological balance and negatively impacting soil health (Zhao et al., 2018; Bhattacharyya and Jha, 2012). Therefore, understanding the interplay between nematodes and microbial communities is essential for fostering sustainable agricultural practices.

The interactions between nematodes and soil microorganisms are multifaceted, encompassing competition, predation, and mutualism (Cai et al., 2023). Beneficial microbes can suppress nematode populations through antagonistic mechanisms, while nematodes may alter microbial community dynamics by changing resource availability (Gomez et al., 2019). Recent studies have emphasized the role of certain bacterial phyla, such as Proteobacteria, Firmicutes, and Actinobacteria, in suppressing nematode populations and promoting plant health. For example, Proteobacteria has been shown to produce metabolites that can inhibit nematode development, while Firmicutes and Actinobacteria contribute to enhanced plant nutrient uptake and nematode resistance (Li et al., 2022; Zhang et al., 2020). A study proposed by Naylor and Gurevitch (2021) that nematode feeding can change the composition of these microbial communities, often favoring Ascomycota and Basidiomycota, which can either help control nematode populations or shift microbial balance in ways that may reduce plant vitality. Additionally, nematodes themselves can modulate the structure of these microbial communities, causing a decline in beneficial microbes, such as those from the Proteobacteria, which can have cascading effects on soil health and plant resilience (Shang and Wang, 2022). Some studies have reported shifts in microbial diversity and composition in response to nematode presence, with certain taxa thriving while others diminish (De Vries and Shade, 2013). Investigating these dynamics across varying infestation levels can provide insights into how nematodes impact microbial communities and their function.

Furthermore, understanding microbial shifts in response to nematode infestations can lead to the development of targeted microbial inoculants or soil amendments that enhance beneficial microbial populations (Luo et al., 2022). These strategies offer sustainable alternatives to chemical controls, promoting long-term soil health and resilience in cotton species (Wu et al., 2019). By fostering beneficial microbial communities, it may be possible to mitigate the adverse effects of nematodes on cotton production and improve overall soil health. Advancements in molecular techniques, specifically 16S rRNA and ITS2 sequencing, have revolutionized the study of rhizosphere microbial communities. The 16S rRNA gene serves as a universal marker for bacterial identification, while the ITS2 region is widely used for characterizing fungal diversity (Ranjan et al., 2020). Together, these sequencing techniques provide a comprehensive view of the microbiome, revealing complex interactions that can influence plant health and stress responses. Incorporating R and the Phyloseq package into data analysis allows for robust profiling of microbial communities derived from sequencing studies. Phyloseq offers an efficient framework for handling and visualizing complex ecological data, enabling in-depth analysis of microbial diversity, community composition, and potential functional roles within the rhizosphere (McGuire and Triplett, 2009). This approach is particularly useful for examining the influence of RN’s on microbial dynamics in cotton soils, facilitating a deeper understanding of how these interactions impact plant health and productivity.

This study aims to profile the rhizosphere microbiome of cotton soils infested with RN’s across various infestation levels in North Alabama. By employing 16S rRNA and ITS2 sequencing, combined with analyses in Phyloseq, we seek to explore the intricate relationships between nematodes and microbial communities. This investigation will help identify key microbial taxa associated with different infestation levels of RN, offering insights into potential indicators of soil health and crop resilience.




2 Materials and methods



2.1 Field site selection and sample collection

The experimental design of this study primarily aimed at profiling rhizospheric microbial communities of morphometrically classified Reniform Nematode infestation levels (Nyaku et al., 2013a, b) in selected locations of North Alabama. Alabama climate is humid and subtropical geographically spread between the Gulf of Mexico at the Southern end and Appalachian Mountains at North-eastern proximity. The climatic conditions in North Alabama are uniform across these soil sample collected locations without considering the micro-climatic factors. As climatic factors and agricultural practices are relatively uniform, slight differences in soil types and the effects of soil properties on microbiome were not emphasized in our study. The soils in Jackson, Lauderdale, Madison, and Limestone counties are primarily derived from limestone and sandstone. In the selected locations, cotton is grown as monocrop or dual crop with soybean. These soils include Decatur, Dewey, Bodine, Fullerton, Madison, Pacolet, and Cecil series, featuring textures like clayey with silt loam and sandy loam surfaces (Alabama Cooperative Extension System, 2020). Sampling locations and GPS-determined coordinates of four selected sites were outlined in Supplementary Figure 1, Table 1, respectively.

Table 1 | Geographic locations and coordinates of four counties of North Alabama.


[image: Table showing Reniform Nematode infestation levels across different counties. Categories are ND-A (Not-Detected), LI-B (Low Infestation), MI-C (Medium Infestation), HI-D (High Infestation). Locations and coordinates: Jackson (Scottsboro), Lauderdale (Florence), Madison (Huntsville), Limestone (Belle Mina). Latitude and longitude coordinates along with altitudes in meters are provided for each location.]
Soil samples were collected from four counties of North Alabama, USA, based on RN infestation levels: Group A - RN Not-Detected (ND), Group B - RN Low Infestation (LI), Group C - RN Medium Infestation (MI), and Group D - RN High Infestation (HI) across Jackson (ND), Lauderdale (LI), Madison (MI), and Limestone (HI), respectively. Varied levels of RN infestation and their distribution in North Alabama were determined based on our previous studies such as morphometric and DNA-based (18S and ITS) marker analyses (Nyaku et al., 2023, 2016, 2013a, 2013b), and also as reported in similar agricultural studies (Roe and Owens, 2017; Thomas et al., 2019). The infestation levels of RN in the soil samples were determined using the sieving method, where soil samples were passed through a series of sieves to isolate nematodes. First, 25 ml of soil solution with nematodes was collected from 100g of soil using a sieve method. Then, 1 ml of soil solution was aliquoted and used to count the number of nematodes under the microscope to assess morphometrically and categorize them across various infestation levels. Where, ND = 0 RN detected, LI = <2,000 RN detected, MI = 2,000-5,000 RN detected, and HI = > 5,000 RN detected. This method ensures reliable classification of the RN infestation levels, which were based on previous studies and established protocols for nematode extraction and quantification (Eisenback and Triantaphyllou, 1991; Siddiqi, 2000).

The soil sampling and collection procedures used were meticulously adhered to the Alabama Cooperative Extension System protocol (Celleti & Potter, 2006) to ensure the highest data quality for our study. Recent guidelines on soil sample handling and preservation (de la Fuente et al., 2021) were followed to minimize contamination risks and maintain microbial integrity. Rhizospheric soils were collected at a depth of approximately 10-20 cm and <12 cm from the crop using soil auger as recommended (Smith & Lee, 2023). Plant debris (including roots), stones, and other impurities were removed during the collection process. Triplicate samples of 500g for each location were collected and placed in sterile zip-lock bags. Then these samples were transported in a dark cooler with ice and stored at 40C until further processing (Li et al., 2023). Twelve samples collected (four counties and three replicates) were processed for nematode isolation and quantification and genomic DNA isolation. Same sample source has been used to quantify and characterize reniform nematodes for determining their levels of infestation and to isolate the DNA with higher integrity.

Nematodes were collected from the soils of Jackson, Lauderdale, Madison, and Limestone counties, morphometric measurements were made on male and female nematodes using an Olympus microscope (Olympus Optical Co. Ltd, Japan). The morphometric variables used for accurately determining the RN and their distribution in Alabama were body length, stylet length, position of vulva, spicule length, length of hyaline portion of tail, position of dorsal oesophageal gland orifice, position of excretory pore, maximum width, esophageal length and anal width. Prior to DNA extraction, the soil samples were thoroughly mixed to ensure uniformity and consistency. This step is crucial for ensuring reliable and consistent results in downstream microbiome analysis (Garcia-Sanchez et al., 2020). About 500mg of soil was measured in triplicates in 2-ml sterile microcentrifuge tubes for DNA isolation (4 x 3 = 12 samples).




2.2 Soil DNA extraction, library preparation, and sequencing

DNA was extracted from 12 soil samples using the ZymoBIOMICS-96 MagBead DNA Kit (Zymo Research, Irvine, CA), according to the manufacturer’s instructions. The elution volume of DNA is 50 ul. The quantity and quality of the isolated DNA were assessed (Sambrook and Russell, 2001) using Nanodrop 1000 Spectrophotometer (Thermo Fisher Scientific, 2023), Qubit 1X dsDNA Broad Range Assay Kit (Invitrogen, 2016), and Agarose Gel Electrophoresis (Wilson, 2020), respectively. Bacterial 16S rRNA gene sequencing was conducted using the Quick-16S NGS Library Prep Kit (Zymo Research, Irvine, CA), specifically targeting the V3–V4 region of the 16S rRNA gene. Amplification was performed with designated bacterial 16S primers, adhering to the following PCR protocol: an initial denaturation step at 95°C for 3 minutes, followed by 25 cycles of 95°C for 30 seconds, 55°C for 30 seconds, and 72°C for 30 seconds, concluded with a final extension at 72°C for 5 minutes. Each sample underwent triplicate processing to enhance reproducibility (Mardis, 2008). For fungal analysis, ITS2 gene sequencing was similarly executed using the Quick-16S NGS Library Prep Kit, replacing the 16S primers with custom ITS2 primers from the Microbiome Sequencing ITS2 Primer Set. The PCR conditions for the ITS2 amplification included an initial denaturation at 95°C for 3 minutes, followed by 30 cycles of 95°C for 30 seconds, 55°C for 30 seconds, and 72°C for 30 seconds, and a final extension at 72°C for 5 minutes (White et al., 1990).

To minimize PCR chimera formation, real-time PCR monitoring was employed during library preparation for each sample. The resulting PCR products were quantified using qPCR fluorescence readings and pooled based on equal molarity. The pooled library underwent purification using the Select-a-Size DNA Clean and Concentrator (Zymo Research, Irvine, CA) and was quantified using TapeStation (Agilent Technologies, Santa Clara, CA) and Qubit 1X dsDNA High-Sensitivity Assay Kits (Thermo Fisher Scientific, Waltham, WA) (Parker et al., 2016). ZymoBIOMICS Microbial Community DNA Standards (Zymo Research, Irvine, CA) served as positive controls for each DNA extraction and targeted library preparation. Additionally, negative controls, including blank extraction and library preparation controls, were incorporated to assess the quality and potential contamination during these processes (Kozich et al., 2013). In total, 12 libraries were sequenced on the Illumina NextSeq 2000 using a p1 (cat 20075294) reagent kit (600 cycles), with a 30% PhiX spike-in control included for sequencing (Illumina, 2019).




2.3 Bioinformatics and statistical analysis

Bioinformatics analyses were conducted to process and analyze the sequence data, starting with the improvement of read quality (Bolger et al., 2014; Chen et al., 2022). Then, the reads were paired together and assembled into genetic sequences, which were subsequently compared to reference genomes for organism identification (Li et al., 2021; Bushnell et al., 2017). The raw reads from amplicon sequencing data (16S rRNA and ITS2) were processed using the Divisive Amplicon Denoising Algorithm 2 (DADA2) pipeline in R (v4.3.2), following the procedure outlined by Callahan et al. (2016a, b). Data were then statistically analyzed with Phyloseq (v1.46.0) to create a data matrix and examine microbiome differences across and within samples. The DADA2 workflow involves quality filtering and trimming, de-replication, sequence table construction, chimera removal, taxonomy assignment, and phylogenetic tree construction. In the first step, forward reads were truncated at position 300 and reverse reads at position 200 for the 16S rRNA dataset, while for the ITS2 dataset, forward reads were truncated at position 180 and reverse reads at position 250. After being filtered by DADA2, the reads were grouped into distinct Amplicon Sequence Variants (ASVs) and aligned using the DECIPHER R package (Wright, 2015). Then, dereplication was performed to eliminate redundancy and infer ASVs without applying any arbitrary threshold, allowing for the detection of variants that differ by as little as a single nucleotide. Next, chimeras were subsequently removed using the “removeBimeraDenovo” command. Subsequently, taxonomy was assigned using the naive Bayesian classifier, employing the Ribosomal Database Project (RDP) v19 training set for 16S rRNA data (Wang et al., 2007; Cole et al., 2014) and the UNITE database v9.0 (Abarenkov et al., 2023) for ITS2 data and the phylogenetic tree was constructed with the Phangorn R package (Schliep, 2011). Finally, a Phyloseq object was used to import all the data to carry out alpha diversity, beta diversity, relative abundance with composition barplots, differential abundance analysis, heatmap, and network analyses.

Subsequently, R (v4.3.2) was used to conduct statistical analyses and visualizations using Phyloseq (v1.46.0) and additional packages such as VennDiagram (Chen and Boutros, 2011), UpsetR (Conway et al., 2017), ggplot2 (Wickham, 2016), gridExtra (Auguie, 2017), tidyverse (Wickham et al., 2019), vegan (Oksanen et al., 2020), ggpubr (Kassambara, 2020), reshape2 (Wickham, 2007), plotly (Sievert, 2020), microbiomeutilities (Lahti and Shetty, 2017), ampvis2 (Andersen et al., 2018), and microbiotaProcess (Xu et al., 2021). In short, a Phyloseq object was used to import all the data (McMurdie and Holmes, 2013). The “alpha” function from the Microbiome package (Lahti and Shetty, 2017) was used to compute alpha diversity. Rarefaction curves of the Shannon bacterial ASVs were computed using the Vegan package. Using the methods in the Phyloseq package, beta diversity was analyzed by Weighted Unifrac Bray-Curti’s distance (Lozupone et al., 2011) calculations and plotting and visualization with the Phyloseq package.

Relative abundance of the taxa was determined and agglomerated at the phylum, family, and genus levels using the Phyloseq. Venn diagrams were created and UpsetR packages were used to illustrate the number of ASVs unique and common among different communities (Chen and Boutros, 2011). The core bacterial microbiome of soil samples was calculated based on relative abundance using “Microbiome analyst” 2.0 (Chong et al., 2023). Differential abundance of microbial groups was assessed using DESeq2 (Love et al., 2014), with biomarker characteristics identified based on significant treatment-related changes (p < 0.05) and an effect size > ± 1 (log2FoldChange > ± 1). All analyses were considered statistically significant at a p-value of less than or equal to 0.01, except for DESeq2 analysis (Love et al., 2014). Finally, network plots were generated using the Phyloseq package in R (McMurdie and Holmes, 2013), which involved creating an object from the microbiome data, followed by the application of the igraph package (Csardi and Nepusz, 2006) to visualize relationships among taxa based on co-occurrence patterns.





3 Results



3.1 Microbiome richness and diversity

A total of 7,485,810 (7.49 million) and 8,088,548 (8.09 million) raw reads (R1+R2) of 16S rRNA and ITS2, respectively were obtained from soil samples collected from four counties of North Alabama in triplicates. After quality control and trimming using DADA2, we retained 7,204,800 (7.20 million) bacterial and 7,759,796 (7.76 million) fungal high quality sequences. The final unique sequences collected after trimming, dereplicating, filtering chimeric regions, and size selection for bacterial (Table 2) and fungal (Table 3) sequences were presented. Our taxonomic assignment from the DADA2 pipeline revealed novel and intriguing insights when we compared our samples against the RDP v19 training set for 16S rRNA and UNITE database for ITS data analyses.

Table 2 | Read summary table for the soil samples from 16S rRNA Sequencing.


[image: Table showing RNA sequence analysis across four counties based on Reniform Nematode infestation levels. Columns display raw sequences, trimmed sequences, chimera sequences, sequences after size filtration, and final unique sequences. Infestation levels range from Not-Detected in Jackson to High Infestation in Limestone.]
Table 3 | Read summary table for the soil samples from ITS2 Sequencing.


[image: Table displaying data on Reniform Nematode infestation levels across four counties: Jackson, Lauderdale, Madison, and Limestone. It includes columns for raw sequences, trimmed sequences, chimera sequences, sequences after size filtration, and final unique sequences. Each county has a corresponding infestation level: ND-A, LI-B, MI-C, and HI-D, representing not-detected, low, medium, and high infestation, respectively.]



3.2 Alpha diversity

Metrics of alpha diversity are employed to assess the richness and evenness of a sample’s microbial community at various levels of RN infestation with Kruskal–Wallis test (p < 0.01), providing insights into microbial community composition (Lundberg et al., 2020a; Allen and Banfield, 2021). The observed species revealed higher bacterial richness in Group A indicating greater species diversity, while a higher bacterial richness and evenness (Shannon) was identified in Group D with p < 0.01 reflecting a more even distribution of species within the microbial community compared to the other groups (Figures 1A). Whereas, the fungal communities in Group A exhibited higher richness and evenness (Shannon index) and higher richness with observed species in Group B with a statistically significance (p < 0.01). However, in Group D, the richness for observed species was lower when compared with the Shannon index for richness and evenness (Figures 1B).

[image: Box plots comparing alpha diversity measures between groups A, B, C, and D for Observed and Shannon indices in panels A and B. Each box plot represents the distribution of diversity measures, showing median, quartiles, and outliers, with variations observed across groups and indices.]
Figure 1 | (A, B) Boxplots representing the bacterial observed, bacterial Shannon, fungal observed, and fungal Shannon indices at different levels of RN Infestation (p<0.01, Kruskal–Wallis test). Group A-RN Not-Detected, Group B-RN Low Infestation, Group C-RN Medium Infestation, Group D-RN High Infestation.

Shannon rarefaction curves indicated similar trends in microbial diversity across various levels of RN infestation for both bacterial and fungal communities (Figures 2A, B). Specifically, the bacterial communities in Group D exhibited the highest microbial diversity, with values ranging from 7.34 to 7.67, while Group B showed the lowest diversity, ranging from 6.78 to 7.27 (Figure 2A). In contrast, the fungal communities revealed that Group A had the highest microbial diversity, ranging from 4.28 to 4.85, whereas Group D exhibited the lowest diversity, with values ranging from 3.17 to 3.94 (Figure 2B). Notably, after reaching 30,000 sequences, the Shannon index plateaued at the 97% similarity threshold (α = 0.03), indicating that sufficient sequences were obtained to meet the sequencing requirements (Olesen and Simmelsgaard, 2019). The Shannon rarefaction curves for both bacterial and fungal samples (Figures 2A, B) illustrated that the RN infestation curves increased linearly before stabilizing suggesting that the sequencing data was reliable for further investigation (Chao et al., 2014).
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Figure 2 | (A, B) Rarefaction curves illustrate the Shannon diversity indices of bacterial and fungal communities at different levels of RN Infestation with statistical significance (p < 0.01). Group A-RN Not-Detected, Group B- RN Low Infestation, Group C- RN Medium Infestation, Group D- RN High Infestation.




3.3 Beta diversity

PERMANOVA analysis of weighted UniFrac distances revealed significant differences (p < 0.01) in microbial composition at various levels of RN infestation (Gauthier et al., 2022). The beta diversity or principal coordinate analysis (PCoA) plot, based on weighted UniFrac distances, demonstrated that bacterial groups associated with different levels of RN infestation clustered distinctly from fungal groups (Figures 3A, B). In the beta diversity plot, samples with similar bacterial composition profiles were clustered together, while those with differing profiles were positioned further apart, effectively illustrating the overall bacterial composition. The microbial diversity within the fungal Group D clustered and overlapped with groups A and C across various RN infestation levels (Figure 3B). The presence of RN infestation notably influenced the clustering patterns of the samples and their microbial classification (Nielsen et al., 2023).
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Figure 3 | (A, B) Principal Coordinate Analysis (PCoA) plot based on Bray-Curtis weighted uniFrac showing the distance in the bacterial and fungal communities at different levels of RN Infestation. Significance was tested using PERMANOVA test (p < 0.01). Group A-RN Not-Detected, Group B- RN Low Infestation, Group C- RN Medium Infestation, Group D- RN High Infestation.




3.4 Relative abundance



3.4.1 Phylum level

At the phylum level, the bacterial phyla Actinobacteria, Proteobacteria, Acidobacteria, and Planctomycetes exhibited high relative abundances, followed by Chloroflexi, Firmicutes, Gemmatimonadetes, Verrucomicrobia, and Bacteroidetes across various levels of RN infestation with a statistical significant difference (p < 0.01) (Figure 4A). In all four groups A, B, C, and D-Actinobacteria, Proteobacteria, and Acidobacteria demonstrated similar patterns of relative abundance. Notably, in Group A, Planctomycetes were more abundant than in the other groups, while Firmicutes showed higher relative abundance in Group B. In Group C, Verrucomicrobia was the most abundant, whereas the highest abundances of Chloroflexi and Bacteroidetes observed in Group D (Figure 4A). The fungal community composition indicates that Ascomycota is the most predominant phylum, followed by Basidiomycota, Mucoromycota, and Rozellomycota with a significant statistical difference (p < 0.01). Specifically, Ascomycota was the dominant phyla in Group D, while Basidiomycota and Mucoromycota were most abundant in Group A. However, Mucoromycota was the least abundant phyla across all groups except for Group A, highlighting distinct compositional differences among the groups (Figure 4B).
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Figure 4 | (A, B) Distribution and relative abundance of bacterial and fungal phyla at different levels of RN Infestation with statistical significance (p < 0.01). Group A-RN Not-Detected, Group B- RN Low Infestation, Group C- RN Medium Infestation, Group D- RN High Infestation.




3.4.2 Family level

At the family level, the bacterial families Solirubrobacteraceae, Nocardiodaceae, Micromonosporaceae, Acidimicrobiaceae, Acetobacteraceae, Streptomycetaceae, and Geodermatophilaceae were the most abundant with the statistical significance of p < 0.01 across various levels of RN infestation. In Group A, Solirubrobacteraceae, Cellulomonadaceae, and Nocardiodaceae were observed as the most abundant bacterial families, while Gaiellaceae was the least identified, and Acidimicrobiaceae was completely absent. In Group B, Gaiellaceae emerged as the most abundant family, whereas Acidimicrobiaceae was the least abundant. In Group C, Micromonosporaceae and Acidimicrobiaceae were the most abundant, while Cellulomonadaceae and Gaiellaceae were the least abundant families. In Group D, Acetobacteraceae, Streptomycetaceae, and Geodermatophilaceae were the most abundant bacterial families. Remarkably, Solirubrobacteraceae was also found to be the least abundant in both groups C and D (Figure 5A). The diversity of fungal families was highlighted by the predominance of Nectriaceae, Bionectriaceae, Plectosphaerellaceae, Cladosporiaceae, Chaetomiaceae, and Ophiocordycipillaceae across various levels of RN infestation with the statistical significance of p < 0.01. In Group A, Nectriaceae and Bionectriaceae were identified as the most abundant families, Plectosphaerellaceae was the least represented, and Botryosphaeriaceae and Pezizomycotina-farm-incertae sedis were not detected. In Group B, Plectosphaerellaceae was the most abundant family and Trichocomaceae and Pezizomycotina-farm-incertae sedis were not observed. While in group C, Trichocomaceae was the most prevalent and Cladosporiaceae was the least abundant. Notably, Bionectriaceae was the least abundant in both groups B and C. In Group D, Cladosporiaceae, Pezizomycotina-farm-incertae sedis, Chaetomiaceae, Botryosphaeriaceae, Ophiocordycipillaceae were the most abundant and Bionectriaceae was the least abundant fungal families identified. Similarly to Group B, Trichocomaceae was also not observed in Group D (Figure 5B).

[image: Bar charts showcasing relative abundance of various bacterial families (A) and fungal families (B) across different groups. Each segment represents a different family, indicated by distinct colors. Family names are listed in the legend.]
Figure 5 | (A, B) Distribution and relative abundance of bacterial and fungal communities at the family level across various levels of RN infestation with statistical significance (p < 0.01). Group A-RN Not-Detected, Group B- RN Low Infestation, Group C- RN Medium Infestation, Group D- RN High Infestation.




3.4.3 Genus level

At the genus level, Solirubacter, Nocardioides, Dactylosporangium, Rugosimonospora, Blastococcus, Streptomyces, and several unclassified genera were identified as the most abundant bacterial genera across different levels of RN infestation with statistical significance, p < 0.01. In Group A, Kribbella, Cellulomonas, and Solirubrobacter were identified as the most abundant, Rugosimonospora was found to be the least abundant and Illumatobacter was not detected. In Group B, Gaiella and Nocardioides were identified as the most abundant and Illumatobacter was identified as the least abundant genera. In contrast to Group A, Kribbella was absent in Group B. In Group C, Ilumatobacter, Dactylosporangium, and Rugosimonospora were identified as the most abundant while Gaiella and Cellulomonas were completely absent. In Group D, Blastococcus and Streptomyces were detected as most abundant. Interestingly, Solirubacter was observed as the least abundant genera in groups C and D (Figure 6A). The diversity of fungal genera composition was statistically significant at p < 0.01 with predominant genera including Fusarium, Lectera, Gibellulopsis, Purpureocillum, Cladosporium, Fusarium, Macrophomina and several unclassified genera across various levels of RN infestation. In Group A, Fusarium was identified as the most abundant and Talaromyces was the least represented genera. In Group B, Lectera, Gibellulopsis, and Purpureocillum were identified as the most abundant and Aspergillus was not detected. In addition, Didymela was not detected in both Group A and B. In Group C, Talaromyces and Aspergillus were identified as the predominant genera and Lectera was identified as the least abundant genera. In Group D, Cladosporium, Didymella, Fusarium, and Macrophomina were abundant, Gibellulopsis was the least abundant and Talaromyces was not detected (Figure 6B).
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Figure 6 | (A, B) Distribution and relative abundance of bacterial and fungal genera at different levels of RN Infestation with statistical significance (p < 0.01). Group A-RN Not-Detected, Group B- RN Low Infestation, Group C- RN Medium Infestation, Group D- RN High Infestation.





3.5 Venn diagram

To further understand the bacterial and fungal distribution within the microbiota, shared and unique ASVs across different groups under comparison were analyzed using a Venn diagram (Figures 7A, B). In total, 47,893 bacterial and 3,409 fungal ASVs were identified among all groups, with 95 ASVs shared among all bacterial groups and 61 ASVs shared among all fungal groups. For the bacterial ASV’s, 12,758, 10,709, 12,153 and 11,360 unique ASVs were identified in Groups A, B, C and D, respectively (Figure 7A). For the fungal ASVs, 663, 887, 480, and 326 unique ASVs were identified in Groups A, B, C and D, respectively. (Figure 7B).
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Figure 7 | (A, B) Venn diagram showing total numbers of shared bacterial and fungal ASVs across various levels of RN Infestation. Group A-RN Not-Detected, Group B- RN Low Infestation, Group C- RN Medium Infestation, Group D- RN High Infestation.




3.6 Differential relative abundance analysis

To investigate variations in the relative abundance of bacterial and fungal genera, we analyzed the dataset using log2 fold change by comparing Group A to Group D. This differential abundance analysis revealed significant changes in the bacterial and fungal microbial communities (Figure 8A). Several bacterial genera exhibited a marked increase (p < 0.05; log2FC > 2) in the abundance of Streptosporangium, Labrys, Pseudonocardia, Mesorhizobium, Sphingomonas, Arthrobacter, Ilumatbacter, and Gaiella in Group D, compared to Group A. Contrastingly, a significant decrease in the abundance of bacterial genera such as Burkholderia, Micromonospora, Jatrophihabitans, Gaiella, and Mycobacterium was observed (Figure 8A). The fungal genera exhibited a marked increase in the abundance of Gibellulopsis, Latorua, Myrothecium, Podospora, Russoella, and Bovista in Group D relative to Group A. Contrastingly, a significant decrease in the abundance of Tricladium, Phialophora, Humicola, Talaromyces, Nigrospora, Chaetosphaeris, Candida, Myrmecredium, Penicillium, and Aspergillus were observed (Figure 8B).

[image: Two scatter plots labeled A and B. Plot A displays bacterial genera along the y-axis and log2 fold change on the x-axis, with points colored by phylum: Actinobacteria, Proteobacteria, Nitrospirae, Chloroflexi, Gemmatimonadetes, and Firmicutes. Plot B shows fungal genera on the y-axis and Log2 Fold Change on the x-axis, with points colored by phylum: Basidiomycota, Ascomycota, and Mucoromycota.]
Figure 8 | (A, B) Differential abundance analysis of bacterial and fungal microbial genera at the phylum level was conducted by comparing Group A (RN Not-Detected) with Group D (RN High Infestation) using the DESeq2 (statistical significance, p < 0.05).




3.7 Core microbiome

A total of 27 bacterial and 38 fungal genera were identified as part of the core microbiome, across all groups, considering a minimum of 0.1% abundance observed among > 20% of the samples (Figures 9A, B). Notably, Gaiella emerged as the core bacterial genera, exhibiting a prevalence of 100% and a relative abundance of 8%. Additionally, Conexibacter, Bacillus, Blastococcus, and Streptomyces were recognized as core bacterial genera, each showing a relative abundance of 0.5% across all groups. Furthermore, Sphingomonas, Mycobacterium, Actinoallomurus, Dactylosporangium, Skermanella, Bradyrhizobium, Pseudonocardia, and Nitrospora were classified as core bacterial genera, each with a relative abundance of 0.1% across all groups. The remaining bacterial genera displayed an abundance of 0.1% with a prevalence ranging from 70-90% (Figure 9A). In terms of fungal genera, Fusarium was recognized as a core member of the microbiome, with a prevalence of 100% and a relative abundance of 1%. Aspergillus was also identified as a core fungal genus, with a relative abundance of 0.5% across all groups. Moreover, Gibberella, Cladosporium, and Lactera were categorized as core fungal genera, each exhibiting a relative abundance of 0.1% across all groups. The remaining fungal genera had an abundance of 0.1% with a prevalence range of 30-90% (Figure 9B).

[image: Two prevalence heatmaps labeled A and B showing bacterial genera versus detection thresholds in relative abundance percentage. Colors range from blue (0% prevalence) to red (100% prevalence). The left chart, A, and the right chart, B, both depict color gradients indicating varying levels of genus prevalence across different detection thresholds. A key on each chart illustrates the prevalence color scale.]
Figure 9 | (A, B) Heat map showing core bacterial and fungal genera across different levels of RN Infestation. The plot compares the prevalence of genus in samples across varying levels of abundance. Only the genera with minimum prevalence of 0.2 at 0.001 abundance are plotted.




3.8 Network plots of bacterial and fungal phyla

Network plots serve as a powerful visual tool for understanding the relationships among various bacterial and fungal phyla with statistical correlation, p < 0.01. In these plots, nodes represent different bacterial phyla, such as Actinobacteria, Acidobacteria, Bacteroidetes, Firmicutes, Planctomycetes, and Proteobacteria and. fungal phyla such as Ascomycota, Basidiomycota, Glomeromycota, and Mucoromycota. Edges represent the degree of similarity in taxonomic composition based on shared ASVs (Figures 10A, B). A tight clustering of bacterial nodes was identified among Actinobacteria, Acidobacteria, and Proteobacteria indicating a high degree of similarity and co-occurrence. This clustering suggests niche sharing, potential ecological interactions and functional roles in the ecosystem (Figure 10A). Conversely, isolated bacterial nodes were found in Bacteroidetes, Firmicutes, and Planctomycetes with moderate connections indicating distinct ecological dynamics or a specialized function within the community. The nodes of fungal phyla like Ascomycota and Basidiomycota were closely connected, implying similar ecological roles within the microbial community. Contrastingly, nodes of the Glomeromycota and Mucoromycota appear to be more isolated, indicating varied functional roles and ecological dynamics (Figure 10B).

[image: Scatter plots labeled A and B show clusters of colored nodes connected by lines, representing various phyla. Plot A includes phyla such as Acidobacteria, Bacteroidetes, and others. Plot B features phyla like Ascomycota and Basidiomycota. Each plot has labeled axes and a legend for phylum identification.]
Figure 10 | (A, B) Network Plot showing the relationship based on Jaccard Distance at phylum level with bacterial and fungal communities across various levels of RN Infestation (Significant (p < 0.01) correlation). Group A-RN Not-Detected, Group B- RN Low Infestation, Group C- RN Medium Infestation, Group D- RN High Infestation.





4 Discussion

This study advances our understanding of the rhizosphere-associated microbiome to RN infestations by revealing bacterial and fungal richness and evenness shifts across varied infestation levels. Our analysis shows that nematode infestation significantly affects the composition and diversity of rhizospheric microbiota, with notable shifts across infestation levels. Specifically, Group A has the highest abundance of bacterial phyla Planctomycetes and fungal phyla Basidiomycota, Mucoromycota, and Ascomycota. Group D was characterized by the predominance of bacterial phyla Chloroflexi and fungal phyla Ascomycota. These shifts highlight the resilience and adaptability of the microbiome in response to RN, suggesting a complex interplay between microbial community dynamics and nematode presence. The observed alterations in microbial composition may enhance plant defense mechanisms, as specific microbial taxa can facilitate nutrient acquisition and promote plant growth during stress conditions (Zhang et al., 2020).

The analysis of alpha diversity metrics revealed distinct patterns in microbial community composition corresponding to varying reniform nematode (RN) infestation levels. Notable differences were observed in both bacterial and fungal richness and evenness. Group D showed higher bacterial richness and evenness, while Group A had lower bacterial richness. These results are consistent with those of Lundberg et al. (2020b), that reported increased pest incidence like nematode infestations, can lead to more diverse microbial communities due to improved nutrient availability during stress. Conversely, Group A’s fungal communities showed higher richness and evenness, indicating a more stable microbial community associated with healthy soil ecosystems, as reported by Yuan et al. (2020b). Moreover, Group B revealed elevated fungal richness in observed species, suggesting that even moderate nematode infestations can modify root exudation patterns that may subsequently benefit plant health, as Topalovic et al. (2020) indicated. Conversely, in Group D, both fungal richness and evenness were diminished, consistent with previous studies indicating that increased nematode infestation can disrupt the microbial balance, favoring opportunistic species and resulting in a decline in overall microbial diversity, as reported by Zhang et al. (2019).

The Shannon rarefaction curves generated in our study indicate that microbial diversity responds distinctly to varying levels of RN infestation for both bacterial and fungal communities. The observation that the Shannon index plateaued after reaching 30,000 sequences supports the notion that our sequencing efforts sufficiently captured the microbial diversity present in the samples, corroborating similar studies suggested by Olesen and Simmelsgaard (2019) and Chao et al. (2014), which suggest that adequate sampling depth is crucial for reliable diversity assessments. Group D exhibited higher microbial diversity, which aligned with previous reports showed that microbial diversity during nematode infestations (Huang et al., 2022; Zhang et al., 2023). In Group D, the values of the Shannon index showed a higher microbial diversity within bacterial communities suggesting a robust and resilient bacteria that is capable of sustaining functions that are critical for nutrient cycling and plant growth (Wang et al., 2023). Fungal communities showed distinct patterns, with Group A having the highest diversity, suggesting low RN infestation levels may favor a diverse fungal community, potentially enhancing plant health and nutrient uptake (Martínez-García et al., 2023). In contrast, lower fungal diversity indicates that biotic stress negatively impacts the dynamics of fungal communities (Liu et al., 2023).

The PERMANOVA analysis of weighted UniFrac distances (p < 0.01) showed differences in the microbial composition across all groups, suggesting that nematode-induced biotic stress is the primary factor driving microbial community shifts. As spatial variation could potentially influence microbial communities, our experimental design ensured that all samples were collected from similar environmental conditions, minimizing spatial variability. In addition, nematode behavior can also cause significant shifts in microbial communities, independent of spatial variation in the sampling environment (Zhang et al., 2019). In the principal coordinate analysis (PCoA), bacterial groups associated with different levels of RN infestation clustered distinctly from fungal groups (Figures 3A, B), a similar pattern reported by Raaijmakers et al., 2009; Zhao et al., 2018; Zhang et al., 2019. Interestingly, an overlap of fungal communities was observed among Groups A, C, and D, suggesting the functional stability of specific fungal taxa despite the fluctuations in biotic stress (Nielsen et al., 2023).

At the phylum level, microbial community composition reveals significant insights into the dynamics of bacterial and fungal populations in response to varying levels of RN infestation. Our results indicate that the bacterial phyla Actinobacteria, Proteobacteria, and Acidobacteria were highly abundant across all groups, consistent with earlier studies that highlighted their roles in nutrient cycling and plant growth promotion in soil ecosystems (Fierer et al., 2007). Specifically, Actinobacteria are known for their capacity to degrade organic matter and contribute to soil health (Jansson and Hofmockel, 2009). Notably, Planctomycetes were identified as abundant phyla in Group A, which may indicate their role in nitrogen cycling (Rao and Rao, 2016). Similarly, the higher relative abundance of Firmicutes in Group B, Verrucomicrobia in Group C, and Chloroflexi and Bacteroidetes in Group D suggests that these bacteria may play a crucial role in maintaining soil health and nutrient cycling and also associated with the breakdown of complex organic compounds thus enriching the soil (Guan et al., 2018; Ding et al., 2024; Wang et al., 2019). The higher abundance of Ascomycota in Group D is important for improving soil health (Lücking et al., 2017). In Group A, the higher abundance of Basidiomycota and Mucoromycota reflects a potential competitive advantage of these phyla (Zong et al., 2021). A lower abundance of Mucoromycota was observed among all groups except Group A, suggesting that the resilience of fungal groups varies with nematode infestation levels (Nielsen et al., 2023).

In Group A, the dominance of Solirubrobacteraceae and Cellulomonadaceae families was observed, similar to what was reported by Youssef et al., 2015, suggesting their role in cellulose degradation. Gaiellaceae was the most abundant family observed in Group B, indicating its adaptability to varied environmental conditions (Vasquez et al., 2019). In contrast, Acidimicrobiaceae was the least abundant family in both Group A and B, which may indicate competitive exclusion by more dominant families in less disturbed soils (Sang et al., 2019). In Group C, Micromonosporaceae and Acidimicrobiaceae were the most abundant families, which can play a crucial role in secondary metabolite production and mitigate stress impacts (Liu et al., 2020). Group D exhibited increased abundance with Acetobacteraceae, Streptomycetaceae, and Geodermatophilaceae families, which are generally associated with nutrient cycling (Meyer et al., 2022). The predominance of Nectriaceae and Bionectriaceae in Group A suggests their vital role in plant health, nutrient mobilization, and soil ecology (Kurtzman et al., 2018). In Group B, the Plectosphaerellaceae family was the most abundant, and Trichocomaceae was the least abundant, suggesting a potential vulnerability of specific fungal taxa even with mild RN infestation (Zhao et al., 2021). In Group D, the increased abundance of Cladosporiaceae and Chaetomiaceae suggests the stability of these fungal communities that may affect plant-microbe interactions and overall soil health (Nielsen et al., 2023).

In Group A, the prevalence of Kribbella, Cellulomonas, and Solirubacter and the absence of Illumatobacter indicates that specific genera were dominant and are potentially involved in cellulose degradation and organic matter breakdown (Fierer et al., 2007; Liu et al., 2020). In Group B, the relative abundance of Gaiella and Nocardioides reflects a shift in community dynamics, which can enhance nutrient availability and promote plant growth (Zhang et al., 2018). In Group C, a higher abundance was observed in Illumatobacter, Dactylosporangium, and Rugosimonospora, indicating their resilience and adaptability in response to biotic stress (Pester et al., 2010). A decrease in the abundance of Gaiella and Cellulomonas suggests that certain nematodes can affect root-associated microbial communities essential for maintaining plant health (Jousset et al., 2017). In Groups C and D, Solirubacter was the least abundant genus potentially sensitive to higher RN infestation levels (Zhang et al., 2020). In Group A, Fusarium is the most abundant genus that plays a dual role as a pathogen and beneficial organism (Gams et al., 2011). Lower abundance of Didymella in Groups A and B may indicate shifts in community structure linked to nematode infestation levels (Grondahl et al., 2021). In Group C, the dominance of Talaromyces and Aspergillus suggests that specific fungal taxa might thrive in moderate RN infestation, likely due to their saprophytic capabilities and ability to decompose organic matter (Jaklitsch et al., 2016). The abundance of Cladosporium, Didymella, Fusarium, and Macrophomina in Group D may support the complex interactions in soil systems. A lower abundance of Talaromyces reflects competitive exclusion caused by higher nematode loads (Zhang et al., 2022).

Among the bacterial communities, 95 shared ASVs among all groups indicate a core set of taxa that persists across varying environmental conditions (Shade et al., 2012a). Identifying 61 shared fungal ASVs underscores the potential for specific fungal taxa to adapt and thrive in diverse soil environments (Glassman et al., 2017). The high number of unique ASVs in Group A (12,758) may facilitate niches that support a wider range of bacterial diversity that may be involved in improving nutrient availability and fostering ecological interactions (Lauber et al., 2009). A lower number of unique ASVs (10,709) were observed in Group B compared to Group A, reflecting a substantial diversity that may stimulate competitive interactions under mild RN infestation (Santos et al., 2018). In Group C, 12,153 unique ASVs identified belonged to diverse bacterial communities with specific functional roles in soil and plant health (Friedman and Alm, 2012). In Group D, relatively lower bacterial communities (11,360 unique ASVs) identified were possibly due to the microbial and pest competition for the available nutrients (Wagg et al., 2014). A higher diversity of fungal ASVs was identified in Group A (663) compared to Group D (326), suggesting that specific fungal communities may be more resilient to biotic stress, highlighting the interplay between fungal diversity and plant health (Zhao et al., 2021).

By suppressing plant defenses, nematodes may inadvertently alter the composition of microbial communities in the rhizosphere. This can lead to an increase in stress-resistant bacterial taxa better adapted to the modified environment. Moreover, the weakened plant defense system can also facilitate the colonization and proliferation of secondary pathogens, including bacteria, which may further exploit the compromised plant defenses (Shade et al., 2012b; McGuire et al., 2017). The increased abundance of genera such as Streptosporangium, Labrys, Pseudonocardia, Mesorhizobium, Sphingomonas, and Arthrobacter in Group D indicates a shift in stress-resistant taxa. Various ecological interactions and environmental factors influence the shift in specific microbial populations such as Burkholderia, Micromonospora, Jatrophihabitans, Gaiella, and Mycobacterium to selective pressures from nematode infestations. The change in such bacterial genera in Group D may be attributed to the selective pressure exerted by higher levels of RN infestation. Burkholderia species, particularly B. seminalis, have shown potential as biocontrol agents against nematodes like Meloidogyne enterolobii. Studies have demonstrated that specific concentrations of B. seminalis can exhibit ovicidal activity, reducing nematode egg viability and thus controlling nematode populations (Moreira et al., 2024). Burkholderia is highly attractive to certain nematodes, such as M. incognita, which can increase nematode aggregation around these bacteria. This attraction can influence the dynamics of nematode populations and their interactions with other microbial communities (Tahseen and Clark, 2014). Fungal genera such as Gibellulopsis, Latorua, Myrothecium, Podospora, Russoella, and Bovista employ a variety of mechanisms to suppress nematode infestations. These fungi are part of a broader group known as nematophagous fungi, which are recognized for their ability to control nematode populations through diverse strategies such as mechanical trapping, endoparasitism, systemic resistance, enzymatic degradation, and toxic metabolite production (Noweer, 2020). Interestingly, a significant increase in the abundance of these fungal genera was observed in Group D. A significant decrease in the fungal genera such as Tricladium, Phialophora, Nigrospora, and Candida was observed. The presence of some nematophagous fungi can potentially reduce the prevalence of non-nematophagous genera like Tricladium and Phialophora (Mo et al., 2023).

The presence of nematodes in the soil leads to increased alkaline phosphomonoesterase (ALP) activity, directly linked to higher phosphorus availability. This enhanced nutrient cycling provides a competitive edge to bacteria like Gaiella, that can efficiently utilize the available phosphorus (Zheng et al., 2022). The core bacterial genus Gaiella emerged as a dominant genus, exhibiting a prevalence of 100% and a relative abundance of 8%, indicating the crucial role in phosphorus recycling. The specific mechanism by which Conexibacter, Bacillus, Blastococcus, and Streptomyces bacteria outcompete other microbial communities under nematode infestation involves a combination of biochemical and ecological strategies. The presence of these bacteria with a relative abundance of 0.5% suggests their possible role in survival and proliferation in the rhizosphere by competing against the nematodes. Nematode-induced nutrient cycling significantly impacts the selective advantage of bacteria such as Sphingomonas, Mycobacterium, and Actinoallomurus in mixed microbial communities, as identified in Group D, with a relative abundance of 0.1%. Through predation and feeding activities, nematodes influence the availability of nutrients like nitrogen and phosphorus, affecting bacterial community dynamics and competitive interactions. This process can enhance the growth and activity of specific bacterial taxa, providing them with a competitive edge in nutrient-limited environments (Zheng et al., 2022). In Group D, Fusarium was observed with a 100% prevalence and a relative abundance of 1%. This dominance may be due to the complex relationship between Fusarium and nematodes, including antagonistic and synergistic interactions. These interactions can vary based on environmental conditions and the specific species involved (Siddiqui and Aziz, 2024). In Group D, Aspergillus, Gibberella, Cladosporium, and Lactera were identified with a relative abundance of 0.1%. These fungi can play various roles, from being parasitic to nematodes to acting as part of a broader soil microbiome that influences nematode behavior and survival.

The presence of nematodes alters the soil environment, affecting the bacterial community structure and promoting the clustering of specific bacterial taxa that can thrive under these conditions. We observed tight clustering among bacterial nodes, particularly in Actinobacteria, Acidobacteria, and Proteobacteria in the core microbiome. This clustering is likely influenced by the competitive exclusion of less adapted bacterial clades and the selective pressures exerted by the nematodes and the altered soil environment (Yergaliyev et al., 2020). The isolation of nodes within Bacteroidetes, Firmicutes, and Planctomycetes under plant parasitic nematode infestation is driven by complex interactions between the nematodes, the plant host, and the microbial communities in the rhizosphere. These interactions are influenced by the nematode’s life cycle, the plant’s response to infestation, and the environmental conditions in the soil (Yergaliyev et al., 2020). Forming closer tier networks within Ascomycota and Basidiomycota in response to RN levels provides significant evolutionary advantages. These fungi have evolved mechanisms that enhance their survival and ecological roles by forming intricate networks optimized for resource acquisition, defense, and symbiosis with host plants. Such networks are essential in environments with higher nematode levels, as they help mitigate the damage caused by these pests (Kitagami and Matsuda, 2024). Conversely, the formation of isolated networks with Glomeromycota phylum, particularly arbuscular mycorrhizal fungi (AMF), such as species from the genus Glomus, under RN infestation can be attributed primarily to their potential role in enhancing plant resistance and growth. These fungi possibly establish symbiotic relationships with plant roots, thereby improving nutrient uptake and serve as a biological control against nematodes (Chaerani and Ginting, 2023).



4.1 Potential pitfalls associated with soil microbial profiling studies

Conducting soil microbial analysis presents several potential pitfalls researchers must navigate to ensure accurate and reliable results. One of the significant challenges in such studies is the inherent heterogeneity of soil, which complicates the sampling process. Soil is a dynamic entity with varying microbial populations, and sampling must be statistically sound to capture this diversity accurately. Additionally, the physicochemical properties of soil, such as pH, and organic content can significantly influence microbial community composition and activity, necessitating careful consideration and control in experimental designs. The rapid changes in microbial populations during sample handling and storage also necessitate prompt transfer to laboratories in order to prevent alterations in microbial activity. Also, there is difficulty in estimating the concentration and activity of mixed microbial populations due to their heterogeneous nature and varying metabolic rates. Traditional methods like fluorescence and spectrophotometry have limitations, and microscopy is often recommended for more accurate measurements. Moreover, integrating molecular techniques in soil microbial analysis while offering advanced insights requires careful interpretation to avoid misrepresenting microbial diversity and function. Furthermore, the lack of soil-specific reference databases for metagenomic classifiers poses a challenge in accurately profiling soil microbiomes. Custom databases, optimized classifiers with improved accuracy in taxonomic classification, and tailored bioinformatic pipelines are required. Lastly, sharing data and establishing standard guidelines are crucial for reproducibility and meta-analyses, which can enhance the understanding of soil microbial communities and their ecological roles. The experimental design of this study was structured to address the potential pitfalls by adhering to the Alabama Cooperative Extension System’s protocols.





5 Conclusion

The study explores the relationships between reniform nematode (RN) infestation and the rhizosphere microbiome dynamics in cotton soils. It finds that RN infestation affects the diversity and composition of microbial communities, which in turn enhances plant resistance to biotic stress. These microbial shifts also impact vital biogeochemical cycles important for soil fertility. Furthermore, the research delineates specific bacterial and fungal taxa associated with RN infestation, indicating potential approaches for biological control and soil management. Our findings underscore the importance of comprehending plant-microbe-nematode interactions to formulate integrated pest management strategies that promote sustainable cotton production.




6 Future directions

Designing individual and integrated experiments to understand tripartite interactions among plant-nematode-soil microbiomes is critical during Reniform nematode infestation. Growing and maintaining specific bacterial or fungal pure cultures identified during RN infestation will improve our understanding of these unique microbial species’ functional roles. This knowledge will facilitate the exploration of associated plant defense mechanisms, potentially leading to the development of targeted biological control strategies. Also, investigating the interactions between nematodes, rhizosphere microbiomes, and different cotton genotypes using multi-omic approaches could enhance our understanding of metabolite degradation, nutrient availability in soil, host-parasite competition, and selective pressures exerted on microbial populations during nematode infection. To further strengthen our knowledge, pot culture studies under controlled conditions with different genotypes play a crucial role in examining microbial shifts during RN infection to comprehend the link between microbial dynamics and plant resistance. Longitudinal studies assessing the impact of various nematode management practices on microbial community composition and soil health are essential. Applying these approaches to other plant-nematode systems will support our findings. This will help us understand broader ecological effects and promote sustainable farming practices.
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The Fall armyworm (FAW), Spodoptera frugiperda (J. E. Smith) invaded sub-Saharan Africa (SSA) in 2016 and has since become prevalent in many countries, causing significant maize grain yield losses and reduced grain quality. Breeding for host plant resistance to FAW requires improving multiple traits, complicating selection. This study evaluated the use of principal component (PC)-based multi-trait selection indices to identify FAW resistant maize genotypes. A total of 192 maize hybrids alongside four commercial hybrids, were evaluated over four seasons under artificial FAW infestation. Data on FAW leaf feeding damage (LD) at 7, 14, and 21 days after infestation, and ear damage (ED), ear rot (ER), and grain yield (GY) were recorded. The data were subjected to analysis of variance and PC analysis, and results used to construct two economic weight-free selection indices: PC1-based index (PC1BI) and PC2-based index (PC2BI). Broad-sense heritability estimates were 0.59 to 0.73 for LD, and 0.69 for GY. The two PCs explained 97.1% of the variation among the hybrids. PC1BI, with higher loadings for the leaf feeding damage traits, showed the larger desired gains for these traits (−2.92 to −3.84%) and GY (19.9%), making it a superior index to PC2BI. PC1BI identified six promising hybrids with GY above the cutoff of 7.0 t ha-1 for selection under FAW infestation. PC2BI exhibited larger gains for ED (−11.1%) and ER (−45.4%). The index-based selected hybrids consistently outperformed the commercial hybrid checks. The PC-based indices have the potential to serve as valuable tools for breeders to maximize selection gains; however, modifications are necessary to incorporate other desirable agronomic and adaptive traits.




Keywords: Fall armyworm, host plant resistance, multi-trait selection, principal component analysis, selection gain, Spodoptera frugiperda, weight-free selection index





Introduction

Maize is an important and strategic crop in sub-Saharan African (SSA) for food, feed, and plays key roles in the national economies of several countries as a key industrial and export commodity (Badu-Apraku and Fakorede, 2017; Ekpa et al., 2018, 2019; Erenstein et al., 2022; UBOS, 2022). Sustained production of maize is curtailed by several factors including declining soil fertility, climate change, and emerging pests and diseases (Sisay et al., 2019; Prasanna et al., 2021; Asfaw et al., 2024). The outbreak of the invasive fall armyworm (FAW) pest first reported in 2016 is among the most important pest limiting the production of maize in SSA (Goergen et al., 2016; Otim et al., 2018; Sisay et al., 2019; Tambo et al., 2020). The pest has a broad host range, but its impact is severe on maize fields causing plant damage and yield losses ranging between 20 to 70% especially during aggressive feeding larval stage (Day et al., 2017; Ramirez-Cabral et al., 2017; Montezano et al., 2018). The larval feeding causes several damages to the leaves, stems, and maize ears, further exposing cobs to ear rots and mycotoxin contamination, reducing the quality and safety of grains and their products (FAO, 2017; Pruter et al., 2020; Palumbo et al., 2020; Logrieco et al., 2021). The impact of the pest is mainly severe for smallholder farmers with limited access to inputs, especially pesticides that are costly and require training on use to limit exposure and pesticide risks on humans, crops, livestock and agro-biodiversity (Day et al., 2017; Ramirez-Cabral et al., 2017; Kassie et al., 2020; Tambo et al., 2020; Yan et al., 2022).

The FAW is difficult to control and manage due to its migratory, transboundary and polyphagous behavior, short life cycle and nature of mostly small holder farming in SSA (FAO, 2021; Otim et al., 2021). Host resistance provides a cost-effective, user-friendly, and environmentally safe component of an integrated pest management strategy against FAW under smallholder conditions (Prasanna et al., 2022). Most tropical breeding programs are still in their early stages of host resistance development, and only a few first-generation FAW-tolerant hybrids are commercially available, thus limiting the use of host resistance (Prasanna et al., 2022). Breeding for next-generation and durable resistance demands the consideration of several traits in selection and advancement processes. The key traits targeted by breeders include foliar damage and grain yield traits that benefit the producer, as well as those that influence product quality and consumer acceptance, such as ear damage and ear rot. However, FAW-inflicted leaf-feeding damage and ear quality traits often show an unfavorable correlation with grain yield (Kasoma et al., 2021; Kamweru et al., 2022; Prasanna et al., 2022). Selecting uncorrelated traits focusing on direct selection approaches makes genetic improvement challenging for multiple traits (Olivoto and Nardino, 2020; Zuffo et al., 2020; Batista et al., 2021; Ambrósio et al., 2024). Investigating selection indices aimed at selecting desired second-generation host resistant varieties is crucial given the uncertainty when selection is focused on direct trait approaches. Studies have demonstrated that employing selection indices for multiple traits offers successful chances for breeding several traits into a single genotype (Lopez-Cruz and de los Campos, 2021; Padjung et al., 2021; Anshori et al., 2022; Cerón-Rojas and Crossa, 2022; Farid et al., 2022; Anshori et al., 2024). Breeders utilize a variety of selection indices, such as the Smith-Hazel index (Smith, 1936), base index (Williams, 1962), restricted selection index (Kempthorne and Nordskog, 1959), and the Tai index (Tai, 1977). Some of these indices require the use of economic weights but economic weights for traits are subjective and not easy to determine. Selection indices that require weights generated intrinsically from data are easy to use and amenable for breeders. An example of such an index is the principal component (PC) based index which is possibly the most used (Agudelo-Gómez et al., 2016; Tang et al., 2021; Padjung et al., 2021). Principal component analysis is useful in eliminating redundancy in univariate analyses (Iezzoni and Pritts, 1991), and therefore, PC-based indices also eliminate multicollinearity among variables. The PC-based index method has been used to identify maize varieties with acceptable nutritional value and promising physiological seed quality traits (Tang et al., 2021; Padjung et al., 2021). Principal component indices could thus be useful when selecting FAW-resistant genotypes since some of the traits are scored multiple times, and others show unfavorable correlations. The objective of this study was to evaluate PC-based indices for the selection of maize hybrids with resistance to FAW and improved grain yield under artificial infestation conditions.





Materials and methods




Plant materials

In 2019, nineteen (19) inbred lines were crossed in a diallel mating scheme to generate 171 F1 test hybrids without reciprocals. The inbred lines were developed by CIMMYT and showed promising host responses to FAW feeding damage under artificial infestation in preliminary tests that were done in 2017 and 2018. Table 1 details characteristics, pedigree, and origin of parental lines utilized in the half-diallel crosses. The crosses were made at Kenya Agricultural and Livestock Research Organization (KALRO) Kiboko Research Station (2°15’S, 37°75’E, 975 m a.s.l) in Kenya. In addition to the diallel hybrids, 17 experimental hybrids, including two internal genetic gain checks (CKH10769 and CKH10717), and two commercial check hybrids (WH401 and WH505) were included in the study.

Table 1 | List and characteristics of parental lines utilized in the half diallel crossing.


[image: Table listing 19 corn varieties with five columns: Code, Name, Pedigree, Characteristics, and Origin. Characteristics include tolerances to ear rot, lodging resistance, and multiple borer resistances. Origins are primarily Mexico and Kenya.]




Evaluation of response to FAW infestation

A total of 171 diallel hybrids were evaluated along with 15 or 17 experimental hybrids, two internal genetic gain checks (CKH10769 and CKH10717), and two commercial check hybrids (WH401 and WH505) for four seasons under artificial FAW infestation. In 2020, the trial included 192 hybrids, while in 2021, there were 190 hybrids. The experimental design was a 4 × 48 alpha-lattice in 2020 and a 5 × 38 alpha-lattice in 2021, each with two replications. The experiments were conducted in screen houses in Kiboko, Kenya. The hybrids were planted in a single-row plot, 3 meters long, with 0.75 meters between rows and 0.25 m between plants. FAW neonates, obtained from the CIMMYT insectary at KALRO Katumani Agricultural Experimental Station in Machakos County, Kenya, were used to artificially infest the hybrids. The rearing of FAW neonates followed the protocols described in detail by Prasanna et al. (2018) and Anyanda et al. (2022). Seven neonates were placed in the whorl of each plant at the V5 stage using a camel brush, following the protocols outlined by Prasanna et al. (2018).





Data collection

Fall armyworm leaf feed damage (LD) was assessed at 7 (LD1), 14 (LD2), and 21 (LD3) days after artificial infestation using a visual rating scale of 1–9 (Davis and Williams, 1992; Prasanna et al., 2018). A score of 1 is considered highly resistant, 2 to 3 resistant, 4 to 5 moderately resistant, 6 to 7 susceptible, and 8 to 9 highly susceptible. The average leaf feeding damage score (LD_AV) was computed from the three ratings. At harvest, ear damage (ED) was also rated on a scale of 1–9 (Prasanna et al., 2018; Kamweru et al., 2022), where 1 indicated no ear feeding damage and 9 represented severe ear feeding damage. Ear rot (ER) was recorded by counting rotten ears per plot after harvest, expressed as a percentage of the total harvested ears. All the harvested ears were then weighed to determine plot field weight data. Grain moisture content was measured using a moisture meter. Using field weight, grain moisture content, and an average shelling percentage of 80%, grain yield (GY, t ha-1) was calculated and adjusted to 12.5% moisture content.





Data analyses




Analysis of variance

Data were checked for normality using the Shapiro-Wilk test by examining residual plots, and histograms. The data were found to be normally distributed, and therefore no data transformation was required. A linear mixed model was used to perform analyses of variance (ANOVA) across environments using the META-R software (Alvarado et al., 2020). The linear mixed model used for the analysis of the data was:

[image: Equation representing a statistical model: \(Y_{ijkl} = \mu + G_i + E_j + R_k(E_j) + B_l(ER)_{jk} + GE_{ij} + e_{ijkl}\), where different variables and parameters represent components of the model.]	

where Yijk is the response variable; µ is the intercept; Gi is the effect of the ith genotype; Ej is the effect of the jth environment; Rk(Ej) is the effect of kth replicate in the jth environment; Bl (ER)jk is the effect of the lth block within the kth replicate at the ith environment; GEijis the effect of the interaction between the ith genotype and the jth environment; and ϵijkl is the experimental error associated with the ith genotype, jth environment, kth replicate and lth block. The error is assumed to have a mean zero and a homoscedastic variance [image: Sigma squared sub epsilon, representing the variance of a random error term in statistical equations.] . The best linear unbiased estimates (BLUEs) computed from a combined ANOVA were used to create the indices and perform correlation analysis. Broad-sense heritability was estimated for combined environments using variance components following Hallauer et al. (2010) as:

[image: Equation showing heritability: \(H^2 = \frac{\sigma_G^2}{\sigma_G^2 + \frac{\sigma_{GE}^2}{e} + \frac{\sigma_E^2}{r}}\).]	

where [image: Statistical notation of sigma squared subscript G, representing the genetic variance in a quantitative trait.]  is the genotypic variance, [image: Mathematical notation showing the symbol for genetic and environmental variance, represented as sigma squared with a subscript "GE".]  is the genotype × location interaction variance, [image: I'm sorry, I can't generate alt text for this image. It appears to be too blurry and lacks discernible details.]  is the number of environments, [image: Text appears blurred, making it difficult to discern specific details or content.]  is the number of replicates, and the [image: Mathematical symbol of sigma squared sub E, typically representing variance or error variance in statistics.]  is the residual variance.






Construction of principal component indices for hybrid selection

The data for six FAW-resistance-related parameters (LD1, LD2, LD3, ED, ER, and GY) from the 192 (2020) or 190 (2021) maize genotypes were standardized to have a mean of zero and variance of one for each trait. The standardized values were then subjected to Principal Component (PC) analysis to obtain weights for constructing the selection indices using the META-R software. The decision on the number of PCs to use in the index was informed by analysis of the scree plot, where only PCs with eigenvalues greater than one were selected (Supplementary Figure 1). This criterion led to selection of the first two principal components (PC1 and PC2) used in the study. The index score values for each genotype were calculated by summation of the products of the BLUEs across environments for each trait and their respective weights (eigen vectors) on the first two principal component axes (PC1 and PC2) following the procedures outlined by Tang et al. (2021). The computations were done in Microsoft Excel, considering a set of all six FAW resistance-related traits. Two PC-based selection index schemes were developed: a PC1-based index (PC1BI) and a PC2-based index (PC2BI).

The model for constructing PC1BI was:

[image: Mathematical expression showing the calculation of PC1B: PC1B equals negative 0.95 times ID1 plus negative 0.93 times ID2 plus negative 0.91 times ID3 plus negative 0.50 times ID4 plus negative 0.70 times IR plus 1.00 times GV.]	

while the model used to construct PC2BI was:

[image: A mathematical equation representing a linear combination of six components: -0.36 times the first component, -0.44 times the second component, 0.45 times the third component, 1.00 times the fourth component, 0.83 times the fifth component, and -0.08 times the sixth component.]	

The LD1, LD2, LD3, ED, ER, and GY correspond to the hybrid means for leaf feeding damage score at 7, 14, and 21 days after infestation, ear damage score, ear rot score, and grain yield, respectively. The multiplicative factors for each trait were the eigen vectors from the PC analysis. The genotypic correlations among traits and the index score values were computed and visualized using the R package ‘psych’ version 2.4.6 (William, 2024).





Performance of PC-indices and hybrid selection

To evaluate the selection efficiency of the PC-based indices, multi-trait selection gains among seven FAW resistance-related traits either through conventional single-trait or principal component-based index selection options were compared. Each trait, including LD1, LD2, LD3, LD_AV, ED, ER, and GY, was considered as an independent conventional single-trait direct selection option. In each selection scheme, the hybrids were ranked and the average of the 15 or 10 top-performing selected hybrids was considered while estimating the selection deferential for the traits. The selection gain (GS) for each trait was calculated as a percentage of the selection differential, expressed relative to the grand mean of the 192 hybrids, and then multiplied by the trait heritability (Santos et al., 2018; Zuffo et al., 2020; Norman et al., 2022). Accordingly, the equation used to estimate selection gain (GS) was:

[image: Equation displaying the formula for genetic selection: GS equals (Xs minus Xo) multiplied by H squared, all divided by Xo.]	

where, [image: Please upload the image or provide a URL so I can help generate the alternate text for it.]  is mean of the 15 or 10 top-performing selected hybrids, [image: Please upload the image or provide a URL so I can generate the appropriate alt text.]  is the grand mean of the 192 hybrids, [image: The equation \( (X_s - X_o) = \text{selection differential} \) is displayed.]  and [image: A stylized letter "H" followed by the number two in superscript, representing "H squared".]  is the broad-sense heritability of the trait.

Additionally, the relative gain, estimated as RG = [(Genotype–Check)/Check] × 100 was used to compare the performance of the 15-best index-selected hybrids against the commercial checks WH401 and WH505 following the method of Matias et al. (2020). A grain yield of 7 t ha-1 was used as the cutoff, based on the trait metrics developed and used in the Stage gate advancement process by the Global Maize Program of CIMMYT for Product Profile #1 (intermediate maturity maize). Relationship heatmaps based on the top 15 and five bottom index-selected hybrids were generated using the ‘pheatmap’ package in R to visualize and identify superior genotypes that exhibited desired combinations for several traits (Kolde, 2019).






Results




Analysis of variance, variance components, heritability and genotype mean performance

A combined ANOVA revealed significant (P< 0.01) environment (E), genotype (G), and G × E mean squares for all traits (Table 2). The genotypic variance ([image: Greek letter sigma with a superscript two, followed by a subscript G, representing the genetic variance component in statistical notation.] ) and G × E variance ([image: Mathematical notation representing the variance of genotype by environment interaction, denoted as sigma squared subscript GE.] ) were of similar magnitude for LD1 but [image: The image shows the mathematical notation "σ squared sub G", representing the variance of a particular genetic component.]  was larger than [image: Mathematical notation showing the symbol sigma squared with a subscript "GE".]  for the other traits (Table 3). The broad-sense heritability (H2) estimates were moderate for LD1, LD3, ED, ER, and GY (range 0.59 to 0.69) and high (range 0.73 and 0.79) for LD2 and LD_AV. The mean LD across the three scores was 5.1 while the mean GY was 5.1 t ha-1 for the trial (Table 3). The performance of the test hybrids and checks is presented in Supplementary Table 1. A total of 186 hybrids had leaf feeding damage 1 (LD1) scores of<4, while six hybrids showed LD1 scores >4. For LD2, moderate resistance scores ranged from 5.4 (E163) to 5.9 (E82) for 66 hybrids, while for LD3 the scores ranged from 5 (E152) to 5.9 (E94) for 148 hybrids. Fifty-four experimental hybrids recorded average leaf feeding damage (LD_AV)<5, with check hybrids WH401 and WH505 showing LD_AV >6. For ear damage, all the genotypes recorded ear damage scores<3. Of the test genotypes, 141 experimental hybrids had ER<10%, while the check entries exhibited ER between E192 (17.4%) to E191 (31.3%). Grain yield for the experimental hybrids under artificial FAW infestation ranged from 2.2 to 7.8 t ha-1, with 11 hybrids yielding ≥ 7 t ha-1. The best check WH505 yielded 4.4 t ha-1.

Table 2 | Combined analysis of variance for FAW resistance parameters and agronomic traits of 192 hybrids evaluated under artificial FAW infestation in 2020-2022.


[image: Table displaying sources of variation with degrees of freedom and values for LD1, LD2, LD3, LD_AV, ED, ER, and GY. Significant values at P < 0.01 and P < 0.001 are marked. LD columns represent leaf feeding damage scores at different intervals; LD_AV is the average score, ED is ear damage, ER is ear rot, and GY is grain yield. The table includes various sources like Environment, Replication, and Genotypes, with respective statistical values.]
Table 3 | Variance component and broad-sense heritability (H2) estimates and means for FAW resistance parameters and agronomic traits of 192 hybrids evaluated under artificial FAW infestation in 2020-2022.


[image: Table displaying various traits (LD1, LD2, LD3, LD_AV, ED, ER, GY) with columns for genotypic variance, genotype-environment interaction variance, error variance, heritability, mean, range, least significant difference, and coefficient of variation percentage. Significant levels are marked with asterisks, denoting statistical significance at different probability levels. Includes notations for leaf feeding damage score, ear damage, ear rot, and grain yield.]




Principal component analysis, correlations among FAW resistance parameters, and index scores

Principal component analysis revealed that the first two PCs explained 97.1% of the total variation among the hybrids (Table 4; Figure 1). The traits with the highest loadings on PC1 (64.2%) were the leaf-feeding damage scores and grain yield. The traits with the highest loadings on PC2 (32.9%) were ear damage and ear rot. The genotypic correlations between the time series FAW leaf feeding damage traits LD1, LD2, LD3, and LD_AV were strong (r = 0.3 to 0.9) (Figure 2). The PC1BI and PC2BI index values for the hybrids are presented in Supplementary Table 1. The desirable index value is the larger value. The PC1BI index values ranged from -26.3 to -8.7, for WH505 and E154, respectively. For PC2BI, the index values ranged from -27.6 to 1.4 for hybrids WH505 and E28, respectively. The PC1BI and PC2BI index values were strongly correlated with all traits except GY with PC2BI values.

Table 4 | Eigenvectors of the first two principal component axes (PC1 and PC2) based on correlation matrix of FAW resistance parameters.


[image: A table displaying traits against two principal components, PC1 and PC2. Leaf feeding damage scores at 7, 14, and 21 days have strong negative loadings on PC1, while ear damage and ear rot have strong negative loadings on PC2. Grain yield has a strong positive loading on PC1. The proportion of variance explained is 64.2% for PC1 and 32.9% for PC2. Bold values highlight loadings above 50%.]
[image: Biplot showing principal component analysis with PC1 explaining 64.19 percent and PC2 explaining 32.65 percent of variance. Vectors LD1_S, LD2_S, LD3_S, ER_S, ED_S, and GY_S are plotted, indicating their contributions.]
Figure 1 | Biplot of the first two principal components for FAW resistance parameters and agronomic traits of 192 hybrids. LD1, LD2, LD3 = Leaf feeding damage score at 7, 14, 21 days after infestation, respectively; ED, Ear damage; ER, Ear rot; GY, Grain yield.

[image: Grid of scatter plots and histograms displaying data relationships. The top row includes correlation coefficients with significance levels marked by asterisks. Scatter plots include black data points, red trend lines, and some labeled with letters. Histograms feature blue bars. Axes have varying scales and labels such as LD1, LD2, and PC1BI.]
Figure 2 | Genotypic correlations between FAW resistance parameters and index score values. LD1, LD2, LD3 = Leaf feeding damage score at 7, 14, 21 days after infestation, respectively; ED, Ear damage; ER, Ear rot; GY, Grain yield; PC1BI, Principal component 1-based index; PC2BI, Principal component 2-based index. *, **, *** Significant at P < 0.05, P < 0.01, and P < 0.001, respectively.





Performance of PC-based indices and hybrid selection

The expected selection gains for FAW resistance parameters and agronomic traits based on the PC indices are presented in Table 5 and Figure 3. Using the PC1BI resulted in the desired genetic gains for all traits for the top 10 and 15 selected hybrids. A similar result was obtained using PC2BI except for GY when the top 15 hybrids were selected. There were similar gains in the desired direction for the traits with high loadings on PC1 with selection using PC1BI. The selection gain for GY was higher (19.9%) under PC1BI compared with PC2BI (1.68%) when selecting the top 10 hybrids. Index PC2BI, based on high PC2 loadings on ED and ER, showed larger gains for these traits relative to PC1BI. Direct selection based on average leaf feeding damage (LD_AV) showed larger gains for LD1, LD2, LD3, and ER compared to PC1BI, direct selection based on ER (ER_DS), and direct selection based on GY (GY_DS). Direct selection based on GY resulted in larger gains for GY but undesirable direction for ED and ER. The ranking of the top 15 and bottom five experimental hybrids under different selection schemes is shown in Table 6. The LD of the top 10 hybrids ranged from 4.6 to 5.2, while their grain yield ranged from 5.1 to 7.7 t ha-1. Six of the top 15 based on PC1BI yielded > 7 t ha-1. Out of the top 15 hybrids based on PC1BI, five hybrids (E116, E154, E161, E163, and E74) were ranked among the top 15 hybrids selected based on PC2BI while four hybrids (E141, E148, E163, and E183) were among the top under direct selection based on LD_AV. Hybrid E163 was consistently among the top 15 through all three selection schemes. Two genotypes E155 and E163 were selected under both PC2BI and LD_AV selection schemes. The percentage relative selection gain of each of the 15 top hybrids against the commercial checks WH401 and WH505 under different selection schemes showed that the hybrids would result in larger relative gains compared to the two commercial checks (Table 7). The gains were mainly observed for LD_AV, ED, ER, and GY, with the larger magnitude gains recorded for the PC-based selection indices. The relationship heatmaps (Figure 4) categorized the genotypes into two main groups. One cluster included hybrids that clustered together with the check varieties characterized with poor trait-genotype associations, while the other had 15 index-based selected genotypes that were divided into subgroups for each index scheme. Under PC1BI, one subgroup comprised six top yielding hybrids (E78, E159, E115, E133, E141, and E181) that exhibited strong association with GY (Figure 4A). Seven hybrids (E74, E111, E34, E154, E116, E116, and E163) in second subgroup combined relatively higher GY and lower ER and ED damage under the same index. Out of the seven, four hybrids (E116, E154, E161, and E163) combined higher GY and lower LD_AV scores, and one E174 combined higher GY and lower ED scores under PC2BI (Figure 4B).

[image: Bar chart comparing selection gain for the top 15 and top 10 hybrids across four metrics: LD_AV, ED, ER, and GY, represented by blue, red, green, and purple bars respectively.]
Figure 3 | Selection gain under PC and direct-based selection schemes based on: (A) top 15 (B) top 10 selected hybrids. LD_AV, Average leaf feeding damage score; ED, Ear damage; ER, Ear rot; GY, Grain yield.

Table 5 | Principal component-based index (PC1BI and PC2BI) and direct selection gains and direction of selection scenarios for FAW resistance parameters and agronomic traits.


[image: A table presenting selection schemes and traits with corresponding selection gains and directions for the top ten and top fifteen selected hybrids. Traits include leaf feeding damage scores (LD1, LD2, LD3), average leaf feeding damage (LD_AV), ear damage (ED), ear rot (ER), and grain yield (GY) measured at different stages. The direction is indicated by plus and minus signs, signifying desirable and undesirable outcomes, respectively. The schemes involve principal component-based and direct selection schemes. The data provides insights into trait improvement across different selection methodologies.]
Table 6 | Ranking of the top 15 and bottom five experimental hybrids under PC1BI, PC2BI, and LD_AV selection schemes.


[image: Table listing hybrids ranked based on PC1BI, PC2BI, and direct LD_AV. Each section shows the top 15 hybrids with values for LD_AV, ED, ER, GY, and rank. The bottom part lists the bottom 5 hybrids with similar metrics. LD_AV indicates average leaf feeding damage score; ED is ear damage; ER is ear rot; GY stands for grain yield. The table is divided into three main sections: top hybrids by different criteria and bottom hybrids.]
Table 7 | Percentage relative selection gain of each of the 15 best-selected hybrids against the commercial checks WH401 and WH505 under different selection schemes.


[image: A table comparing various hybrids using different selection indices and metrics like leaf damage, ear damage, ear rot, and grain yield against WH401 and WH501. It includes categories: PC1BI, PC2BI selection index, and Direct LD_AV selection scheme. Each hybrid is assessed under these metrics, with specific data points given for each category. A key explains abbreviations: LD for leaf damage at multiple days post-infestation, ED for ear damage, ER for ear rot, GY for grain yield, PC1BI for principal component one-based index, and PC2BI for principal component two-based index.]
[image: Two heatmaps labeled A and B display clustered data with color gradients ranging from blue to red. Each map shows samples on the vertical axis and categories GY, LD_AV, ED, and ER on the horizontal axis. Heatmap A has a color range from negative two to two, and heatmap B ranges from negative three to three, indicating varying intensity levels.]
Figure 4 | Heatmaps displaying relationships between FAW resistance parameters and genotypes based on top 15 and bottom 5 hybrids selected using: (A) PC1BI and (B) PC2BI-selected hybrids. On the scale, deep red color was desirable for traits that were desired for increase, while deep blue was required for traits that were desired for decrease.






Discussion

Until 2016, when FAW was reported in Africa (Goergen et al., 2016), it had primarily been a maize pest in the Americas. Its emergence on the African continent prompted the efforts to identify suitable sources of genetic resistance within the available germplasm to develop resistant maize hybrids. These initial breeding efforts, conducted under artificial FAW infestation, led to the identification of several inbred lines with tolerance to FAW (Prasanna et al., 2022). To develop suitable hybrids, these inbred lines must be evaluated in hybrid combination under different management conditions. This process requires consideration of numerous traits to identify the most suitable genotypes. Given the large number of traits to be considered in a breeding strategy, selection of the most relevant ones can be challenging. This process thus requires an efficient approach for selecting hybrids that combine resistance to FAW, good agronomic performance, and a number of essential adaptive traits. Therefore, this study explored the use of principal component-based selection indices to efficiently identify genotypes that combine the desired traits under artificial FAW infestation. The key traits important for FAW resistance breeding in the study included leaf feeding damage, ear damage, ear rot incidence, and grain yield.




Genetic variation and heritability estimates

Significant genotypic variation was observed for all FAW resistance parameters and agronomic traits, indicating substantial genetic variability in this germplasm for breeding for host resistance to FAW. Genetic variability is critical to making genetic progress in breeding. The findings are in agreement with previous investigations on FAW that reported genetic variations for FAW resistance related traits in tropical and temperate maize (Kasoma et al., 2021; Kamweru et al., 2022; Soujanya et al., 2022; Warburton et al., 2023). The development of the insect-resistant populations that are progenitors of some of the lines used in this study was based on a diverse set of Caribbean maize and Tuxpeño accessions from Mexico (Mihm, 1997). This underscores the importance of the large genetic variability in addressing breeding for a pest like FAW in a new environment.

In the present study, the environment and G × E interaction were significant, suggesting that the different seasons of evaluation could have led to differential genotype responses. Similar results were reported in earlier studies on FAW (Widstrom et al., 1992; Kasoma et al., 2021; Kamweru et al., 2022; 2023). Differences in temperature over testing seasons are known to influence the biological activities of insects including FAW (Ramirez-Cabral et al., 2017; Schneider et al., 2022; Skendžić et al., 2021; Yan et al., 2022). In plant breeding programs, traits with high heritability are more likely to be improved rapidly (Nyquist, 1991). This study revealed that broad-sense heritability estimates for the FAW resistance parameters were moderate to high, which suggests that breeding for FAW resistance using this germplasm could lead to reasonable genetic gains from selection for these traits. The high broad-sense heritability estimates also suggest that narrow-sense heritability for these FAW-related parameters would be moderate to high (Falconer and Mackay, 1996). Previous studies on FAW have also reported moderate to high broad-sense heritability estimates for FAW resistance parameters in maize (Kasoma et al., 2021; Kamweru et al., 2022; 2023).





Performance of PC-based indices and hybrid selection

A selection index offers a criterion for selection that objectively assesses the genotypic values of individuals or families (Subandi et al., 1973). An effective selection index requires strong genetic correlations among the traits that are included in an index (Oloyede-Kamiyo, 2019; Olivoto and Nardino, 2021; Batista et al., 2021). In this study, the genotypic correlations among the FAW resistance traits were strong, justifying their inclusion in the selection index. Similarly, strong genotypic correlations between the leaf-feeding damage traits, ED, and ER were reported by Kamweru et al. (2022). One of the challenges of using selection indices is the complexity of assigning economic weights (e.g. Smith, 1936; Smith et al., 1981). Several authors have suggested several economic weight-free indices (Williams, 1962; Subandi et al., 1973; Stromberg and Compton, 1989; Tang et al., 2021). Two economic weight-free PC-based selection indices were developed in this study, which together explained 97% of the variation in this germplasm. The first index, PC1BI explained largely the variation in the three leaf feeding damage traits and GY, whereas PC2BI explained the variation in ear-related traits ED and ER. When both indices were used to select the top 15 hybrids, the checks were not among the top hybrids selected. This was because the commercial check hybrids WH401 and WH505 performed poorly in relation to the key traits for FAW resistance with high loadings on both indices, but it also points to the good discriminatory power of the two indices developed. Tang et al. (2021) demonstrated that using multivariate selection tools, such as PCA, is an effective method for combining multiple traits into a single maize genotype.

The use of PC1BI to select the top 10 or 15 hybrids resulted in balanced gains in the desired direction for all traits, with the largest genetic gain for GY of 19.9% (top 10) and 18.8% for top 15%. Interestingly, the improvements in GY achieved using PC1BI were nearly identical to those obtained by directly selecting for GY. Oloyede-Kamiyo (2019) also reported favorable selection gains for GY in a study evaluating the efficiency of four index-based selection methods for resistance to the lepidopteran stem borer Chilo partellus. Several other studies have highlighted the beneficial application of selection indices to identify high-yielding hybrids with favorable trait combinations in maize (Widstrom et al., 1982; Mhike et al., 2012; Makumbi et al., 2018; Crispim-Filho et al., 2020). In contrast, a study on sorghum using the functional plant loss index (FPLI) which is akin to PC1BI, did not show a significant relationship with grain yield performance (Singh et al., 2011). With the application of PC2BI, selection gains in the desired direction were achieved for all traits when selecting the top 10 hybrids, although larger gains were observed for ED and ER. While both indices resulted in desirable gains, PC1BI proved to be a better index, with a significantly higher gain for GY (19.90) compared to 1.68 for PC2BI. Direct selection methods for leaf feeding damage, ear damage or GY, resulted in less balanced selection gains for all traits compared to the PC-based indices. This result further underscores the importance of using selection indices in breeding programs focused on maximizing high yield potential and improving tolerance to multiple stresses.

With the application of the PC1BI index, several promising hybrids with grain yield ≥ 7.0 t ha-1 and good overall index scores were identified. These hybrids align with the current priority trait metrics for FAW resistance breeding at CIMMYT (Prasanna et al., 2022). This suggests that PC1BI could serve as an excellent selection index tool in FAW resistance breeding to identify genotypes that combined FAW resistance with high yield potential. Similar recommendations for using selection indices have been made for corn ear worm (Widstrom et al., 1982) and Chilo partellus resistance in maize (Oloyede-Kamiyo (2019) and sorghum (Singh et al., 2011). Some hybrids selected using the PC2BI index showed reduced ear and rot damage though their yield was slightly below the 7tha-1 threshold. These genotypes warrant further testing as they may carry additional traits beneficial for a breeding program (Ambrósio et al., 2024). The combined selection performance of the two indices (PC1BI and PC2BI), highlighted overlapping selections among the top 15 hybrids. Several of these hybrids were also selected through a direct selection scheme based on LD_AV. Hybrid E163 emerged as a promising genotype, as it was selected across all the selection schemes. The promising genotypes are likely to have a higher frequency of stable and adaptable alleles for both GY and FAW resistance which could be valuable for breeding purposes. Genotypes commonly selected across indices exhibit extensive adaptability alleles and perform well across a variety of environments (Zuffo et al., 2020; Ambrósio et al., 2024). This study was carried out under controlled environments, which excluded other traits important for selection of adapted high yielding maize hybrids, for example response to foliar diseases. Additional field studies across a variety of stress conditions often encountered by a large proportion of smallholder farmers are required to validate the yield stability and disease resistance of the selected hybrids for broader adaptation.





Potential future application of PC-based indices

Presently, there are no published reports on the implementation of selection indices to select FAW resistant genotypes in tropical maize in SSA where the pest is relatively new. The PCA approach used in this study offers a framework for the construction and use of an economic weight-free multi-trait selection index for the identification of FAW-resistant genotypes in SSA. This would overcome the limits paused by the need to determine economic weights which can limit gains from selection. However, given the multiple stresses present in SSA (e.g. Makumbi et al., 2018), the development of multiple stress-tolerant varieties suitable for farmers requires selection for a wide range of traits. Therefore, applying a PC-based selection index that includes other important traits in SSA is crucial for optimizing selection gains across multiple traits. Such traits include but are not limited to agronomic traits like lodging resistance, plant height, ear rot, poor husk cover, fungal and viral diseases. Incorporating many traits will help the validation of the PC-based indices as a handy tool for breeders to select for multiple traits. A further area of study could be the incorporation of farmer responses in the PC-based indices. Data collection on a large number of agronomic and disease traits is time consuming and errors can be introduced. We propose integrating advancement in technology during data collection as breeders validate and test indices. For instance, high-throughput phenotyping methods (e.g., Araus et al., 2018) could be used to effectively collect real-time and high-quality data on FAW leaf feeding and ear damage, which are typically costly and labor-intensive traits to measure at multiples intervals. Use of high-throughput phenotyping methods would help to reduce labor costs for breeding programs while increasing efficiency and precision in data collection. Similar high-throughput approaches could be implemented for other agronomic traits like plant and ear height, ear and kernel traits, foliar leaf diseases, and virus diseases like maize lethal necrosis and maize streak virus to further reduce the cost of breeding operations. With reduction in cost, the resources can then be allocated to other breeding operations like acquisition of electronic data collection equipment that improve efficiency and drive genetic gain.






Conclusions

Two principal component (PC)-based indices were developed and evaluated for their effectiveness in selection of FAW-resistant hybrids and achieving desired gains in FAW resistance breeding. Both PC indices explained most of the variation among the genotypes, with PC1BI accounting for most of the variation for FAW leaf feeding damage and grain yield. Larger desired gains were achieved using PC1BI. The PC-based indices resulted in more balanced multi-trait genetic gains compared to the single-trait selection approach. The use of PC-based index selection presents a promising, economic weight-free selection tool to maximize genetic gains in FAW resistance breeding programs. However, it should also incorporate additional desirable agronomic and adaptive traits beyond the FAW-related parameters.
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Gray leaf spot (GLS) disease is caused by two fungal pathogens, Cercospora zeae-maydis and Cercospora zeina. The current study evaluated 427 elite tropical/subtropical lines for their responses to GLS under artificial inoculation in Kakamega in western Kenya for 4 years. Furthermore, a subset of 140 lines was used for a high-resolution genome-wide association study (GWAS) for GLS resistance. Among the 427 lines evaluated, 14 were identified as resistant on the basis of a <4 (on a scale of 1–9) GLS disease severity score. Among these 14 lines, three lines, namely CML540, CML559, and CML566, are also known for resistance to MSV, tolerance to drought, and resistance to MLN, respectively. The phenotypic evaluation revealed significant (P < 0.01) genotypic and genotype x environment interaction variances and moderate to high heritability for GLS disease severity, area under disease progress curve (AUDPC), and other agronomic traits. GLS disease severity traits were negatively and significantly correlated (P < 0.01) with anthesis date, silking date, plant height, and ear height. A subset of 140 lines was genotyped with 33,740 DART-GBS SNP markers. Population structure and principal component analysis grouped the lines into two major clusters with moderate structure in the population. GWAS revealed 13 and 11 SNPs significantly associated with GLS disease severity and AUDPC values. Six among the 13 SNPs detected for GLS resistance are overlapped with earlier studies, which can be used for fine mapping and improvement of GLS resistance through marker-assisted selection. However, SNPs on chromosomes 9 and 10 were unique to the present study. Genomic prediction on GLS traits revealed moderate to high prediction correlations, suggesting its usefulness in the selection of desirable candidates with favorable alleles for GLS resistance. Overall, 14 GLS resistance lines identified in this study can be used as donor lines in both genetic studies and resistance breeding programs.




Keywords: maize, gray leaf spot, genome-wide association (GWA) study, genomic prediction, DART genotyping by sequencing





Introduction

Maize is the most important cereal crop in sub-Saharan Africa (SSA), growing over 35 million hectares, with an average production of over 70 million metric tons of grain (FAOSTAT, 2021). The crop is mainly grown by several million smallholder farmers for their food security, income, and livelihoods across SSA (Prasanna et al., 2020, 2021). The average maize yield in SSA is very low (∼1.7 tons/hectare) compared to the world average (∼5 tons/hectare) due to various abiotic and biotic stresses (Erenstein et al., 2022). Maize in eastern and southern Africa, specifically in highlands, is affected by many fungal diseases, mainly Turcicum leaf blight (TLB), gray leaf spot (GLS), and Fusarium ear rot (Shi et al., 2007; Kibe et al., 2020a; Nyaga et al., 2020; Omondi et al., 2023; Ndlovu et al., 2024). GLS caused by Cercospora zea maydis (Ward et al., 1999) and C. zeina, maydis (Crous et al., 2006; Liu and Xu, 2013) are major threats to maize production in the world (Ward et al., 1999; Katwal et al., 2013; Omondi et al., 2023);. During the 1960s and ‘70s, the disease was first reported in the USA and later spread worldwide and became a key concern for maize production (Liu et al., 2016) with significant economic yield loss. In SSA, the average yield loss exceeds 70% implicating a significant economic and food security concerns (Vivek et al., 2010; Kinyua et al., 2011; Yigrem and Yohannes, 2019).

Pathogens causing GLS are favored by environmental conditions such as high humidity, moderately high temperature, and extended leaf wetness. Initial symptoms of GLS appear on the lower leaves and are progressively observed in the upper leaves later during the season. The characteristic symptoms of mature GLS lesions are gray to tan in color, sharply rectangular, long and narrow, and run parallel to the leaf veins (Latterell, 1983; Katwal et al., 2013). The GLS damage has been linked to loss of photosynthetic capability and premature plant death (Latterell, 1983; Dodd and McGee, 1989). Due to the widespread impact of the disease in eastern and southern Africa and globally, there is a critical need to adopt effective disease management strategies. The main disease management approaches include the application of fungicides, cultural practices, and, most importantly, host resistance mechanisms (Katwal et al., 2013). Many maize breeding improvement programs in eastern and southern Africa resorted to develop and deploy GLS resistant maize germplasm, as other methods such as the application of fungicides are neither affordable and economical nor environment friendly (Menkir and Ayodele, 2005; Nzuve, 2013; Shi et al., 2014). Hence, breeding for resistant germplasm through conventional methods and integrating advanced molecular tools is the most effective method to control diseases and ensure maize-based food security in SSA.

Finding the resistance source of germplasm and understanding the genetic basis of resistance is critical in managing plant diseases. However, this process is still in progress for GLS resistance. Earlier studies indicated that GLS resistance is a complex trait controlled by multiple genes with small to moderate additive effects (Berger et al., 2014; Benson et al., 2015; Kibe et al., 2020a; Omondi et al., 2023) and strongly influenced by the environment (Clements et al., 2000). Quantitative trait loci (QTL) mapping is an effective tool to understand the genetic basis of complex traits like GLS resistance. Previous QTL mapping studies identified several genomic regions that confer resistance to GLS, which helped to understand its genetic architecture (Zhang et al., 2012, 2017; Berger et al., 2014; Xu et al., 2014; Mammadov et al., 2015; Du et al., 2020; Qiu et al., 2021). QTLs on chromosome bin 5.04 and 5.06–07 were consistently detected in different mapping studies and are of interest to improve GLS resistance (Martins et al., 2019). Meta-QTL analysis revealed that bin 8.08 on chromosome 8 possesses a cluster of QTLs and significant consensus QTLs for GLS, TLB, and southern leaf blight (SLB) with less than 5 cM of confidence interval and also found to be associated with two nucleotide-binding site (NBS) family of R genes (Ali et al., 2013). QTL studies with different populations also revealed QTLs on chromosome bin 8.05/8.06 has been detected for GLS as well as for other foliar diseases like common rust and common smut (Bubeck et al., 1993; Kerns et al., 1999). The consistent genomic regions identified in these studies are needed to focus on improving GLS resistance. However, not many studies were done on eastern and southern African-adapted germplasm.

However, QTL mapping has its limitations, like low mapping resolution due to few recombinations in population development, and each mapping population represents only two alleles. In addition, low relatedness between mapping populations and breeding populations also hampers the translation of the identified QTL into breeding targets. On the contrary, the linkage disequilibrium-based genome-wide association study (GWAS) in a set of mapping panels that represents a broad diversity of the germplasm in breeding programs is a powerful tool for dissecting oligogenic and polygenic traits. GWAS panels with genetically unrelated individuals are expected to accumulate a large number of historical recombination events from the past, which can help to overcome the problems related to the lack of recombination events (Mammadov et al., 2015). In maize, GWAS has been widely used to identify the allelic variants that contribute to improve resistance to many of the maize diseases like maize lethal necrosis (Gowda et al., 2015; Sitonik et al., 2019; Nyaga et al., 2020), GLS (Shi et al., 2014; Kuki et al., 2018; Kibe et al., 2020a; Omondi et al., 2023), sugarcane mosaic virus (Tao et al., 2013), maize streak virus (Nair et al., 2015), common rust (Zheng et al., 2018; Kibe et al., 2020b, Nyaga et al., 2020), Tar spot complex (Mahuku et al., 2016), Fusarium ear rot (Liu et al., 2021), head smut (Wang et al., 2012), and TLB (Poland et al., 2011; Rashid et al., 2020; Ndlovu et al., 2024). Even though several research groups reported GWAS on GLS resistance, the studies on screening a large number of lines to identify the best donor lines and conducting GWAS on lines adapted to SSA are seldom. Therefore, the present research was designed to screen a large number of locally adapted, widely used elite lines and conduct GWAS for GLS resistance in SSA.

GWAS is widely used to find trait-linked markers. The application of trait-linked markers in breeding is limited to large effect QTLs or markers. On the contrary, genomic selection (GS) uses genome-wide markers and captures variations explained by both large-effect and small-effect QTLs or markers, which is effective for complex traits like grain yield and moderately complex traits like GLS and TLB (Kibe et al., 2020a). In GS, the training population has genotypes with both phenotypic and marker data and is used to establish prediction models. From the marker effects estimated from the training population, the genomic-estimated breeding values (GEBVs) are predicted in a testing population that has only marker data but no phenotypic data (Meuwissen et al., 2001). By doing this, we can phenotype only selected lines under controlled environments to produce reliable data. Empirical research has shown the advantage of GS for accelerating the genetic gains per unit of time over phenotypic selection. In maize, GS has been widely applied for many traits for inbred line prediction (Zhao et al., 2012; Technow et al., 2013; Beyene et al., 2019, 2021; Ndlovu et al., 2022, 2024; Sadessa et al., 2022) and hybrid performance prediction (Guo et al., 2019; Schrag et al., 2019; Li et al., 2020). These findings demonstrate the potential of GS to help in the selection of elite lines for disease resistance. The objectives of the present study are (i) to evaluate 427 elite lines for 4 years under artificially inoculated conditions and identify the best GLS resistance donor lines, (ii) to identify the genomic regions associated with GLS resistance through GWAS, and (iii) to examine the potential of GS in predicting GLS resistance and other agronomical traits.





Materials and methods

A collection of 427 elite inbred lines widely used in eastern and southern Africa subtropical maize breeding programs was assembled. These inbred lines have potential resistance sources to various foliar diseases, including GLS. The information on the pedigree and other details is provided in Supplementary Table S1. All these lines have been planted to test for their response to GLS under field conditions with artificial inoculation at the KALRO (Kenya Agricultural and Livestock Research Organization) Research Station, Kakamega, Kenya (0°16′N and 34°49′E, 1406 masl) for 4 years (2016, 2017, 2018, and 2019). The monthly average rainfall and temperature (minimum and maximum) in this disease screening period are provided in Figure 1. The disease screening location is a hot spot for foliar diseases, including GLS. However, climate change has affected temperature and rainfall patterns in the region, leading to inconsistent disease infection and expression. To have accurate disease severity data, each trial was artificially inoculated to ensure uniform disease expression.

[image: Four sets of line and bar graphs display monthly temperature and rainfall data from 2016 to 2019. Each year includes two charts: a line graph illustrating minimum and maximum temperatures from April to October, and a bar graph showing corresponding monthly rainfall. Over the years, minimal temperature fluctuations are observed while rainfall patterns vary significantly, peaking in April or May for most years.]
Figure 1 | Minimum and maximum temperatures and monthly average rainfall data during the crop seasons at Kakamega for the 4 years (2016–2019) of evaluation.

Four hundred and twenty-seven (427) entries were planted in a 5 × 86 alpha (α)–lattice design, randomized and replicated two times each year, by using CIMMYT’s field book (Vivek et al., 2010). These inbred lines were planted in one row of four-meter plots with 15 plants per row. The trial was conducted in the main rainy season (April–September). For these trials, two seeds were planted per hill and later thinned to a single plant per hill three weeks after emergence. This was done to ensure a uniform plant density. All standard agronomic practices were applied during the disease screening period.




Samples collection for pathogen isolation and inoculation

Leaves from five to ten maize plants with representative GLS lesions were sampled from 20 to 25 fields in western Kenya. The pathogen Cercospora zeina was isolated from infected leaves using the single spore isolation method (Meisel et al., 2009; Kinyua et al., 2011). The infected leaves were chopped into smaller pieces (2–5 mm2) and surface-sterilized in 5.25% sodium hypochlorite (NaOCl, pure chemical) solution for approximately 30 seconds. The samples were rinsed in sterile distilled water, dried, and plated on potato dextrose agar (PDA) media supplemented with streptomycin sulfate (0.03 g/liter) and incubated at 30°C for five days to allow the pathogen to sporulate in a growth cabinet under a 12h fluorescent light/dark regime. The sporulating fungi were observed under a light microscope, and the hyphal tips of the correct fungi advancing from the colony margins were sub-cultured onto fresh PDA media as part of the culture purification process. A pure culture was stored at −20°C in the KALRO Kakamega Laboratory.

The pathogen from the mother culture was inoculated and multiplied on a susceptible maize host (hybrid PAN4M-19). The conidia were dislodged with a brush and rinsed with 0.01% Tween 20 and the spore concentration was adjusted to a standardized concentration of 4 × 104 spores/ml using a microscope and hemocytometer and applied to all the leaves (V3 stage) of the maize plants with a small brush, and the inoculation was repeated after seven days. During the inoculation period, we walked along the inter-row valley and ensured a uniform inoculum density across the testing population.





Phenotypic evaluation and data analyses

The inbred lines were evaluated for their responses to GLS in four environments. GLS disease severity is typically at its peak between tasseling and physiological maturity; therefore, disease severity data were recorded at the mid-silking, 77 days after planting (1st scoring called GLS 1) and at the hard dough stage, 105 days after planting (second score called GLS 2). Disease severity was rated plot-wise on the ordinal scale of 1 (highly resistant, without any disease symptoms) to 9 (highly susceptible, with necrosis and completely dead plants). Based on the scoring of 1 to 9 scale disease severity data, we divided the genotypes response as a resistant, moderately resistant, moderately susceptible, and completely susceptible group when the scores were 1 to 4, 4.1 to 5, 5.1 to 7, and 7.1 to 9, respectively. The area under the disease progress curve (AUDPC), a quantitative measure of disease intensity with time, was calculated for each plot to provide a measure of the progression of GLS severity. The AUDPC was computed according to the following equation (Shaner and Finney, 1977):

[image: Formula illustrating the calculation of AUDPC (Area Under the Disease Progress Curve), summing from i equals one to n, using the average of y sub i and y sub i plus one, multiplied by the difference between t sub i plus one and t sub i.]	

where yi = diseased leaf area estimated on the ith disease assessment date, ti = time (days) from disease onset (i.e., inoculation) to the ith disease assessment date, and n = total number of disease assessments during the experiment evaluation. Data were also collected for other relevant agronomic traits, namely anthesis date (AD), silking date (SD), anthesis-silking interval (ASI), plant height (PH), and ear height (EH).

GLS disease severity scoring was based on an ordinal scale; therefore, data were checked for conformity with the assumptions of statistical model fitting, that is, normally distributed, constant variance, and independent (Wisniewski and Rawlings, 1990). A plot of residuals against fitted values has shown that the residuals were symmetrically distributed with constant variance for GLS disease severity data and AUDPC values; thus, the data were not transformed. Further data were assessed for homogeneity of variance using Levene’s test before ANOVA, and variances were found to be homogeneous. The phenotypic traits were analyzed, and variance components were estimated with the restricted maximum likelihood (REML) in the ASREML-R (Gilmour et al., 2009) and multi-environment trial analysis (META) R software developed in CIMMYT (Alvarado et al., 2020). The following statistical model was used to estimate variance components:

[image: A mathematical equation: \( Y_{ijk} = \mu + G_i + E_j + (GE)_{ij} + R(E)_{jk} + B(RE)_{ijk} + e_{ijk} \).]	

where [image: Mathematical notation displaying "Y" with subscripts "ijk" and superscript "l".]  is the phenotypic observation at the ith inbred line, jth environment in kth replication of the lth incomplete block, μ is overall means, Gi is the genetic effect of the ith inbred line, Ej is the effect of the jth environment, [image: Expression showing "(GE)" with a subscript of "ij".]  is genotype by environment interaction, [image: Mathematical expression showing \( R(E)_{k,j} \).]  is the effect of the kth replication at the jth environment, [image: Mathematical expression: \( B(\text{RE})_{ijk} \).]  is the effect of the lth incomplete block in the kth replication at the jth environment, and [image: Mathematical expression showing \(e_{ijk}\), where \(i\), \(j\), and \(k\) are subscripts.]  is the residual error. META-R software (Alvarado et al., 2020) was used to obtain best linear unbiased estimates (BLUEs) and best linear unbiased predictions (BLUPs) for all traits. BLUPs were used for GWAS and BLUEs were used for GS analyses. Comparisons of variability between entries were made using the least squared differences (LSD) at a 5% significance level. Broad-sense heritability (H2) for the different traits was calculated as the ratio of the estimated genotypic variance to the estimated phenotypic variance (Knapp et al., 1985; Liu et al., 2016).





Genotypic data analyses

From 427 lines phenotyped, we had genotypic data for 140 lines. Maize leaf tissue samples were collected from 3 to 4 weeks old young, healthy seedlings at the V3 stage. High-quality genomic DNA was isolated from freeze-dried tissues. The Diversity Array Technology (DArT) marker platform was used, and obtained 37,915 single nucleotide polymorphic (SNP) markers. TASSEL ver5.2 (Bradbury et al., 2007) was used to summarize SNP data by site, determine the allele frequencies, and implement quality screening. SNP variants that were monomorphic, called at repeat loci, had a heterozygosity of >0.05 and had a minor allele frequency of <0.05, were filtered, and 19,091 high-quality SNPs were retained for GWAS analysis.





Population structure and linkage disequilibrium

The population structure of 140 elite lines, which had both phenotypic and genotypic data, was analyzed and sub-grouped using Structure Software 2.3.4 version (Pritchard et al. 2000). The number of discontinuous population structure clusters (K) was predicted from one to five with ten iterations. The true number of population structure clusters (delta K value) was harvested online using an available structure harvester software (Earl and vonHoldt, 2012) based on the highest Ln P (D). The unique population genetic subcluster was represented by each color bar at a p = 0.001. The period of length of burn-in was set to 10,000, and Markov Chain Monte Carlo (MCMC) values were set to 100,000 cycles (Evanno et al., 2005).

The kinship matrix was estimated in TASSEL to measure the genetic relatedness among individuals in the association panel. The neighbor-joining tree was developed using the phylogenetic tree analysis in TASSEL software v5.2. Linkage disequilibrium (LD) was calculated using TASSEL software version 5.2. The squared allele frequency correlations (r2) between all pairs of SNPs were estimated to determine the extent of LD. The LD decay rate was calculated by using the nonlinear regression model developed by Hill and Weir (1988), with modifications by Remington et al. (2001), was used to fit the LD decay curve into the scatterplot using the LOESS function in R.





Genome-wide association study

For GWAS, BLUPs across environments were used as phenotypes. Principal components analysis (PCA) was performed using TASSEL ver5.2 (Bradbury et al., 2007). The principal components were used to correct population structure and to create a two-dimensional plot to enable visualization of the probable population structure. A mixed linear model (MLM) that computes both PCs and a kinship matrix (K) was applied for GWAS to correct for population structure (Yu and Buckler, 2006). The R package “FarmCPU—Fixed and random model Circulating Probability Unification” was used for GWAS analysis (Liu et al., 2016). With the GAPIT package, the “hapmap” format of the markers was converted to numeric (0, 1, 2) (Wang and Zhang, 2021). The FarmCPU analysis was performed with a maxLoop of five, where the maxLoop refers to the total number of iterations used. The p threshold of 0.01 was used in the model for the first iteration, a quantitative trait nucleotide (QTN) threshold of 0.01 was used in the model from the second iteration, and a minimum MAF threshold of 0.05 was used in the analyses. To determine the significance threshold, multiple testing correction was conducted with the false discovery rate method. The significant associations were declared when p-values in independent tests were less than 3 × 10−4 (Cui et al., 2016). All the candidate genes for GLS and other agronomic traits located within regions from 5 kb upstream to 5 kb downstream associated with significant QTNs were identified and annotated using the B73 maize reference genome (B73 RefGen_V2) (Schnable et al., 2009; Slaten et al., 2020). The candidate gene annotation information was retrieved from the MaizeGDB database (http://www.maizegdb.org).





Genomic-wide prediction

Genomic prediction model, ridge-regression BLUP (RR-BLUP), was used to carry out predictions using a fivefold cross-validation (Zhao et al., 2012). BLUEs across environments were used for the analysis. A set of high-quality uniformly distributed 4,983 SNPs with no missing values and MAF > 0.05 was used. We applied a fivefold cross-validation “within population’ approach, where both training and estimation sets were derived from within the association panel. The prediction accuracy was calculated as the correlation between genomic estimated breeding values (GEBVs) and the observed phenotypes. A sampling of the training and validation sets was repeated 100 times for each trait.






Results




Weather and disease incidence across the trial years

The amount of rainfall received and ambient temperatures at Kakamega varied during the crop season in all 4 years from 2016 to 2019 (Figure 1). The Kakamega region, as expected, consistently experienced high rainfall during the months of April and May, followed by a decline in precipitation during the subsequent months. However, compared to all the other three years, high rainfall and lower temperatures were observed in the months of April and May in 2018. Individual year analyses of experiments revealed significant genotypic variances (Supplementary Table S2, Supplementary Figure S1) and moderate to high repeatability for all the traits in all 4 years except for GLS1 (77 DAP) in 2017 (Supplementary Table S2). The performance of lines against GLS disease severity showed a similar distribution in the years 2016 and 2019, whereas the year 2017 was more divergent (Supplementary Figure S1). The correlation between years was positive and significant for GLS disease severity and AUDPC values (Supplementary Table S3), which supports combined analyses of the data across years.





Analysis of variance and heritability

The frequency distribution of GLS disease severity and other agronomic traits showed normal distribution (Figure 2). ANOVA across years revealed there were significant variances for genotypic and genotype x environment (GXE) interactions (P < 0.05) for GLS disease severity scores and agronomic traits (Table 1). The broad-sense heritability estimate for GLS1 (77 DAP) was high (H2 = 0.85) compared to the GLS2 (105 DAP) score (H2 = 0.57). Broad-sense heritability for agronomic traits was high for AD, SD, and PH, but moderate for EH and ASI. Three susceptible checks, namely CKL150122, CKL150079, and CKL150132 had disease severity scores of >7.3 on a 1–9 scale for GLS2. This high disease severity score on susceptible checks indicates good disease expression in the field (Table 2; Supplementary Table S4). The first GLS severity score [GLS1 (77 DAP)] varied from 1.9 to 7.0 with a mean of 4.5, while the second score [GLS2 (105 DAP)] varied from 2.5 to 7.6 with an average score of 5.7. The AUDPC ranged from 34.9 to 99.8 with a mean of 71.95. The mean performance of the lines for AD, SD, and ASI was 80, 80.4, and 0.44 days, respectively, and for PH and EH, they were 129.2 and 61.4 cm, respectively (Table 1; Figure 2).

[image: Eight histograms with blue density lines display frequency distributions for various plant traits. Traits include "Gray leaf spot" scales, "AUDPC," "Anthesis date," "Silking date," "Anthesis-Silking interval," "Plant height," and "Ear height." Each chart has an orange or blue color scheme and varying scales on the x-axis.]
Figure 2 | Frequency distribution of GLS disease severity and other agronomic traits. GLS1 and GLS2 = gray leaf spot disease severity data recorded at 77 and 105 days after planting, respectively.

Table 1 | Estimation of variance components for GLS disease severity, AUDPC, and agronomic traits evaluated across 4 years (2016–2019) under artificial inoculation.


[image: Table displaying genetic data of various traits, including GLS1 and GLS2 (1–9 scale), AUDPC, AD, SD, ASI, PH, and EH. Statistical significance marked at p = 0.05 and 0.01 levels, indicated by * and **.]
Table 2 | Disease severity scores for the best 14 lines and three susceptible checks to GLS and agronomic traits across 4 years (2016–2019).


[image: Table displaying genotype data with various parameters: GLS1 and GLS2 (disease severity on a 1-9 scale), AUDPC (area under disease progress curve), AD (anthesis date), SD (silking date), ASI (anthesis silking interval), PH (plant height in cm), and EH (ear height in cm). Measurements are provided for different genotypes, including mean, standard error, least significant difference, and coefficient of variation, alongside specific genotype identifiers and checks.]
In scoring disease severity on a 1–9 scale, scores with <4 are considered as resistant, 4–5 are moderately resistant, 5–7 are moderately susceptible, and 7–9 as completely susceptible genotypes. Among 427 lines evaluated, 125, 178, 124, and 1 line were resistant, moderately resistant, moderately susceptible, and susceptible, respectively, for GLS1 (77 DAP) disease severity score (Figure 3). For GLS2 (105 DAP), 14 lines were resistant while 69, 315, and 30 lines fell into moderately resistant, moderately susceptible, and susceptible categories (Figure 3). The 14 GLS-resistant lines also showed a wide range of diversity in their performance for agronomic traits (Table 2). The lines CML536 and CKL14501 were not only resistant to GLS but also known to be resistant to TLB (data not shown). Whereas CML566 is also known to be tolerant to drought and CML572 is tolerant to MLN. The results of the correlation analysis between the eight traits including GLS disease severity traits for the maize inbred lines are shown in Figure 4. GLS disease severity for both GLS1 (77 DAP) and GLS2 (105 DAP) were significantly and negatively correlated with AD, SD, PH, and EH; however, the magnitude of correlation values was higher at the early stage of the disease severity. AUDPC values were also consistently significant and negatively correlated with AD, SD, PH, and EH. The correlation between GLS traits and ASI was non-significant. The correlation between flowering traits and PH was not significant, whereas EH was positive and significant.

[image: Bar chart depicting GLS disease severity, comparing GLS-1 and GLS-2 lines. Disease reactions (R, MR, MS, S) show varying line counts. R: GLS-1, 125; GLS-2, 14. MR: GLS-1, 178; GLS-2, 69. MS: GLS-1, 124; GLS-2, 315. S: GLS-1, 1; GLS-2, 30. GLS-2 shows significantly higher values in MS reaction.]
Figure 3 | Frequency of the inbred lines with resistant (R), moderately resistant (MR), moderately susceptible (MS), and susceptible (S) reactions to GLS scouted at 77 (GLS1) and 105 (GLS2) days after planting.

[image: Correlation matrix heatmap displaying relationships between variables: AD, SD, PH, EH, ASI, GLS1, GLS2, and AUDPC. Positive correlations are shown in blue, and negative ones in red. Notable are strong positive correlations such as AD-SD (0.86) and EH-PH (0.75), and strong negative correlations like GLS1-SD (-0.36). A color bar at the bottom ranges from -1 to 1, showing correlation strength.]
Figure 4 | Pearson’s correlation between GLS traits and other agronomic traits evaluated in four environments under artificial infestation of GLS. The correlation level is color-coded according to the color key scale plotted below. Correlations with >0.11 were significant at 0.05 (p) level, GLS1, GLS2, correspond to disease severity data collected for GLS at 77 and 105 days after planting, respectively; AUDPC, area under disease progress curve; AD, anthesis date; SD, silking date; ASI, anthesis silking interval; PH, plant height; EH, ear height.





Marker distribution, population structure, phylogenetic tree, and kinship

From 33,740 DART-GBS SNPs used, only 56% (19,091 SNPs) were retained after filtering with the twin criteria of >5% MAF and <10% missing per marker. The number of markers remained ranged from 1,341 on chromosome 10 to 2,876 on chromosome 1. For the final set of markers, the minimum MAF ranged between 0.05 and 0.50. The percentage of missing markers per individual varied from 0 to 10% and the overall average was 4.6%. The proportion of heterozygosity of SNPs (number of taxa that are heterozygous for a given SNP divided by the total number of individuals) ranged from 0 to 0.70, with an overall average of 0.03. The heterozygosity of inbred lines (number of heterozygous markers per inbred line divided by the total number of markers) ranged from 0.008 to 0.27 with an overall average of 0.09. The final set of 19,091 high-quality SNP markers distribution was graphically presented in Supplementary Figure S2. The relatedness among the inbred lines used for GWAS analyses was shown with the kinship matrix (Supplementary Figure S3). The population structure of 140 diverse maize lines was determined by Bayesian based model in STRUCTURE and PCA (Figure 5). The optimum number of K was obtained by plotting the number of clusters (K) against delta K which revealed delta K probability value with two and five clusters based on the highest Ln P(D) values (Figure 4A). Evanno table was constructed in the structure harvester with the highest values of 13714.1.45 Ln P(K), 127.46 standard deviations ln P(K), and 107.61 delta K. Delta K value-based line plot had suggested that the population could be structured into two and/or five groups (Figures 5B, C). The population structure was also examined by PCA which grouped all lines into two broader groups (Figure 5D). An optimal number (K) of three PCs was retained for GWAS.

[image: (A) Line graph showing Delta K values against K, indicating peaks at K equals 2 and 5. (B) Bar graph with dominant red segment showing relative proportions. (C) Multicolored stacked bar chart displaying proportions with varying colors such as green, blue, yellow, and magenta. (D) 3D scatter plot with red dots representing data points distributed across the PC1, PC2, and PC3 axes.]
Figure 5 | The two and five sub-populations of the 140 inbred lines by using DART SNP markers. (A) Best delta K estimation by Evanno method. (B) Estimated population structure of tropical maize inbred lines as revealed by DART SNP markers for K = 2 and (C) for K = 5. Blue, green, pink, red, and yellow color represents sub-population 1, 2, 3, 4, and 5, respectively. Distribution of inbred lines based on the first three principal components (D).

The neighbor-joining method-based phylogenetic tree shown in Figure 6A revealed that the 140 diverse maize lines can be clustered into three main groups (I = 40, II = 56, and III = 44) differentiated by the different colors (Figure 6A, Supplementary Table S5). Groups I and II can also be treated as one large cluster with two sub-groups. The genome-wide LD was plotted as LD (r2) between adjacent pairs of markers versus the distance between adjacent markers in Kb (Figure 6B). The average genome-wide LD-decay in this set of lines is 1.44 Kb at r2 = 0.2. LD plots for each chromosome revealed the fastest LD-decay in chromosome 7 (0.47 Kb at r2 = 0.2) and chromosome 1 displayed the slowest LD-decay (4.75 Kb at r2 = 0.2).
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Figure 6 | Grouping of 140 inbred lines through phylogenetic tree based on neighbor-joining method (A) and linkage disequilibrium (LD) plot (B) illustrating the average chromosome-wise and genome-wide LD decay in 140 inbred lines panel using SNPs with call rate 0.9 and minor allele frequency 0.1. The values on the Y-axis represent the squared correlation coefficient r2 and the X-axis represents the genetic distance in kilobases (Kb).

GWAS analyses revealed 69 significant SNPs for eight traits and these results for all traits are summarized using Manhattan plots (Figure 7; Tables 3, 4) and QQ plots (Supplementary Figure S4). The Q–Q plot of the FarmCPU model showed a sharp deviation from the expected P value distribution in the tail area, indicating that false positives and negatives were adequately controlled (Supplementary Figure S4). Association analyses for GLS disease severity for GLS1 (77 DAP) revealed nine significant SNPs (Table 3). The allelic effect (difference in mean performance for GLS disease severity between inbred lines with major allele and minor allele) for these significant SNPs ranged from 0.45 to 0.39, −0.70 to 0.70, and −3.67 to 5.59 for GLS1 (77 DAP), GLS2 (105 DAP), and AUDPC, respectively under artificial inoculation of GLS. A negative value indicates that the minor allele was the favorable allele associated with increase in GLS resistance by decreasing the GLS severity. For GLS2 (105 DAP), that is, GLS disease severity at a late stage, four significant SNPs were detected. For AUDPC, 11 significant SNPs were identified. The significant SNPs for GLS disease severity were found on all chromosomes with the most significant one being located on chromosome 3 (p = 1.37 × 10−8). Information on all the significant SNPs, their corresponding MAF, and allelic effects are listed in Table 3.
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Figure 7 | Farm CPU Manhattan plots of GWAS on GLS disease severity and other agronomic traits measured under GLS artificial inoculation. The X-axis shows the SNP position on the chromosome and Y-axis shows the negative log base 10 of the P-values; for ease of discrimination, each chromosome was colored differently. The horizontal line portrays the significance threshold (marker P-value < 3 × 10−4). GLS1, gray leaf spot disease severity data scored 77 days after planting; GLS2, gray leaf spot disease severity data scored 105 days after planting; AUDPC, area under disease progress curve; AD, anthesis date; SD, silking date; ASI, anthesis silking interval; PH, plant height; EH, ear height.

Table 3 | List of significant SNPs associated with GLS disease severity traits evaluated in four environments under artificial inoculation of Cercospora zeina.


[image: A table displaying genetic data related to gray leaf spot 1 and 2 and AUDPC value. Columns include SNP, Chromosome (Chr), Position (bp), Bin name, MLM-P value, Minor Allele Frequency (MAF), and Effect. Specific SNP details are listed for each condition, with varying values in each column indicating statistical analyses results for plant disease traits.]
Table 4 | List of significant SNPs associated with agronomic traits evaluated in four environments under artificial inoculation of Cercospora zeina.


[image: A detailed table lists genetic data related to anthesis date, silking date, anthesis-silking interval, plant height, and ear height. It includes columns for SNP, chromosome (Chr), position, bin name, MLM-P value, minor allele frequency (MAF), and effect. Descriptions mention various positions on chromosomes and their statistical values, highlighting significant differences in genetic traits such as plant height and ear height. The data seem to support genetic analysis, likely for research purposes.]
For AD, a total of 13 significant SNPs were detected on chromosomes 3, 5, 6, 7, 8, and 9. One SNP on chromosome 5 (DT5_80046482; p = 5.09 × 10−06) was common between AD and GLS disease severity at a late stage. The allelic effect for these significant SNPs for AD ranged from −2.45 to 1.21. The largest number of significant SNPs as well as the most significant SNPs in the current GWAS study was identified for SD followed by AD. For SD, 14 significant SNPs distributed across all chromosomes except on chromosome 10 were identified. The SNP on chromosome 5 was the most significant in the current study (p = 5.50 × 10−11). Two SNPs on chromosome 3 (DT3_1469626 for SD and DT3_1407684 for AD) and another two SNPs on chromosome 9 (DT9_76308336 for SD and DT9_76104516 for AD) were located closely in the region (Table 4). The allelic effect for these significant SNPs for SD ranged from −1.89 to 1.65.

PH and EH are highly correlated agronomic traits in maize. There were 11 significant SNPs associated with PH distributed on chromosomes 2, 6, 8, and 10 whereas there were six significant SNPs detected for EH that were found on chromosomes 5, 7, 9, and 10. Three SNPs on chromosome 10 (DT10_101212965, DT10_101212899, and DT10_101213049) were common between PH and EH. The allelic effect of significant SNPs for PH ranged from −12.44 to 11.87, for EH, the range varied from −7.02 to 7.18 (Table 4).

Candidate genes analysis was conducted for significant QTNs identified in this study. A total of 20 candidate genes were discovered and annotated, among them 3 and 4 candidate genes were identified for GLS1 (77 DAP) and AUDPC values, respectively (Table 4). One candidate gene, Zm00001d015224 is closely associated with both GLS2 (105 DAP) and AD (Table 5). Nine candidate genes potentially associated with flowering traits (AD and SD). Similarly, three and one candidate genes were found to be associated with PH and EH, respectively.

Table 5 | Candidate genes for GLS disease severity traits and other agronomic traits under artificial inoculation of GLS conditions.


[image: A table listing genetic traits, including GLS1 and GLS2 for disease severity, AUDPC for disease progress curve, AD for anthesis date, SD for silking date, PH for plant height, and EH for ear height. Columns include SNP identifiers, chromosome numbers (Chr), base pair positions, gene names, and annotations detailing protein functions and characteristics. Annotations include descriptions like RNA-binding family protein and phosphatidylinositol 4-phosphate 5-kinase 9, among others.]
In most large advanced maize breeding programs, GS is routinely applied. Among the several GS models, G-BLUP and RR-BLUP are computationally less intensive and able to capture both major and minor effect trait variations, so they are well suited for routine application in breeding trials. Therefore, we used the RR-BLUP model to estimate the prediction accuracies in the panel for GLS and other agronomic traits. Prediction accuracies were moderate to high for all eight traits (Figure 8). The observed prediction accuracies for GLS1 (77 DAP), GLS2 (105 DAP), AUDPC value, AD, SD, ASI, PH, and EH were 0.62, 0.47, 0.50, 0.65, 0.61, 0.31, 0.34, and 0.36, respectively.

[image: Box plot comparing accuracy across eight categories: GLS1, GLS2, AUDPC, AD, SD, ASI, PH, and EH. Each box represents the interquartile range, with medians indicated by horizontal lines. Some categories display outliers marked by circles.]
Figure 8 | Box-whisker plots for the accuracy of genomic predictions assessed by fivefold cross-validation within the association mapping panel. GLS1 = gray leaf spot disease severity data scored 77 days after planting; GLS2 = gray leaf spot disease severity data scored 105 days after planting; AUDPC, area under the disease progress curve; AD, days to anthesis; SD, days to silking; PH, plant height; EH, ear height.






Discussion

GLS is one of the serious foliar diseases in maize (Kibe et al., 2020a; Omondi et al., 2023) and is caused by Cercospora zeae-maydis and C. zeina, in Africa C. zeina is more prevalent (Crous et al., 2006; Meisel et al., 2009; Liu and Xu, 2013). With the changing climate and increase in cropping the same crop over a larger area, GLS becomes a serious threat to maize production, particularly in smallholder farmers of SSA. To understand the genetics of GLS resistance, in this study, we selected a set of 427 elite lines from tropical and sub-tropical breeding pipelines adapted to eastern and southern Africa and screened them over 4 years in Kakamega under artificial inoculation of C. zeina.

Among the 427 lines screened for GLS, 14 were identified as resistant lines with a score of <4 on a 1–9 scale (Table 2). These lines represent both the intermediate and late maturity groups, which occupies the major market share in eastern and southern Africa. Among the 14 lines, CKDHL142989 was the best-performing line with a disease severity score of 2.6, followed by CKL14500, which showed a score of 2.9, which is promising to be used as a donor line in GLS resistance breeding. Interestingly, these lines are also tolerant to TLB, which makes them multiple disease-resistant lines. Among the selected 14 lines, CML536, CKDHL120423, CKL14500, CKL14529, and CML540 also showed resistance to TLB (data not shown), suggesting the possibility of using them as donors for resistance to both diseases. CML 536 is also known to be tolerant to drought and low soil nitrogen stress. CML 540 is resistant to MSV, TLB, common rust, early maturing, and tolerance to drought, which provide additional benefits to use these as elite lines in breeding programs. Furthermore, some of these lines may be useful as parents in abiotic stress-tolerant hybrids. For example, line CKL14500, known for GLS resistance, also carries favorable alleles for drought tolerance; it is evident as it derived from two known drought-tolerant lines (CML444 and CML395). The single cross tester (CML444 x CML395) is frequently used as one of the parents for many commercially released drought-tolerant hybrids. Although line CKL14500 has some good trait combinations, it may not be a suitable parent in bi-parental crosses because of its susceptibility to common rust (Sserumaga et al., 2020). Another good line for GLS resistance (CML559) was derived from source germplasm Population 500 (P500), which is resistant to common rust, MSV, and stem borers as well as tolerant to TLB. Another line, CML566 is tolerant to drought with moderate resistance to TLB and MSV. CML574 is a yellow line and is tolerant to MLN, tar spot complex, and fall armyworm and can be used as a donor for multiple diseases and pests. Overall, the identified GLS-resistant lines not only contribute to disease resistance but also carry useful alleles for several economically important traits, including drought tolerance, which makes them multi-trait elite donors.

GLS resistance breeding is influenced by several factors, including genotype, environment, and their interactions. Across environment, analyses revealed significant genotypic and genotype x environment interaction effects for GLS disease severity and AUDPC values (Table 1). The magnitude of variance components for genotype x environment interaction variance was approximately 1.5 times of genotypic variance which indicates the role of both additive and non-additive effects. On the contrary, the magnitude of genotypic variance is more than twice that of genotype x environment interaction variance for flowering time traits like AD and SD, and for PH and EH suggesting the major role of additive effects over non-additive effects. A high magnitude of genotype x environment interaction effect was also observed in an earlier study with the IMAS association panel (Kibe et al., 2020a). The heritability estimates for these traits are also on similar expectations with moderate heritability for GLS disease traits and high heritability for flowering traits. Kibe et al. (2020a) also reported moderate heritability for GLS disease severity traits in biparental populations. GLS disease severity and AUDPC values are negatively and significantly correlated with AD, SD, PH, and EH (Figure 3). This indicates the selection of lines with early flowering and low to medium height has better resistance to GLS over lines with tall and late flowering plants. These correlations are consistent with earlier studies in association panels evaluated in SSA (Kibe et al., 2020a; Omondi et al., 2023).

GWAS results are influenced by population structure, as it influences marker-trait associations, including the false positives in an association mapping panel. We observed low to moderate population structure with PC1 and PC2 explaining 6.53% and 5.56% of variation, respectively. The association panel lines are broadly grouped into two clusters. This was also supported by phylogenetic tree grouping, though three groups were formed, a closer look shows groups 1 and 2 form one major cluster (Figure 6A). Similar findings were also observed by Kibe et al. (2020a) in an association panel and Zhao et al. (2012) in a large set of DH lines which comprised tropical and subtropical lines. Further to understand the structure of the panel used in this study, STRUCTURE software was used, where the ad hoc statistics ΔK were used to determine the optimum number of subgroups based on the output log likelihood of data [LnP (D)]. The peaks of the line plot (Figure 5A) suggest that the GWAS panel could be broadly divided into two groups or five subgroups. The kinship matrix also suggests moderate structure among the lines used for GWAS (Supplementary Figure S3). The moderate structure observed in the panel with no clear differentiation of major adaptation groups is in anticipation of earlier studies where CIMMYT maize germplasm was not found to have a strong population structure (Wu et al., 2016; Rashid et al., 2020). Several researchers have also reported moderate structure in the tropical maize germplasm (Kibe et al., 2020a; Nyaga et al., 2020; Sadessa et al., 2022). CIMMYT’s germplasm pools and populations are known for high genetic diversity and serve as the source of germplasm for many breeding lines in the tropical and subtropical regions (George et al., 2004; Warburton et al., 2005). This is one of the possible reasons we did not observe any well-defined population structure in this study.

The rate of LD decay indicates the presence of diversity in the selected germplasm or panels. Fast LD decay suggests higher diversity at the nucleotide base level, which might have resulted from the historic recombination events. In temperate maize germplasm, LD decay distance (10–100 kb) is several times higher than that of tropical maize germplasm (5–10 kb, Lu et al., 2011). Romay et al. (2013) found that LD decays much more rapidly in the tropical germplasm to about 1 kb at r2 = 0.2. A rapid LD decay was observed in each chromosome and across the genome in the panel (1.44 Kb at r2 = 0.2). The LD decay observed in this study corroborates earlier studies (Rashid et al., 2020; Kibe et al., 2020a), which suggests the presence of sufficient diversity in the selected set of lines for GWAS.

GWAS revealed 13 markers significantly associated with GLS disease severity and 11 markers with AUDPC value (Table 3). Interestingly, though GLS disease severity was positively and significantly correlated with AUDPC values, no common SNPs were detected across GLS traits in GWAS analyses. Nevertheless, there are few regions overlapped in terms of their bin locations (Table 3). Many studies reported QTLs for GLS resistance are distributed in all 10 chromosomes, where most of them explained small to moderate effects, except for a very few that had a major effect of >10% and were used for further fine mapping studies (Du et al., 2020; Zhu et al., 2021; Kibe et al., 2020a; Omondi et al., 2023). For three foliar diseases including, GLS, TLB, and SLB revealed 147 multiple disease resistance mQTLs through meta-QTL analyses and identified bins 3.04–08, 5.04–07, and 8.05–06 as significant regions for resistance to these diseases (Ali et al., 2013). Summarizing the earlier QTL studies revealed five major clusters or hot spots for GLS resistance, namely in chromosome 1 at bin’s 1.05–1.06 (Saghai Maroof et al., 1996; Lehmensiek et al., 2001; Balint-Kurti et al., 2008; Pozar et al., 2009; Xu et al., 2014), on chromosome 2 at bin’s 2.03–2.05 (Bubeck et al., 1993; Saghai Maroof et al., 1996; Zwonitzer et al., 2010; Zhang et al., 2012; Lennon et al., 2016), in chromosome 4 at bin’s 4.05–4.08 (Bubeck et al., 1993; Saghai Maroof et al., 1996; Clements et al., 2000; Balint-Kurti et al., 2008; Zwonitzer et al., 2010; Zhang et al., 2012; Benson et al., 2015; Lennon et al., 2016), in chromosome 5 at bin’s 5.03–5.06 (Bubeck et al., 1993; Clements et al., 2000; Lehmensiek et al., 2001; Zhang et al., 2012; Lennon et al., 2016) and in chromosome 7 at bin’s 7.02–7.03 (Bubeck et al., 1993; Pozar et al., 2009; Zwonitzer et al., 2010; Berger et al., 2014; Benson et al., 2015; Mammadov et al., 2015). Comparison of these hot spots with our results revealed two markers on chromosome 2 (DT2_55324276; DT2_153752700), three markers on chromosome 5 (DT5_77120507; DT5_80046482; DT5_24851058), one marker on chromosome 7 (DT7_100370211) were co-located within these regions. This supports the earlier findings and indicates their consistent association with GLS resistance in different genetic backgrounds. These regions are of potential interest to identify possible potential candidate genes and use them to improve GLS resistance.

The other SNPs, though not fallen into these hotspot regions, are overlapped with a few reported QTLs from other studies (Du et al., 2020; Kibe et al., 2020a; Chen et al., 2021; Qiu et al., 2021; Zhu et al., 2021). For instance, the most significant SNP associated with GLS disease severity in this study was DT3_18370709 at the physical position 18.37 Mb on chromosome 3 (P = 1.37 × 10−8) was overlapped with “consensus QTL” on bin 3.04 in the IBM2005 map (Shi et al., 2007), and the QTL (qYCM-DS3-1) reported in the RIL population (Chen et al., 2021). Another SNP (DT3_129473727) at bin 3.04 is overlapped with an earlier reported SNP through GWAS (Kuki et al., 2018) and QTL mapping (Du et al., 2020). All three SNPs detected in this study were also overlapped with an earlier study by (Kibe et al., 2020) in the GWAS panel and biparental populations. The remaining markers, especially on chromosomes 9 and 10, appeared to be specific for the current study and new additional sources for GLS resistance.

Flowering traits, both AD and SD, also play crucial roles in selecting GLS resistance. SNP (DT5_80046482) at chromosome 5 is significantly associated with AD and also showed a strong association with GLS disease severity (Tables 3, 4). Further, we also observed eight bins, namely, bins 3.03, 3.04, 3.05, 4.09, 5.03, 6.04, 7.02, and 9.03 shared SNPs for both GLS disease severity and flowering time traits (Tables 3, 4). Other agronomic traits like PH and EH are also significantly and negatively correlated with GLS resistance. A comparison of markers detected for GLS disease severity and PH and EH revealed three bins, bins 6.08, 9.05, and 10.04 shared the markers. These findings suggest strong linkage or clustering of markers in certain regions of the genome and selecting early flowering time, and medium height also indirectly helps in improving GLS resistance.

Among the eight candidate genes identified in this study for GLS resistance, one on chromosome 5 (Zm00001d015224) associate with both GLS and AD encodes for Salicylate/benzoate carboxyl methyltransferase (Table 5). Salicylate carboxyl methyltransferase responsible for formation of methyl salicylate which plays important role in signaling for local defense and systemic acquired resistance of plants against pathogens invasion (Koo et al., 2007). Another candidate gene associated with AUDPC value on chromosome 5 (Zm00001d013920) encodes for Phosphatidylinositol 4-phosphate 5-kinase which plays a role in plant defense and cellular function (Zarreen et al., 2023). Another candidate gene encodes for receptor homology region transmembrane domain- and RING domain-containing protein involved in transport of storage proteins to protein storage vacuoles. Overall, the identified candidate genes in this study are involved in plant defense and development.

GLS resistance-linked QTLs are reported across all chromosomes. Some of the major effects of QTLs on chromosomes 1, 2, 5, and 8 were also fine-mapped (Liu et al., 2016; Zhang et al., 2017; Du et al., 2020; Qiu et al., 2021). As the number of QTL needed to be considered to achieve maximum resistance to GLS increases, it complicates the success of marker-assisted selection. Unlike GWAS, which identifies the markers linked to the trait of interest, GS calculates the estimated breeding values of the trait/s for genotypes in practical breeding which is used to select superior-performing candidates. GS has a high predictive power since it uses genome-wide markers to predict the breeding value of individuals in the testing population (Meuwissen et al., 2001). The rapid innovation in next-generation sequencing technology able to produce millions of markers with reduced cost of genotyping makes GS a critical method in breeding programs. Currently in maize, GS is used for complex traits like grain yield and drought tolerance (Zhao et al., 2012; Beyene et al., 2019, 2021b). Compared to abiotic stress traits and grain yield, diseases like GLS are relatively less complex, following this expectation, we observed a high prediction correlation for GLS disease severity and a moderate correlation for AUDPC values (Figure 8). These correlations are higher than observed correlations in IMAS association panel for GLS disease severity but on par with correlations observed in DH populations (Kibe et al., 2020a; Omondi et al., 2023). GS on several disease traits showed promising results with a prediction accuracy of as high as 0.70 for TLB (Technow et al., 2013) 0.86 for MLN (Sitonik et al., 2019), and moderate accuracy of 0.46 for Fusarium ear rot resistance (Holland et al., 2020; Kuki et al., 2020) and common rust resistance (Kibe et al., 2020b; Nyaga, et al., 2020). By using a large, related, and improved training population, the prediction accuracy could be greatly elevated as shown for GLS in the previous study, GS accuracy was low-to-moderate with a range of 0.29–0.56 for GLS resistance with a small training population, which was elevated to 0.77 when increasing the diversity and size of the training set (Kibe et al., 2020). Therefore, complementing GS with phenotypic selection is promising to achieve high genetic gain for GLS resistance with optimal resources.





Conclusion

In this study, 427 diverse tropical maize inbred lines were evaluated in 4 years under artificial inoculation of GLS (Cercospora zeina) in Kakamega, Kenya. Wide variation was observed for GLS disease severity and AUDPC values across years, but significantly and negatively correlated with agronomic traits such as flowering time and plant height. We identified fourteen GLS-resistant lines that can be used as either donors or parents in a resistance hybrid breeding program. In SSA, three-way cross hybrids are the final commercial products. Therefore, using lines with moderate resistance to GLS can combine the desirable alleles from all three parents, which also adds up to higher resistant hybrids. From 427 lines a set of 140 lines were genotyped with DART GBS genotyping. Population structure analyses revealed moderate structure in the panel. GWAS analyses revealed 24 SNPs significantly associated with GLS traits. Most of the detected SNPs were also co-located with earlier studies for GLS resistance. This indicates the consistency in the detection of the markers across genetic backgrounds. GS prediction correlations are moderate to high, which opens new avenues to improve breeding for GLS disease resistance with optimum allocation of resources.
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Peanut (Arachis hypogaea L.), a key oilseed crop in the U.S., plays a significant role in agriculture and the economy but faces challenges from biotic and abiotic stresses, including aflatoxin contamination caused by Aspergillus flavus and A. parasiticus. Despite many large-effect QTLs identified for yield and key traits, their use in breeding is limited by unfavorable genetic interactions. To overcome this, we aimed to identify consensus genomic regions and candidate genes linked to key traits by analyzing QTL data from 30 independent studies conducted over the past 12 years, focusing on biotic, abiotic, aflatoxin, morphological, nutritional, phenological, and yield-associated traits. Using genetic map information, we constructed consensus maps and performed a meta-analysis on 891 QTLs, leading to the identification of 70 Meta-QTLs (MQTLs) with confidence intervals ranging from 0.07 to 9.63 cM and an average of 2.33 cM. This reduction in confidence intervals enhances the precision of trait mapping, making the identified MQTLs more applicable for breeding purposes. Furthermore, we identified key genes associated with aflatoxin resistance in MQTL5.2 (serine/threonine-protein kinase, BOI-related E3 ubiquitin-protein ligase), MQTL5.3, MQTL7.3, and MQTL13.1. Similarly, for yield-related traits in MQTL3.1–MQTL3.4 (mitogen-activated protein kinase, auxin response factor), MQTL11.2 (MADS-box protein, squamosa promoter-binding protein), and MQTL14.1. Genes related to oil composition within MQTL5.2 (fatty-acid desaturase FAD2, linoleate 9S-lipoxygenase), MQTL9.3, MQTL19.1 (acyl-CoA-binding protein, fatty acyl-CoA reductase FAR1), MQTL19.4, and MQTL19.5. Nutritional traits like iron and zinc content are linked to MQTL1.1 (probable methyltransferase, ferredoxin C), MQTL10.1, and MQTL12.1. These regions and genes serve as precise targets for marker-assisted breeding to enhance peanut yield, resilience, and quality.
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1 Introduction

Peanut (Arachis hypogaea), also known as groundnut or earthnut, is an allotetraploid oilseed legume crop (2n=4x=40) with a genome size of 2.7 Gb. It is the second most widely cultivated legume crop globally, primarily grown for oil production, following soybean (Glycine max L.; Vishwakarma et al., 2017). Peanuts are a key ingredient in ready-to-use therapeutic and supplementary foods aimed at combating malnutrition in underdeveloped and developing regions (Variath and Janila, 2017). Peanut seeds contain approximately 45–50% oil, 25% protein, 15% carbohydrates, and various beneficial secondary compounds. They also provide all 20 amino acids, making a significant contribution to human nutrition (Shasidhar et al., 2017; Wang et al., 2015).

Global peanut production reached 539 lakh tons, harvested from 327 lakh hectares, with an average productivity of 1,648 kg per hectare (FAOSTAT, 2021). China, India, Nigeria, the United States, and Sudan together account for about 69% of global peanut production (USDA, 2024; https://ipad.fas.usda.gov/cropexplorer/cropview/commodityView.aspx?cropid=2221000). In 2022–2023, India exported approximately 668,885.40 metric tons of peanuts (APEDA, 2024; https://apeda.gov.in/apedawebsite/GroundNut/GroundNut.htm). Notably, around 70% of the peanut cultivation area is located in arid and semi-arid regions. Peanuts are highly adaptable, thriving in soils with low chemical inputs, requiring minimal water, and exhibiting the lowest carbon footprint among nuts (Pandey et al., 2020). Additionally, peanut plants are zero-waste crops and play a role in preventing soil erosion (National Peanut Board, 2023; Agropedia, 2023).

Despite their significant economic and nutritional importance, peanut production faces substantial challenges from biotic and abiotic stresses, including pests, diseases, and adverse environmental conditions. One major constraint is aflatoxin contamination, which severely reduces peanut quality and poses serious health risks to humans (Pandey et al., 2017). Additionally, diseases such as tomato spotted wilt virus (TSWV), early leaf spot (ELS), late leaf spot (LLS), rust, root-knot nematode (RKN), and stem rot (SR) are critical biotic threats to peanut production worldwide. These challenges lead to significant yield losses and adversely affect the quality of peanut oil and seeds.

While both high and low oil content in peanuts have value—small seeds are preferred for oil production and large seeds for confectionery products (Wang et al., 2015; Gangurde et al., 2022)—a high oleic-to-linoleic acid ratio is particularly desirable. This trait improves shelf life and provides health benefits for both manufacturers and consumers (Wang et al., 2015; Pandey et al., 2014). Farmers and traders can benefit substantially from incorporating stable, high-oil content traits into elite cultivars, as even a 1% increase in oil content can raise producer profits by 7% (Liao, 2003). Many agronomic traits in peanuts are inherited quantitatively and influenced by genotype × environment interactions, highlighting the importance of identifying stable and promising genomic regions for crop improvement. Discovering such genomic regions, especially those conferring resistance to aflatoxins, is critical for sustainable peanut production (Yu et al., 2019; Variath and Janila, 2017).

The primary focus of peanut breeding is to improve yield, which is closely linked to pod, seed, and disease-related traits. However, these are complex quantitative traits that can be enhanced through quantitative trait loci (QTL) mapping (Lu et al., 2018). Over the two decades, numerous QTL studies on important traits have been conducted (PeanutBase, 2023; Ahmad et al., 2020; Dodia, 2018; Lu et al., 2018; Pandey et al., 2017; Bertioli et al., 2016; Sujay et al., 2012). However, many of these studies are limited to specific environments, leading to inconsistent and unstable phenotypes when these traits are introduced into elite cultivars with new genetic backgrounds. This instability often arises from unfavorable epistatic interactions (Lu et al., 2018). Consensus genomic regions and candidate genes play a pivotal role in the efficient transfer of desirable traits into crops, significantly reducing the risk of genetic load. Genetic load refers to the accumulation of unfavorable or non-beneficial alleles that can arise during traditional breeding approaches. By focusing on consensus genomic regions identified through meta-QTL (MQTL) analysis, breeders can target stable and well-defined loci associated with important traits, ensuring precision and efficiency in marker-assisted selection (MAS).

MQTL analysis has emerged as a powerful approach to refining and consolidating data from multiple QTL studies, thereby improving the precision and utility of genetic markers for breeding (Kumar et al., 2023; Isha et al., 2024; Gupta et al., 2024). While individual QTL studies provide valuable insights, they often report QTLs with large confidence intervals (CI) and inconsistencies across different environments and genetic backgrounds. MQTL analysis addresses these limitations by integrating data from multiple independent QTL studies to identify consensus QTLs with smaller CI, thereby enhancing the resolution of trait-associated regions. In this study, we report MQTLs for various biotic and abiotic stress resistance traits and key nutritional traits in peanuts, based on 30 QTL studies available in the public domain up to 2024.




2 Material and methods



2.1 Collection of studies and QTLs

A comprehensive review was conducted to gather information on QTLs associated with abiotic stress, biotic stress, morphological, nutritional, phenological, physiological, and yield-related traits in peanut over the past 12 years. A total of 30 studies were sourced from platforms such as Google Scholar and PubMed. Key details, including population type, logarithm of odds (LOD) score, phenotypic variation explained (PVE/R²), population size, marker positions, QTL locations, and CIs, were extracted from these research articles. Each QTL was treated as an individual entity, even if it was identified in multiple environments or genetic backgrounds. In total, 893 QTLs were initially utilized to conduct the MQTL analysis (Supplementary Table S1). All these QTLs were grouped into eight major trait categories (1) aflatoxin (percent seed infection index PSIIA, PSIIB, RAF, AFB2A, AFTA and AFTB), (2) abiotic stress-associated traits (DW, HW, SLA, TR, TE, SDW and ISC), (3) biotic stress-associated traits (AE, ELS, LLS, LS, NH, rust, stem rot, thrips, TSWV, root knot nematodes, NH and bruchid), (4) morphological traits (NB, HRN, IN, NN, PEL, NPB, NSB, IL, PS, TLW, PH, PC, PEL, MSH and PL), (5) nutritional traits (Fe, Zn, OC, OA, AA, BA, GA, LGA, LA, OC, OLR, PA and SA), (6) phenological traits (DE, DF, EDP, TDP, DFF, FI and DW), (7) physiological traits (SCMR, CT, HUE, LDW, NID, SD, LDW, CID, SC, SLW, VCR, RWC and LA), (8) yield related traits (10-SW, HSW, BDW, DPN, HI, PL, DPL, PN, PWE, PWL, PW, PWD, DPW, SN, SWT, SW, SP, SDW, SP and LW). To calculate start CI and end CI positions, we used the following formula for recombinant inbred lines (RIL), back cross (BC) and F2 populations (Darvasi and Soller, 1997; Venske et al., 2019; Guo et al., 2006).

For RIL populations, CI = [image: 163 divided by the sum of P and R2.]  and for F2 and BC populations, CI = [image: A mathematical expression showing 530 divided by the product of P and R2.]  Where P refers to the size of the population and R2 refers to the phenotypic variance explained. The peak, initial, and final positions of the QTLs are also determined for the QTL projection and the MQTL analysis.




2.2 Construction of high-density consensus maps

High density consensus maps for all 20 chromosomes were constructed with the help of ‘LPmerge’ package of R software. Markers and their positions from each map of each linkage group were extracted, and ‘.csv’ extension format Excel sheets were prepared as an input file in the R studio. The commands for the LPmerge package were modified according to input data (Endelman and Plomion, 2014). The LPmerge package uses linear programming to efficiently minimize the mean absolute error between the consensus maps and the linkage maps from each population. To obtain the weighted consensus maps, population size of each map was provided in the commands. Then, it creates the “n” number of weighted models, which is selected based on the smallest length of the consensus map and root mean sum of square error (RMSE) value. The best consensus map for all the 20 linkage groups was saved in the ‘.csv’ extension file format.




2.3 QTL projection on the consensus maps

The consensus maps constructed using LPmerge was used for MQTL analysis using Biomercator software (Arcade et al., 2004; Olivier et al., 2012; https://mybiosoftware.com/biomercator-genetic-maps-qtl-integration.html). In addition to the consensus map file, QTL information files were also created in ‘.txt’ format. The Veyrieras two-step algorithm (Veyrieras et al., 2007), included in the BioMercator v4.2 software, was used to perform meta-analysis. In the first step, meta-analysis determines the best MQTL model based on model choice criteria from the Akaike information criterion (AIC), a corrected AIC, a Bayesian information criterion (BIC) and the average weight of evidence (AWE). The best MQTL model was selected based on the lowest value and highest weight. All the output information regarding MQTLs and their QTLs from all the 20 linkage groups were extracted. The MQTLs that correspond to weak associations were excluded. MQTL regions containing more than two QTLs for different traits and from different studies were only considered for further analysis. The QTL regions, which deviated from their MQTL positions, were also excluded from the MQTL group. QTL nomenclature is as follows: the name starts with MQTL, followed by the number of the consensus map where the QTL was detected, and a serial number for those MQTLs where two or more were found.




2.4 Candidate genes identification from the MQTL region

We used the physical positions of flanking markers from the MQTL regions to retrieve genes from the “NCBI” database for candidate gene identifications. In cases where the physical positions of the flanking markers were not available, the positions of adjacent markers were used instead. Genes were identified using the reference genome assembly of peanut (arahy.Tifrunner.gnm1.KYV3). Genes located in these regions with established functional links to the trait of interest in any crop species were regarded as potential candidate genes for further analysis.





3 Results



3.1 Salient features of the QTL studies

Thirty independent studies used different types of mapping populations, such as RILs, BC, and F2. A total of 893 QTLs were used for the meta-analysis, and all were classified into different categories such as aflatoxin, biotic and abiotic stress-associated traits, morphological, phenological and yield-associated traits (Supplementary Table S1). Of these, 30 QTLs related to aflatoxin, 57 QTLs related to abiotic stresses, 158 QTLs related to biotic stresses, 61 QTLs related to morphological traits, 200 QTLs related to nutritional traits, 50 QTLs related to phenological traits, and 87 QTLs related to physiological traits, 250 QTLs related to yield were used in this study. The maximum number of QTLs were observed on LG05 (Linkage Group 05) with 74 QTLs, while the minimum 22 QTLs were on LG17 (Supplementary Table S2). The phenotypic variation explained (PVE) varied from 0.013 to 91.1%. Out of 893 QTLs, 437 major QTLs (PVE ≥ 10%) and 456 minor QTLs (PVE ≤10%) were selected for MQTL analysis (Supplementary Table S1).




3.2 Construction of consensus maps

The consensus map was constructed utilizing pre-existing linkage map data, resulting in a comprehensive map with 11,956 markers spanning 4,496.20 cM (Supplementary Table S3). This map contains various types of molecular markers, such as SSRs and SNPs. The distribution of markers per linkage group also showed considerable variation, ranging from 340 markers on LG10 to 1,006 markers on LG05. On an average 2.76 markers per cM were mapped on the consensus genetic map constructed. Linkage group 10 was the shortest, with a length of 128.05 cM, and had the least number of markers. Linkage group 13 was the longest, with a length of 337.9 cM. In addition, we observed substantial variability in marker density across linkage groups (Supplementary Table S3). For instance, LG05 has a high marker density of 4.73 markers per cM, while LG02 has a lower density of 1.55 markers per cM, indicating more densely mapped regions in specific chromosomes.




3.3 Meta-QTLs detection and their distribution on the peanut genome

In the present study, a total of 70 MQTLs were identified across 20 different LGs (Table 1). The distribution of MQTLs showed noticeable variability across these regions. LG05 harbored the highest number of MQTLs, with 8 (11.43% of the total), followed by LG03 with 7 MQTLs (10%), and LG09 with 5 MQTLs (7.14%; Figure 1). These regions are likely critical for important traits such as disease resistance and seed weight. Other linkage groups, such as LG02, LG07, LG08 and LG20, each contained 4 MQTLs (5.71%), while LG18 had the only single MQTLs (Supplementary Table S2). The uneven distribution of MQTLs across the genome points to specific genomic hotspots that may be associated with key traits. Moreover, certain MQTLs, such as MQTL5.4, were associated with many underlying QTLs (15 in this case), which are linked to several traits like late leaf spot (LLS), oil content, and seed size. This suggests that some MQTLs are hotspots for the genetic control of multiple traits, providing an invaluable resource for breeders aiming to improve multiple traits simultaneously. Among the 70 MQTLs, 13 MQTLs contained 18 aflatoxin-associated QTLs. Five aflatoxin QTLs were located on LG05 across three different MQTLs: MQTL5.1, MQTL5.2, and MQTL5.3. Additionally, two QTLs each were identified on LG07 (MQTL7.3), LG13 (MQTL13.1), and LG16 (16.2). MQTL5.2 contains six QTLs associated with palmitic acid, oleic acid, seed weight, seed length and two related to aflatoxin. Similarly, MQTL5.3 grouped two aflatoxin QTLs along with other quality and disease-associated QTLs. MQTL14.1 was crucial for both disease resistance and yield traits, underscoring its role in improving both plant health and productivity. MQTL9.7, MQTL19.1 and MQTL18.8 were significant for enhancing oil content and quality, focusing on the balance of linoleic and oleic acids. MQTL1.4 impacts various morphological traits, offering opportunities to optimize plant structure and pod characteristics. MQTL7.5 addresses physiological traits influencing factors like chlorophyll content and transpiration efficiency, which are vital for plant growth and stress resilience. MQTL10.1 harbors QTLs for multiple traits such as oil content, thrips resistance, leaf spot and rust resistance. Collectively, these MQTLs provide valuable insights for targeted breeding strategies aimed at improving peanut quality, yield, and resilience.

Table 1 | Meta-QTLs identified on 20 linkage groups of peanut for various traits.


[image: A detailed table displays quantitative trait loci (QTL) information for various traits across multiple chromosomes. Each row lists a unique identifier, linkage group, position, confidence interval (CI), confidence interval start and end points, left and right markers, number of QTL, and associated traits such as growth characteristics and disease resistance. Key traits include plant height, seed weight, oil content, and stress tolerance. The table is densely arranged with numerical and categorical data for each column, aimed at scientific analysis and comparison.]
[image: Circular genomic map displaying twenty chromosomes arranged in a ring. Each chromosome is uniquely colored and marked with gene locations and labels. Inner circles display data visualizations of various genomic features, with colored lines and spikes indicating data points or measurements.]
Figure 1 | The 70 MQTLs for important traits across 20 chromosomes is illustrated. The circles from inside to outside represent the following: the 1. heatmap of QTLs, 2. projected QTLs with their PVE (Phenotypic Variance Explained), 3. fold change per Meta-QTL, 4. Meta-QTLs with their confidence Intervals (CI), and 5. chromosome wise marker density, respectively.

The precision and stability of the identified MQTLs are evident in their CIs. Initially, the average CIs of the individual QTLs ranged from 1.59 to 29.37 cM, with a mean of 9.26 cM, highlighting variability in the original QTL positions. After meta-analysis, the MQTL CIs significantly decreased, ranging from 0.07 cM (MQTL3.3) to 9.63 cM (MQTL11.1), with an average of 2.33 cM, marking a notable improvement in precision. The fold change in CI, reflects enhanced localization accuracy, varied from 1.76 to 111.38, with an average fold change of 9.02, showcasing substantial improvement in MQTL precision over the original QTLs (Supplementary Table S4). Further analysis across linkage groups (LGs) revealed that the average CI of the original QTLs ranged from 5.06 to 17.73 cM, with an overall average of 9.23 cM, indicating considerable variability. After meta-analysis, MQTL CIs were reduced across all LGs, ranging from 0.50 to 4.97 cM, with an average of 2.40 cM (Supplementary Table S2; Figure 2), demonstrating increased precision across the genome. The fold change in CI reduction also varied across LGs, with LG18 showing the largest fold change (21.58), indicating a substantial improvement in QTL localization. LG10, LG14, and LG19 displayed high fold changes of 8.13, 7.04, and 8.72, respectively, further emphasizing the enhanced precision in these regions (Supplementary Table S2). In contrast, LG06 and LG16 had the lowest fold changes, 1.99 and 1.77, respectively, indicating more modest refinements. On average, the fold change across all LGs was 5.17, demonstrating an overall improvement in MQTL localization compared to the original QTLs.

[image: Bar graph comparing confidence intervals across linkage groups (LGs). Green bars show original QTL average confidence intervals, and yellow bars show MQTL average. A blue line represents fold change, with peaks at LG11 and LG18. Y-axis on the left measures confidence interval (cM), and the right measures fold reduction.]
Figure 2 | Graphical representation of projected QTLs and Meta-QTLs. Comparison of the mean confidence interval (CI) of original QTLs (green bar) and meta-QTLs (yellow bar). The blue line indicates the average fold reduction in Meta-QTLs.




3.4 Candidate genes identification

For candidate gene identification, MQTLs less than 50 Mb in size were used. Total 48 MQTL regions were selected for the identification of candidate genes based on the availability of the physical position of the flanking markers of MQTLs (Supplementary Table S5). From these meta-genomic regions, we identified a total of 4,024 genes (Supplementary Table S6). The functions of these genes were determined through a detailed review of the existing literature. MQTL1.1 is harbors QTLs for transpiration rate, iron content, tomato spotted wilt virus resistance, specific leaf area, and zinc content. For transpiration rate, genes like gibberellin-regulated protein 14-like (LOC112710127), caffeoyl-shikimate esterase-like (LOC112720721) and EPIDERMAL PATTERNING FACTOR-like protein (LOC112754391) were identified. Similarly, gibberellin-regulated protein (LOC112710127), transcription factor KUA1 (LOC112802418), and several small nuclear RNAs were found to be associated with specific leaf area (Miceli et al., 2019). Disease resistance related genes like serine/threonine-protein kinase (LOC112801194), BOI-related E3 ubiquitin-protein ligase (LOC112801426), autophagy-related protein (LOC112802850), auxin-responsive protein IAA30-like (LOC112718703), WAT1-related protein (LOC112802633), and protein YABBY 4 (LOC112803178) were identified from this region. Iron and zinc content related genes are probable methyltransferases PMT14 (LOC112801274), FCS-Like Zinc finger 2 (LOC112801380), formyltetrahydrofolate deformylase 1 (LOC112802537), ferredoxin C 2 (LOC112801048), ion protease homolog 2, peroxisomal (LOC112801369), zinc finger A20 and AN1 domain-containing stress-associated protein (LOC112803256), transcription factor bHLH18 (LOC112801016). MQTL 1.7 is harbors QTLs for the leaf spot, late leaf spot, and rust resistance. We identified some of the important disease resistance related genes from this region like serine/threonine-protein kinase STY13 (LOC112695569), ubiquitin-conjugating enzyme E2-23 (LOC112695673), WAT1-related protein (LOC112695708). On chromosome 3, four MQTL regions were found, and most of the QTLs in this region are yield-related traits. The genes related to these traits are mitogen-activated protein kinase (LOC112789588), E3 ubiquitin-protein ligase PUB23 (LOC112789537), auxin response factor 6 (LOC112792550), DELLA protein GAIP-B (LOC112792521). MQTL4.1 contains tomato spotted wilt virus, late leaf spot, and one palmitic acid QTL. F-box/LRR-repeat protein (LOC112795816), serine/threonine-protein kinase RUNKEL-like (LOC112794155), rust resistance kinase Lr10 (LOC112795859), receptor-like protein EIX2 (LOC112795875) are mostly related to the disease resistance and acyl carrier protein (LOC112795780) is related to the palmitic acid. MQTL5.3 contains disease- and oil-content QTLs. Some important genes related to these traits are proline-rich receptor-like protein kinase (LOC112802144), probable polyol transporter (LOC112802148), serine acetyltransferase 5-like (LOC112803828), serine/threonine-protein kinase phg2 (LOC112803830), zinc finger MYM-type protein 1-like (LOC112803827), protein FAR-RED IMPAIRED RESPONSE 1-like (LOC112803829).

In MQTL8.1, multiple disease-associated QTLs are clustered, and this region contains biotic stress responsive genes such as calcineurin B-like protein (LOC112708056), defensin-like protein 1 (LOC112708031), and pentatricopeptide repeat-containing protein At3g62890 (LOC112708064). On LG09, we generally found MQTLs (MQTL9.7 and MQTL9.3) associated with oil content. However, in MQTL9.7, we also found QTLs for morphological traits in addition to oil content. In MQTL9.3, the genes related to oil traits include fatty-acid desaturase FAD2 (LOC112710390), glycerol kinase (LOC112710344), linoleate 9S-lipoxygenase (LOC112710463), and serine carboxypeptidase (LOC112710260). Additionally, in MQTL9.7, genes related to plant growth and development were identified, including VAN3-binding protein (LOC112711758), DEAD-box ATP-dependent RNA helicase 7 (LOC112711726), ATP sulfurylase 1 (LOC112711734), and carboxylesterase 1 (LOC112711707). MQTL10.1 contains important genes responsive to biotic stress, including L-type lectin-domain containing receptor kinase VII.1-like (LOC112715495), polyadenylate-binding protein RBP47 (LOC112715552), serine carboxypeptidase-like 17 (LOC112715547), bZIP transcription factor 46 (LOC112715565), and zinc finger MYM-type protein 1-like (LOC112717484).

MQTL11.2 is the most important region, and it contains 14 QTLs. Squamosa promoter-binding-like protein 6 (LOC112722612), serine/threonine-protein phosphatase-7 long form homolog (LOC112721816), MADS-box protein (LOC112722615) are related to the pod weight. Zinc finger protein (LOC112721803), serine protease SPPA, F-box protein (LOC112722634) and isoaspartyl peptidase/L-asparaginase (LOC112722621) are related to the late leaf spot. Squamosa promoter-binding-like protein (LOC112722612), E3 ubiquitin ligase BIG BROTHER-related (LOC112722633), serine/threonine-protein phosphatase-7 long form homolog (LOC112721816) are related to the dry weight-related traits. Rhamnogalacturonan I rhamnosyl-transferase 1 (LOC112722626) and protein breaking of asymmetry in the stomatal lineage-like (LOC112724059) are related to the transcription rate and probable UDP-3-O-acylglucosamine N-acyltransferase (LOC112722632) is related to gadoleic acid content. These genes are also related to other traits like haulm weight, 100 seed weight and pod constriction. QTLs in MQTL12.1 are related to the pod length and width and disease resistance (Tomato spotted wilt virus). The genes encode for gibberellin 20 oxidase (LOC112728437), receptor-like serine/threonine-protein kinase (LOC112728351), glyoxylate/hydroxy pyruvate reductase (LOC112728355), organelle RRM domain-containing protein (LOC112728356), disease resistance protein RML1B (LOC112728387), and TMV resistance protein N-like (LOC112728444) are mostly related to these traits. MQTL13.1 mostly contains transpiration and chlorophyll related QTLs, protein photosystem I assembly (LOC112735782), NDR1/HIN1-like protein (LOC112737452), pentatricopeptide repeat-containing protein (LOC112737396), protein LOW PSII accumulation 2 (LOC112737399), chloroplast envelope quinone oxidoreductase homolog (LOC112737420). On LG19, MQTL19.1 harbors QTLs for seed oil content and quality traits. It contains essential genes related to these oil-associated traits, including Acyl-CoA-binding domain-containing protein 6 (LOC112776181), fatty Acyl-CoA reductase FAR1 (LOC112778876), F-box proteins (LOC112776494), and cyclin-dependent kinase inhibitor CDKN1B (LOC112776306). MQTL14.3, MQTL18.8, MQTL19.1, MQTL19.4, and MQTL19.5 are found as a hotspot for most of the fatty acid’s QTLs (Lignoceric acid, Stearic acid, Arachidic acid, Palmitic acid, Behenic acid, Gadoleic acid, Stearic acid, Arachidic acid, Oleic acid, Linoleic acid). This region contains multiple copies of oxysterol-binding protein-related protein (LOC112741888). Other trait related genes are TBC1 domain family member (LOC112741897), glucan endo-1,3-beta-glucosidase (LOC112741948), phosphatidylinositol/phosphatidylcholine transfer protein SFH11-like (LOC112742554).





4 Discussion

Developing high-yielding and climate-resilient crops is crucial for ensuring food and nutritional security. In recent years, various studies have been conducted on peanut to identify genomic regions associated with different important quantitative traits. Despite the identification of thousands of QTLs related to yield and other significant traits in various plant species, only a few have proven useful in genetic improvement programs due to their minor effects and environmental influences. Consequently, the primary objective of this MQTL analysis is to identify stable QTLs in plant genomes that can be effectively utilized in breeding programs through marker-assisted selection.

The distribution and precision of MQTLs across peanut chromosomes offer valuable insights into the genetic architecture of important agronomic traits. Our findings show that certain linkage groups, such as LG01, LG03 and LG05, harbor a higher concentration of MQTLs, indicating these chromosomes as critical regions for traits like disease resistance and seed weight. The presence of up to eight MQTLs on LG05, for instance, highlights its potential as a hotspot for genetic control of these key traits including aflatoxin resistance. The concentration of MQTLs in these linkage groups is comparable to previous studies in other legumes, such as soybean and common bean, where similar clustering of QTLs was observed in specific genomic regions. This suggests that certain chromosomes in legumes may play a more significant role in controlling a variety of traits, thereby making them prime targets for marker-assisted breeding.

A critical aspect of this study is the improved precision of MQTLs, as evidenced by the significant reduction in CIs compared to original QTLs. For example, MQTL3.3, with a CI as narrow as 0.07 cM, indicates a highly stable QTL region, a feature that significantly enhances the accuracy of breeding programs. This improvement in precision is also reflected in the overall reduction of CIs, with many linkage groups showing a fold change greater than four. This mirrors the outcomes of MQTL studies in other legumes, where the refinement of QTL regions has successfully reduced uncertainty around key genomic loci. The narrow CIs in MQTLs provide breeders with more reliable and specific targets, making it easier to incorporate these regions into marker-assisted selection (MAS) programs aimed at improving traits like yield, disease resistance, and seed quality.

In addition to trait-specific MQTLs, the presence of multi-trait MQTLs, such as MQTL5.4 harboring 15 QTLs associated with diverse traits like late leaf spot (LLS), oil content, and seed size, demonstrates the pleiotropic nature of certain genomic regions. This observation is consistent with previous reports in legumes, where specific MQTLs control multiple traits (Kumar et al., 2023). Such regions are particularly valuable in breeding programs as they enable the simultaneous improvement of multiple traits, reducing the need for separate selection processes for each characteristic. Another notable outcome of our study is the variation in marker density across different linkage groups. High-density regions, such as LG10 with 2.83 markers per cM, provide high-resolution genetic maps, which are crucial for fine-mapping QTLs and enhancing the precision of breeding strategies. In contrast, regions with lower marker density, like LG03 with 0.88 markers per cM, may require additional efforts to improve marker saturation for better trait mapping. The observed variability in marker density across linkage groups is consistent with findings in other legume species, where differences in marker distribution often reflect the complexity and evolutionary history of the genome.

Our study also highlights the complexity of nutrition-related traits, which had the highest number of QTLs (200), underscoring the importance of nutritional improvements in crop breeding. This aligns with the growing interest in enhancing nutrient content in legumes, a focus area shared with other legumes like soybean and chickpea, where nutritional traits like protein and oil content have been extensively studied. The identification of numerous QTLs for nutrient traits further emphasizes the potential for genetic improvement in this area, particularly as breeders aim to develop biofortified crops with enhanced nutritional profiles.

In our study, we identified important candidate genes related to the traits in the MQTL region. Total 48 genome-wide MQTLs were selected based on the availability of physical position of the flanking markers. Multiple disease resistance related genes like serine/threonine-protein kinase (LOC112801194), BOI-related E3 ubiquitin-protein ligase (LOC112801426), autophagy-related protein (LOC112802850), auxin-responsive protein IAA30-like (LOC112718703), WAT1-related protein (LOC112802633), protein YABBY 4 (LOC112803178), zinc finger MYM-type protein 1-like (LOC112803827), F-box/LRR-repeat protein (LOC112795816), rust resistance kinase Lr10 (LOC112795859), and receptor-like protein EIX2 (LOC112795875) were identified from these MQTL regions. Sequencing-based bulk segregant analysis (seq-BSA) combined with nonsynonymous analysis identified the SNP variant in serine/threonine protein kinase gene which has significant role in the fusarium wilt and sterility mosaic disease resistance (Singh et al., 2016). In another study, the mutant population was screened to identify the role of E3 ubiquitin-protein ligase gene for the disease resistance in rice. The mutant copy of this gene showed a higher expression against the disease infection (You et al., 2016). Transient silencing of the WAT1 gene in tomato showed resistance to wilt pathogen (Hanika et al., 2021). The over deposition of the F-box proteins was recorded in the nucleus and cytoplasm of the wheat for the immunity activation signaling against the infection leaf rust pathogen (Wei et al., 2020). To protect the bread wheat against biotic stresses like pest and pathogens, wheat breeders have introduced over 200 genes into the cultivated gene pool from various sources. One of the disease resistance genes was tested using the transient expression for its contribution to the resistance against the stem rust. The overexpression of these receptor protein kinases showed resistance against the stem rust of wheat (Yu et al., 2023).

Similarly, transpiration related genes like gibberellin-regulated protein 14-like (LOC112710127), caffeoylshikimate esterase-like (LOC112720721), EPIDERMAL PATTERNING FACTOR-like protein (LOC112754391) and NAC domain-containing protein (LOC112767006) were identified. Gibberellin-regulated protein like DELLA plays a role in signaling the control of the transpiration rate for water use efficiency during the critical phases of plant development and stress management (Locascio et al., 2013). Caffeoylshikimate esterase plays a crucial role in lignin biosynthesis, which provides physical support and water protection by controlling the transpiration network pathway. Due to mutation in this gene and NAC domain, lignin deposition was hampered in one of the droughts related experiments in maize and Arabidopsis (Lu et al., 2013; Sun et al., 2018). Moreover, EPIDERMAL PATTERNING FACTOR-like protein affects the transpiration rate by regulating stomatal density and size. In rice, the overexpression of this gene negatively regulates and reduces the stomatal density, and after this scenario, the experimental lines of rice performed better in terms of their water use efficiency (Caine et al., 2019).

Gibberellin-regulated protein (LOC112710127), transcription factor KUA1 (LOC112802418), and many small nuclear RNAs are related to the specific leaf area. GA controls the leaf size by regulating the cell division and increasing water absorption (Ritonga et al., 2023). KUA is an MYB-like transcription factor that activates leaf expansion and growth-related genes (Schmidt et al., 2016). The overexpression of this gene resulted in a larger cell size, while the mutant of this gene showed a reduction in the size of the cells in leaf tissue in Arabidopsis (Lu et al., 2014).

Iron and zinc content related genes are probable methyltransferase (LOC112801274), histone-lysine N-methyltransferase, H3 lysine-9 specific SUVH6 (LOC112801997), formyltetrahydrofolate deformylase 1 (LOC112802537), ferredoxin C 2 (LOC112801048), ion protease homolog 2 (LOC112801369), superoxide dismutase (LOC112719733) and NAC domain-containing protein (LOC112767006). Under iron deficiency, methyltransferase relaxes the chromatin structure for the sufficient expression of nrf2 gene which regulates iron uptake (Su et al., 2022). Ferredoxin C and superoxidase dismutase is an iron binding protein in plants which also exoculate the transportation of iron (Sharma et al., 2023).

Oil content and fatty acid content related genes such as fatty-acid desaturase FAD2 (LOC112710390), glycerol kinase (LOC112710344), linoleate 9S-lipoxygenase (LOC112710463), serine carboxypeptidase (LOC112710260), oxysterol-binding protein-related protein (LOC112741888), TBC1 domain family member (LOC112741897), glucan endo-1,3-beta-glucosidase (LOC112741948), phosphatidylinositol/phosphatidylcholine transfer protein SFH11-like (LOC112742554). Glycerol kinase provides the precursors to the lipid biosynthesis. The overexpression of this gene showed the increase in lipid production and showed the resistance to bacterial blight and blast diseases in rice (Xiao et al., 2022). Fatty-acid desaturase plays a crucial role lipid biosynthesis and for converting mono-unsaturated fatty acids into poly unsaturated fatty acids which is important for the normal development and function of plants (Czumaj and Śledziński, 2020). This enzyme also helps with other proteins in the determining the oil content and composition in the seeds. Linoleate 9S-lipoxygenase uses linoleic acid or linolenic acid as a substrate and gets involved in plant development and growth, stress tolerance, and senescence (Vellosillo et al., 2007). Phosphatidylinositol/phosphatidylcholine transfer protein and oxysterol-binding protein are also a lipid binding protein and play various roles in plant metabolism and stress response (Lete et al., 2020; Ye et al., 2022). The overexpression of the serine carboxypeptidase gene in the Arabidopsis negatively regulates and reduces the production of membrane lipid (Chen, 2020).

A few more genes related to plant growth and development were identified from different MQTL regions, including VAN3-binding protein (LOC112711758), DEAD-box ATP-dependent RNA helicase 7 (LOC112711726), ATP sulfurylase 1 (LOC112711734), and carboxylesterase 1 (LOC112711707). VAN3-binding protein activates proteins which regulate auxin transport mediated pathways and leads to continuous venation and root elongation (Naramoto and Kyozuka, 2018). DEAD-box ATP-dependent RNA helicase plays a role in plant growth, development, and found to be upregulated in abiotic stresses of wheat (Ru et al., 2021). ATP sulfurylase is important for Sulphur assimilation in plants. Sulphur is an essential macronutrient for the growth and development of plants (Anjum et al., 2015). Carboxylesterase also plays an important role in the growth, development, and stress tolerance in plants. The cis element of this gene was mostly found to be related to plant hormones like GA and IAA and the expression of this gene was mostly found in the root, leaf and stem of cotton (Rui et al., 2022).

In our study, while identifying candidate genes we have considered and highlighted the genes that are reported to play a key role in peanut as well as other key crops. For instance, genes encoding NAC domain-containing protein in the hotspot region was reported to play key role in biotic, abiotic, nutritional, and physiological traits (Yuan et al., 2020; Li et al., 2021; Yuan et al., 2023). In addition, we identified key genes associated with aflatoxin resistance in MQTL5.2 (serine/threonine-protein kinase, BOI-related E3 ubiquitinprotein ligase), MQTL5.3, MQTL7.3, and MQTL13.1. Comparative proteomic studies indicated that serine/threonine-protein kinase was reported to play a role in aflatoxin resistance in maize (Chen et al., 2005; Brown et al., 2010). While global transcriptome profiling studies reported that BOI-related E3 ubiquitinprotein ligase plays a role on pre-harvest aflatoxin contamination in peanut. Similarly, for yield-related traits in MQTL3.1-MQTL3.4 (mitogen-activated protein kinase, auxin response factor), MQTL11.2 (MADS-box protein, squamosa promoter-binding protein), and MQTL14.1. AhMPK3 exists in two copies in peanut genome and its structural organization revealed well-conserved nature of these signaling components across different species (Kumar et al., 2009). Further, auxin response factor AhARF6 reported to play a role in peanut pod development (Li et al., 2021). In case of peanut, thirty-eight genes (AhSPL1-AhSPL38) were identified and AhSPL genes might be widely involved in peanut growth and development, as well as in response to environmental stresses (Sun et al., 2024). Several genes like fatty-acid desaturase FAD2, linoleate 9S-lipoxygenase, acyl-CoA-binding protein are reported to play role in the oil composition and some of these genes were edited and cloned (Peng et al., 2020; Neelakandan et al., 2022; Zhao et al., 2022). Genes related to oil composition within MQTL5.2 (fatty-acid desaturase FAD2, linoleate 9S-lipoxygenase), MQTL9.3, MQTL19.1 (acyl-CoA-binding protein, fatty acyl-CoA reductase FAR1), MQTL19.4, and MQTL19.5. Nutritional traits like iron and zinc content are linked to MQTL1.1 (probable methyltransferase, ferredoxin C), MQTL10.1, and MQTL12.1.




5 Conclusion

In conclusion, the outcomes of this study demonstrate the power of MQTL analysis in refining genomic regions associated with important traits. The reduction in QTL CIs, the identification of multi-trait MQTLs, and the concentration of MQTLs on key linkage groups provide valuable insights that can accelerate breeding efforts in peanut. These findings are consistent with MQTL studies in other legumes, suggesting a broader applicability of this approach across legume species. Future research should focus on further refining MQTL regions and increasing marker density in less-dense genomic regions to ensure comprehensive coverage of trait-associated loci, ultimately improving the effectiveness of MAS in crop breeding programs. Furthermore, we found that nutritional-related traits had the highest number of initial QTLs (200), reflecting their genetic complexity and the substantial research aimed at enhancing nutrient content in crops. Other categories, such as biotic traits (156 QTLs) and abiotic traits (57 QTLs), were also prominent, showing the broad scope of focus in breeding programs. When compared with previously reported MQTL studies in legumes, similar trends of concentration of MQTLs on key chromosomes and the improvement in QTL precision were observed. For example, studies on soybean and common bean also highlighted that specific chromosomes harbor denser MQTLs, particularly for traits like disease resistance and yield. The reduction in CIs in peanut mirrors findings in other legumes, indicating that MQTL analysis consistently enhances precision across legume species, providing breeders with robust, reliable genomic regions for trait improvement.
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Tobacco (Nicotiana tabacum L.) is a crucial Solanaceae crop globally, but its continuous cultivation can lead to soil degradation. Crop rotation offers numerous benefits, including enhanced soil fertility, improved microbial communities, and pest control. However, how different tobacco planting systems specifically reshape rhizosphere metabolite profiles and regulate microbial diversity remains unclear. Here, we analyzed soil samples from four tobacco cropping systems using non-targeted metabolomics, 16S rRNA and ITS sequencing. The results revealed distinct changes in soil metabolite profiles and microbial communities under different treatments. We identified significant alterations in lipid metabolism, amino acid biosynthesis, and secondary metabolite pathways, which influence soil microbial populations and tobacco plant health. Lipid metabolites, including fatty acids and eicosanoids, were particularly notable for their roles in microbial signaling and plant defense. Furthermore, microbial gene abundance analysis indicated that different treatments fostered unique microbial populations, including increased arbuscular mycorrhizal fungi and saprotrophic fungi, which support nutrient cycling and plant growth. These findings highlight the critical interplay between soil metabolites, microbial diversity, and plant productivity, offering insights into optimizing tobacco cropping systems for improved soil health and sustainable agricultural practices.
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1 Introduction

Tobacco (Nicotiana tabacum L.), a member of the Solanaceae family, is one of the most important crops worldwide due to its economic value (Chen et al., 2022). While continuous tobacco cropping offers advantages such as labor savings, reduced working time, and lower production costs, it can also cause long-term soil degradation (Xiong et al., 2023). To mitigate these issues, crop rotation is a common practice that alters the dynamics of tobacco rhizosphere metabolites, impacting soil fertility (Zhou et al., 2023a). Rotation improves soil organic matter content by promoting the decomposition of previous crop residues and enhancing the soil microbial community (Tiemann et al., 2015). It also optimizes soil physical and chemical properties, such as pH and structure, and increases nutrient availability, improving overall nutrient cycling (Behnke et al., 2021). Furthermore, crop rotation helps control soil-borne diseases and pests, ensuring a healthier growth environment for tobacco plants (Lu et al., 2022).

Strip intercropping, a synergistic agroecological system, stands as one of the most efficacious strategies for sustainable yield intensification. Vulpia myuros (L.) C.C. Gmelin is a commonly utilized plant for intercropping with crops due to its ecological benefits. Intercropping tobacco with V. myuros offers several benefits, including improved soil structure, suppression of weed growth, better regulation of soil nutrients, and reduced pest and disease incidence (Zhang et al., 2020). Similarly, rotating tobacco with crops like rape (Brassica napus) enhances soil health, provides pest control, and boosts economic returns (Liu et al., 2024a). However, excessive use of compound fertilizers in tobacco farming can lead to nutrient accumulation, particularly nitrogen and phosphorus, causing soil pollution over time (Ahmed et al., 2017).

The rotation of tobacco with V. myuros and rape has distinct effects on soil health, pest and disease control, and economic benefits (Fang et al., 2016; Zhang et al., 2020). These differences reflect variations in soil fertility, pest management strategies, cost-efficiency, and ecological sustainability (Liu et al., 2024b). In tobacco cultivation, two commonly used types of fertilizers are compound fertilizers and fermented cake fertilizers (Jiang et al., 2022). Compound fertilizer refers to a chemical fertilizer containing at least two of the three primary nutrients-nitrogen (N), phosphorus (P), and potassium (K) (Chen et al., 2024a). It is manufactured through chemical synthesis or physical blending, characterized by high nutrient density, minimal secondary components, and stable physicochemical properties. Compound fertilizers, with their balanced nutrient composition, provide rapid and stable fertilization, but their long-term use can degrade soil structure and, if misapplied, may cause seedling damage (Jiang et al., 2022). Fermented cake fertilizer refers to an organic fertilizer produced through microbial fermentation and decomposition of oilseed residues after oil extraction (such as Brassica napusseed cake, soybean cake, and peanut cake). This material serves dual functions by providing organic matter and essential nutrients (e.g., nitrogen, phosphorus, and potassium), thereby enhancing soil fertility and plant growth. Fermented cake fertilizers, on the other hand, improve soil fertility and structure and promote microbial activity. Though their effects are slower, they enhance the aroma and quality of tobacco (Feng et al., 2024). However, their use requires careful management due to their lower nutrient content and cumbersome application process (Feng et al., 2024).

Soil rhizosphere metabolites and microbial communities play a crucial role in linking soil health and crop productivity (Bhattacharyya and Jha, 2012). The impact of different planting methods on tobacco growth is largely mediated by changes in soil metabolites and microbial populations (Sun et al., 2023a). Understanding the relationship between soil metabolites, microbial diversity, and the functional capabilities of microbial communities could offer valuable insights into the advantages of various planting systems for tobacco cultivation (Holden, 2019).

This study investigated four tobacco cropping systems through integrated rhizosphere analysis. Soil samples were systematically collected from distinct cultivation regimes, employing non-targeted metabolomics to characterize metabolites alongside 16S (16S rRNA) and ITS (Internal Transcribed Spacer) amplicon sequencing for deciphering microbial diversity and identifying keystone taxa. Fertilization and intercropping systems may differentially regulate soil microbiome functions. Fermented cake fertilizer enhances bacterial/fungal richness through high active carbon input. V.myuros intercropping optimizes nitrogen cycling and carbon transformation through plant microbe interactions, while rapeseed rotation promotes phosphorus activation and pathogen inhibition. Microbial function differences are driven by lignin/cellulose ratio. The rationale for comparing key metabolites and microbial interactions lies in their dual role as indicators and drivers of soil health. By elucidating how agricultural practices remodel rhizosphere metabolic landscapes and microbial consortia, this study systematically deciphers the mechanisms underlying soil-microbe-plant interactions, providing a new perspective to optimize tobacco cropping systems for enhanced soil functionality and ecological sustainability.




2 Materials and methods



2.1 Plant materials, growing conditions and treatments

The location of the test is in Xijiadian County (111.18354°E, 32.748336°N), Danjiangkou City, Hubei Province, China. The soil type is classified as yellow-brown earth. Tobacco cultivar of the Yunyan 87 (Nicotiana tabacum cv. Yunyan 87) was provided by Wuhan Tobacco Research Institute, Hubei Province. Rhizosphere soil samples were systematically collected using a standardized five-point sampling protocol. For each experimental group, a minimum of six individual plants were selected to ensure representative sampling. Following collection, all samples were promptly transferred to the laboratory under cryogenic conditions and preserved at −80°C to maintain biochemical integrity prior to downstream analyses.

Control treatment (CK): In the CK, ridge cultivation is performed with conventional fertilization to meet the nutrient requirements of tobacco cultivation. The conventional fertilization treatment was a compound fertilizer with nitrogen of 16 kg (35 kg of urea, 46% of nitrogen), P2O5 of 5.4 kg (30 kg calcium superphosphate, 18% of phosphorus) and K2O of 5 kg (10 kg potassium sulfate, 50% of K2O) and applied as 75 kg ha–1 during the growing season. Additionally, the compound fertilizer was applied at a rate of 1.5 kg per row, with rows spaced 1.2 m apart. Fertilizers were uniformly broadcasted and incorporated into the top 20 cm soil layer during ridge preparation, consistent with regional agricultural practices. Plot - based positioning is adopted, and monitoring is continuously carried out over a five - year period (Zhu et al., 2023).

Treatment 1 (T1, rotation + intercropping group): During late September 2021, V. myuros is sown through broadcast seeding at a rate of 300 g of seeds per plot. Subsequently, in late March 2022, the land is plowed and ridges are formed during the fertilization process, with 1.0 kg of compound fertilizer per row. In June 2022, the desiccated above - ground components of V. myuros among the ridges are relocated onto the ridges through hoeing for soil - heaping. Each year, a rotational and cyclic planting regime between tobacco and V. myuros rows is enforced (Rotation + Intercropping group) (Zhang et al., 2020).

Treatment 2 (T2, rotation group): Conventional fertilization - based ridge cultivation is carried out, with 1.0 kg of compound fertilizer per row. At the end of September, green manure (300 g of rapeseed per plot) is broadcast - sown, and at the end of March, the green manure is turned under for soil improvement (Fang et al., 2016).

T3 (Treatment 3, cake fertilizer group): Ridge cultivation with conventional fertilization is practiced, with 1.0 kg of compound fertilizer and 1 kg of fermented cake fertilizer per row respectively.




2.2 Quantification of functional gene abundances

The PCR products were purified using magnetic bead purification. Samples were mixed in equidensity ratios based on the concentration of PCR products. After thorough mixing, the PCR products were detected and target bands were recovered (Fatima et al., 2014). Sequencing libraries were generated and indexes were added. The library was checked with Qubit and real-time PCR for quantification and bioanalyzer for size distribution detection. Quantified libraries were pooled and sequenced on Illumina platforms, according to effective library concentration and data amount required (Bokulich et al., 2013).

We employed a multi-region primer amplification strategy targeting bacterial 16S (V3/V4/V4-V5), archaeal 16S (ArcV4), and fungal ITS (ITS1/ITS2) regions using barcoded primers (e.g., 515F-806R for 16SV4). PCR reactions utilized Phusion High-Fidelity Master Mix with thermal cycling: 98°C/1 min initial denaturation, 30 cycles (98°C/10 s, 50°C/30 s, 72°C/30 s), and 72°C/5 min final extension. PCR products were purified via magnetic beads, pooled by concentration, and validated before library preparation. Libraries were quantified using Qubit and qPCR, then sequenced on Illumina platforms (Bokulich et al., 2013). Bioinformatics analysis included: 1) demultiplexing reads by barcode/primer trimming; 2) FLASH-based paired-end assembly into Raw Tags; 3) fastp-filtered Clean Tags; 4) chimera removal via SILVA (16S) and UNITE (ITS) database alignment using vsearch, generating Effective Tags for downstream analysis (Magoč and Salzberg, 2011).

We processed Effective Tags using the QIIME2 software: denoising was performed via DADA2 or deblur modules to generate Amplicon Sequence Variants (ASVs, default: DADA2). Species annotation was conducted in QIIME2, with Silva Database for 16S rRNA genes, UNITE Database for ITS regions, and the Micro_NT sub-library (extracted from NT database for archaea, fungi, viruses, and bacteria) for non-standard genomic regions. The primer sequences used for each region were listed in Supplementary Table S1.




2.3 Statistical analysis

Paired-end reads were merged using FLASH (v1.2.11, http://ccb.jhu.edu/software/FLASH/) (Magoč and Salzberg, 2011), a very fast and accurate analysis tool, which was designed to merge paired end reads when at least some of the reads overlap theread generated from the opposite end of the same DNA fragment, and the splicing sequences were called raw tags (Magoč and Salzberg, 2011). Quality filtering on the raw tags was performed using the fastp (v0.23.1) software to obtain high-quality Clean Tags (Bokulich et al., 2012). The tags were compared with the reference database [Silva database (16S), https://www.arb-silva.de/; Unite Database (ITS), https://unite.ut.ee/] to detect chimera sequences, and the effective tags were obtained by removing the chimera sequences with the vsearch package (v2.16.0) (https://github.com/torognes/vsearch) (Edgar et al., 2011). For the Effective Tags obtained previously, denoising was performed with DADA2 or deblur module in the QIIME2 software to obtain initial ASVs (Amplicon Sequence Variants) (default: DADA2). Species annotation was performed using QIIME2 software. For 16S, the annotation database is Silva Database, while for ITS, it is Unite Database. For the un- regular region, the default database is Micro_NT (a sub library obtained by extracting archaea, fungi, viruses, and bacteria from the NT) (Yan et al., 2019).

A series of statistical analyses which include Anosim, Adonis, Multi-response permutation procedure (MRPP), Simper, T-test, MetagenomeSeq and LEfSe, was performed to reveal the community structure differentiation. Anosim, Adonis and MRPP analyses are non-parametric tests that analyze the differences between high-dimensional data groups. They can test whether the differences between groups are significantly greater than the differences within the group, which can determine whether the grouping is meaningful. All of them were performed with vegan and ggplot2 package within R. Simper can reveal the contribution of each species to the differentiation between groups. Top 10 species were selected and presented on the graph. It was performed in R with Vegan package and ggplot2 package. MetagenomeSeq can showcase the species that display significant differences between groups. It was performed in R with metagenomeSeq package. LEfSe is widely used to discover biomarkers and it can reveal metagenomic characteristics. To achieve this, an exclusive package named lefse was utilized (Bachy et al., 2013).

To explore the symbiotic relationship between species and to reveal the environmental factor influence on the community structures, 2D and 3D network diagrams were drawn for visualization. Further analyses such as spearman correlation test, canonical correspondence analysis (CCA)/redundancy analysis (RDA) and dbRDA can be used to reflect the correlation between environmental factors and species abundance. All of these diagrams and analysis were completed in R.

Top 10 taxa of each sample at each taxonomic rank (Phylum, Class, Order, Family, Genus, Species) were selected to plot the relative abundance distribution histogram using the SVG function in Perl. We chose barplots of Phylum, Genus and Species levels for analysis.

In order to analyze the diversity, richness and uniformity of the communities in the sample, alpha diversity was calculated from 7 indices in QIIME2, including Observed_otus, Chao1, Shannon, Simpson, Dominance, Good’s coverage and Pielou_e. We chose Shannon and Chao1 for analysis.In order to evaluate the richness of microbial community and determine the appropriate sample size, the species accumulation boxplot can be used for visualize, which was performed with the vegan package in R software (Bokulich et al., 2018).

Simper can reveal the contribution of each species to the differentiation between groups. Top 10 species were selected and presented on the graph. It was performed in R with Vegan package and ggplot2 package.




2.4 Untargeted metabolomics

Metabolites were extracted from tissue (100 mg homogenized in liquid nitrogen), liquid (100 μL), cell/bacteria, or culture medium samples using prechilled 80% methanol, followed by ice incubation, centrifugation (15,000 g, 4°C), and dilution to 53% methanol prior to LC-MS/MS injection. UHPLC-MS/MS analysis utilized a Vanquish UHPLC system coupled with Orbitrap Q Exactive™ HF/HF-X mass spectrometer (Thermo Fisher) equipped with a Hypersil Gold column (100×2.1 mm, 1.9 μm) under a 12-min gradient (0.2 mL/min; mobile phase: 0.1% FA in water [A] and methanol [B]). Data processing via Compound Discoverer 3.3 included peak alignment, normalization (total spectral intensity), and metabolite identification using mzCloud, mzVault, and MassList databases. Statistical standardization (QC-based Coefficient of Variation filtering, CV < 30%) and formula-based normalization were applied. Metabolites were annotated via KEGG, HMDB, and LIPIDMaps databases. Multivariate analyses (PCA, PLS-DA) and univariate t-tests (VIP > 1, p < 0.05, FC ≥ 2 or ≤ 0.5) identified differential metabolites, visualized by volcano plots and heatmaps (z-score normalized). Metabolic pathway enrichment (x/n > y/N, p < 0.05) and Pearson correlation analysis (corrplot package) were performed using R/Python. Instrument parameters: 3.5 kV spray voltage, 320°C capillary, 35 psi sheath gas, 10 L/min aux gas, 350°C heater (Want et al., 2013).




2.5 Combined transcriptome and metabolome analysis

Microbiome analysis enables the identification of structural and abundance variations in microbial communities, along with functional predictions or annotations, while metabolomics directly reflects the functional interactions between microbial communities and their hosts. These two approaches are complementary and indispensable. Integrating “microbiomics” with “metabolomics” allows a deeper understanding of how environmental microbial communities influence host or environmental metabolic states through microbial metabolism and host co-metabolism. In this study, we performed metabolomic profiling and metagenomic sequencing on samples, followed by correlation analysis between differential metabolites and microbial taxa (Hess et al., 2011).

Spearman rank correlation analysis measures the association between two variables using the Spearman correlation coefficient, with rank correlation tests to determine statistical significance. Unlike Pearson correlation, which assumes normal distribution, Spearman correlation relies on rank statistics and imposes no assumptions on data distribution. The Spearman coefficient ranges from -1 to 1, where positive/negative values indicate positive/negative correlations, and larger absolute values denote stronger associations (|r| = 1 indicates perfect correlation). Correlations were computed using the cor function in R, and significance (p-values) was assessed via the corPvalueStudent function from the WGCNA package (Ilhan et al., 2017).





3 Results



3.1 Diversity of rhizosphere bacterial and fungal communities among the different crop rotation and fertilization

ANOSIM and Adonis analyses of 16S (Supplementary Tables S2, S3) and ITS (Supplementary Tables S4, S5) revealed a convergent pattern of the four experimental groups. LEfSe analysis identified treatment-specific microbial biomarkers with linear discriminant analysis scores exceeding 4.0 (Figure 1). Bacterial communities in CK were characterized by Acidobacteria and Bacteroidia (LDA 4.2-4.5), whereas T3 exhibited significant enrichment of Thermoanaerobacter (LDA 4.8) associated with lignocellulose degradation. T1 elevated plant-associated Sphingomonas (LDA 4.3) to 10.4% compared to 6.3% in CK, while T2 enriched nitrogen-cycling Rhodanobacter (LDA 4.1) to 8.7% versus 5.2% in CK. Differential selection of Burkholderia was observed between T1 (LDA 3.9) and T2 (LDA 2.7), reflecting manure type-driven niche specialization. Fungal communities in CK were dominated by Absidia (LDA 4.0), T3 exhibited saprophytic Mortierella dominance (LDA 4.5), and T2 uniquely hosted mycorrhizal Entrophospora (LDA 4.2), which was undetected in other treatments. Fungal assemblages demonstrated lower β-diversity than bacterial counterparts, with Ascomycota consistently constituting 72-76% of communities across all groups. Critical functional divergences emerged wherein T3 preferentially recruited carbon-metabolizing taxa (Thermoanaerobacter, Mortierella), contrasting CK’s Acidobacteria-Absidia profile, while T1 and T2 synergistically enriched nitrogen-cycling specialists (Sphingomonas, Rhodanobacter) and symbionts (Entrophospora in T2). Inter-treatment comparisons revealed T1’s selection for Burkholderia versus T2’s specialization toward Entrophospora, demonstrating crop-specific modulation of functional guilds. These results establish that fertilization strategies differentially reconfigure microbial consortia, with T3 enhancing organic matter mineralization capacity and T1/T2 promoting plant-microbe symbiotic networks.

[image: Image A shows a bar chart with LDA scores for microbial taxa, colored by groups T1, T2, and T3. Image B displays a similar chart for group T1 only. Image C presents a cladogram with colored sections representing T1, T2, and T3. Image D shows another cladogram, specifically highlighting group T1.]
Figure 1 | LEfSe analysis of microbial biomarkers across fertilization regimes. (A) LDA scores of bacterial biomarkers in T1 (red), T2 (green), and T3 (blue). (B) Fungal biomarkers with T1-specific enrichment. (C) Cladogram (phylum to family level) highlights T1-associated taxa (red), T2 (green), and T3 (blue); node size reflects relative abundance. (D) Phylogenetic clustering of T1-linked bacterial lineages (red gradient) and rare taxa (gray). Solid/dashed lines denote mean/median relative abundance; absent bars indicate undetectable biomarkers (LDA threshold >2, Kruskal-Wallis p < 0.05).

Furthermore, Alpha diversity indices (Shannon and Chao1) revealed distinct microbial responses (Figure 2). For 16S, T3 had the highest bacterial diversity (Shannon: 9.5; Chao1: 2500) compared to CK (Shannon: 9.0; Chao1: 1500), driven by fertilizer cake-derived organic matter (Jiang et al., 2022). T1 and T2 showed moderate increases (Shannon: 9.3; Chao1: 2000), suggesting selective enrichment of copiotrophic taxa. For ITS, T3 also had the highest fungal diversity (Shannon: 5.5; Chao1: 600) compared to CK (Shannon: 3.5; Chao1: 300), reflecting fertilizer cake-induced proliferation of rare taxa like Mortierellomycota (Su et al., 2022). T1 and T2 had intermediate diversity (Shannon: 5.0–4.0; Chao1: 500–400), with T1 favoring Glomeromycota and T2 promoting Basidiomycota. T3 significantly increased microbial diversity over CK (bacterial Chao1: +66.7%; fungal Chao1: +100%), while T1 and T2 showed moderate increases (bacterial Chao1: +33.3%; fungal Chao1: +66.7% in T1, +33.3% in T2). T1 prioritized symbiotic functions, while T2 favored decomposition. Between T1 and T2, bacterial diversity was similar (Chao1: 2000), but T2 had lower fungal diversity (Chao1: 400 vs. 500 in T1), likely due to rape’s recalcitrant lignin enriching specialized degraders.

[image: Two sets of box plots labeled A and B compare Shannon and Chao1 diversity indices across four groups (CK, T1, T2, T3). Each plot shows data variability, median, and outliers in different colors for each group.]
Figure 2 | Alpha diversity indices (Shannon and Chao1) of bacterial and fungal communities across treatments. Alpha diversity indices of bacterial (A) and fungal (B) reflect species richness and evenness within samples. Higher index values indicate greater microbial community complexity. Statistical significance tests between groups can quickly identify groups with significantly increased or decreased diversity for further biological analysis. Boxplots visually compare diversity across groups. The Shannon index accounts for total taxa and their proportional abundances, with higher values indicating greater diversity and even species distribution. The Chao1 index estimates total species richness in a community, incorporating data from species with abundance 1 and 2 to better reflect low-abundance taxa. y-axis: index values; x-axis: treatment groups. “*” indicate statistically significant differences between corresponding groups. CK: Conventional fertilization. T1: Rotation + Intercropping group. T2: Rotation group. T3: Cake fertilizer group.

The phylum-level composition of bacterial (16S) and fungal (ITS) communities showed distinct responses to treatments (Figure 3). In 16S analysis, CK was dominated by Proteobacteria and Actinobacteria. T3 had increased Firmicutes and Bacteroidota, linked to enhanced organic matter decomposition from high-carbon fertilizer cake (Rampadarath et al., 2018). T1 showed reduced Proteobacteria but elevated Acidobacteria, likely due to V. myuros-induced soil acidification (Kalam et al., 2020). T2 uniquely enriched Chloroflexi, potentially tied to recalcitrant lignin from rape residues (Atiwesh et al., 2022). For ITS analysis, Ascomycota dominated all groups. T3 had reduced Basidiomycota, possibly due to fertilizer cake suppressing ligninolytic fungi (Atiwesh et al., 2022). T1 showed a striking increase in Glomeromycota, consistent with V. myuros-enhanced arbuscular mycorrhizal symbiosis (Sawers et al., 2018). T2 had higher Basidiomycota, likely supporting rape lignocellulose degradation (Atiwesh et al., 2022). Bacterial communities in T1 favored oligotrophic Acidobacteria, while T2 enriched copiotrophic Chloroflexi. Fungal communities in T1 were dominated by Glomeromycota, contrasting with Basidiomycota specialization in T2, reflecting differential carbon utilization between V. myuros and rape cultivation (Zhou et al., 2018). These results highlight treatment-specific impacts: T3 enhanced decomposition, T1 promoted symbiosis, and T2 favored recalcitrant carbon degradation.

[image: Bar charts comparing the relative abundance of different microbial taxa across samples CK, T1, T2, and T3. Panels A to F show various taxa groups, each represented by different colored sections within the bars, indicating diversity and composition changes. Each panel has a legend to identify taxa groups by color.]
Figure 3 | Relative abundance of bacterial and fungal communities at the phylum, genus, and species levels across treatments. Relative abundance of bacterial (A, B, C) and fungal (D, E, F) communities at the phylum (A, D), genus (B, E), and species (C, F) levels across treatments (CK, T1, T2, T3). Bar charts display the top 10 taxa by relative abundance at the phylum, genus, and species levels, with remaining taxa grouped as ‘Others’. Colors distinguish microbial taxa, while the x-axis indicates sample names and the y-axis shows relative abundance (%). Each bar aggregates low-abundance species into the ‘Others’ category, calculated by summing relative abundances beyond the top 10 ranked taxa. CK: Conventional fertilization. T1: Rotation + Intercropping group. T2: Rotation group. T3: Cake fertilizer group.

Barplots of genus level demonstrated distinct treatment-specific microbial responses. T3 significantly enriched Fusarium, with bacterial abundance reaching 14.8% compared to 3.2% in control (CK) and fungal abundance at 18.3% versus 6.5% in CK, alongside Humicola at 12.1% relative to 3.9% in CK, indicating a selective enhancement of carbon-degrading taxa. T1 elevated Sphingomonas to 10.4% from 6.3% in CK and increased Entolomataceae to 9.4%, while T2 upregulated Rhodanobacter to 8.7% compared to 5.2% in CK and Sporophila to 10.2%, reflecting functional niche differentiation driven by green manure specificity. Bacterial communities exhibited stronger treatment-associated divergence, as exemplified by Burkholderia abundance (7.1% in T1 versus 4.9% in T2), whereas fungal communities maintained structural consistency with Ascomycota persistently dominating across all treatments at 72–76% relative abundance.

Species-level barplots demonstrated distinct treatment effects. Bacterial communities in CK predominantly harbored Acidobacteria and Roseburia, whereas T3 exhibited significant enrichment of thermophilic Thermoanaerobacter taxa linked to carbon metabolism. T1 elevated plant growth-promoting Sphingomonas to 10.4% compared to 6.3% in CK, while T2 enhanced nitrogen-cycling Rhodanobacter to 8.7% versus 5.2% in CK, concurrent with differential Burkholderia abundance between T1 (7.1%) and T2 (4.9%). Fungal profiles revealed CK dominated by Absidia, T3 characterized by saprophytic Mortierella, and T2 uniquely hosting mycorrhizal Entrophospora at 9.4% abundance, with fungal assemblages displaying reduced inter-treatment variability relative to bacterial counterparts as Ascomycota consistently constituted 72–76% of total communities. Critical functional divergences emerged wherein T3 prioritized carbon-metabolizing taxa, whereas T1 and T2 enriched nitrogen cyclers and symbionts, reflecting crop-specific microbial selection dynamics.




3.2 PCA and KEGG pathway analysis of tobacco rhizosphere soil metabolites

Principal component analysis (PCA) of four experimental and QC samples revealed distinct scores for PC1 and PC2 (Supplementary Figure S1). The concentration of QC samples indicates that the test process was highly stable (Bokulich et al., 2013). Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of the annotated metabolites identified six major functional categories (first-level classification): Cellular processes, drug development, environmental information processing, genetic information processing, metabolism, and organismal systems. Among the secondary classification units, the top three categories were global and overview maps, amino acid metabolism, and lipid metabolism (Figure 4). These pathways, particularly those related to global and overview maps, amino acid metabolism, and lipid metabolism, are crucial for understanding the tobacco soil metabolome (Shi et al., 2024). The global and overview maps pathway provides a comprehensive view of tobacco soil metabolism through the KEGG atlas, which includes global metabolic maps, data visualization, and auxiliary pathway analysis (Qiao et al., 2023). This helps in understanding the interrelationships, changes, and mechanisms of tobacco soil metabolites. Microorganisms influence amino acid content and composition in the soil by affecting amino acid uptake and utilization, which is further influenced by microbial community structure, soil environmental factors (such as pH and carbon content), and the feedback from metabolic products (Babalola et al., 2021).

[image: Bar charts labeled "A" and "B" display KEGG pathway annotations. Both charts categorize pathways into Cellular Processes, Drug Development, Environmental Information Processing, Genetic Information Processing, Metabolism, and Organismal Systems. Each category lists specific processes, with bars representing the number of metabolites; Metabolism shows the highest numbers, notably 108 and 85 for certain pathways.]
Figure 4 | The annotation of negative and positive metabolites within the KEGG pathways. The horizontal coordinates negative (A) and positive (B) represent the number of metabolites, and the vertical coordinates represent the annotated KEGG pathways. This figure provides a comprehensive overview of the distribution of metabolites across various KEGG pathways at the secondary classification level. Each bar in the bar chart corresponds to a specific secondary-classified KEGG pathway, with the height of the bar indicating the number of metabolites associated with that particular pathway.




3.3 Microbial co-occurrence networks reveal treatment-specific interaction patterns

Spearman-based co-occurrence networks revealed treatment-specific modulation of bacterial (16S) and fungal (ITS) interactions (Figure 5). For 16S data, T3 exhibited the highest connectivity (edges: 68 vs. CK: 41), dominated by Firmicutes and Bacteroidota with 78% positive correlations, indicating fertilizer cake-enhanced synergistic decomposition. CK showed sparse connections among Proteobacteria, while T1 formed modular clusters between Acidobacteria and Proteobacteria (edges: 55), reflecting niche partitioning driven by V. myuros. T2 displayed fragmented networks centered on Chloroflexi, with 49% negative correlations, suggesting lignin-driven competitive exclusion.

[image: Diagram with two network visualizations labeled A and B, displaying relationships between various taxa. Each node represents a taxon and is colored according to the legend below. Graph A shows a complex web with densely connected nodes in the center. Graph B features a less dense network with predominance of red nodes. The legend includes taxa such as Entotheonellaeota, Spirochaetota, and Mortierellomycota, each with corresponding colors.]
Figure 5 | Microbial interaction networks based on Spearman correlations for 16S and ITS sequencing across treatments. The network diagram was generated by calculating Spearman correlation coefficients for 16S (A) and ITS (B) sequencing across all samples to form a species correlation matrix. Filtering conditions were applied: removing correlations with coefficients <0.6; excluding self-connections; discarding links where node abundance was <0.005%. Nodes represent genera (size indicates average relative abundance; colors denote phylum-level taxonomy). Edges reflect species interactions: thickness corresponds to the absolute correlation coefficient, while colors indicate positive (red) or negative (blue) correlations.

For ITS data, T3 featured reduced Basidiomycota interactions but strengthened positive correlations between Mortierellomycota and Ascomycota (edges: 45 vs. CK: 28), aligning with fertilizer cake-mediated lipid metabolism (Fallah et al., 2023). T1 showed Glomeromycota hubs (degree: 8) with 89% positive correlations, supporting V. myuros-induced mycorrhizal symbiosis, while T2 centered on Basidiomycota-Chytridiomycota co-dependencies (edges: 32), driven by rape lignocellulose degradation.

Comparisons between treatments further highlighted distinct microbial dynamics. T3 bacterial edge density increased by 65.9%, and fungal positive correlations rose by 24.1% compared to CK, underscoring fertilizer cake’s role in fostering cooperative guilds. T1 exhibited higher bacterial modularity (0.46 vs. CK: 0.32) and expanded fungal Glomeromycota nodes (6 vs. CK: 2), reflecting intercropping-mediated mutualism (Wang et al., 2016). In contrast, T2 showed dominant bacterial negative correlations (48.7% vs. CK: 31.5%) and fungal Basidiomycota specialization, indicating rape residue-driven competition. Between T1 and T2, T1 prioritized Acidobacteria symbiosis (edges: 14 vs. T2: 5), while T2 emphasized Basidiomycota-Chytridiomycota decomposer co-occurrence (edges: 9 vs. T1: 2). These results demonstrate that carbon source quality (fertilizer cake vs. plant residues) and planting regimes (intercropping vs. rotation) reconfigure microbial interaction strategies, fostering distinct functional guilds and ecological dynamics.




3.4 Lipid metabolite profiling in tobacco rhizosphere soil

Lipid metabolites were annotated using the lipid maps database, revealing a total of 86 down-regulated lipid metabolites (Figure 6). The top three were 23 types of Fatty Acids and Conjugates [FA01], 17 types of Eicosanoids [FA03], and 9 types of Glycerophosphoethanolamines [GP02]. Additionally, 45 up-regulated lipid metabolites were identified, with the top three being 7 types of fatty acids and conjugates [FA01], 7 types of flavonoids [PK12], and 6 types of steroids [ST02].

[image: Bar graphs labeled A and B compare the number of metabolites across different lipid categories. In graph A, fatty acids and glycerophospholipids show the highest numbers, with 23 and 9 metabolites respectively. Graph B shows lower numbers, with flavonoids and sterols having the most, at 7 and 6 metabolites. Each category is color-coded, with annotations indicating lipid types such as fatty acyls, polyketides, and sterols.]
Figure 6 | The number of metabolites, and the ordinate represents the lipid classification of LIPID MAPS annotated. (A) negative lipid metabolites. (B) positive lipid metabolites. This figure shows the number of (lipid) metabolites corresponding to the main level classification (Main Class) under the eight major lipid classifications (Category) in LIPID MAPS. The x-axis indicates the number of metabolites, while the y-axis lists the lipid classes. The bar lengths in each panel reflect the metabolite counts for each lipid class.

Fatty acids and conjugates [FA01] can indirectly influence tobacco growth by affecting the structure of soil microbial communities and participating in nutrient cycling. Eicosanoids [FA03] serve as plant-microbe signaling molecules in tobacco soil. They facilitate the aggregation of beneficial microorganisms and play a critical role in tobacco defense mechanisms by activating defense gene expression. In conclusion, lipid metabolite profiling in tobacco soil revealed significant changes, with down-regulated fatty acids and eicosanoids influencing microbial community structure, nutrient cycling, and plant defense, while up-regulated metabolites, such as flavonoids and steroids, further contributed to soil ecosystem stability, providing a clear overview of the lipidomic changes that underpin soil health and tobacco growth.




3.5 Pathway enrichment analysis of differential metabolites

To investigate the potential effects of differential metabolites, pathway enrichment analysis was performed using the KEGG database (Figure 7). Compared to the control (CK), T1 treatment resulted in significantly down-regulated metabolites enriched in pathways such as the biosynthesis of phenylpropanoids, biosynthesis of amino acids, and the biosynthesis of alkaloids derived from the shikimate pathway. In T2 treatment, down-regulated metabolites were enriched in the biosynthesis of phenylpropanoids, biosynthesis of amino acids, and carbon metabolism. The changes in phenylpropanoid and amino acid biosynthesis were similar to those observed in T1. For T3 treatment, down-regulated metabolites were significantly enriched in pathways such as tryptophan metabolism and microbial metabolism in diverse environments. Up-regulated metabolites in T3 were enriched in pathways related to microbial metabolism, biosynthesis of secondary metabolites, and plant secondary metabolite biosynthesis.

[image: Four panels (A, B, C, D) show bubble plots comparing metabolic pathways between different conditions. Each plot features pathways on the y-axis, ratio on the x-axis, and bubble colors indicating significance levels. Bubble sizes represent the number of compounds involved. Panels illustrate negative and positive control comparisons for three different test conditions, labeled T1, T2, T3, and CK, highlighting pathways like amino acid biosynthesis, degradation pathways, and metabolism-related processes.]
Figure 7 | The top 20 pathways according to the KEGG enrichment results. (A) Negative and positive metabolites in the comparison between T1 and CK. (B) Negative and positive metabolites in the comparison between T2 and CK. (C) Negative and positive metabolites in the comparison between T1 and T2. (D) Negative and positive metabolites in the comparison between T3 and CK. The abscissa is x/y (the number of differential metabolites in the corresponding metabolic pathway/the total number of metabolites identified in the pathway). The larger the value, the higher the enrichment degree of differential metabolites in the pathway. The ordinate is the name of the KEGG pathway. The color of the point represents the P-value of the hypergeometric test. The smaller the value, the greater the reliability of the test and the more statistically significant. The size of the point represents the number of differential metabolites in the corresponding pathway. The larger the size, the more differential metabolites there are in the pathway. CK: Conventional fertilization, T1: Rotation + Intercropping group, T2: Rotation group, T3: Cake fertilizer group.

To explore the differences of soil metabolites in different rotation groups, we also compared T1 and T2. Compared to T1, T2 treatment showed significant down-regulation of metabolites enriched in pathways such as Tryptophan Metabolism, the Phosphotransferase System (PTS), and Bile Secretion. Up-regulated metabolites in T2 were enriched in pathways such as Tropane, Piperidine, and Pyridine Alkaloid Biosynthesis, Microbial Metabolism in Diverse Environments, and Alkaloid Biosynthesis from Ornithine, Lysine, and Nicotinic Acid.

The total differential metabolite heatmap visually reveals the impact of different fertilization treatments on soil microbial-metabolic interaction networks (Supplementary Figure S2). In T1 treatment, 37 metabolites were significantly down-regulated compared to CK, including 2’-Deoxycytidine 5’-diphosphate (dCDP), 3-Hydroxybenzoic acid, Pyrithioxin, and Sodium cholate. Meanwhile, 67 metabolites were up-regulated, including 1,3-Dihydro-1,3,3-trimethyl-2H-indol-2-ylidene acetaldehyde, N-Acetyl-DL-phenylalanine, and 2-Isobutyl-3-methoxypyrazine.

In T2 treatment, 35 metabolites showed significant down-regulation compared to CK, including 1-(4-Methoxyphenyl)-2-propanone, 16-Hydroxyhexadecanoic acid, and 4-Nitrophenol. In contrast, 31 metabolites were up-regulated, including 5-phenyl-2,3-dihydro-1H-1,4-benzodiazepin-2-one, Isohomovanillic acid, and Kaempferol.

In T3 treatment, 24 metabolites were significantly down-regulated compared to CK, including Hexadecanedioic acid, Delta-Tridecalactone, and Glycocholic acid. Additionally, 39 metabolites were up-regulated, including 4-(3-methoxy-5,6-dihydrobenzo[c]acridin-7-yl) morpholine, 1,4-dihydroxyheptadec-16-en-2-ylacetate, and Pyridoxamine.

When comparing T2 with T1, 48 metabolites were significantly down-regulated in T2, including 1-(4-Methoxyphenyl)-2-propanone, 16-Hydroxyhexadecanoic acid, and N-Formylkynurenine. Conversely, 72 metabolites were up-regulated in T2, including 1,3-Dihydro-1,3,3-trimethyl-2H-indol-2-ylidene acetaldehyde, N-Acetyl-DL-phenylalanine, and (+/-)5(6)-EET Ethanolamide. Overall, the analysis revealed that different tobacco planting treatments significantly affected key metabolic pathways, including phenylpropanoid and amino acid biosynthesis, carbon metabolism, and microbial interactions, highlighting the functional shifts caused by different agricultural practices.




3.6 Gene abundance in soil microorganisms across treatments using 16S sequencing analysis

The PCA plots of the four different experimental groups for 16S sequencing show that the experimental results of each group are relatively clustered, indicating that the experimental results are relatively stable (Supplementary Figure S3). The cluster heatmap from 16S sequencing of soil microorganisms revealed distinct differences in gene abundance across treatments (Figure 8). Compared to the CK, T1 treatment showed higher abundance of genes related to human diseases and environmental information processing (Level 1), such as transcription, signal transduction, and infectious and neurodegenerative diseases (Level 2). In T2, genes associated with genetic information processing and cancers (Level 2) showed higher abundance. Genetic information processing includes key cellular processes such as DNA replication, transcription, and translation. The elevated abundance of these genes suggests that soil microorganisms in T2 are actively replicating and expressing their genetic materials to adapt to the environmental conditions. In T3, genes related to metabolism and organismal systems (Level 1), including Metabolism of terpenoids and polyketides and amino acid metabolism (Level 2), were more abundant. Metabolism is a fundamental process for maintaining life, and the high abundance of metabolism-related genes in T3 indicates that the microorganisms are actively engaged in substance metabolism, obtaining energy and nutrients from the environment (McClure et al., 2020).

[image: Four heatmaps labeled A, B, C, and D compare different categories across stages CK, T1, T2, and T3. Each map uses a color gradient from blue (-1) to red (1). Categories include cellular processes, metabolism, saprotrophic types, pathogens, and more, with each heatmap focusing on specific groups and interactions, indicated through varying color intensities.]
Figure 8 | 16S and ITS sequencing predicts functional annotation clustering heatmaps, displaying the same species heatmap. This heatmap is completed using Tax4Fun and FunGuild. Tax4Fun is an R package based on the 16S Silva database for functional prediction of environmental samples such as gut and soil. Based on the functional annotations and abundance information of samples in the database, the top 35 functions in terms of abundance and their abundance information in each sample are selected to draw the heatmap, and clustering is performed from different functional levels. FunGuild is an amplicon analysis based on ITS that can obtain the classification and abundance information of fungal species present in the environment, and can correspond to the ecological functions of fungi based on their species classification. Based on the functional annotations and abundance information of samples in the database, the top 35 functions in terms of abundance and their abundance information in each experimental group are selected to draw the heatmap, and clustering is performed from the perspective of functional differences. (A) The functional prediction analysis results of Level1 database. (B) The functional prediction analysis results of Level2 database. (C) The functional prediction analysis results of the mode database. (D) The functional prediction analysis results of the guild database. Horizontally represents experimental groups (CK: Conventional fertilization, T1: Rotation + Intercropping group, T2: Rotation group, T3: Cake fertilizer group), and vertically represents functional annotation information, with the clustering tree on the left side of the heatmap being the functional clustering tree; the corresponding values in the heatmap are the Z-scores obtained after standardizing the relative abundance of each row of functions, that is, the Z-score of a sample in a certain category is the difference between the relative abundance of the sample in that category and the average relative abundance of all samples in that category, divided by the standard deviation of all samples in that category.

To sum up, 16S sequencing analysis revealed that different tobacco planting treatments influenced microbial gene abundance, with T1 showing increased transcription and signal transduction activity, T2 promoting genetic information processing, and T3 enhancing metabolic pathways related to nutrient acquisition.




3.7 ITS sequencing results of soil microorganisms across treatments

The PCA plots of the four distinct experimental groups for ITS sequencing demonstrate that the experimental outcomes of each group are relatively clustered, suggesting relatively stable experimental results (Supplementary Figure S4). The ITS sequencing results revealed significant differences in gene abundance across treatments (Figure 8). Compared to the CK, T1 treatment showed higher abundance of genes related to arbuscular mycorrhizal fungi, fungal parasites, undelined saprotrophs, wood saprotrophs, dung saprotrophs, endophytes, and plant pathogens. In T2, genes associated with undefined saprotrophs, wood saprotrophs, endophytes, and animal pathogens showed higher abundance. In T3, genes related to dung saprotrophs, undefined saprotrophs, and animal endosymbionts were more abundant.

In brief, the ITS sequencing analysis revealed distinct shifts in fungal gene abundance across treatments, with T1 showing increased levels of arbuscular mycorrhizal fungi and saprotrophic fungi, T2 enriching for wood saprotrophs and animal pathogens, and T3 promoting dung saprotrophs and animal symbionts, reflecting complex interactions between fungi, plants, and soil conditions.




3.8 Link between microbes and metabolites

For combined 16S sequencing and metabolome analysis,the heatmap delineates significant Spearman correlations between microbial taxa and the top 20 variable importance in projection (VIP)-ranked metabolites across fertilization regimes (Figure 9). In comparative analyses between CK and T1, Actinospica belonging to Actinobacteria demonstrated a robust positive correlation with FR01.1801-Hydrogen, a carbon-nitrogen cycling-associated compound, exhibiting a correlation coefficient of 0.75 at a significance level of p < 0.05. This aligns with the role of T1 in enhancing organic matter turnover. Conversely, Rudena from Proteobacteria displayed a negative correlation with Copoxyoriso(a), a phenolic derivative, showing a coefficient of -0.50 (p < 0.05), indicative of suppressed oxidative stress-related metabolite synthesis under T1.Comparisons between CK and T2 revealed moderate positive correlations (r = 0.50, p < 0.05) between Phodopsseudomonas (Proteobacteria) and 2-Antropid(Ri), a nitrogen-containing alkaloid, consistent with T2 promoting nitrogen-metabolizing taxa through rape rotation. In CK versus T3 analyses, Candidatus_Attracolbidon exhibited a weak negative association (r = -0.40, p < 0.05) with D-Xivlenol, a lignin-derived compound, suggesting fermented cake amendments may attenuate lignocellulose degradation activity.These results demonstrate that T1 and T2 strengthen microbial-metabolite interactions associated with nutrient cycling, whereas T3 fosters taxon-specific but functionally weaker associations, reflecting divergent mechanisms by which organic amendments reconfigure rhizosphere metabolic networks.

[image: Three correlation heatmaps comparing CK with T1, T2, and T3. Each map displays correlations between different bacteria and metabolites, with color gradients from blue to red indicating correlation strength. Key bacteria include Actinospica and Bacteroides, and metabolites like Thymine and Adenosine. A color scale bar indicates the correlation values.]
Figure 9 | Heatmaps of Spearman correlations between microbial taxa and VIP-selected differential metabolites. The heatmaps demonstrate microbial genera/species (y-axis) versus metabolites (x-axis) across pairwise comparisons: CK vs T1, CK vs T2, and CK vs T3. Red/blue ellipses indicate positive/negative correlations (|r| ≥ 0.25, p < 0.05), with ellipse thinness inversely proportional to |r| magnitude. Blank cells denote non-significant associations (p ≥ 0.05). CK: Conventional fertilization. T1: Rotation + Intercropping group. T2: Rotation group. T3: Cake fertilizer group. *P<0.05; **P<0.01; ***P<0.001.

For combined ITS sequencing and metabolome analysis, the heatmap delineates significant Spearman correlations between fungal taxa and the top 20 variable importance in projection (VIP)-ranked metabolites across fertilization regimes (Supplementary Figure S5). Comparative analysis between CK and T1 revealed that the fungal genus Saitozyma exhibited a robust positive correlation (r = 0.50, p < 0.05) with prostaglandin F1, a plant hormone-like metabolite implicated in stress signaling pathways, consistent with T1 promoting stress-responsive fungal symbionts. Conversely, Nectria demonstrated a negative correlation (r = -0.25, p < 0.05) with 8-iso-15-ketoProstaglandin F1, an oxidative stress-associated prostaglandin derivative, indicative of T1-mediated suppression of fungal oxidative stress pathways.In CK versus T2 comparisons, the taxon Oplidiomycota_gen_incertae_sedis displayed moderate positive correlations with resveratrol (r = 0.40, p < 0.05), a phytoalexin exhibiting antioxidant properties, alongside negative correlations with androsterone glucuronide (r = -0.40, p < 0.05), a steroid metabolite. This dual correlation pattern suggests T2 preferentially enriches fungal taxa involved in secondary metabolite biosynthesis while reducing steroid accumulation.These results demonstrate that T1 strengthens fungal interactions with stress-related metabolic networks, whereas T2 drives fungal community specialization toward antioxidant synthesis, reflecting distinct functional adaptation mechanisms to organic amendment strategies.





4 Discussion

This study presents comprehensive insights into the effects of different tobacco planting systems on soil metabolites, microbial communities, and their functional roles in the rhizosphere. The results suggest that crop rotation and intercropping with species such as V. myuros and rape can significantly alter soil metabolite profiles and microbial diversity, with important implications for soil health, plant growth, and pest management (Liu et al., 2024b).

PCA and KEGG pathway analyses revealed notable shifts in tobacco soil metabolomes under different treatments (Magoč and Salzberg, 2011). The pathways related to amino acid metabolism, lipid metabolism, and global metabolic maps were particularly prominent, highlighting the complex biochemical interconnections that govern nutrient cycling and plant health (Sun et al., 2023b). Fatty acids and conjugates [FA01] down-regulated in T1 were particularly linked to changes in microbial cell membrane integrity, which may have influenced microbial diversity and nutrient cycling processes. Changes in these metabolites can alter microbial cell membrane characteristics, thus impacting microbial populations (Wu et al., 2024a). Their metabolic products contribute to the cycling of key elements, such as carbon and nitrogen, ultimately affecting the nutrient availability and growth of tobacco plants (Zhang et al., 2024). Up-regulation of flavonoids and steroids in T1 may have contributed to improved soil stability and plant defense mechanisms, underscoring the intricate feedback between tobacco plants and their microbial environment (Zhuang et al., 2024). Eicosanoids [FA03] serve as plant-microbe signaling molecules in tobacco soil. They facilitate the aggregation of beneficial microorganisms and play a critical role in tobacco defense mechanisms by activating defense gene expression. These metabolites also contribute to soil ecosystem stability by reducing the accumulation of pathogenic bacteria and maintaining microbial diversity (Fallah et al., 2023). Changes in tryptophan metabolism are linked to neurotransmitter synthesis and physiological regulation, while the PTS plays a key role in substance transport and energy metabolism (Wang et al., 2023). Alterations in bile secretion pathways may affect substance metabolism and detoxification (Liu et al., 2024c).

In addition, lipid metabolism pathways, which interact with other pathways such as fatty acid metabolism, PPAR signaling, and glyceride metabolism, also play a significant role in tobacco soil metabolomics (Lin et al., 2022). These pathways impact the soil metabolites by altering microbial community structure, regulating gene expression, and participating in signal transduction (Kumawat et al., 2022). Moreover, continuous tobacco cropping and the use of different tobacco varieties affected rhizosphere microorganisms and metabolites, indirectly linking lipid metabolism pathways to other biological processes (Chen et al., 2024b). Altogether, these findings emphasize the complex relationship between tobacco cultivation, soil metabolites, and microbial diversity.Phenylpropanoids play critical roles in plant growth, stress resistance, and development (Wang et al., 2020). Amino acids, as fundamental building blocks of proteins, are crucial for protein synthesis and metabolism, influencing overall physiological functions (Lei et al., 2017). The alkaloid biosynthesis pathway, derived from the shikimate pathway, is involved in plant defense mechanisms and physiological regulation. Up-regulated metabolites in T1 treatment were enriched in pathways including metabolic pathways, biosynthesis of secondary metabolites, and alkaloids derived from ornithine, lysine, and nicotinic acid. The activation of secondary metabolite pathways may reflect plant adaptation to environmental changes, while the regulation of alkaloid biosynthesis influences plant physiology (Kong et al., 2021). Alterations in the carbon metabolism pathway may affect energy metabolism and material circulation within the plant (Wu et al., 2024b). Up-regulated metabolites in T2 were enriched in general metabolic pathways. In T3 treatment, up-regulated metabolites were enriched in tryptophan metabolism and microbial metabolism. Changes in tryptophan metabolism could impact neurotransmitter synthesis and physiological regulation. The microbial metabolism pathways suggest interactions between microbial communities and the host organism (Lueders et al., 2006). These findings indicate that microbial metabolism plays a key role in T3 treatment, with the activation of secondary metabolite pathways reflecting adaptive responses to environmental conditions (Chamkhi et al., 2021).

The 16S and ITS sequencing data further elucidate how planting treatments influence microbial communities (Ge et al., 2023). T1, for example, led to an increase in genes related to transcription, signal transduction, and stress-related processes, which suggests that soil microorganisms were actively responding to the altered rhizosphere environment (Korenblum et al., 2022; Li et al., 2023). Arbuscular mycorrhiza fungi (AMF) is a type of fungus that forms a symbiotic relationship with plant roots, promoting nutrient absorption and plant growth (Santander et al., 2017). The increased abundance of AMF in T1 highlights the role of these beneficial fungi in enhancing nutrient uptake and supporting plant growth through symbiotic relationships (Khan, 2020). This finding is consistent with other studies that emphasize the positive impact of AMF on plant nutrition and stress resilience in agricultural systems (Zhu et al., 2021). Saprophytic fungi, such as undefined saprophytes and wood-decaying fungi, play a key role in decomposing organic matter within ecosystems (Bollmann-Giolai et al., 2022). The increased abundance of these fungi in T1 may indicate more organic matter availability or changes in environmental conditions, fostering their growth (Mishra et al., 2024). The higher abundance of genes related to plant pathogens and endophytes may suggest a shift in the interactions between plants and microorganisms, possibly increasing the pressure from pathogens or altering the plant-endophyte relationship in T1 (Yue et al., 2023).

T2 treatment, which promoted genetic information processing and altered microbial gene replication, indicates an adaptive response to environmental conditions that may favor the proliferation of certain microbial groups (Li et al., 2021). The increased abundance of genes associated with animal pathogens and saprophytes in T2 might point to shifts in ecological niches and microbial competition, which could affect disease dynamics in the soil (Bai et al., 2022). These changes may reflect modifications in ecological niches, making certain fungal groups, such as wood-decaying fungi, more competitive in T2 (Pantigoso et al., 2022). The increased abundance of genes related to animal pathogens, saprophytes, and endophytes may indicate complex interactions between pathogens and fungal communities, or the influence of animal activities on soil microorganisms (Gouda et al., 2018).

T3 treatment revealed changes that favored the growth of dung saprotrophs and animal symbionts, which could be linked to the use of organic fertilizers or changes in soil pH and nutrient availability (Song et al., 2023). In T3, genes related to dung saprotrophs, undefined saprotrophs, and animal endosymbionts were more abundant. The higher abundance of fecal saprophytes and undefined saprotrophs could be linked to organic fertilizer application or increased animal activity under T3 (Qu et al., 2020). This suggests that the microbial community in T3 may have been more adapted to decomposing organic matter, which is a key process in maintaining soil structure and nutrient cycling (Zhou et al., 2023b). The increase in microbial pathways related to metabolism and nutrient acquisition further underscores the importance of microbial interactions in sustaining soil health and promoting plant growth (Yang et al., 2023).

The hierarchical microbial shifts revealed treatment-specific linkages between green manure inputs and functional microbiota assembly. T3’s high-carbon amendment enriched Firmicutes and Fusarium, driving rapid organic matter decomposition, while T1’s V. myuros favored acid-tolerant Acidobacteria and Glomeromycota, enhancing symbiotic nutrient acquisition. T2 uniquely selected Chloroflexi and Entrophospora, targeting recalcitrant lignin degradation. Bacterial communities exhibited stronger treatment divergence than fungi, where Ascomycota persistently dominated, suggesting bacteria better reflect short-term organic input changes. These contrasts highlight trade-offs: T3 prioritizes decomposition, T1/T2 enhance symbiosis, and crop-specific taxa selection guides precision soil management.

Implications for Sustainable Agriculture: The findings of this study align with the broader literature on the importance of crop rotation and intercropping for soil health (Kong et al., 2021). Intercropping with V. myuros and rotating with crops like rape offer clear benefits in terms of improving soil structure, reducing pest and disease incidence, and enhancing nutrient cycling (Yang et al., 2024). However, the excessive reliance on compound fertilizers, as highlighted in the study, poses risks of nutrient accumulation and soil degradation, which can impair long-term soil fertility (Liu et al., 2020). This underscores the need for balanced fertilizer use and careful management of organic and chemical inputs in tobacco farming to optimize both economic returns and environmental sustainability (Feng et al., 2023).




5 Conclusion

This study systematically investigated the effects of different tobacco cropping systems on soil rhizosphere ecology through integrated analysis of microbial communities and metabolite profiles. The results demonstrated that intercropping with V. myuros (T1) significantly enhanced symbiotic fungal associations (particularly Glomeromycota), while rotation with rape (T2) promoted the enrichment of lignin-degrading microbial consortia (Basidiomycota and Chloroflexi). The application of fermented cake fertilizer (T3) substantially increased microbial diversity and fostered cooperative metabolic networks, particularly in organic matter decomposition pathways. Metabolomic analysis revealed treatment-specific regulation of key metabolic pathways including phenylpropanoid biosynthesis, carbon metabolism, and amino acid metabolism, highlighting their crucial roles in nutrient cycling and plant-microbe interactions. These findings provide strong evidence that diversified cropping systems offer superior benefits over continuous monoculture, including improved soil health, enhanced nutrient availability, and better disease resistance while reducing dependence on synthetic fertilizers. The study suggests that optimal soil management strategies should be tailored to specific agricultural contexts, combining organic amendments with microbial conservation practices. Future research should focus on long-term field trials to validate these findings and develop practical guidelines for sustainable tobacco cultivation. This work contributes to our understanding of rhizosphere ecology and provides a scientific basis for developing more sustainable agricultural practices.
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Pearl millet [Cenchrus americanus (L.) Morrone, formerly Pennisetum glaucum (L.) R. Br.] is the sixth most important cereal globally and is used for forage and feed in the U.S. To identify genomic regions governing important physiological, agronomic and yield related traits, a recombinant inbred line population derived from the cross between Tift 99D2B1 × Tift 454 was phenotyped in the field in 2006, 2007 and 2013. In addition, the population was phenotyped for root-knot nematode resistance in the greenhouse during 2009. Using a previously generated genetic map containing 505 single nucleotide polymorphism markers and composite interval mapping, we identified 45 QTLs for eight traits (plant height, stem diameter, days to heading, panicle diameter, panicle length, 1000 seed weight, Pyricularia leaf spot disease, and root-knot nematode egg mass) across almost all linkage groups. These QTLs explained 6.31 to 32.51% of phenotypic variance for each trait and were consistently detected over different environments. Plant height and days to heading were colocalized on LG2 and LG5 showing maturity and plant height are linked and influence each other, similarly to other cereal crops. Interestingly, 5 of 19 QTLs linked to plant height, stem diameter, panicle diameter, and panicle length colocalized to the same locations on LG3, indicating breeding for one trait could simultaneously improve the other. The markers and genes identified in the present study can be used in developing high yielding pearl millet varieties using marker-assisted selection.
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Introduction

Pearl millet [Cenchrus americanus (L.) Morrone, formerly Pennisetum glaucum (L.) R. Br.; 2n = 2x = 14] is the sixth most important cereal globally, covering approximately 30 million hectares in Asia and Africa (Satyavathi et al., 2021). Globally, it serves as a staple food grain and fodder for over 90 million people (Srivastava et al., 2020; Satyavathi et al., 2021). It is grown in the United States, primarily for grazing, hay, cover crops, and wildlife. Pearl millet grain has a high nutritional value, characterized by high metabolizable energy, protein, micronutrient content and a low glycemic index (Agarwal et al., 2023). Nutritionally, the grain is gluten-free, making it suitable for specific dietary needs (Rai et al., 2008; Pei et al., 2022). On average, pearl millet contains approximately 12% protein, 69% carbohydrates, 5% lipids, 2.5% fiber, and 2.5% ash in terms of proximate nutritional composition (Andrews and Kumar, 1992; Tomar et al., 2021). Pearl millet has remarkable resilience to drought and heat stress, enabling cultivation in some of the most challenging environments (Gangashetty et al., 2016; Varshney et al., 2017). The above-ground portion of pearl millet is used as forage for dairy cows and other classes of livestock (Hancock et al., 2018). Pearl millet grain can also be used as feed for wildlife, poultry, beef cattle, and pigs (Andrews and Kumar, 1992). It has been grown in the southern U.S., particularly in Georgia, where there is potential for use by the poultry industry (Davis et al., 2003). However, there are few commercial grain hybrids available, (a notable exception is TifGrain 102), indicating a scope to develop hybrids suitable for this region (Hanna et al., 1991).

Pearl millet can grow on marginal soils with low fertility and organic matter content (Andrews and Kumar, 1992). Despite its positive attributes, pearl millet grain yields remain low, averaging around 0.85 tons/ha, which can be attributed to abiotic stresses (drought, low soil fertility) and biotic stresses such as nematodes, Striga (Striga hermonthica), millet head miner (Heliocheilus albipunctella), downy mildew (Sclerospora graminicola), leaf spot (Pyricularia grisea) and other diseases (FAOSTAT, 2020). By selecting and breeding pearl millet varieties with optimal panicle length, panicle diameter, and high 1000 seed weight, it is possible to enhance the resilience and productivity of this crop. These targeted improvements in yield components can lead to significant gains in grain yield, even under the challenging conditions posed by biotic and abiotic stresses (Poncet et al., 2000; Yadav et al., 2002, 2004; Vengadessan et al., 2013). Among biotic stresses in the southern region of the United States, plant-parasitic root-knot nematodes (RKN), Meloidogyne incognita, are important constraints in cropping systems (Timper and Wilson, 2006). Earlier efforts were made to identify root-knot nematode-resistant germplasm lines, and as a result, the inbred lines Tift 454 and Tift 99B were reported to be highly resistant and susceptible to RKN, respectively (Hanna et al., 2005a). In addition to root-knot nematodes, Pyricularia leaf spot (Pyricularia grisea) represents a yield limiting factor in pearl millet production (Timper et al., 2002). The commercial grain hybrid ‘TifGrain 102’ has been reported to exhibit strong resistance to Pyricularia leaf spot, providing a valuable resource for managing this disease (Hanna and Wells, 1989; Punnuri et al., 2016).

Understanding the underlying genetics and identifying the key genomic regions responsible for agronomic and yield-related traits will accelerate the development of climate-resilient varieties and enhance genetic gain (Varshney et al., 2018; Thudi et al., 2021; Yadav et al., 2021). Until recently, pearl millet was considered an orphan crop as it lagged behind sorghum (Sorghum bicolor (L.) Moench.) and other major cereals in terms of genetic improvement due to a lack of genomic resources (Passot et al., 2016). However, in recent years, genomic resources have dramatically expanded for this crop. High-density genetic maps for pearl millet were created using genotyping-by-sequencing (GBS) markers (Azhaguvel, 2001; Moumouni et al., 2015; Punnuri et al., 2016). Furthermore, significant efforts have been made to map the genomic regions responsible for abiotic stresses (Yadav et al., 2002; Sharma et al., 2011; Sehgal et al., 2012), and biotic stresses (Ambawat et al., 2016; Punnuri et al., 2016; Chelpuri et al., 2019). The genes involved in reducing internode length influencing plant height have been identified by map-based cloning and comparative mapping (Parvathaneni et al., 2013). In addition, with the availability of the pearl millet genome sequence and resequencing information of ~1000 germplasm lines, including wild species, pearl millet is now considered a genomics resource-rich crop (Varshney et al., 2017; Burgarella et al., 2018). These significant advances in genome sequencing in addition to high-density genetic maps will support genomics-assisted breeding (Punnuri et al., 2024).

There are very few studies that have mapped genomic regions for agronomic and yield-related traits using bi-parental populations arising from two dwarf, early maturing grain-type parents, particularly those used in producing a commercial hybrid. TifGrain 102 is a commercialized hybrid developed from Tift 99D2B1 and Tift 454, used in the current study, and has shown promising results in terms of its uniformity and yield stability. Therefore, mapping quantitative trait loci (QTLs) associated with yield and its components in this recombinant inbred line (RIL) population will provide greater insight into useful alleles and traits associated with these two parents. In this study, we report the QTLs for key agronomic and yield-related traits, as well as root-knot nematode resistance and Pyricularia leaf spot resistance, using previously generated GBS data (Punnuri et al., 2016) and phenotyping data generated during 2006, 2007, 2009, and 2013. In addition, we also report potential candidate genes in these QTL regions. The markers and genes reported in the present study can be used for genomics-assisted breeding of pearl millet for these important traits.



Materials and methods


Plant material

A RIL population comprising of 225 lines derived from the parental genotypes Tift 99D2B1 (female) and Tift 454 (Punnuri et al., 2016), was used for mapping QTLs for agronomic, yield related traits and biotic stress resistance. In brief, both parents are dwarf, early maturing grain-types that have been successfully used in producing a commercial hybrid known as TifGrain 102, where Tift 99B serves as the male-fertile maintainer line for the male-sterile Tift 99A (Hanna et al., 2005a, 2005b). Tift 454 is highly resistant to root-knot nematode (Meloidogyne incognita) (Hanna et al., 2005a), but it is susceptible to Pyricularia leaf spot. In contrast, Tift 99B is resistant to rust (Puccinia substriata var. indica) and other diseases, including leaf spot caused by Pyricularia grisea, but is vulnerable to root-knot nematode. Although both Tift 99B and Tift 454 differ only slightly in various traits, their differences fall within the typical range observed among cultivated grain-type pearl millet inbreds in the United States. Additionally, TifGrain 102 has shown strong resistance to Pyricularia leaf spot, making it a valuable resource for improving disease resistance in breeding programs (Hanna and Wells, 1989; Punnuri et al., 2016). F6 and F7 lines were used for phenotyping traits.



Experimental design and trait phenotyping

A total of seven yield-related traits were phenotyped in the field over three years, though not all traits were assessed each year. In addition, the RIL population was also phenotyped for root-knot nematode resistance in the greenhouse in 2009 and for Pyricularia leaf spot disease incidence in 2013 (Supplementary Table S1). All experiments were arranged as randomized complete block designs. During 2006 and 2007 the F6 and F7 RIL populations, respectively were evaluated at Tifton (31.4505° N, 83.5085° W), Georgia, USA, with two replications each year. In 2013, 179-F7 RILs were evaluated at Old Farm (32.5344° N, 83.8961° W), Fort Valley State University (FVSU), Fort Valley, Georgia, with three replications.

In 2006, days to heading, grain yield (g/head), and plant height (cm) were collected from 225 F6 RILs, Tift 99D2B1, Tift 454, HGM100, and TifGrain102. Plant height was measured from the ground to the tip of the panicle. All three traits were measured on ten representative plants per plot and the average was taken. In 2007, the same population was planted as in the year 2006 but only 222 F7 lines were phenotyped due to poor germination and plant stand count (Supplementary Table S2). Phenotypic data collected in 2007 included grain yield (g/head), panicle diameter (mm), and panicle length (cm). In 2013, only 179 RILs from 184 RILs planted were phenotyped due to poor seed germination and plant losses caused by unfavorable field conditions. The traits evaluated in 2013 were plant height (cm), panicle length (cm), stem diameter (mm), panicle diameter (mm), days to heading, and seed weight for 1000 seeds (g). Plant height was measured from the base of the plant above ground till the flag leaf base (peduncle of the panicle). Panicle diameter and stem diameter were measured using digital Vernier calipers. Days to heading was counted from sowing till the complete emergence of panicle in 10 plants of each plot. Weight of 1000 seed was measured on one composite seed sample from each plot. Seeds were counted using a digital seed counter (Old Mill Equipment Co, USA).



Evaluation for Pyricularia leaf spot disease

A F7 population (N=179) was grown in the field at Fort Valley (32°31’09.9”N 83°52’02.1”W) in 2013 in a randomized complete block design with three replications and was used to assess leaf spot disease. The same experimental block that was used for evaluating above traits in 2013 was also used for assessing Pyricularia leaf spot incidence. Pyricularia leaf spot infection occurred under natural conditions because of the rainy, humid weather during our experiment. Ten plants in each plot were visually scored and an average rating for the plot was used for analysis. The disease symptoms were very distinct on all RILs and the parental line (Punnuri et al., 2016). The disease scoring was performed as described by the International Crops Research Institute for the Semi-Arid Tropics (ICRISAT) using a 1–9 scale (Thakur et al., 2011), where 1 indicates no symptoms and 9 indicates complete plant death from disease. As disease progress is affected by growth stage, some of the late-maturing lines showed less severe symptoms. Therefore, disease scores for later-maturing RILs were adjusted based on their maturity and disease progress curve (Wilson and Hanna, 1992).



Evaluation for nematode resistance

In 2009, a set of 180 RILs along with both inbred parents and their F1 hybrid were planted in 10 cm diameter pots in the greenhouse in a randomized complete block design with three replications. The susceptible parent, Tift 99D2B1, was planted in three pots per replication, while the other lines were planted one pot per replication. Soil sterilization and greenhouse management was as described (Timper and Wilson, 2006). One vigorous plant per pot was retained after 10 days. M. incognita race 3, was cultured on eggplant (Solanum melongena) cv. Florida Market and 8000 eggs (4000 were added on the first day and another 4000 was added after two days) per pot were inoculated. Plants were removed from pots eight weeks after inoculation (two nematode generations) and examined for egg masses on roots. For this, roots were rinsed in water and stained in a 0.05% phloxine B solution for 3-5 minutes during which egg masses are stained bright red. Egg mass was estimated on a 0 – 5 scale (Holbrook et al., 1983) as follows: 0 = no egg mass, 1 = 1 – 2 egg masses, 2 = 3 – 10 egg masses, 3 = 11 – 30 egg masses, 4 = 31 – 100 egg masses, and 5 = greater than 100 egg masses. After rating the trials from first two replications, we observed that the egg masses were very small, so we waited two more weeks to let them grow in replication 3. The data recorded from each trial (1, 2 and 3) was averaged and used for analysis.



Statistical analysis for field and greenhouse data

Mean values and ranges were calculated among RILs for all traits for the respective years. Correlations between traits were calculated with in each year using the CORR procedure of SAS v.9.4 (SAS Institute, Inc.).

The VARCOMP procedure of SAS was used to estimate variance components with the default method (MIVQUE0) and with RILs and replications as random factors. Variance components were used to calculate broad sense heritability (H2) (Equation 1) using the following formula:

H2=σg2/(σg2×σϵ2/r)

(1)

where σg2
 is the variance due to genotype (RILs) and σϵ2
 is the error variance and r is the number of replications.

The GLM procedure of SAS was used for the analysis of variance (Two-way ANOVA with a 5% level of significance) with genotype and replication as fixed effects. Fisher’s LSD test was done to determine differences among entries and replications with a 5% level of significance.



G-model based single marker analysis

The genotype and phenotype dataset were also utilized for marker-trait analysis using the G-Model (Bernardo, 2013). SNP data were recoded as ‘1’, ‘-1’, ‘0’, and ‘0.5’ for the Tift 454 allele, the Tift 99D2B1 allele, a heterozygous allele, and missing data, respectively. The significance level for the marker effect was 0.00001 as recommended (Bernardo, 2013). RIL phenotype data that was not normally distributed was transformed by using log10 (x + 1).



Genetic map construction and QTL analysis

The GBS-based SNP data generated by Punnuri et al. (2016) on the RIL population identified 1,191 core markers. To avoid problems created by segregation distortion, we excluded all markers with segregation distortion while constructing the genetic linkage map using a chi-square test with alpha of < 0.05 and hence used 505 non-distorted markers from the 1,191 core markers previously deployed. Each linkage group (LG) was grouped as per 7 chromosomes named in Punnuri et al. (2016). QTL analysis was carried out by composite interval mapping in Windows QTL Cartographer software v2.5_011 (Wang et al., 2012). For this, the SNP calls were encoded as ‘2’, ‘0’, and ‘-’ for the Tift 454 allele, the Tift 99D2B1 allele, and missing data, respectively. Missing phenotypes were represented by “period”. The LOD (log10 likelihood ratio) thresholds of significant QTLs were determined by performing 1000 permutations using a Type I error set at p < 0.001. The percentage of phenotypic variance explained by a QTL was calculated by multiplying the R² by 100. QTLs explaining more than 10% phenotypic variation explained (PVE) were considered major QTLs and < 10% phenotypic variation was considered as minor QTLs. The linkage map showing the identified QTLs was constructed using MapChart v2.32 (Voorrips, 2002). We chose to use a genetic map instead of a physical map in case the parental lines showed any significant deviations from the reference genome (insertions, deletions, inversions, etc.).



Candidate gene analysis

The pearl millet genome sequence database available publicly (NCBI database) was used for gene identification. An in-house script was developed to identify candidate genes that resided near the identified QTLs. Genes that were within the QTL were identified and compiled for their primary functional annotation. Only genes with known functional annotations and Gene Ontology (GO) terms are reported.




Results


Performance of the population, variance components and broad-sense heritability

We identified significant variation among parents and RILs for most of the traits studied (Table 1). Tift 454 had higher average values than Tift 99B for all traits measured except stem diameter (2013), days to heading (2006), grain yield (2006), and nematode egg mass. For nematode egg mass, Tift 99B had a mean of 1.89 (out of 5), while Tift 454 had a mean of 0.0. For all agronomic traits, the F1 hybrid plants had greater values than either of its parents except for days to heading (2006 and 2013), Pyricularia leaf spot, and RKN egg mass. The mean values for most traits among the RILs were intermediate between the two parents. We observed significant variation in plant height between the 2006 and 2013 phenotypic evaluations due to differences in measurement. During the 2006 field evaluations at Tifton, plant height among RILs varied between 35-155 cm with an average height of 86.1 cm. In the 2013 field evaluations at Fort Valley, the height among RILs varied between 42.5-109 cm with an average height of 73.4 cm. The broad-sense heritability of the plant height trait at both locations was high (H2 = 0.877 in 2016 and H2 = 0.756 in 2013). The stem diameter measured in 2013 varied between 1.50 to 6.74 mm with an average of 4.29 mm and had a heritability of 0.837 (Table 1). During 2013, days to heading varied between 42.7 to 57.7 days with an average of 47 days, while days to heading at Tifton in 2006 varied between 39.1 to 59.5 days with an average of 45.6 days. Nevertheless, heritability for days to heading was slightly higher in 2006 (H2 = 0.853). We observed heritability of 0.809 and 0.852 during 2013 and 2007, respectively, for panicle diameter. During 2013, 1000 seed weight for RILs varied between 5.9 to 12.2 g with an average weight of 8.7 g and heritability of 0.829. Grain yield per panicle varied between 0.14 to 15.3 g with an average of 3.08 g during 2007, while in 2006, grain yield varied between 0.07 to 12.5 g per head with an average of 3.83 g. The heritability for grain yield was 0.789 and 0.824 during 2007 and 2006, respectively (Table 1). The egg mass rating values of RILs showed a range of 0 to 3.33 with a mean of 1.37 for all trials and heritability of 0.718.


Table 1 | Summary of phenotypic variation among parents, F1 and RILs. Mean values, range, standard deviation and heritability values are for the RILs.


	Trait
	Year
	Tift99B
	Tift454
	F1
	RILs



	Mean
	Mean
	Mean
	Minimum
	Maximum
	Mean
	St. Dev.
	H2





	Plant Height (cm)
	2006
	70.0
	110
	125
	35.0
	155
	86.1
	16.0
	0.877



	2013
	63.2
	80.5
	108
	42.5
	109
	73.4
	12.3
	0.756



	Stem Diameter (mm)
	2013
	4.41
	3.58
	6.61
	1.50
	6.74
	4.29
	1.14
	0.837



	Days To Heading (d)
	2006
	45.1
	43.2
	44.6
	39.1
	59.5
	45.6
	4.77
	0.853



	2013
	44.0
	48.3
	47.0
	42.7
	57.7
	47.0
	3.31
	0.766



	Panicle Length (cm)
	2007
	18.5
	26.8
	29.8
	14.6
	30.4
	22.2
	3.29
	0.859



	2013
	13.3
	21.8
	26.2
	11.5
	26.7
	17.6
	3.20
	0.678



	Panicle Diameter (mm)
	2007
	23.5
	24.4
	27.5
	16.7
	31.4
	22.2
	2.69
	0.852



	2013
	12.7
	15.8
	18.0
	2.76
	25.2
	14.4
	3.62
	0.809



	Grain Yield (g/head)
	2006
	5.06 
	4.82
	7.09
	0.07
	12.5
	3.83
	2.26
	0.824



	2007
	2.88 
	5.96
	9.53
	0.14
	15.3
	3.08
	2.14
	0.789



	1000 Seed Weight (g)
	2013
	8.83
	10.33
	12.7
	5.9
	12.2
	8.7
	0.9
	0.829



	Pyricularia Leaf Spot (1-9)
	2013
	3.0
	7.3
	2.0
	1.0
	9.0
	5.6
	1.8
	0.939



	Egg mass Avg_trial (1,2,3)
	2009
	1.89
	0.0
	1.33
	0.0
	3.33
	1.37
	1.05
	0.718



	Egg mass trial (1&2)
	2009
	1.66
	0.0
	1.50
	0.0
	3.50
	1.25
	1.15
	0.731



	Egg mass trial 3
	2009
	2.33
	0.0
	1.00
	0.0
	4.0
	1.60
	1.40
	–





H2, Broad-sense heritability; St. Dev., Standard Deviation.





Genetic correlations between different traits

Correlations between traits were observed within each year (Supplementary Table S3). The highest correlations in 2013 were observed between stem diameter and panicle diameter (0.59), plant height and stem diameter (0.49), and plant height and panicle length (0.56). In 2007, moderate correlations were observed between panicle length and panicle diameter (0.42), as well as grain yield per head and panicle diameter (0.40). In 2006, all traits measured were weakly correlated.



G-model results

Single marker analysis using the G model revealed several markers associated with the different traits measured in the pearl millet mapping population (Table 2). There were five markers directly associated with five different traits on four linkage groups. SNP marker S3_2921 was associated with plant height (2013), panicle length (2013), and panicle diameter (2007). SNP marker S3_2737 was associated with panicle length (2007), panicle diameter (2013), and stem diameter (2013). The markers associated with panicle length and panicle diameter for 2007 and 2013 and plant height (2013) on linkage group 3 were in an overlapping region.


Table 2 | Single nucleotide polymorphism markers identified as being associated with pearl millet traits using the G-Model.


	Trait
	Year
	Associated SNP
	LG
	Position (cM) 
	Marker effect
	p-value





	Plant Height
	2006
	S2_6957
	2
	39.53
	0.63
	9x10-7



	2013
	S3_2921
	3
	14.79
	4.27
	5x10-7



	Stem Diameter
	2013
	S3_2737
	3
	14.36
	0.4
	7.8x10-6



	Days To Heading
	2006
	S5_0677
	5
	3.6
	-0.02
	8x10-7



	Panicle Diameter
	2013
	S3_2737
	3
	14.36
	1.76
	0



	2007
	S3_2921
	3
	14.79
	1.49
	0



	Panicle Length
	2007
	S7_0716
	7
	14.15
	-0.81
	3.5x10-6



	2007
	S3_2737
	3
	14.36
	1.63
	0 



	2013
	S3_2921
	3
	14.79
	1.48
	0









Genetic map construction and QTLs mapping

A total of 505 non-distorted markers were mapped on the seven linkage groups of pearl millet. The number of SNP markers mapped per linkage group (LG) ranged from 35 to 89 with an average of 72.14 markers per linkage group (Supplementary Figure S1; Supplementary Table S4). LG3 had the most markers (89 SNPs), followed by LG7 (85 SNPs) and LG5 (82 SNPs). Exclusion of segregation distortion markers reduced our original map to very few markers on all linkage groups. Regions such as LG3 and LG4 were disproportionately affected and LG4 also had less polymorphic markers to begin with due to shared ancestry. We identified QTLs on all chromosomes (LGs) except chromosome 4 for all traits studied across different years: plant height (2006 & 2013) on LG2, LG3, and LG5; stem diameter (2013) on LG3 and LG7; days to heading (2006 & 2013) on LG2 and LG5; panicle diameter (2007 & 2013) on LG1, LG2 and LG3; panicle length (2007 & 2013) on LG3 and LG7; grain yield (2006 & 2007) on LG5 and LG6; 1000 seed weight (2013) on LG7; Pyricularia leaf spot disease (2013) on LG5; and nematode egg mass (2009) on LG2 (Table 3). In total, we identified 45 QTLs on six linkage groups using composite interval mapping with LOD> 3.00 (Figure 1).


Table 3 | Summary of QTLs identified for morphological and yield-related traits based on phenotype of the pearl millet RIL population (Tift99B × Tift454) during 2006, 2007, 2009 and 2013.


	Trait
	Year of phenotyping
	Linkage group
	Position (cM)
	Left marker
	Right marker
	LOD
	PVE (%)
	Additive





	Plant Height (cm)
	2006
	2
	9.64
	S2_1572
	S2_1945
	3.07
	6.38
	-0.03



	2006
	2
	39.12
	S2_6939
	S2_6955
	3.06
	6.70
	-0.03



	2013
	5
	0.01
	S5_0001
	S5_0012
	3.54
	7.20
	-0.02



	2013
	5
	4.97
	S5_0720
	S5_0743
	5.11
	10.16
	-0.02



	2013
	3
	14.8
	S3_2814
	S3_3095
	4.69
	9.58
	-0.02



	2013
	3
	15.46
	S3_3095
	S3_3262
	4.89
	10.02
	-0.03



	2013
	3
	26.14
	S3_6344
	S3_6554
	3.91
	8.27
	-0.02



	Stem Diameter (mm)
	2013
	3
	15.46
	S3_3095
	S3_3262
	4.68
	9.83
	-0.05



	2013
	3
	16.46
	S3_3095
	S3_3262
	5.04
	10.59
	-0.05



	2013
	7
	24.1
	S7_2292
	S7_2386
	5.99
	13.25
	0.06



	2013
	7
	21.03
	S7_1713
	S7_1714
	7.74
	16.99
	0.07



	Days To Heading (d)
	2006
	5
	0.01
	S5_0001
	S5_0012
	6.43
	13.43
	0.02



	2006
	5
	0.48
	S5_0012
	S5_0062
	6.86
	14.22
	0.02



	2013
	5
	0.01
	S5_0001
	S5_0012
	4.93
	10.68
	0.01



	2013
	5
	0.48
	S5_0012
	S5_0062
	4.76
	10.34
	0.01



	2013
	2
	9.64
	S2_1572
	S2_1945
	3.74
	8.38
	-0.01



	2013
	2
	14.17
	S2_2218
	S2_2320
	5.34
	11.98
	-0.01



	Panicle Diameter (mm)
	2007
	1
	36.19
	S1_4037
	S1_4225
	4.55
	8.09
	0.02



	2007
	2
	9.64
	S2_1572
	S2_1945
	3.76
	6.29
	-0.01



	2007
	2
	11.42
	S2_1952
	S2_2171
	3.92
	6.54
	-0.01



	2007
	3
	0.01
	S3_0001
	S3_0146
	4.60
	9.69
	-0.02



	2007
	3
	9.95
	S3_2072
	S3_2266
	8.87
	17.99
	-0.02



	2007
	3
	14.8
	S3_2814
	S3_3095
	11.10
	21.60
	-0.03



	2007
	3
	15.46
	S3_3095
	S3_3262
	10.44
	20.71
	-0.03



	2013
	3
	0.01
	S3_0001
	S3_0146
	3.24
	6.29
	-0.03



	2013
	3
	9.95
	S3_2072
	S3_2266
	5.88
	10.56
	-0.05



	2013
	3
	14.8
	S3_2814
	S3_3095
	6.12
	10.79
	-0.05



	2013
	3
	15.46
	S3_3095
	S3_3262
	5.84
	10.41
	-0.05



	Panicle Length (cm)
	2007
	7
	21.03
	S7_1713
	S7_1714
	3.03
	6.02
	0.02



	2007
	3
	0.01
	S3_0001
	S3_0146
	3.56
	6.77
	-0.02



	2007
	3
	9.95
	S3_2072
	S3_2266
	11.58
	27.00
	-0.04



	2007
	3
	14.8
	S3_2814
	S3_3095
	8.97
	22.78
	-0.03



	2007
	3
	15.46
	S3_3095
	S3_3262
	8.02
	20.43
	-0.03



	2013
	3
	14.8
	S3_2814
	S3_3095
	4.97
	10.20
	-0.03



	2013
	3
	15.46
	S3_3095
	S3_3262
	4.89
	10.14
	-0.03



	Grain Yield (g/head)
	2006
	6
	26.77
	S6_4678
	S6_4837
	5.95
	16.02
	0.13



	2006
	6
	27.52
	S6_4837
	S6_4897
	5.07
	13.47
	0.12



	2007
	6
	27.52
	S6_4837
	S6_4897
	3.45
	7.08
	0.10



	2007
	5
	7.47
	S5_1420
	S5_1614
	4.89
	10.22
	-0.10



	1000 Seed Weight (g)
	2013
	7
	21.03
	S7_1713
	S7_1714
	4.09
	10.52
	0.02



	2013
	7
	24.1
	S7_2292
	S7_2386
	4.56
	11.50
	0.02



	Pyricularia Leaf Spot
	2013
	5
	50.7
	S5_7467
	S5_7482
	3.32
	9.23
	-0.58



	Egg mass Avg trial (1,2&3)
	2009
	2
	50.99
	S2_8057
	S2_8319
	10.72
	28.37
	1.12



	Egg mass trial (1&2)
	2009
	2
	51.06
	S2_8319
	S2_8326
	11.78
	32.51
	0.13



	Egg mass trial 3
	2009
	2
	51.42
	S2_8326
	S2_8333
	8.94
	23.84
	0.14







[image: Bar chart illustrating various genetic markers across seven linkage groups (LG1 to LG7). Each group contains numbered bands with associated labels in different colors—red, green, and blue—representing different traits and studies from years 2006, 2007, 2009, and 2013. The traits include plant height, stem diameter, panicle diameter, panicle length, grain yield, seed weight, Pyricularia leaf spot disease, and eggmass. The legend at the bottom explains trait categories: yield-related, morpho-physiological, and disease-related.]
Figure 1 | Genetic map constructed using RIL populations derived from Tift 99D2B1 × Tift 454 comprise 505 SNP markers. Number of markers mapped ranges from 35 to 89 per linkage group. Linkage distances are described with a scale in cM on the left side and the QTLs regions are given on the right side of each bar.



QTLs for morpho-physiological traits: plant height and stem diameter

We identified a total of seven QTLs for plant height on linkage groups (LG) 2, 3 and 5 (Table 3). The phenotypic variance explained by these QTLs ranged from 6.38-10.16%. Further, among these QTLs, the QTL based on 2013 phenotyping data on LG5 explained the maximum phenotypic variation, 10.16% (Table 3). Nevertheless, all seven QTLs had a negative additive effect on the trait, meaning that increased height is associated with the Tift 454 allele. In the case of stem diameter, we identified four QTLs with two each on LG3 and LG7. Interestingly the QTLs for plant height and stem diameter are co-localized at 15.46 cM on LG3 flanked by the two SNP markers S3_3095 and S3_3262. Like plant height, the QTL identified for stem diameter also had the negative additive effect on the trait.



QTLs for yield related traits- days to heading, panicle diameter, panicle length, grain yield, 1000 seed weight

Days to heading, panicle diameter, panicle length, grain yield per head and 1000 seed weight are the key yield related traits that directly impact grain yield in pearl millet. We identified six QTLs for days to heading and 11 QTLs for panicle diameter and seven QTLs for panicle length, four QTLs for grain yield and two QTLs for 1000 seed weight (Table 3). Further, among these QTLs several identified were overlapping and consistent across different years. For example, a QTL for days to heading on LG5 at 0.48 cM was identified in 2006 and 2013, demonstrating the consistency of this trait across years. No QTLs were detected for days to heading based on 2007 phenotypic evaluations of the RIL population. The QTLs for days to heading explained 8.38 to 14.22% of the phenotypic variation for the trait. In case of panicle diameter, we identified seven QTLs in 2007 on LG1, 2 and 3, of which four detected on LG3 were consistent with QTLs detected in 2013. The phenotypic variation explained for panicle diameter ranged from 6.28 to 21.60%. In the case of panicle length, seven QTLs were detected on LG3 and LG7 for 2007 and 2013 evaluations. Panicle diameter and panicle length shared four common QTLs on LG3 over the years. Further among these eight QTLs detected for panicle length and panicle diameter, four QTLs were based on 2007 evaluations and four based on 2013 (Figure 1). However, no QTLs were identified based on 2006 evaluation data for both the traits. For panicle length, five QTLs were detected in 2007 on LG3 and LG7, of which two overlapped with the 2013 evaluations and the PVE ranged from 6.01 to 26.99%. There were five genomic positions on LG2 (9.64 cM) for days to heading and panicle diameter and LG3 (0.01 cM, 9.95 cM, 14.8 cM, 15.46 cM) for panicle diameter and panicle length that were consistently identified in 2007 and 2013 with the same marker interval having the highest LOD and PVE. Furthermore, most of the QTLs for both panicle length and diameter had negative additive effects on the traits, meaning that greater panicle length and diameter were associated with Tift 454 alleles. In the case of grain yield, four QTLs were detected, of which two (at 27.52 cM) overlapped for 2006 and 2007. Two QTLs were detected for 1000 seed weight in 2013, of which one overlapped with panicle length and stem diameter on LG7 at 21.03 cM (Table 3).



QTLs for Pyricularia leaf spot disease

We identified one QTL on LG5 at 50.7 cM between S5_7467 and S5 7482 with 9.23% PVE and a negative additive effect of 0.58. Since a higher number indicates greater disease, resistance is associated with the Tift 99B allele.



QTLs for nematode resistance

We evaluated the RIL population for root-knot nematode resistance by rating egg masses in greenhouse experiments in 2009. All three replicates were analyzed, as well as replicate 1 and 2, or just replicate 3 due to difference in phenotyping of replicate 3 as compared to 1 and 2. Three QTLs on LG2 explained 23.84-32.51% of phenotypic variation were identified (Table 3, Figure 1). Notably, QTLs identified in the present study are the major QTLs located between S2_8057 and S2_8333, and have positive additive effects on the trait, meaning that resistance is associated with the Tift 454 allele.



Candidate genes for different traits

A total of 19,762 genes were identified between the markers flanking 45 QTL regions identified in this study. Of these, 13,214 genes are identified in the major QTL regions (Supplementary Table S5). And also among these, 6884 are unique genes in these QTL regions (Supplementary Tables S6, S7). A large number of unique genes were identified in the grain yield QTL region (4091 genes). A set of 294, 408, 868, 1045, 1124 and 1526 unique genes were identified for stem diameter, RKN egg mass, panicle length, days to heading, panicle diameter and plant height respectively. We identified only one gene for Pyricularia leaf spot. Interestingly all 127 and 1526 genes identified in the 1000 seed weight and plant height QTL regions are unique. The known relevant genes for these traits were extracted with Gene Ontology (GO) terms. The genes Pgl_GLEAN_10004502 and Pgl_GLEAN_10018466, that encode a heat shock protein Hsp90 are present in the QTL regions of days to heading (Supplementary Tables S6, S7). Among these 19,762 genes identified in the QTL regions, we summarized the number of genes in each QTL region for a given trait. Further, on functional annotation, 9057 genes had no reported function, and the remaining 10,705 genes encode for known functional proteins. We have focused discussion only on those genes that are reported to have influenced the trait in model species or known crop plants or that could be deployed in breeding programs for pearl millet improvement. These genes are also prioritized based on existing literature and previously characterized genes.




Discussion

Pearl millet is a resilient, drought-tolerant crop that flourishes in harsh environments. Historically labeled as an orphan crop due to its limited genomic resources, recent advancements in next-generation sequencing (NGS) technologies have revolutionized genomic research in pearl millet. Previously, we developed a comprehensive set of 16,650 markers, including 1,191 core markers, which facilitated the detection of numerous quantitative trait loci (QTLs) that might have been missed in less saturated maps (Punnuri et al., 2016). In this study, we constructed a genetic map using 505 SNP markers derived from the core markers, excluding those with segregation distortion, to identify QTLs associated with morphological, disease resistance and yield-related traits in a RIL populations at two distinct locations.

The parental inbreds used for developing RILs in this study are Tift 454 and Tift 99B. Tift 454 and Tift 99A are the parents of TifGrain 102, with Tift 99B serving as a male fertile maintainer line for Tift 99A (Hanna et al., 2005a, 2005b). The parental line Tift 454 exhibits high resistance to the root-knot nematode species Meloidogyne incognita (Kofoid & White) Chitwood (Hanna et al., 2005a); Tift 99B is resistant to rust (Puccinia substriata var. indica) and other diseases such as leaf spot caused by Pyricularia grisea. Although the differences between the two parents are minimal for several traits, they fall within the expected ranges for cultivated grain-type pearl millet inbreds in the United States.

Our study revealed significant variation among the RILs for all traits examined. Traits with the highest heritability values (0.78-0.93) included 1000 seed weight (2013), grain yield (2006, 2007), panicle diameter (2007, 2013), stem diameter (2013), and Pyricularia leaf spot disease (2013). Similarly, high broad-sense heritability values ranging from 0.52 (panicle length) to 0.86 (plant height) were reported for panicle diameter and plant height (Kumar et al., 2021). Selecting traits with higher heritability is a powerful approach in genetics and breeding, as it leverages the genetic component of trait variation for more effective and predictable improvements.

In this study, we utilized GBS-based SNP markers to construct a high-density genetic map and identify QTL. Traditionally, QTL analyses in pearl millet have predominantly used SSR markers or DArT markers (Ambawat et al., 2016; Kumar et al., 2017, 2021). However, a few studies have employed GBS-based SNPs (Punnuri et al., 2016; Pucher et al., 2018) or SSCP-SNP markers (Bertin et al., 2005). Most of SSR-based genetic maps contained very few markers, for instance, a consensus map combining four different populations had only 174 loci (Rajaram et al., 2013). GBS-based maps often have several hundred markers (314 for Moumouni et al., 2015; 460 for Pucher et al., 2018; and 505 for the current study). High-density genetic maps enable identification of precise genomic regions for use in breeding programs for trait improvement (Punnuri et al., 2024).

All the traits were not measured across all years and locations, but only four traits are common across two seasons and locations. Although a prior study showed that eight QTLs explained 42.7% of observed phenotypic variation for panicle length and five QTLs explained 45.8% of observed phenotypic variation (Vengadessan et al., 2013), our research identified 29 major QTLs (explaining >10% of PVE each) for traits such as plant height, stem diameter, days to heading, panicle diameter, panicle length, grain yield, 1000 seed weight, leaf spot resistance, and root-knot nematode egg masses. Notably, the total PVE for egg mass trial (1&2), egg mass average trial (1,2&3) and egg mass trial 3 were 32.51%, 28.37%, and 23.84%, respectively. Additionally, we identified 16 minor QTLs (explaining <10% PVE each) across all traits.

These QTLs were detected with high LOD values (ranging from 3.02 to 11.78) on all linkage groups (LGs) except LG4, explaining significant phenotypic variation for yield-related traits, including biotic resistance. Most of these QTLs were consistently expressed across different locations, years, and traits. LG4 showed less polymorphic markers associated with QTLs due to shared ancestry between the parents (Punnuri et al., 2016).

The highest number of QTLs (19) were detected on LG3, showing overlap among traits and years. For instance, plant height (2013), panicle diameter (2007 & 2013), and panicle length (2007 & 2013) were consistently observed at 14.8 cM on LG3 across different experimental locations. Similarly, plant height (2013), stem diameter (2013), panicle diameter (2007 & 2013), and panicle length (2007 & 2013) were identified on LG3 at 15.46 cM between markers S3_3095 and S3_3262. Panicle diameter (2007 & 2013) and panicle length (2007) were consistently found on LG3 at 0.01 cM and 9.95 cM between evaluations in Tifton and Fort Valley. Among these four traits (plant height, stem diameter, panicle length and panicle diameter), QTLs for two traits (panicle length and panicle diameter) had four overlapping QTL that were consistently identified at 0.01 cM, 9.95 cM, 14.8 cM, and 15.46 cM on LG3. These co-localized QTL could represent pleiotropic effects or tightly linked genes. Determining which of these is actually the case will require the development of fine-mapping populations to further break up the linkage blocks in this region, and may benefit from multi-trait QTL analyses.

Other notable QTLs included plant height (2006), days to heading (2013), and panicle diameter (2013) at 9.64 cM on LG2. LG2 also harbored the nematode resistance QTL between markers S2_8057 and S2_8333. Leaf spot caused by Pyricularia due to frequent rains and high humidity is a major concern in the southeastern United States. The QTLs reported for leaf spot are different from our previous report (Punnuri et al., 2016) as we removed distorted markers and used composite interval mapping in the current study. Nevertheless, we report identification of QTL for Pyricularia leaf spot in this study confirming the presence of a genomic region governing Pyricularia leaf spot on LG5. Earlier one RAPD marker (OP-D11700, 5.6 cM) was reported to be linked to Pyricularia leaf spot resistance using a population derived from Tift85DB and Tift65 (Morgan et al., 1998).

Grain yield-related QTLs (2006 & 2007) were found on LG6 in close proximity with overlapping regions at 27.52 cM. Similar results were found for grain yield on LG6 in a study by Kumar et al. (2017). Panicle length (2007) was linked with 1000 seed weight and stem diameter on LG7. These results indicate that most yield and domestication-related traits, such as panicle morphology and disease resistance, were co-localized in clusters on specific genomic regions. These regions were likely selected as linkage blocks during domestication for yield improvement. Consequently, many traits remained undetected on LG4. This is likely due to both biological and technical reasons. Biologically, the parental lines Tift 454 and Tift 99B share a common ancestry and both possess the dw2 dwarfing gene derived from Tift 23D2 (Punnuri et al., 2016), which resulted in reduced polymorphism on LG4. Technically, LG4 had fewer markers compared to most other linkage groups, which limited our ability to detect QTLs due to reduced resolution and statistical power.

Previous studies using multi-location phenotyping data on a RIL population derived from ICMB 841-P3 × 863B-P2 identified 13 QTLs for plant height, 11 QTLs for panicle length, and 14 QTLs for 1,000-seed weight (Kumar et al., 2017). Vengadessan et al. (2013) reported QTLs for panicle length and diameter on LG3. Additionally, for panicle length, five major QTLs were mapped on LG3 in the current study, which is consistent with the findings of Vengadessan et al. (2013). A minor QTL for panicle length was also identified on LG7 in this study, supporting previous reports by Vengadessan et al. (2013) and Kannan et al. (2014). Recently, Gupta et al. (2024) identified 34 Meta-QTL regions with a 3.63-fold reduction in confidence intervals, harboring genes for agronomic and yield-related traits (plant height, flowering time) and yield-related traits (panicle length, 1000 grain weight, seed yield per plant). In a genomic scanning and genome-wide association studies, 314 SNPs detected on chromosomes 1, 2 and 5 were found to be associated with flowering and agromorphologic traits, of which the majority of them were linked with panicle length and width (Faye et al., 2022). Also, it was shown that presence of the alternate allele on SNP Chr3_at 18,486,380 bp, increased 1000 seed weight. In other studies, major and stable QTL associated with flowering, number of productive tillers, ear head length, and test weight were mapped on chromosomes 1 and 3 using a RIL population derived from a cross between PT6029 and PT6129 (Subbulakshmi et al., 2024). Similar to Kannan et al. (2014), in the current study a QTL for days to heading was mapped on LG5 for 2006 and 2013 phenotyping years.

In this study we reported consistent and stable QTLs for panicle diameter and panicle length that shared the same genomic regions on LG3; however, the meta-QTL analysis performed by Gupta et al. (2024) based on 12 independent studies for various traits harbored QTLs and genes for plant height, 1000 seed weight, panicle length, seed yield per plant, and flowering time in the Meta-QTL1.1 on LG1. Nevertheless, QTLs for panicle length and panicle diameter were present in Meta-QTL3.6 on LG3. The co-localized QTLs reported in our study can be used in marker assisted introgression for simultaneous improvement of several traits. Grain number and grain mass are critical yield components that directly influence grain yield (Kumar et al., 2017). Panicle length significantly affects panicle weight, which is a key factor in calculating the panicle harvest index. QTLs for mean grain yield across various moisture environments have been mapped to linkage groups LG2, LG3, and LG4 under different post-flowering moisture conditions (Bidinger et al., 2007). In the current study, QTLs for plant height, panicle length, panicle diameter, and stem diameter were localized on LG3, supporting previous findings. A QTL for 1000 seed weight on LG7 was previously reported in two different mapping populations (Kumar et al., 2021, 2017), similar to our findings but at different positions on LG7.

A recent study using a RIL population derived from ICMS 8511-S1-17-2-1-1-B-P03 × AIMP 92901-S1-183-2-2-B-08 identified 15 QTLs for plant height scattered across seven chromosomes, five QTLs for panicle traits dispersed across four chromosomes, and two QTLs for thousand grain weight spanning LG3 and LG7 (Kumar et al., 2021). The co-localization of QTLs offers significant advantages in pearl millet breeding by enabling the simultaneous improvement of multiple traits or leveraging the selection of one trait to enhance others. In this study, we also identified stable QTLs for traits such as days to heading, panicle diameter, and panicle length that were consistently mapped to the same positions across different years. These stable QTLs can be utilized in marker-assisted selection to improve these traits cost-effectively.

Several studies have identified key yield-related genes in pearl millet, shedding light on their chromosomal positions and functional roles. Four genes, (Pgl_GLEAN_10031557, Pgl_GLEAN_10008690, Pgl_GLEAN_10007548 and Pgl_GLEAN_10005530) identified in this study encoding phospholipase were identified in the panicle diameter and grain yield QTL regions are believed to be responsible for determining pearl millet yield. The results from earlier studies further confirm the role of phospholipase gene on grain yield of pearl millet. For instance, a genome-wide analysis of the phospholipase gene family revealed 44 genes distributed across the seven chromosomes, with the highest concentration on chromosome 1 (12 genes), followed by chromosome 5 (8 genes), chromosome 6 (7 genes), and fewer on the remaining chromosomes. These phospholipase genes are implicated in various physiological processes, influencing stress responses that ultimately affect yield (Moin et al., 2024). Flowering time, a crucial determinant of yield in pearl millet, is regulated by several genes located primarily on chromosome 2. Among them, PhyC (PHYTOCHROME C) plays a pivotal role in the photoperiodic induction of flowering, with polymorphisms near this gene linked to variations in flowering time and yield components. Similarly, FRS12 (FAR1-RELATED SEQUENCE 12) and Hd3a (HEADING DATE 3a) have been identified as key regulators of the transition from vegetative to reproductive stages. We identified a gene Pgl_GLEAN_10007711 in the panicle diameter QTL that encodes for FAR1. Additionally, OsHAC1 (HISTONE ACETYLTRANSFERASE 1), also found on chromosome 2, is involved in chromatin remodeling, affecting gene expression related to flowering (Faye et al., 2022). We identified the gene Pgl_GLEAN_10010455 in grain yield QTL region encodes for histone acetyltransferase. Beyond flowering regulation, drought tolerance is another critical factor influencing yield stability in pearl millet. A comprehensive study identified 74 drought-associated genes distributed across all seven chromosomes, with chromosome 1 containing the highest number (14 genes), followed by chromosomes 6 (12 genes), 4 (11 genes), and others with fewer genes. These drought-responsive genes function in various pathways that enhance resilience under water-limited conditions, contributing to yield improvement under abiotic stress (Chakraborty et al., 2022).

In addition, genes that are indirectly related to yield were also reported, for instance, PmAAP1 (Amino Acid Permease 1) and PmGS1 (Glutamine Synthetase 1) play crucial roles in nitrogen assimilation and amino acid transport, which indirectly contribute to yield by improving grain nutritional quality (Singh et al., 2024b). In our study, the gene Pgl_GLEAN_10003392 present on chromosome 7 encodes for glutamine synthetase and is present in the grain yield QTL region. Similarly, the gene Pgl_GLEAN_10022286 present on chromosome 7 in the grain yield QTL region encodes for amino acid permease. Furthermore, resistance to foliar blast, a major disease affecting pearl millet yield, has been linked to several genes identified in a GWAS of 281 inbred lines (Singh et al., 2024a). Among them, PmNPR1 (Nonexpressor of Pathogenesis-Related Genes 1) and PmWRKY45 (WRKY Transcription Factor 45) were found to be key regulators of blast resistance, mainly located on chromosomes 1, 2, and 6. These genes enhance disease resistance by modulating defense pathways, ultimately stabilizing yield under biotic stress (Singh et al., 2024b). In contrast, in this study, we identified Pgl_GLEAN_10014680 on chromosome 7 within a grain yield QTL region, which is annotated as a pathogenesis-related gene. While pathogenicity is a trait typically associated with pathogens, host plants also harbour genes that influence disease outcomes, either by enhancing susceptibility or activating defence responses. The presence of Pgl_GLEAN_10014680 in a yield-associated QTL suggests a potential link between disease response and productivity, warranting further functional validation to determine its role in host-pathogen interactions. Additionally, rhizosheath formation, which influences water and nutrient uptake in pearl millet, has been linked to PmEXPA1 (Expansin A1) and PmMATE37 (Multidrug And Toxic Compound Extrusion 37). In this study, we identified the gene Pgl_GLEAN_10006620 in the grain yield QTL region that encodes for expansin. These genes regulate root-soil interactions and help plants maintain productivity in arid conditions, indirectly enhancing yield stability in drought-prone environments (de la Fuente Cantó et al., 2022). In the search of candidate genes for Pyricularia QTL on LG5, we identified a gene Pgl_GLEAN_10037626 that encodes for tetratricopeptide repeat (TPR) domains that are structural motifs comprising tandem repeats of 34 amino acids that facilitate protein-protein interactions (Blatch and Lässle, 1999). In cereals, TPR-containing proteins play significant roles in various biological processes, including disease resistance (Schapire et al., 2006). For instance, in rice, the TPR-domain RNA-binding protein BSR-K1 has been identified as a negative regulator of broad-spectrum disease resistance. A loss-of-function mutation in the Bsr-k1 gene results in enhanced resistance to multiple pathogens, including Magnaporthe oryzae (anamorph: Pyricularia oryzae) and Xanthomonas oryzae pv. oryzae (Zhou et al., 2018). This mutation leads to the production of a truncated BSR-K1 protein that cannot bind to the mRNAs of phenylalanine ammonia-lyase (PAL) genes, resulting in increased accumulation of PAL transcripts. The elevated PAL levels enhance the biosynthesis of secondary metabolites like lignin, thereby strengthening the plant’s defense mechanisms without adversely affecting yield (Zhou et al., 2018). Additionally, another TPR-domain protein in rice, OsTPR1, has been shown to bind with a chitinase from Magnaporthe oryzae thus allowing the plant to exhibit an immune response (Yang et al., 2019). Similarly in wheat, TPR-containing proteins have been implicated in regulating agronomic traits that may influence disease resistance. For instance, the TPR protein TaTPR-B1 has been shown to regulate spike compactness, a trait that can affect susceptibility to certain pathogens (Zhu et al., 2025). While the direct role of TaTPR-B1 in disease resistance requires further investigation, its influence on spike architecture suggests a potential indirect effect on pathogen interactions. Hence, the gene may be responsible for Pyricularia leaf spot resistance in pearl millet.

Meloidogyne incognita are plant-parasitic nematodes that cause significant damage to pearl millet in the southern states where it is grown. Additionally, their presence in the soil affects rotational crops, especially peanuts (Arachis hypogaea L.) and cotton (Gossypium hirsutum L.). We identified major QTLs for resistance to root-knot nematode (RKN) egg masses on LG2 between markers S2_8057 and S2_8333. Previously, a major QTL for resistance to southern root-knot nematode, QMi-LG2, with a LOD score of 14, explained 32.0% of the phenotypic variance was also mapped to LG2 using an AFLP and SSR-based genetic map (Liu, 2012).

Interestingly, in this study using the same phenotyping data, we report three major QTLs on LG2 with high LOD scores (>8), explaining 32.51%, 28.37%, and 23.84% of the phenotypic variance, indicating a strong association of root-knot nematode egg masses on LG2. The heritability values for nematode and leaf spot resistance were also high. For nematode resistance, the RKN resistance gene from Tift 454 is incompletely dominant or semidominant. The parent Tift 454 is almost immune, the F1 generation is resistant but still has egg masses, and the parent Tift 99B is susceptible. The ancestors of Tift 454 include Tift 23D2A1 and napiergrass (Pennisetum purpureum Schumacher) (Hanna et al., 2005a). Previous studies have suggested that the nematode resistance gene may have originated from napiergrass (Liu, 2012). Among 408 unique genes identified in the egg mass QTL region, the gene Pgl_GLEAN_10018312, encodes for Thaumatin-like proteins (TLPs), the members of the pathogenesis-related (PR) protein family, specifically classified under PR-5. They are recognized for their role in plant defense mechanisms against various pathogens, including fungi and bacteria (Sharma et al., 2022). Nevertheless, the gene Pgl_GLEAN_10018133 encodes for plant disease resistance response protein may be implicated for nematode resistance.

Initial scanning for total number of genes within QTL marker intervals yielded 19,762 genes within the QTL regions. Further refining and annotation gave us around 10,705 annotated genes within these 45 QTL regions, including those coding for heat shock protein Hsp90 (Supplementary Tables S6, S7). Previously, 28 Hsp20 genes were identified based on transcriptome profiling of pearl millet under high-temperature stress (Mukesh Sankar et al., 2021). Hsp90 plays crucial roles in protein folding, stress response, and developmental processes, which are vital for coping with heat and drought stress, making it a target for improving crop resilience.

In summary, next-generation sequencing (NGS) technologies play a prominent role in improving linkage map saturation and its utility in breeding programs. The major QTLs identified in this study and the genes reported in these QTL regions can be used in genomics-assisted breeding to enhance key agronomic and yield-related traits in pearl millet.
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Certain root hemi-parasitic tree species hold significant economic value, yet they are challenging to cultivate artificially. Therefore, understanding how soil conditions and host plants influence the growth of these species is crucial. The endemic tree species Malania oleifera, native to the karst landscapes of southwest China, is highly valued for its seed oil, rich in nervonic acid. As a root hemiparasite, M. oleifera presents challenges for artificial cultivation, making it crucial to improve seedling survival and develop effective propagation methods for this and similar species. We used nutrient-rich and nutrient-deficient growth substrates, combined with four planting configurations involving host and non-host plants, to monitor the growth of M. oleifera seedlings. We then analyzed the transcriptomic differences between non-parasitic and parasitic plants that exhibited significant growth disparities. Vigorous host plants significantly enhance the growth of M. oleifera seedlings, while soil conditions exert a weaker influence. The host primarily promotes aboveground M. oleifera growth, with only limited impact on root development, resulting in an imbalance between the two. Endogenous hormone levels in the haustoria connected to the host exhibit substantial changes, with notable upregulation of genes related to hormone metabolism, stress responses, and antibiotic biosynthesis. Furthermore, the roots of host-associated M. oleifera seedlings show heightened responses to both biotic and abiotic stresses, along with key metabolic processes. An appropriate host enhances the overall adaptability, nutrient synthesis, and stress resistance of M. oleifera seedlings, all of which are essential for their growth, development, and survival.
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1 Introduction

Root hemiparasitic plants have a wide range of uses, including as food, timber, and medicinal resources (Bell and Adams, 2011; Pignone and Hammer, 2016). However, because they rely on host plants for survival, cultivating them artificially presents some technical challenges (Pignone and Hammer, 2016; ArunKumar et al., 2022). Investigating the cultivation techniques for each economically valuable root hemiparasitic plant is both a fascinating and practically important endeavor. Malania oleifera, a monotypic species in the Olacaceae family, is an endangered tree endemic to China and native to the karst landscapes of southeastern Yunnan and western Guangxi provinces. The species was described scientifically in 1980 (Lee, 1980). In 1981, researchers discovered that the seed oil of M. oleifera is rich in nervonic acid (15-tetracosenic acid) (Ou, 1981). Nervonic acid plays a crucial role in human health, contributing to brain development and maintenance, improving memory, and delaying brain aging (Li Q. et al., 2019). The oil content of M. oleifera seed ranges between 48.3% and 67.9%, with nervonic acid comprising between 55.7% and 67.0% of the total fatty acids, making this species a valuable source of this nutrient (Ou, 1981; Tang et al., 2013; Wang et al., 2021). M. oleifera therefore stands out as a promising candidate for the discovery and development of nervonic acid resources. However, due to the scarcity of wild M. oleifera resources, cultivation would be the necessary path for its sustainable development and utilization.

Between the 1980s to about 2008, attempts to cultivate M. oleifera in the wild within its native habitat have yielded poor results (Liu, 1984; Huang et al., 2008), and the plants exhibited significant variation in individual growth. Some perished rapidly after a brief period of development, while others either grew slowly or not at all, and were susceptible to root diseases. Few individuals displayed robust growths, and overall, the survival rate was low, which was puzzling and which differed from the typical responses of other cultivated plants. Subsequently, researchers conducted afforestation experiments in four types of sites: open forests, shrubland, grasslands, and bare land. They found that the survival rates and growth of M. oleifera seedlings were highest in open forests, followed by shrubland, grasslands, and finally bare land. This phenomenon was attributed to the differences in growth environments caused by varying vegetation types (Lv et al., 2016). The unusual and seemingly unpredictable growth of M. oleifera after planting made effective cultivation challenging, and although the species has great economic value, this technical bottleneck in its development and utilization lies in the challenges of successful artificial cultivation.

By 2019, researchers had discovered that M. oleifera is a root hemiparasitic plant, a finding that offered new insights for the exploration of novel cultivation methods for the species (Li Y.P. et al., 2019, Li A.R. et al., 2019). Subsequent experiments were conducted to pair M. oleifera seedlings with various host plant species. While the seedlings successfully established parasitic relationships with the hosts, many of these host plants did not significantly enhance the growth of the seedlings (Li Y.P. et al., 2019; Chen et al., 2022). This outcome contrasts with the typical behavior observed in other root hemiparasitic plants, which often experience substantial growth benefits from their hosts (Chen et al., 2020; Thyroff et al., 2023). The specific conditions under which host plants can effectively promote the growth of M. oleifera seedlings therefore remain unclear.

In the absence of a host, the length of the normal growth period for root hemiparasitic plants depends on the characteristics of the plant itself and is also influenced by the growth environment. In the absence of a host, different soil nutrient levels have varying effects on the growth of different root hemiparasitic plant species (Kokla et al., 2022; Speetjens and Jacobs, 2023). When nutrients are artificially supplied, some root hemiparasitic plants can complete their entire life cycle in the absence of a host (Seel et al., 1993; Li et al., 2013). However, in some plants, seedling growth stagnates without a host even if nutrients are artificially supplied (Musselman, 1969; Těšitel et al., 2010). For M. oleifera, which is naturally distributed in karst regions, the extent to which soil conditions affect seedling growth it is still unknown.

The physiology of root hemiparasitic plants undergoes significant changes before and after a parasitic relationship with their hosts is established. Plant hormones play a crucial role in haustorium development, with changes in endogenous hormone levels contributing to this process. Through the haustorium, various substances, including secondary metabolites, RNAs, proteins, and nutrients, are transferred between parasitic plants and their hosts. These physiological changes are closely linked to the regulation of specific genes (Zhang et al., 2012; Shen et al., 2023; Ashapkin et al., 2023).

Transcriptomic analyses using RNA sequencing (RNA-seq) and de novo assembly have revealed the conservation of chlorophyll synthesis in root-parasitic Orobanchaceae (Wickett et al., 2011), as well as host-specific patterns of parasite gene expression at the interface between Triphysaria versicolor and its hosts (Honaas et al., 2013). The expression of haustorial genes differs in some hemiparasitic plants before and after establishing a parasitic relationship with the host (Zhang et al., 2015) as do levels of endogenous hormones levels and gene expression in the roots (Chen et al., 2021). Whole genome sequencing provides comprehensive background information for transcriptome sequencing, significantly enhancing the interpretation of transcriptomic data and enabling a more accurate understanding of the biological significance within the data. High-quality genomic data for M. oleifera have recently become available, and will enhance the analysis of its transcriptome data and biological functions (Yang et al., 2023). However, to date, a comprehensive understanding of the difference in gene expression differences in haustoria and roots is lacking, as is understanding of the intrinsic systemic connections between these differences and physiological changes. Moreover, the correlation between the changes at the micro level (gene expression differences and physiological changes) and the growth performance of the plants at the macro level needs further research.

Our preliminary experiments demonstrated that M. oleifera seedlings can establish a parasitic relationship with a fast-growing subshrub, Tithonia diversifolia. This host plant effectively promotes the growth of M. oleifera seedlings. Based on these findings, we will address the following questions: (1) Which factor is more effective in promoting the growth of M. oleifera seedlings: the host plant or soil conditions? (2) Is there a direct correlation between the biomass of the host plant and the biomass of attached M. oleifera seedlings? (3) What are the differences in gene expression in haustoria and roots when plants are grown under non-parasitic and parasitic conditions, and how do these physiological changes affect seedling growth? This knowledge will not only enhance our understanding of the growth patterns of root hemiparasitic tree species, but also aid in developing effective artificial cultivation methods for economically valuable but rare root hemiparasitic trees.




2 Materials and methods



2.1 Plant materials

In October 2021, we collected a substantial number of mature fruits from wild M. oleifera plants in Guangnan County, Yunnan. We removed the peel and cleaned the seeds, we then selected seeds of uniform size and sowed them in a sand bed at the Kunming Arboretum. In early July 2022, once the seeds in the sand bed had germinated and developed 5–6 true leaves, we transplanted them into planting bags measuring 12 cm in diameter and 32 cm in height. The seedlings were then transplanted into one of two different substrates: either a nutrient-rich substrate (Substrate I) consisting of a 1:1 ratio of soil and organic fertilizer (V/V), or a nutrient-poor substrate (Substrate II) consisting of a 1:1 ratio of fine sand and perlite (V/V). The nutrient content of each substrate type is presented in Table 1. Seedling on each substrate type were either given access to a host plant, or not. The four resulting treatments were named as follows: substrate I without a host: S1N, substrate I with a host: S1H, substrate II without a host: S2N, and substrate II with a host: S2H. Each treatment was replicated 30 times, yielding a total of 120 planting bags. M. oleifera seedlings were planted at the center of each bag. In the planting bags with host plants, a T. diversifolia stem cutting, measuring 25 cm in length and 1.5 cm in diameter, was inserted obliquely beneath the root of the M. oleifera seedling. Two-thirds of the T. diversifolia cutting was buried in the substrate, maintaining a distance of 3 cm between the cutting and the seedling stem on the surface of the substrate. Preliminary experiments showed that stem cuttings of T. diversifolia root easily and tend to survive. The plants were planted in July, and the stem cuttings of T. diversifolia took root in about 10 days; The M. oleifera seedlings had established a parasitic relationship with their hosts after approximately one month. These planting bags were placed in a greenhouse with 50% shading and allowed to grow for one year. The average temperature in the greenhouse was 24°C in July and 10°C in January, and had a relative humidity of between 60% and 80%. These greenhouse conditions closely resemble the climatic conditions of the natural distribution area of M. oleifera. The planting bags were arranged with each bag spaced 30 cm apart. During the one-year experiment, hand weeding was performed as needed, and watering was carried out appropriately based on the moisture conditions of the substrate throughout the different seasons.


Table 1 | Nutrient content of the two planting substrates.
	Substrate type
	SOM (g/kg)
	TN (g/kg)
	TP (g/kg)
	TK (g/kg)
	HN (mg/kg)
	AP (mg/kg)
	AK (mg/kg)



	Substrate I
	132.50 ± 2.63
	5.31 ± 0.14
	2.52 ± 0.23
	6.85 ± 0.10
	340.17 ± 11.50
	44.22 ± 8.51
	251.17 ± 4.56


	Substrate II
	1.86 ± 0.57
	0.07 ± 0.01
	0.07 ± 0.02
	2.50 ± 0.96
	4.00 ± 0.89
	1.47 ± 0.68
	13.17 ± 2.14





After thoroughly mixing each substrate, six samples were randomly selected for measurement. SOM, soil organic matter; TN, total N; TP, total P; TK, total K; HN, hydrolysable N; AP, available P; AK, available K.






2.2 Monitoring growth data, sampling and harvesting

In early August and early October of 2022, as well as early January, April, June, and August of 2023, we measured the basal stem diameter, height, and leaf number of each M. oleifera seedling. Following the final growth measurements, the treatments S1N and S1H, that used the same substrate but exhibited significant differences in seedling growth, were selected for transcriptome and hormone analysis. Four types of samples were collected: roots from M. oleifera seedlings grown without a host (S1N_R) and their haustoria (S1N_H, as M. oleifera can form haustoria even in the absence of a host); as well as roots from seedlings grown with a host (S1H_R) and haustoria attached to the host (S1H_H). Each sample included three replicates, with each replicate consisting of 3 randomly selected individual roots or haustoria. All samples were immediately frozen in liquid nitrogen and stored at -80°C for future analysis. Root samples were used only for RNA sequencing, while haustorium samples were also used for hormone analysis.

In order to monitor the growth of the host and parasite plants, we next rinsed the substrate in each planting bag thoroughly with clean water. In bags containing host plants, we counted the number of haustoria formed by each M. oleifera seedling parasitizing the roots of T. diversifolia. The seedlings were then carefully separated from the host roots, ensuring that the root systems of the M. oleifera seedlings remained intact. We then used an electronic balance to measure the fresh weight of the aboveground biomass and the root biomass of each M. oleifera seedling, along with the fresh weight of the aboveground biomass of T. diversifolia. The biomass samples were placed in an oven at 60°C for 48 hours, after which we measured the dry weight of each sample.





2.3 RNA extraction and sequencing, and endogenous hormone measurement in haustoria

Total RNA was extracted from tissue samples using TRIzol Reagent (Ambion, Cat# 15596018) following the manufacturer’s protocol (For detailed methods, see Supplementary Data Sheet 1). Concentration and purity were measured using a NanoDrop spectrophotometer (Thermo Scientific NanoDrop 2000, Thermo Scientific, Waltham, Massachusetts, USA). RNA integrity was evaluated using RNA-specific agarose gel electrophoresis and the Agilent 2100 Bioanalyzer with the RNA 6000 Nano Kit (5067-1511, Agilent Technologies Inc., California, USA). Poly-A tail-containing mRNA was enriched from total RNA using Oligo(dT) magnetic beads, and the RNA was then sheared into fragments of approximately 300 bp using ion fragmentation. Using the RNA as a template, the first strand of cDNA was synthesized with random hexamer primers and reverse transcriptase, followed by the synthesis of the second cDNA strand using the first strand as a template. After library construction, PCR amplification was used to enrich the library fragments, and library quality was assessed with the Agilent 2100 Bioanalyzer. Paired-end (PE) sequencing was subsequently performed on the libraries using next-generation sequencing (NGS) technology on the Illumina platform. The raw sequencing data was filtered to generate high-quality clean data, which were then aligned to the reference genome of M. oleifera (Yang et al., 2023). Gene expression levels were calculated based on the alignment results, followed by differential expression analysis, enrichment analysis, and clustering analysis of the samples.

Samples were prepared for LC-MS/MS analysis as follows. 40 mg of lyophilized sample was weighed into a 2 mL brown centrifuge tube, 1 mL each of methanol and mixed internal standard stock solution was accurately measured and added to the sample. Samples were sonicated for 10 min, then transferred to a metal bath and shaken. After 4 hours, samples were centrifuged at 12000 rpm for 10 min at 4 °C, and the entire supernatant was removed. 0.5 mL methanol was added to the remaining residue and samples were further shaken for 2 h in a metal bath. The extracts were then centrifuged through a 0.22 μm filter membrane and placed in the injection vial for LC-MS/MS analysis (Li et al., 2016).




2.4 qRT-PCR verification of DEGS

A total of 16 differentially expressed genes were selected for expression analysis, including 6 genes specifically identified from haustoria, 7 genes specifically identified from roots, and 3 genes selected from both haustoria and roots. RNA extraction and complementary DNA (cDNA) synthesis were performed following the protocols described in Section 2.3. The forward and reverse primers were designed by Primer Premier (version 6.0, Premier Biosoft Inc., CA, USA). The reaction was performed using the Power qPCR PreMix (Genecopoeia) in a 96-Well PCR plate (PCR-96-FLT-C, Axygen). The reaction conditions were established according to the manufacturer’s instructions, with each reaction performed in triplicate. The actb was employed as the reference gene. The 2−ΔΔCt method was employed to calculate relative expression levels. The detailed experimental procedures and specific primers are listed in Supplementary Data Sheet 1.




2.5 Statistical analysis

The cumulative growth from each monitoring event and the harvested biomass of M. oleifera seedlings were analyzed using ANOVA (One-way analysis of variance). The annual cumulative growth of each M. oleifera seedling, the harvested biomass, the number of haustoria connected to the host, and the aboveground biomass of T. diversifolia (only for plants with a host) were analyzed for correlations using Pearson correlation analysis. The hormone content in the parasitic haustoria was analyzed using an independent samples t-test. All statistical analyses were performed using the R statistical package.

We performed statistical analysis on the raw data (Raw Data) of each sample, including sample name, Q30, percentage of ambiguous bases, and Q20(%) and Q30(%). Sequencing data, including adapter-contaminated and low-quality reads, were then filtered using Fastp to remove 3’ adapter sequences and reads with an average quality score below Q20 were discarded. The filtered reads were aligned to the reference genome (GCF_029873635.1_ASM2987363v1_genomic.fna) using the HISAT2 software and the mapping information was calculated.

We used HTSeq to count the number of reads aligned to each gene, which served as the raw gene expression values. FPKM (Fragments Per Kilo bases per Million fragments) was used to normalize the expression levels, and genes with FPKM > 1 were considered to be expressed. We performed differential expression analysis using DESeq, with the criteria for selecting differentially expressed genes set as |log2FoldChange| > 1 and a significance threshold of P-value < 0.05. Differentially expressed genes (DEGs) were analyzed separately using Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) database, and were annotated and enriched to obtain functional analyses and pathway results for DEGs.





3 Results



3.1 The growth dynamics of M. oleifera under different planting scenarios

The cumulative growth of the monitored growth indicators (increase in stem diameter, plant height, and leaf number) showed similar growth trends across the four planting methods (Figures 1A-C). The fastest-growing plants were all in treatment S1H, and showed significant growth differences as early as April of the second year. The increases in stem diameter, plant height, and leaf number were all significantly greater than those of plants subjected to the other three treatments (P<0.01). By August of the second year, the growth differences had become more pronounced, with S1H plants showing highly significant differences in growth compared to plants subjected to the other three treatments (S1N, S2N, S2H) (P<0.001).

[image: Six-panel chart illustrating plant growth and biomass data over time by treatment. Panels A, B, and C show basal stem increment, height increment, and leaf number increment respectively, measured in various months for treatments S1N, S1H, S2N, S2H. Panels D, E, and F display aboveground biomass, root biomass, and root/shoot ratio for these treatments, with data points for fresh biomass (FB) and dry biomass (DB). Error bars indicate variability in measurements.]
Figure 1 | Comparison of the growth dynamics and biomass of Malania oleifera seedlings under four planting treatments (mean ± SD, n=30). (A) Annual growth dynamics of basal stem diameter. (B) Annual growth dynamics of plant height. (C) Annual growth dynamics of plant leaf number. (D) Aboveground fresh and dry biomass of plants for a whole year. (E) Root fresh biomass and dry biomass of plants for a whole year. (F) Annual root-to-shoot ratio analysis of plant growth. FB, Fresh biomass; DB, Dry biomass. S1N: nutrient-rich substrate without host; S1H, nutrient-rich substrate with host; S2N, nutrient poor substrate without host; S2H, nutrient-poor substrate with host.

The second fastest-growing group was S2H. By August of the second year, the increases in stem diameter, plant height, and leaf number of plants in treatment group S2H were significantly greater than those of plants subjected to treatments S1N (P<0.05) and S2N (P<0.01). S1N plants grew faster than those in the S2N group, but by August of the second year, the differences in these indicators were not significant (P>0.05). These findings indicate that selecting an effective host plant is conducive to promoting the growth of M. oleifera seedlings, and, while favorable soil conditions can also directly enhance seedling growth, though the effect is not significant.

The fresh and dry weights of the aboveground biomass of M. oleifera seedlings across the four treatments showed similar trends to their growth patterns (Figure 1D). S1H plants had the highest aboveground fresh and dry biomass (67.32 ± 17.09g, 24.53 ± 5.88g), followed by plants in groups S2H (27.68 ± 8.87g, 11.14 ± 3.63g), S1N (24.55 ± 7.59g, 10.59 ± 3.38g), and S2N (18.33 ± 3.39g, 8.16 ± 1.51g). The fresh and dry aboveground biomass of plants under treatment S1H was significantly different from plants under the other three treatments (P<0.001). The fresh and dry aboveground biomass of S2H plants were significantly greater than those of S2N plants (P<0.01), but the difference between S2H and S1N plants was not significant (P>0.05). The differences in fresh and dry aboveground biomass between plants subjected to treatments S1N and S2N were significant (P<0.05).

The root biomass showed a different pattern from the aboveground biomass (Figure 1E). Plants in group S1H had the highest fresh root weight (38.01 ± 12.00g), followed by those in S1N (33.29 ± 11.45g), S2N (31.23 ± 5.73g), and S2H (29.73 ± 7.60g). Plants subjected to treatment S1N had the highest dry root weight (10.23 ± 3.43g), followed by those in treatment groups S2N (9.86 ± 2.90g), S1H (9.80 ± 3.29g), and S2H (7.99 ± 2.20g). Significant differences in fresh root biomass were only found between S1H and S2N, and S1H and S2H (P<0.01), while no significant differences were observed between any other pairs (P>0.05). The only significant differences in dry root biomass were found between plants in the S2H treatment group and those subjected to the other three treatments (P<0.05).

However, the root-to-shoot ratio exhibited the opposite trend compared to aboveground growth (Figure 1F). Plants subjected to treatment S1H had the smallest root-to-shoot ratio, with fresh and dry values of 0.60 ± 0.26 and 0.41 ± 0.15, respectively. In comparison, S2H plants had root-to-shoot ratios of 1.13 ± 0.34 and 0.75 ± 0.21, S1N plants had 1.36 ± 0.23 and 0.97 ± 0.11, and S2N had 1.73 ± 0.33 and 1.22 ± 0.33. The aboveground biomass growth of M. oleifera seedlings parasitizing T. diversifolia increased significantly compared with that of seedlings without a host plant, while root biomass growth lagged, resulting in an imbalance between aboveground and belowground development.

Under different soil conditions, the growth of the host plant T. diversifolia showed highly significant differences (P<0.01). The aboveground biomass of T. diversifolia in the nutrient-rich S1H treatment group had fresh and dry weights of 142.46 ± 76.46g and 17.43 ± 8.85g, respectively, while those in the nutrient-poor S2H treatment group had fresh and dry weights of 18.61 ± 2.20g and 2.44 ± 2.87g, respectively (Figure 2A). The number of haustoria of M. oleifera parasitizing the roots of T. diversifolia also showed highly significant differences (P<0.01) across different substrates, with 26.90 ± 10.80 haustoria produced by plants subjected to the S1H treatment, but only 11.83 ± 7.18 in the S2H treatment group (Figure 2B). Further correlation analysis revealed that the aboveground biomass (fresh and dry weight) of T. diversifolia was significantly positively correlated with M. oleifera basal stem increment (P<0.05), height increment (P<0.01), leaf number increment (P<0.01), fresh and dry aboveground biomass (P<0.01), and the number of parasitic haustoria (P<0.01), but showed no correlation with its root biomass (fresh and dry weight). Additionally, the number of haustoria was highly significantly positively correlated (P<0.01) with basal stem increment, height increment, leaf number increment, and the fresh and dry aboveground biomass of M. oleifera (P<0.01) (Figure 2C). Clearly, the growth of the host plant T. diversifolia significantly promoted the aboveground biomass growth of M. oleifera, while having little effect on root growth.
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Figure 2 | Correlation between Malania oleifera seedlings and host growth. (A) Aboveground biomass of T. diversifolia (AGBT) (mean ± SD, n=30). (B) the number of M. oleifera haustoria attached to the host (NHAH) (mean ± SD, n=30). (C) AGBT, NHAH and Seedling Growth Correlations in M. oleifera (n=60). (D, E) Growth comparison of representative plant under S1N and S1H treatments (To better display the parasitic plant, some branches of the host were removed). FB, Fresh biomass; DB, Dry biomass; BSIY, Basal stem increment for a whole year; HIY, Height increment for a whole year; LNIY, Leaf number increment for a whole year; FWA, Fresh weight of aboveground biomass; DWA, Dry weight of aboveground biomass; FWR, Fresh weight of root biomass; DWR, Dry weights of root biomass; FWAT, Fresh weight of aboveground biomass of T. diversifolia; DWAT, Dry weight of aboveground biomass of T. diversifolia. *Significance at P < 0.05, **significance at P < 0.01.




3.2 Quality assessment of transcriptome sequencing data from haustoria and roots

82.2 G of raw data were obtained from transcriptome sequencing of twelve samples (Supplementary Table S1). The raw data for all twelve samples had a Q20 quality score of 98.05% and a Q30 quality score of 94.28%. The GC content of the raw reads ranged from 43.39% to 46.22%. The clean data mapping rates to the M. oleifera genome were more than 93.66%, except for sample S1H-R06 (73.56%). The haustorium and root transcriptome sequencing data with high quality and mapping ratios were used for subsequent RAN analysis. The correlation analysis of gene expression levels between biological replicates showed that the Pearson correlation coefficients were all greater than 0.89, except for the value (0.77) between sample S1N_H01 and S1N_H03 (Supplementary Table S2).




3.3 Differential gene expression in M. oleifera haustoria and roots under non-parasitic and parasitic conditions

17023 (S1N_H), 16963 (S1N_R), 16862 (S1H_H), and 16759 (S1H_R) genes (expressed in all three replicates) were expressed in the haustoria and roots of plants in the S1N and S1H treatment groups, respectively (Figure 3A). The numbers of DEGs for S1N_H vs S1H_H, S1N_R vs S1H_R, S1N_R vs S1N_H and S1H_R vs S1H_H were 1087, 1094, 1661 and 2086, respectively (Figure 3B). There were 591, 447, 681 and 1001 up-regulated DEGs between S1N_H vs S1H_H, S1N_R vs S1H_R, S1N_R vs S1N_H and S1H_R vs S1H_H, respectively, and 496, 647, 980 and 1085 down-regulated DEGs, respectively (Figure 3D). The cluster analysis demonstrated that the differences in gene expression were significant among these four treatment groups (Figure 3C).
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Figure 3 | Gene expression in haustoria and roots of Malania oleifera under different planting treatments. (A) Number of expressed genes in M. oleifera haustoria and roots. (B) Number of DEGs. (C) The DEGs cluster heat map. (D) Volcano plot of DEGs.




3.4 Functional changes in the haustoria of M. oleifera seedlings between non-parasitic and parasitic states

GO annotations and KEGG pathways analyses were used to analyze changes in haustorium function in non-parasitic and parasitic M. oleifera plants. The number of GO terms that were significantly enriched in up-regulated DEGs in the haustoria of M. oleifera plants without versus with a host (S1N_H vs S1H_H), was much higher than in down-regulated DEGs. A total of 140 GO terms were associated with up-regulated DEGs (FDR < 0.01), while only 12 GO terms were linked to down-regulated DEGs. Most GO terms for up-regulated DEGs were related to biological processes, including the regulation of hormone metabolism and biosynthesis (e.g., jasmonic acid and salicylic acid), response to ozone, antibiotic biosynthesis, and lipid metabolism and biosynthesis (Supplementary Table S3). In contrast, the down-regulated DEGs were mainly enriched in functions associated with the cell periphery, cell wall, and external encapsulating structure.

The KEGG pathways identified in the DEGs in the haustoria of M. oleifera plants without versus with a host (S1N-H vs S1H-H) were mainly associated with the biosynthesis of other secondary metabolites, signal transduction, carbohydrate metabolism, metabolism of terpenoids and polyketides, metabolism of other amino acids, lipid metabolism and energy metabolism (Figure 4C). The key functions of these identified up-regulated DEGs were enriched in the pathways of Zeatin biosynthesis, plant hormone signal transduction, carotenoid biosynthesis, photosysthesis-antenna proteins and plant-pathogen interactions (Figure 4A). The down-regulated DEGs were mainly enriched in the pathways phenylpropanoid biosynthesis, starch and sucrose metabolism, pentose and glucuronate interconversion, plant hormone signal transduction and cyanoamino acid metabolism (Figure 4B).
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Figure 4 | KEGG enrichment analysis in Malania oleifera haustoria and roots in the absence and presence of the host plant. (A) Up-regulated genes in S1N_H vs S1H_H. (B) Down-regulated genes in S1N_H vs S1H_H. (C) DEGs in S1N_H vs S1H_H. (D) Up-regulated genes in S1N_R vs S1H_R. (E) Down-regulated genes in S1N_R vs S1H_R. (F) DEGs in S1N_R vs S1H_R. S1N, nutrient-rich substrate without host; S1H, nutrient-rich substrate with host.

The results of the GO and KEGG analyses suggest that when the M. oleifera haustorium is connected to a host plant, resistance and adaptability of the hemiparasite are enhanced through regulation of hormone signaling, secondary metabolism, and activation of defense-related pathways. This regulatory mechanism involves the metabolism of various hormones (such as jasmonic acid and salicylic acid), the synthesis of secondary metabolites, protection against antioxidants, and adjustments in cell structure, enabling the plant to effectively respond to a range of biotic and abiotic stresses from the external environment.




3.5 Functional changes in the roots of M. oleifera seedlings in non-parasitic and parasitic states

GO annotations and KEGG pathways analyses were also used to analyze changes in root function between plants in non-parasitic and parasitic states. Eighty-two GO terms were associated with up-regulated DEGs (FDR < 0.01), and 42 GO terms with down-regulated DEGs (Supplementary Table S3), in M. oleifera roots under both non-parasitic and parasitic conditions (S1N_R vs S1H_R). Similar to haustorial DEGs, the GO terms related to up-regulated DEGs in roots were primarily involved in biological processes. The key functions of these up-regulated DEGs were enriched in responses to chitin, organonitrogen and oxygen-containing compounds, drug, chemical, other organisms, internal and external biotic stimuli, organic substances, stress, as well as in transcription regulator activity and DNA-binding transcription factor activity. In contrast, the down-regulated DEGs were mainly enriched in functions related to the cell periphery, cell wall, external encapsulating structure, enzymatic activity (including oxidoreductase, transferase, glucosyltransferase and quercetin glucosyltransferase), saponin metabolism and biosynthesis, responses to starvation, water and fluid transport.

The KEGG pathways for S1N-R vs S1H-R DEGs of roots were mainly associated with biosynthesis of other secondary metabolites, carbohydrate metabolism, signal transduction, energy metabolism and metabolism of terpenoids and polyketides (Figure 4F). The key functions of these up-regulated DEGs in S1N-R vs S1H-R were enriched in the pathways of photosynthesis, plant hormone signal transduction, porphyrin metabolism, the MAPK signaling pathway and thiamine metabolism (Figure 4D), and the down-regulated DEGs were mainly enriched in the pathways of phenylpropanoid biosynthesis, amino sugar and nucleotide sugar metabolism, tropane piperidine and pyridine alkaloid biosynthesis, glycosphingolipid biosynthesis (Figure 4E).

The GO and KEGG analysis data collectively indicate that the roots of M. oleifera seedlings, when associated with a host, actively participate in responses to environmental stresses, pathogen defense, biosynthesis of protective secondary metabolites, hormone-mediated signaling, and maintenance of cellular homeostasis. This highlights the complex regulatory networks in M. oleifera that balance growth, defense, and adaptation under stress conditions.




3.6 Functional comparison of the root systems of non-parasitic and parasitic M. oleifera seedlings

To investigate the impact of parasitism on the entire root system of M. oleifera seedlings, we compared the functional changes in DEGs (both in haustorial organs and roots) under non-parasitic conditions (S1N_R vs S1N_H) and parasitic conditions (S1H_R vs S1H_H). In the absence of parasitism, the DEGs between haustoria and roots (S1N_R vs S1N_H) were predominantly associated with basic metabolic and defense-related functions of the plant (Supplementary Table S4). These include processes such as cell wall biosynthesis and tissue development (e.g., GO:0005618 cell wall, GO:0009505 plant-type cell wall, GO:0071554 cell wall organization or biogenesis, GO:0099402 plant organ development, ko00940 phenylpropanoid biosynthesis, ko04075 plant hormone signal transduction), as well as hormone metabolism and fundamental responses to various stimuli under abiotic stress conditions (GO:0042445 hormone metabolic process, GO:0009725 response to hormone, GO:0010200 response to chitin, GO:0001101 response to acid chemical, GO:0050896 response to stimulus, ko04075 plant hormone signal transduction, ko00905 brassinosteroid biosynthesis, ko04016 MAPK signaling pathway), and core metabolic processes (GO:0005886 plasma membrane, GO:0006811 ion transport, ko00040 pentose and glucuronate interconversions, ko00500 starch and sucrose metabolism, ko00910 nitrogen metabolism, ko00270 cysteine and methionine metabolism, ko01040 biosynthesis of unsaturated fatty acids).

Under parasitic conditions, the DEGs between haustoria and roots (S1H_R vs. S1H_H) not only support basic growth functions but also specifically enhance defense responses and adaptation to biotic stress (Supplementary Table S5). This is achieved by regulating specific hormones (GO:0080140 regulation of jasmonic acid metabolic process, GO:0080141 regulation of jasmonic acid biosynthetic process, GO:0080142 regulation of salicylic acid biosynthetic process, GO:0010337 regulation of salicylic acid metabolic process, ko04075 plant hormone signal transduction) and by strengthening defense-related metabolic pathways (GO:0051707 response to other organisms, GO:0043207 response to external biotic stimulus, GO:0009607 response to biotic stimulus, ko00950 isoquinoline alkaloid biosynthesis, ko04626 plant-pathogen interaction) to counter insect or pathogen invasion. In summary, the root systems of M. oleifera seedlings without hosts sustains only the basic functions necessary for plant structure and growth. In contrast, in plants with a suitable host, the root systems significantly enhance the precise regulation of defense and stress responses, illustrating a more dynamic and adaptive response mechanism in plants under complex environmental conditions.




3.7 Changes of hormone content in haustoria and KEGG enrichment

We found significant differences in the hormone content of non-parasitic and parasitic M. oleifera haustoria (Supplementary Table S6). Of the 23 hormones detected in the haustoria, 6 showed significant differences (P < 0.05), while 3 displayed marginal differences (P = 0.089, P = 0.072, P = 0.061). In the parasitic haustoria, the contents of JA-Ile, JA, SAG, TZR, ICAId, ACC increased by 145.9 times, 16.3 times, 12.6 times, 5.6 times, 2.3 times and 1.3 times, respectively, while the contents of GA24, IAA and ABA decreased by 5.6 times, 4.2 times and 3.2 times, respectively. The levels of the 23 hormones detected in the haustoria showed varying degrees of correlation with the differential expression of 289 genes in the haustoria and 300 genes in the roots (Supplementary Figure S1). Metabolite pathway analysis showed that there were 15 hormones that affected KEGG pathways, with the main pathways affected being biosynthesis of plant secondary metabolites, biosynthesis of plant hormones, metabolic pathways, biosynthesis of secondary metabolites, plant hormone signal transduction, and zeatin biosynthesis (Figure 5). This suggests that during the development of M. oleifera, the hormone levels in haustoria parasitizing host plants undergo significant changes. These hormonal fluctuations influence various metabolic processes in the M. oleifera, ultimately impacting its growth.
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Figure 5 | KEGG metabolic compound molecular network diagram.




3.8 Validation of DEGs using qRT-PCR

To ensure the accuracy and reliability of the sequencing data under both non-parasitic and parasitic growth conditions, we selected 16 differentially expressed genes (DEGs), including 6 related to haustoria, 7 related to roots, and 3 shared by both tissues, for expression validation through quantitative real-time PCR (qRT-PCR). As shown in Figure 6, the qRT-PCR and RNA-Seq results were consistent. These verified genes involve abscisic acid receptor PYL9 (LOC131166841), auxin response factor (LOC131165241), transcription factor MYC2-like (LOC131163893), WRKY transcription factor WRKY24-like (LOC131147577), protein TIFY 9 (LOC131144836), two-component response regulator (LOC131164606), WRKY transcription factor (LOC131166883), and calmodulin-like protein (LOC131158404), which are closely related to the changes in the main physiological activities of M. oleifera under parasitic conditions.
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Figure 6 | Comparison of the expressions levels of DEGs determined with RNA-Seq and qRT-PCR (Expression of the target DEGs was normalized to that of the β-actin gene). (A) Verification of DEGs in M. oleifera haustoria. (B) Verification of DEGs in M. oleifera roots.





4 Discussion



4.1 The impact of the host on the growth of M. oleifera seedlings

In the early stages of growth, root hemiparasitic plants can maintain a normal growth period for some time by absorbing nutrients stored in their seeds or by directly absorbing nutrients from the soil (Musselman, 1969; Seel et al., 1993; Těšitel et al., 2010; Li et al., 2013). M. oleifera seeds are relatively large, with a diameter of 2–5 cm, and are rich in oils (Wang et al., 2021), and after germination, these abundant nutrients are transferred to the seedling. Due to this nutrient reserve, seedlings grow vigorously in their first year, after which growth gradually weakens until it eventually stagnates. During this process, the concentrations of N, P, and K in most plant tissues, along with starch granule content, progressively decrease. Some individuals with weakened growth can survive for more than three years (Chen et al., 2024). Our study shows that M. oleifera seedlings grown in nutrient-rich substrate without a host (S1N treament) does not exhibit significant differences in increments of basal stem diameter, height, or leaf number compared to plants grown in nutrient-poor substrate (S2N treatment) (P > 0.05). This suggests that favorable soil conditions alone have limited effects on the growth of M. oleifera. In the presence of a host, however, M. oleifera growth is significantly promoted. Plants cultivated under the S1H treatment (nutrient rich substrate and in the presence of a host) show highly significant differences in basal stem diameter, height, and leaf number compared to the other three treatments (P < 0.001). When a host is present, nutrient-poor substrates (S2H treatment) promote M. oleifera seedling growth more effectively than do nutrient-rich substrates in the absence of a host (S1N treatment). The two experimental substrates (Substrate I: soil + organic fertilizer; Substrate II: fine sand + perlite) differed significantly not only in nutrient content, but also potentially in texture, water-holding capacity, microbiota, and possibly other aspects. However, despite these substantial variations in edaphic properties, the growth parameters of M. oleifera seedlings cultivated without host plants showed no statistically significant differences between the two substrates (P>0.05 for S1N vs S2N treatments). This suggests that soil conditions alone have a limited impact on seedling development. Instead, these findings further emphasize the critical role of a host plant in promoting the normal growth of M. oleifera seedlings.

Faster-growing host plants are known to more effectively promote the growth of parasitic plants than slow-growing hosts (Hautier et al., 2010). In our study, the growth of M. oleifera seedlings was closely connected to the growth of the host plant. The aboveground biomass (fresh and dry weight) of the host T. diversifolia was highly significantly correlated with the height increase, leaf number, and aboveground biomass (fresh and dry weight) of M. oleifera seedlings (P < 0.01) and significantly correlated with basal stem diameter increase (P < 0.05; Figure 2C). This indicates that the rapid growth of T. diversifolia effectively promoted the rapid growth of M. oleifera. Sufficient nutrient acquisition from the host is essential to ensure the rapid growth of the parasitic plant. Previous studies have used tree seedlings of the species Pinus armandii, Pistacia weinmannifolia, and Alnus ferdinandi-coburgii, as well as herbaceous plants including Solanum tuberosum, Chlorophytum comosum, and Artemisia argyi, as host plants for M. oleifera seedlings, but none of these hosts significantly enhanced the growth of M. oleifera seedlings (Li Q. et al., 2019; Xiong et al., 2024). This may be due to the relatively slow growth rate of these hosts, which limits their ability to rapidly promote M. oleifera seedling growth. Furthermore, because parasitic plants draw nutrients and water from their host, they can also weaken the growth of the host and can even lead to host death (ArunKumar et al., 2022). Although root hemiparasitic plants are not highly specific in host selection, an ideal host should exhibit fast growth and strong adaptability. Given its rapid growth, tolerance to poor soils, and resilience, T. diversifolia appears to meet these criteria, which likely explains the significant growth improvement observed in parasitic M. oleifera in this study (S1H treatment).

The host plant used in our experiments, T. diversifolia, has a significantly greater effect on the aboveground growth of M. oleifera than on its root growth. When comparing the S1N and S1H treatments, the differences in aboveground biomass (fresh and dry weight) of the M. oleifera seedlings were extremely significant (P < 0.001), while the differences in root biomass were not significant (P > 0.05; Figures 1D, E). Moreover, the aboveground biomass of T. diversifolia (both fresh and dry weight) was not correlated with the root biomass of M. oleifera (P > 0.05; Figure 2C). This means that the growth of the above- and belowground parts of M. oleifera seedlings in a parasitic state is unbalanced. This uneven growth prevents M. oleifera from rapidly developing a large root system, which would enable it to obtain more water and nutrients, as well as from quickly establishing other parasitic connections with other potential host plants, and therefore leads to the seedlings being extremely vulnerable. If the host plant weakens or dies due to parasitism, the M. oleifera will likewise weaken or die. In our previous field studies, we found that M. oleifera seedlings that initially exhibited good growth often later experienced stagnation or even death, likely due to this unbalanced growth (Personal communication).




4.2 The role of haustoria and roots in supporting the growth of M. oleifera under parasitic conditions

Haustoria are specialized structures in parasitic plants that form a physiological bridge with the host, penetrating its tissues and creating a vascular connection to absorb water, nutrients, RNA, proteins, and hormones (Kokla et al., 2022; Shen et al., 2023). The physiology of the haustoria varies significantly before and after the establishment of the parasite-host association (Chen et al., 2021). Biological processes in M. oleifera haustoria were significantly enhanced after establishment of the parasite-host association, and of the top 30 GO terms enriched in up-regulated genes, 29 were related to biological processes. (Supplementary Table S3). GO terms enrichment and KEGG pathway analysis of haustoria up-regulated genes (S1N_H vs S1H_H) revealed that the haustoria exhibited enhanced hormone signaling and photosynthesis regulation, responses to pathogens and environmental stresses, secondary metabolism, antioxidant defense, and metabolic pathway regulation. This indicates that the plants are actively adapting to both internal and external growth environments, optimizing their basal metabolism, and strengthening their defense mechanisms and adaptability. Overall, these gene enrichments reflect the plant’s ability to coordinate multiple metabolic pathways and signal transduction mechanisms to maintain survival and adaptability under various stresses.

GO term annotations and KEGG pathway analyses indicated that, following the establishment of M. oleifera-host associations, the physiology of the roots was also enhanced in response to biotic and abiotic stresses, as well as in photosynthetic activity, energy production, and secondary metabolism. Additionally, the capacities for basic metabolism and material conversion were improved, including the metabolism of nitrogenous compounds, carbohydrates, and lipids. This indicates that the overall ability of M. oleifera to adapt to its environment, utilize nutrients, synthesize essential compounds, and maintain vital functions significantly increased following establishment of the association with the host plant. Such enhancements are crucial for the plant’s growth, development, and resilience to environmental stress.

The hormone levels in the haustoria of M. oleifera seedlings attached to a host exhibited significant changes, with 13 of the top 30 most enriched GO annotations (S1N-H vs. S1H-H) for up-regulated genes linked to hormone-related physiological activities. Such significant fluctuations in hormone levels within the haustoria upon attaching to the host have been observed in various hemiparasitic plants (Ashapkin et al., 2023). For example, following contact with the host, the expression levels of genes involved in the synthesis and regulation of hormones such as IAA, cytokinins, GAs, ABA, ACC, and JA changed significantly in the haustoria of the root hemiparasite Santalum album (Zhang et al., 2015). Our research further confirmed that the levels of these plant hormones in the haustoria of M. oleifera exhibited significant increases or decreases following host attachment. Changes in these plant hormones regulate a variety of physiological activities, including the biosynthesis of secondary metabolites, metabolic pathways, plant hormone biosynthesis, hormone signal transduction, zeatin biosynthesis, tryptophan metabolism, circadian entrainment, and more (Figure 5). In root hemiparasitic plants like M. oleifera, the regulatory effects of plant hormones play a crucial role in plant development after the haustoria establish a connection with the host. Although our study did not measure the changes in hormone content in M. oleifera roots following parasitism, we can infer from the transcriptome data that the hormones in the roots will coordinate with those in the haustoria to regulate plant growth.

During the process of establishing a parasitic relationship between a hemiparasitic plant and its host, the spatiotemporal expression of genes, accumulation of proteins, changes in hormone levels, and the development of the haustorium are all regulated in a coordinated manner. In the process of seed germination and parasitism establishment by Psittacanthus schiedeanus on host branches, the expression levels of genes from different categories exhibit a regular and continuous upregulation or downregulation (Ibarra-Laclette et al., 2022). Similarly, during the infection of mesquite by P. calyculatus, the activity of cell wall-degrading enzymes shows stage-specific patterns: cellulase and β-1,4-glucosidase play a dominant role during haustorium development, while xylanase, endo-1,4-β-glucanase, and protease are significantly activated during the haustorium penetration and vascular connection stages; Plant hormones, such as auxins and cytokinins, exhibit spatial concentration gradients and are directly involved in the regulation of haustorium development (Aguilar-Venegas et al., 2023). This study primarily monitored the overall growth of the plant and did not specifically observe the stages of haustorium development. Consequently, the current transcriptomic sequencing and hormone content data reflect a composite of the entire haustorium development process, which may dilute the gene expression characteristics and hormone dynamic changes specific to certain developmental stages. However, the gene expression patterns and hormone regulatory networks that consistently promote plant growth should remain relatively stable throughout the monitoring period. The significant upregulation and downregulation of genes in the haustorium and roots of S1H-treated plants (Supplementary Table S7) reflect the overall changes occurring in the root system after parasitism.




4.3 Cultivation of M. oleifera

Due to the unique challenges of cultivating parasitic plants, they are rarely grown or introduced through artificial means (Thorogood et al., 2022). However, many parasitic plants have significant and unique economic value, and cultivating these plants for sustainable use remains a challenge in plant cultivation technology (Pignone and Hammer, 2016). It took 150 years of research into Santalum album, a representative root hemiparasitic tree, to uncover its host preferences, parasitic growth patterns, haustorial physiological characteristics, and host adaptations to parasitism (ArunKumar et al., 2022). Over more than 40 years of artificial cultivation, the habits of M. oleifera have gradually become understood, particularly after the discovery of its semi-parasitic root characteristics. However, despite its significant economic value, sophisticated and effective cultivation practices are still lacking.

To advance the development of M. oleifera cultivation techniques, we propose four key measures based on our research, our prior cultivation experience, and other studies on root semi-parasitic plants (1) After planting, M. oleifera should be able to quickly establishe a parasitic relationship with the host plant, ensuring that the seedlings acquire the necessary nutrients for early growth. Our study reveals a significant positive correlation between the growth of M. oleifera and the number of haustoria attached to the host roots. Other studies have shown that, as nutrient reserves in the roots of M. oleifera seedlings gradually deplete over the first growing season (Chen et al., 2024), the seedlings’ ability to establish parasitic relationships with other potential host plants also declines. When artificially selecting host plants, it is essential to consider not only the plant species (Matthies, 2017) but also its age (Moncalvillo and Matthies, 2023) and proximity (Thyroff et al., 2023) to M. oleifera. (2) The host plant should demonstrate strong environmental adaptability and have minimal growth requirements, ensuring its robust development and creating favorable conditions for the parasitism of M. oleifera. This is because the parasitic plant consumes a significant amount of the host plant’s water and nutrients. Strong adaptability of the host plant to adverse conditions ensures its normal growth while providing suitable conditions for the parasitic plant (Press et al., 1998; Zhang et al., 2023). In our cultivation of M. oleifera, we observed that during drought stress, the host plant wilts and eventually dies, subsequently threatening the survival of M. oleifera. (3) The host plant should grow rapidly, be vigorous, and be relatively larger than the parasitic plant, thereby providing sufficient nutrients to support the parasitism of M. oleifera. Our research shows that the aboveground biomass of M. oleifera is significantly and positively correlated (P<0.01) with that of T. diversifolia, and this relationship has been confirmed in other studies as well (Hautier et al., 2010; Matthies, 2017). (4) The host plant should be resilient to top pruning, which can promote the growth of M. oleifera by artificially adjusting the distribution of light and nutrients between it and the host plant. The rapid growth of host plants can enhance the growth of parasitic plants; however, excessive growth may block light and deplete nutrients. This contradiction can be managed by artificially pruning the tops of the host plants.





5 Conclusions

The efficiency of M. oleifera seedlings in directly absorbing nutrients from the soil is quite low, making it difficult for the plants to grow normally without a host. There is a significant positive correlation between the aboveground biomass of M. oleifera seedlings and the biomass of the host plant, indicating that, in order to effectively promote their own growth, M. oleifera seedlings must establish a parasitic relationship with a rapidly growing host larger than themselves. Once the seedlings establish a parasitic relationship with the appropriate host, the host plant promotes the growth rate of the aboveground parts of M. oleifera seedlings significantly more their belowground parts. This leads to an imbalance in growth between the aboveground and belowground parts of M. oleifera, which poses potential a risk to the survival of the hemiparasite if the host weakens or dies.

Transcriptome analysis revealed that parasitism induces significant changes in haustorial physiology, with up-regulated genes predominantly linked to hormone metabolism, stress responses, antibiotic biosynthesis, and lipid metabolism. These changes suggest an active metabolic response to support nutrient acquisition and defense. The hormone levels in haustoria parasitizing other host plant species undergo significant changes, influencing various metabolic processes in M. oleifera and ultimately impacting its growth. Moreover, the physiological activity of the roots undergoes significant changes following the establishment of the M. oleifera-host association, with a marked enhancement in the hemiparasite’s response to biotic and abiotic stresses, as well as improvements in basic metabolic processes. These changes suggest that host attachment strengthened the overall adaptability, nutrient synthesis, and stress resilience in M. oleifera, all of which are crucial for its growth, development, and survival. M. oleifera seedlings only transform from slow-growing plants into fully developed adults with normal physiological functions after establishing a parasitic relationship with a suitable host.
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SNP ‘ Linkage group Position ‘ p-Value Model ‘ Location
Calpos24610010.1 1 24610010 7.50E-05 MLM 3and 4
Ca2pos1198412.1 2 1198412 1.35E-05 MLM 3and 4
Ca2pos8664225.1 2 8664225 8.93E-05 MLM 3and 4
Ca3pos12432325.1 3 12432325 8.59E-05 MLM 3and 4
Ca3pos30297117.1 3 30297117 7.05E-05 MLM 3and 4
Ca6pos16026122.1 6 16026122 8.45E-05 MLM 3and 4
Ca6pos41345425.1 6 41345425 9.11E-05 MLM 3and 4
Ca6pos41972856.1 6 41972856 7.30E-05 MLM 3and 4
Ca6pos41972896.1 6 41972896 8.50E-06 MLM 3and 4
Ca6pos48048350.1 6 48048350 8.38E-05 MLM 3and 4
Ca7pos13030083.1 7 13030083 5.33E-05 MLM 3and 4
Ca7pos19732025.1 7 19732025 3.66-05 MLM 3and 4
Ca7pos38107103.1 7 38107103 4.55E-05 MLM 3and 4
Ca7pos43994019.1 7 43994019 9.52E-05 MLM 3and 4

SNP Chromosome Position p-Value Model Location
Calpos29737724.1 1 29737724 1.55E-05 3and 4

Calpos29737735.1 1 29737735 1.83E-05 3and 4

Ca3posd33121.1 3 433121 0.00010207 Z[‘?::;gi 3and 4 ‘
Ca3pos10956124.1 3 10956124 0.00011024 3and 4 ‘
Ca3pos13147329.1 3 13147329 3.76E-05 3and 4 ‘
Ca5pos29910669.1 5 29910669 7.19E-05 3and 4

Ca5p0s29910672.1 5 29910672 1.21E-05 3and 4

Cabpos32512792.1 6 32512792 6.62E-05 3and 4

Ca6pos34164845.1 6 34164845 6.28E-05 3and 4

Cab6pos49267149.1 6 49267149 6.13E-05 3and 4

Ca6pos56003699.1 6 56003699 9.10E-05 3and 4

Ca6pos58002384.1 6 58002384 2.65E-07 3and 4

Ca7pos30208448.1 7 30208448 9.94E-05 3and 4

Ca7pos37819116.1 7 37819116 2.06E-05 3and 4

Plant height

SNP Chromosome Position p-Value Model Location
Calpos27773061.1 1 27773061 8.25E-05 MLM and FarmCPU 3and 4
Ca2pos20166203.1 2 20166203 9.11E-05 MLM and FarmCPU 3and 4
Ca3pos2766368.1 3 2766368 6.92E-05 MLM 3and 4
Cadpos8732683.1 4 8732683 7.41E-05 MLM 3and 4
Ca4pos8818268.1 4 8818268 2.51E-05 MLM and FarmCPU 3and 4
Ca4pos9195726.1 4 9195726 2.20E-05 MLM and FarmCPU 3and 4
Cadpos35809754.1 4 35809754 6.44E-05 MLM 3and 4
Ca5pos1941712.1 5 1941712 6.74E-05 MLM 3and 4
Ca5pos5415849.1 5 5415849 3.72E-05 MLM 3and 4
Cabpos42565470.1 6 42565470 5.02E-05 MLM 3and 4
Cabpos47675915.1 6 47675915 1.36E-05 MLM 3and 4
Cabpos47675923.1 6 47675923 3.74E-05 MLM and FarmCPU 3and 4
Ca6p0s52464995.1 6 52464995 5.38E-05 MLM and FarmCPU 3and 4
Ca7pos30981168.1 7 30981168 9.33E-05 MLM 3and 4
Ca7pos40493709.1 7 40493709 4.56E-05 MLM and FarmCPU 3and 4
SFW
Calpos3076296.1 1 3076296 2.81E-05 MLM 3and 4
Calpos3105289.1 1 3105289 4.73E-05 MLM 3and 4
Calpos37122468.1 1 37122468 2.91E-05 MLM 3and 4
Calpos39647846.1 1 39647846 1.54E-05 MLM 3and 4
Ca2p0s28823139.1 2 28823139 4.73E-05 MLM 3and 4
Ca3pos19707707.1 3 19707707 3.93E-05 MLM 3and 4
Ca3pos25805689.1 3 25805689 6.09E-05 MLM 3and 4
Ca3p0s25805690.1 3 ‘ 25805690 6.09E-05 MLM 3and 4
Ca4pos32772485.1 4 ‘ 32772485 2.04E-05 MLM 3and 4
‘ Ca5pos33032029.1 5 33032029 3.79E-05 MLM 3and 4 ‘
‘ Ca5pos41523197.1 5 41523197 6.74E-05 MLM 3and 4 ‘
Ca5pos42012947.1 5 42012947 3.52E-05 MLM 3and 4
Ca5pos42074441.1 5 42074441 1.16E-05 MLM 3and 4
Ca5pos42272729.1 5 42272729 2.09E-05 MLM 3and 4
Cabpos14512673.1 6 14512673 2.23E-05 MLM 3and 4
Ca6pos27009414.1 6 27009414 5.12E-05 BLINK and FarmCPU 3and 4
Ca7pos15917660.1 7 15917660 2.39E-05 BLINK and FarmCPU 3and 4
Ca7pos30666345.1 7 30666345 2.04E-05 BLINK and FarmCPU 3and 4
Ca8p0s12985289.1 8 12985289 4.32E-05 BLINK and FarmCPU 3and 4
NOS
Calpos8737037.1 1 8737037 1.46E-05 BLINK and FarmCPU land 3
Calpos8820515.1 1 8820515 4.41E-05 BLINK and FarmCPU land 3
Calpos14062422.1 1 14062422 3.50E-06 BLINK and FarmCPU land 3
Calpos14070458.1 1 14070458 5.92E-06 BLINK and FarmCPU land 3
Calpos46718466.1 1 46718466 3.87E-05 BLINK and FarmCPU land 3
Ca2pos11422406.1 2 11422406 2.13E-05 BLINK, FarmCPU, land 3
and MLM
Ca2pos11422414.1 2 11422414 3.55E-05 BLINK, FarmCPU, land 3
and MLM
Ca3pos3042321.1 3 3042321 3.86E-05 BLINK and FarmCPU land 3
Ca3pos39844991.1 3 39844991 9.40E-06 BLINK and FarmCPU land 3
Ca3pos39885397.1 3 39885397 1.26E-05 BLINK and FarmCPU land 3
Cadpos19410981.1 4 19410981 8.00E-06 BLINK and FarmCPU land 3
Ca5pos3834038.1 5 3834038 7.49E-06 BLINK and FarmCPU land 3
Ca5p0s46549190.1 5 46549190 8.46E-06 BLINK, FarmCPU, land 3
and MLM
Ca6pos24093514.1 6 24093514 2.61E-05 BLINK and FarmCPU land 3
Ca6pos28350598.1 6 28350598 3.44E-05 BLINK and FarmCPU land 3
Cabpos53644742.1 6 53644742 3.20E-05 BLINK and FarmCPU land 3
Ca7p0s27650319.1 7 27650319 4.45E-05 BLINK, FarmCPU, land 3
and MLM
Ca7pos47164247.1 7 47164247 1.35E-05 BLINK and FarmCPU land 3
Ca8pos13311157.1 8 13311157 1.15E-05 BLINK and FarmCPU land 3

SNP, single-nucleotide polymorphism; DFE, days to 50% flowering; SFW, stem fresh weight (g); NOS, number of seeds per plant.
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SNP romosome Positi Locati Traits
1 Calpos34151789.1 1 34151789 6.68E-05 3and 4 RFW and RDW
filtering criteria
2 Cabpos38012786.1 6 38012786 4.43E-05 3and 4 RFW and RDW
3 Ca7pos19898936.1 7 19898936 6.01E-05 3and 4 RFW and RDW
4 Ca7pos22479713.1 7 22479713 3.20E-06 3and 4 RFW and RDW
5 Calpos2169207.1 1 2474918 1.23E-06 3and 4 SFW and SDW
6 Calpos2474918.1 1 40820287 1.69E-06 3and 4 SFW and SDW
7 Calpos40820287.1 1 37940720 3.46E-06 3and 4 SFW and SDW
8 Ca3po0s37940720.1 3 37990876 9.19E-06 3and 4 SFW and SDW
9 Ca3pos37990876.1 3 38008999 5.25E-06 3and 4 SFW and SDW
10 Ca3pos38057183.1 3 38057193 1.85E-06 3and 4 SFW and SDW
11 Ca3pos38057193.1 3 38057228 7.16E-06 3and 4 SFW and SDW
12 Ca3pos38057228.1 3 38063432 8.30E-06 3and 4 SFW and SDW
13 Ca3pos38063432.1 3 38063441 4.21E-06 3and 4 SFW and SDW
14 Ca3pos38063441.1 3 38068021 7.06E-06 3and 4 SFW and SDW
15 Ca3pos38068021.1 3 38080272 4.01E-06 3and 4 SFW and SDW
16 Ca3pos38080272.1 3 38100180 2.29E-06 3and 4 SFW and SDW
17 Ca3pos38100180.1 3 38100212 5.60E-06 3and 4 SFW and SDW
18 Ca3pos38100212.1 3 38106616 7.44E-06 1,3, and 4 SFW and SDW
19 Ca3pos38106616.1 3 38114728 7.45E-07 1,3,and 4 SFW and SDW
20 Ca3pos38114728.1 3 6667809 8.90E-06 1,3,and 4 SFW and SDW
21 Ca7pos6667809.1 7 46119789 4.42E-06 1,3, and 4 SFW and SDW
22 Calpos8737036.1 1 8737036 1.46E-05 1and 3 NSP and NPP
23 Calpos8737037.1 1 8737037 1.46E-05 1and 3 NSP and NPP
24 Calpos8820515.1 1 8820515 4.41E-05 1and 3 NSP and NPP
25 Calpos14062422.1 1 14062422 3.50E-06 1and 3 NSP and NPP
26 Calpos14070458.1 1 14070458 5.92E-06 1and 3 NSP and NPP
27 Calpos46718466.1 1 46718466 3.87E-05 1and 3 NSP and NPP
28 Ca2pos11422406.1 2 11422406 2.13E-05 1,2,and 4 NSP and NPP
29 Ca2pos11422414.1 2 11422414 3.55E-05 1,2,and 4 NSP and NPP
30 Ca3pos3042321.1 3 3042321 3.86E-05 1,2,and 4 NSP and NPP
31 Ca3pos39844991.1 3 39844991 9.40E-06 1,2,and 4 NSP and NPP
32 Ca3pos39885397.1 3 39885397 1.26E-05 1,2,and 4 NSP and NPP
33 Cadpos19410981.1 4 19410981 8.00E-06 1,2,and 4 NSP and NPP
34 Ca5pos3834038.1 5 3834038 7.49E-06 1,2, and 4 NSP and NPP
35 Ca5pos46549190.1 5 46549190 8.46E-06 1,2,and 4 NSP and NPP
36 Cabpos24093514.1 6 24093514 2.61E-05 3and 4 NSP and NPP
37 Ca6pos28350598.1 6 28350598 3.44E-05 3and 4 NSP and NPP
38 Ca6pos53644742.1 6 53644742 3.20E-05 3and 4 NSP and NPP
39 Ca7po0s27650319.1 7 27650319 4.45E-05 3and 4 NSP and NPP
40 Ca7posd7164247.1 7 47164247 1.35E-05 3and 4 NSP and NPP
41 Ca8pos13311157.1 8 13311157 1.15E-05 3and 4 NSP and NPP
SNP Chromosome Position p-Value Location Traits
1 Calpos34151789.1 1 34151789 6.68E-05 3and 4 RFW and RDW
2 Ca6pos38012786.1 6 38012786 4.43E-05 3and 4 RFW and RDW
3 Ca7pos19898936.1 7 19898936 6.01E-05 3and 4 RFW and RDW
4 Ca7pos22479713.1 7 22479713 3.20E-06 3and 4 RFW and RDW
5 Calpos2169207.1 1 2474918 1.23E-06 3and 4 SFW and SDW
6 Calpos2474918.1 1 40820287 1.69E-06 3and 4 SFW and SDW
7 Calpos40820287.1 1 37940720 3.46E-06 3and 4 SFW and SDW
8 Ca3pos37940720.1 3 37990876 9.19E-06 3and 4 SFW and SDW
9 Ca3pos37990876.1 3 38008999 5.25E-06 3and 4 SFW and SDW
10 Ca3pos38057183.1 3 38057193 1.85E-06 3and 4 SFW and SDW
11 Ca3pos38057193.1 3 38057228 7.16E-06 3and 4 SFW and SDW
12 Ca3pos38057228.1 3 38063432 8.30E-06 3and 4 SFW and SDW
13 Ca3pos38063432.1 3 38063441 4.21E-06 3and 4 SFW and SDW
14 Ca3pos38063441.1 3 38068021 7.06E-06 3and 4 SFW and SDW
15 Ca3pos38068021.1 3 38080272 4.01E-06 3and 4 SFW and SDW
16 Ca3pos38080272.1 3 38100180 2.29E-06 3and 4 SFW and SDW
17 Ca3pos38100180.1 3 38100212 5.60E-06 3and 4 SFW and SDW
18 Ca3pos38100212.1 3 38106616 7.44E-06 1,3, and 4 SFW and SDW
19 Ca3pos38106616.1 3 38114728 7.45E-07 1,3,and 4 SFW and SDW
20 Ca3pos38114728.1 8 6667809 8.90E-06 1,3,and 4 SFW and SDW
21 Ca7pos6667809.1 7 46119789 4.42E-06 1,3,and 4 SFW and SDW
22 Calpos8737036.1 1 8737036 1.46E-05 1and 3 NSP and NPP
23 Calpos8737037.1 1 8737037 1.46E-05 1and 3 NSP and NPP
24 Calpos8820515.1 1 8820515 4.41E-05 1and 3 NSP and NPP
25 Calpos14062422.1 1 14062422 3.50E-06 1and 3 NSP and NPP
26 Calpos14070458.1 1 14070458 5.92E-06 1and 3 NSP and NPP
27 Calpos46718466.1 1 46718466 3.87E-05 1and 3 NSP and NPP
28 Ca2pos11422406.1 2 11422406 2.13E-05 1,2 and 4 NSP and NPP
29 Ca2pos11422414.1 2 11422414 3.55E-05 1,2 and 4 NSP and NPP
30 Ca3pos3042321.1 3 3042321 3.86E-05 1,2 and 4 NSP and NPP
31 Ca3pos39844991.1 3 39844991 9.40E-06 1,2and 4 NSP and NPP
32 Ca3pos39885397.1 3 39885397 1.26E-05 1,2 and 4 NSP and NPP
33 Cadpos19410981.1 4 19410981 8.00E-06 1,2 and 4 NSP and NPP
34 Ca5pos3834038.1 5 3834038 7.49E-06 1,2 and 4 NSP and NPP
35 Ca5pos46549190.1 5 46549190 8.46E-06 1,2 and 4 NSP and NPP
36 Ca6pos24093514.1 6 24093514 2.61E-05 3and 4 NSP and NPP
37 Ca6pos28350598.1 6 28350598 3.44E-05 3and 4 NSP and NPP
38 Ca6pos53644742.1 6 53644742 3.20E-05 3and 4 NSP and NPP
39 Ca7pos27650319.1 v 27650319 4.45E-05 3and 4 NSP and NPP
40 Ca7posd7164247.1 7 47164247 1.35E-05 3and 4 NSP and NPP
41 Ca8pos13311157.1 8 13311157 1.15E-05 3and 4 NSP and NPP

SNP, single-nucleotide polymorphism; REW, root fresh weight (g) RDW, root dry weight (g); SEW, stem fresh weight (g); SDW, stem dry weight (g).
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The list of all the identified markers along with chromosome location, PVE, and position of
the markers are given in Supplementary Tables 2-11, and Manhattan plots are given in
Supplementary Figures 1-10.

DFF, days to 50% flowering; PH, plant height (cm); PB, primary branches; SB, secondary
branches; NOP, number of pods per plant; NOS, number of seeds per plant; Yield, yield per
plant (g); NON, number of nodules per plant; NFW, nodule fresh weight (g); RFW, root fresh
weight (g); RDW, root dry weight (g); SEW, stem fresh weight (g); SDW, stem dry weight (g);
SNP, single-nucleotide polymorphism.
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Sample Treatme! Number of plants Clubroot incidence (%) Disease severity index
C36C Control 63 = =
H62C Control 63 - -
H62RC Control 63 - -
MenhC Control 63 - -
C36T P. brassicae-treated 63 905+ 78a 741%33a
H62T P. brassicae-treated 63 794+ 60a 614 +64b
| H62RT P. brassicae-treated 63 39.7+98b 201 +65¢
MenhT P. brassicae-treated 63 286+ 117 b 11.1+£39¢

Different letters (a,b,c) represent significant differences among the treatments (Tukey test. P < 005, n = 3).
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Chuanyou36 (C36) 2011 China l No = ‘ Tlong et 6l 2011
‘ Huayouza62 (H62) 2011 China ‘ No ‘ -
Huayouza62R (H62R) 2021 China 7" CRb ‘ Li et al., 2021
North German plant
Menhir 2015 Germany Unknown breeding

Hans-Georg Lembke KG
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Range

Minimum

Maximum

Protein % 8.50 12.35 10.35 0.89 8.61
TWt 66.50 78.00 73.95 2.00 2.70
GA Score 4.00 6.00 541 0.30 551
PR Score 2.20 5.50 325 0.42 12.82
SDSS 29.00 50.00 40.03 4.46 11.15
Value

GH 7.70 12.00 9.60 | 0.97 10.06

Standard deviation (SD), Coefficient of variance (CV%); Grain Appearance Score (GA Score),
Grain Hardness (GH), Phenol Reaction Score (PR Score), Protein Percentage (Protein %),
SDS Sedimentation Value (SDSS Value), Test Weight (TWt).
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Loc Traits H?> GVar | RVar GMean LSD CV

LDH @ DTHD 0.83 6.53 2.63 102.11 3.02 1.59
DAYSMT | 0.68 149 7 4.77 146.80 2.70 149
PH 0.40 2.51 513 93.28 2.18 2.37
TKW 0.82 12.18 5.18 39.41 4.13 578
GRYLD 0.69 0.40 0.37 6.25 1.00 9.68
JBP DTHD 0.91 9.70 2.01 75.44 2.77 1.88
DAYSMT | 0.62 3.75 4.67 118.39 3.39 1.83
PH 0.47 5.12 11.62 100.18 4.61 3.40
TKW ' 0.74 10.52 7.49 ' 46.40 l 4.68 5.90
GRYLD 0.60 0.13 0.17 713 0.65 5.86

Lo, location; Env, Environment; H2, heritability; G Var, genotypic variance; R Var, residual
variance; LSD, least significant difference; CV, critical variance; LDH, Ludhiana; JBP, Jabalpur.
DTHD, days to heading; DAYSMT, days to maturity; GRYLD, grain yield; TGW, thousand-
grain weight.
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Position

Add effect
(Mb)

S4A_84900641 4A cIT 84.901 8.87E-04 076 10
DAYSMT_L S$4B_664526264 4B G/A 664.526 6.20E-04 -0.45 11

S5A_470192586 5A TIG 470.193 7.63E-04 0.38 10

$4D_456260804 4D CIG 456.261 6.23E-05 114 14
DTHD_L

S4D_457212141 4D crr 457212 8.54E-05 113 14

SI1A_27512785 1A G/A 27513 9.09E-05 023 13
GRYLD_L

S4D_75146074 4D crr 75.146 7.72E-05 055 14

S2B_49523499 2B CIA 19.523 7.07E-04 -0.17 11

$2D_69502623 2D T/C 69.503 7.81E-04 -0.14 11
PH_L S$2D_67201447 2D T/IG 67.201 7.85E-04 -0.14 11

S7B_684596722 7B T/IC 684.597 8.40E-04 027 10

SUN_32203753 UN AT 32204 1.05E-04 0.04 14

S2B_565059870 2B T/C 565.06 1.70E-04 091 13

S3B_739166411 3B CIT 739.166 4.87E-04 033 11

S5B_383209462 5B A/G 383.209 9.60E-04 L11 10

S7A_52015267 7A C/IT 52.015 7.73E-04 -0.25 11
TKW_L

S7D_450126108 7D G/A 450.126 1.12E-04 -1.49 14

S7D_566354436 7D T/IG 566.354 5.79E-04 -1.93 11

S7D_365824018 7D AIG 365.824 8.77E-04 168 10

S7D_476139586 7D c/T 476.14 9.28E-04 241 10

DTHD, days to heading; DAYSMT, days to maturity; GRYLD, grain yield; TKW, thousand-kernel weight; PVE, percent variance explained.





OPS/images/fpls.2024.1419227/table5.jpg
Position add_effect

(Mb)
DAYSMT_J S3A_1395864 3A CIT 14 6.30E-04 0.67 11
S3D_553430673 3D C/A 553.43 4.63E-04 0.64 11
S7A_652922600 7A C/G 652.92 1.41E-04 0.61 13
SUN_37992374 UN Cc/T 37.99 7.97E-04 -1.16 10
DTHD_J S1B_511789038 1B C/T 511.79 3.30E-05 -0.38 15
S4B_525119244 4B G/A 525.12 8.35E-05 0.99 14
SUN_37992374 UN cT 37.99 7.65E-05 -248 14
GRYLD_J S1A_10214692 1A T/IA 10.21 1.42E-04 0.04 13
S1A_3613616 1A T/C 3.61 6.04E-04 0.02 11
S1B_460449239 1B G/A 460.45 6.39E-04 0.01 11
S3A_531631224 3A C/IT 531.63 4.48E-04 0.09 11
S3B_584821928 3B G/IT 584.82 9.19E-04 0.08 10
S4B_648759658 4B AIG 648.76 4.95E-04 0.05 11
S5A_556823005 5A G/A 556.82 2.50E-04 -0.23 12
S5A_564814316 5A A/G 564.81 9.41E-04 0.11 10
S5A_564557123 5A T/C 564.56 9.41E-04 -0.15 10
S7A_588008821 7A AIG 588.01 4.84E-04 -0.04 11
S7B_707946706 7B G/A 707.95 [ 6.58E-04 0.17 I 11
PH_J S1A_517587620 1A G/T 517.59 7.44E-08 021 26
S2A_458243706 2A G/A 458.24 9.68E-08 -0.19 26
S2A_590357439 2A C/T 590.36 1.14E-07 -0.11 25
S2A_276745579 2A C/IT 276.75 1.20E-07 0.05 25
S2A_260549730 2A A/G 260.55 1.21E-07 0.02 25
S3D_18502122 3D T/C 185 3.34E-08 0.62 27
$4D_488665508 4D A/C 488.67 7.76E-06 -0.25 18
S6A_493375057 6A C/A 493.38 8.32E-06 -2.46 18
S6B_676001811 6B A/G 676 1.10E-07 0.12 25
S6D_454988874 6D AIG 454.99 1.19E-07 4.65 25
TKW_J S2D_533272704 2D TIC 533.27 5.65E-04 2.86 11
$2D_560760382 2D G/A 560.76 6.02E-04 31 11
$2D_556892142 2D T/IC 556.89 7.02E-04 299 11
S2D_541480094 2D C/A 54148 8.28E-04 3.01 10
S2D_547614644 2D cT 547.61 8.28E-04 -3.01 10
S2D_543660155 2D A/G 543.66 9.11E-04 -29 10
S3A_512561741 3A A/G 512.56 6.69E-04 -1.71 11
S4A_688796573 4A T/C 688.8 4.10E-04 054 11
S4A_688406385 4A G/C 688.41 6.09E-04 0.65 11
S4A_679160910 4A C/IG 679.16 6.28E-04 -0.37 11
S4A_688406519 4A CIT 688.41 7.54E-04 -0.6 10
S6B_393496773 6B TIC 393.5 2.50E-04 -0.36 12
S7A_24940330 7A G/IA 2494 1.78E-04 -1.27 13
S7A_24923657 7A G/IA 2492 5.95E-04 -1.45 11
S7A_26061799 7A A/G 26.06 7.42E-04 172 11
S7B_729805573 7B G/A 729.81 9.99E-04 -1.27 10

DTHD, days to heading; DAYSMT, days to maturity; GRYLD, grain yield; TKW, thousand-kernel weight, percent variance explained (PVE).
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Traits
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IWGSC ID

Predicted protein

Function

References

S1A_49153543

S1A_49281757

S2B_477569164

S2B_753091778

S$2D_69502623

S3A_512561741

S3A_531631224

S3B_720255460

S3B_728890092

S3B_739166411

SDSS

SDSS

SDSS

Twt

PH

TKW

GYLD

P%

P%

TKW

TraesCS1A02G066900

TraesCS1A02G067300

TraesCS2B02G333900

TraesCS2B02G559000

TraesCS2D02G120100

TraesCS3A02G284100

TraesCS3A02G296900

TraesCS3B02G471800

TraesCS3B02G481200

TraesCS3B02G494600

SPD1

RRP5

Phytosiderophore biosynthesis
like DMASI1-B, NRAMP2 and
NAAT2-D

B30.2/SPRY_sf
GEX1/Brambleberry
Galacturonosyltransferase

(GAUT)

PyrdxIP-dep_Trfase_dom1

LRR_dom_sf/NB-ARC

F-box-like_dom_sf/F-box_dom

Conserved oligomeric Golgi
complex, subunit 4 (COG_su4)

The SPDI1 gene encodes a member of the AAA+
ATPase superfamily involved in plastid development
during early seedling growth.

All results support an involvement of the analyzed
proteins in ribosome biogenesis but differences in
rRNA processing, gametophyte and embryo
development suggested an alternative regulation
in plants

Fe/Zn transport and accumulation in grain

The B30.2/SPRY domain in these proteins is likely
to function through protein-protein interaction

GEXI1 from Arabidopsis is required for correct
pollen maturation

GAUTSs are involved in pectin and
Xylan biosynthesis

PLP-dependent enzymes are primarily involved in
the biosynthesis of amino acids and amino acid-
derived metabolites, but they are also found in the
biosynthetic pathways of amino sugars and in the
synthesis or catabolism of neurotransmitters;
pyridoxal phosphate can also inhibit DNA
polymerases and several steroid receptors

Proteins containing LRRs include tyrosine kinase
receptors, cell-adhesion molecules, virulence factors,
and extracellular matrix-binding glycoproteins, and
are involved in a variety of biological processes,
including signal transduction, cell adhesion, DNA
repair, recombination, transcription, RNA
processing, disease resistance, apoptosis, and the
immune response

First identified in cyclin-F as a protein-protein
interaction motif, the F-box is a conserved domain
that is present in numerous proteins with a
bipartite structure

COG4 is a component of the conserved oligomeric
Golgi (COG) complex which mediates the proper
glycosylation of proteins trafficking through the
Golgi apparatus. It is included in the CATCHR

Ruppel
et al, 2011

Missbach
etal, 2013

Gupta
et al,, 2020

Woo
et al., 2006

Alandete-Saez
etal, 2011

Bouton
et al, 2002

Mozzarelli and
Bettati., 2006

van der Biezen
and Jones., 1998

Bai et al., 1996

Santana-Molina
et al, 2021

S3B_768723701

S4A_679160910

S4A_740926925

$4D_488665508

S5A_556823005

S7A_13179057

S7A_652922600

S7B_689968561

S7D_476139586

Twt

TKW

SDSS

PH

GYLD

P%

DAYSMT

GH

TKW

TraesCS3B02G526500

TraesCS4A02G406300

TraesCS4A02G491100

TraesC$4D02G330500

TraesCS5A02G354200

TraesCS7A02G031700

TraesCS7A02G458100

TraesCS7B02G420600

TraesCS7D02G367800

Bax_inhibitor_l1-related

DHNA_phytyltransferase_MenA

Thioredoxin-like_sf

Helix-loop-helix DNA-binding
domain superfamily
(HLH_DNA-bd_sf)

Not available

Aminoacyl-tRNA synthetase,
class 11 (D/K/N) (IPR004364)

Znf_RING/FYVE/PHD

Peptidase $28/Alpha/Beta
hydrolase fold

Major intrinsic
protein (IPR000425)

(complexes associated with tethering containing
helical rods) family, which includes components of
the exocyst, GARP, and DSL1 complexes and share
structural and functional features: the o-helical
bundles at the middle/C-terminal (described as
domains A-D/E) and a N-terminal coiled-

coil region.

BI-1 also regulates cell death triggered by ER stress.
BI-1 appears to exert its effect through an
interaction with calmodulin

2-carboxy-1,4-naphthoquinone
phytyltransferase (IPR011937)

Several biological processes regulate the activity of
target proteins through changes in the redox state of
thiol groups (S2 to SH2), where a hydrogen donor is
linked to an intermediary disulphide protein. Such
processes include the ferredoxin/thioredoxin system,
the NADP/thioredoxin system, and the glutathione/
glutaredoxin system. Several of these disulphide
proteins share a common structure, consisting of a
three-layer o/B/o. core. Proteins that contain
domains with a thioredoxin-like fold

A number of eukaryotic proteins, which probably
are sequence specific DNA-binding proteins that act
as transcription factors, share a conserved domain
of 40 to 50 amino acid residues. The proteins of this
subfamily act together with co-repressor proteins,
like groucho, through their -terminal motif WRPW.

Not available

The aminoacyl-tRNA synthetases (also known as
aminoacyl-tRNA ligases) catalyze the attachment of
an amino acid to its cognate transfer RNA molecule
in a highly specific two-step reaction. These proteins
differ widely in size and oligomeric state, and have
limited sequence homology.

Znf-containing proteins function in gene
transcription, translation, mRNA trafficking,
cytoskeleton organization, epithelial development,
cell adhesion, protein folding, chromatin remodeling
and zinc sensing, to name but a few

Serine carboxypeptidase $28 family comprises
carboxypeptidase PRCP and the aminopeptidase
DPP7. The cap domain (SKS) is formed by 11 o:-
helices and two strands interconnected by loops. Tt
contains four disulphide bonds which are assumed
to be involved in stabilizing the structure. The SKS
domain is a rare fold possibly present only in the
$28 serine peptidase family.

The major intrinsic protein (MIP) family is large
and diverse, possessing over 100 members that form
transmembrane channels. These channel proteins
function in water, small carbohydrate (e.g., glycerol),
urea, NH3, CO2 and possibly ion transport, by an
energy independent mechanism.

Weis
et al., 2013

Johnson
et al., 2000

Buchanan and
Balmer., 2005

Murre
et al., 1989

Not available

Woese
et al., 2000

Matthews and
Sunde., 2002

Bezerra
etal, 2012

Fu et al., 2000
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(Mb) add_effect
S5A_671478896 5A G/A 67148 6.17E-06 -LO1E-01 18
GA Score
S7B_613779914 7B GIT 61378 3.06E-08 3.11E-03 27
S1A_3613616 1A T/C 361 2.85E-04 L61E-01 11
S1D_44982319 1D CIT 4498 7.71E-04 -7.54E-02 10
S2B_13408810 2B A/C 1341 1.87E-04 -2.28E-01 12
S3A_688621935 3A AIG 688.62 7.48E-04 L.I18E-01 10
S4A_586697513  4A CIA 586.7 7.70E-04 5.62E-01 10
S4B_230165089 4B cIT 230.17 8.62E-04 -2.45E-01 9
GH S7B_689902344 7B GIA 689.9 7.99E-05 5.19E-01 13
S7B_702516379 7B T/C 702.52 2.55E-04 8.81E-01 11
S7B_687596490 7B CIT 687.6 2.69E-04 -5.34E-01 11
S7B_702554771 7B A/C 702.55 2.86E-04 -8.81E-01 11
S$7B_703152055 7B CIA 703.15 4.18E-04 6.25E-01 10
S7B_689673455 7B AIG 689.67 6.48E-04 -4.74E-01 10
S7B_689968561 7B GIC 689.97 9.12E-04 5.17E-01 9
S2A_707007872 2A TIC 707.01 1.27E-07 - 2
S2A_707063443  2A T/C 707.06 1.27E-07 - 2
PR Score S2A_706416722 | 2A (i 706.42 3.06E-07 - 20
S2A_712434160 | 2A T/IC 71243 3.06E-07 - 20
S2A_712846295 | 2A GIC 712.85 3.06E-07 - 20
SIA_508571657 1A AIG 508.57 427E-04 -2.81E-01 11
Protein %
S1B_620015835 1B GIA 62002 9.26E-04 -4.73E-01 10
S$3B_720255460 3B CIT 72026 2.17E-04 6.07E-01 12
S3B_707906604 3B AIG 707.91 422E-04 3.48E-01 11
S$3B_715945072 3B GIT 71595 5.56E-04 3.96E-01 11
S3B_710841960 3B AIG 71084 8.53E-04 3.54E-01 10
S3B_728890092 3B A/C 728.89 8.60E-04 4.78E-01 10
S5B_46768581 5B T/C 4677 6.35E-04 1.82E-01 11
S7A_13179057 7A G/A 1318 1.65E-04 -4.27E-01 13
S7A_15198988 7A T 152 8.77E-04 -3.57E-02 10
SIA_49281757 1A T/C 19.28 5.86E-05 2.87E+00 14
SIA_49239494 1A T/A 4924 2.79E-04 2.80E+00 12
SI1A_49245431 1A GIA 1925 371E-04 2.70E+00 11
SIA_41916355 1A AIG 4192 4.19E-04 -2.27E+00 11
SIA_49153543 1A T/G 19.15 5.04E-04 2.62E+00 11
SIA_510849238 1A G/A 51085 6.65E-04 2.31E+00 11
SDSS Value S1B_625036463 1B AIG 625.04 7.50E-04 -1.73E+00 10
S1B_625364248 1B GIT 625.36 9.13E-04 -1.58E+00 10
S2B_477569164 2B T/IC 477.57 3.96E-04 -1.63E+00 11
S2B_481835337 2B G/A 481.84 430E-04 -1.96E+00 11
S2B_65097702 2B G/A 65.1 6.34E-04 235E+00 11
S4A_740926925  4A CIA 74093 9.91E-04 -1.30E+00 10
S7B_723395908 7B cIG 7234 731E-04 -8.09E-01 10
S1A_579785955 1A AlG 579.79 432E-04 8.01E-01 11
S2A_48176393 2A cIT 48.18 7.72E-05 3.13E-01 14
S2A_518094712 | 2A CIT 518.09 3.87E-04 1.27E+00 12
S2A_36227199 24 GIC 36.23 5.41E-04 -3.66E-01 11
S2B_753091778 2B GIC 753.09 9.66E-04 8.16E-01 10
S3A_516789450 3A GIC 516.79 1.91E-04 -4.34E-01 13
TWt
S3B_768723701 3B GIA 768.72 7.02E-04 5.95E-01 11
S6D_3132722 6D A/G 313 5.44E-04 6.73E-01 11
S6D_3447720 6D AlIG 345 9.43E-04 6.97E-01 10
S7A_506298541 7A AIG 506.3 7.51E-05 -L40E-01 14
S7A_699093945  7A A/G 699.09 532E-04 -5.44E-01 11
S7B_613779914 7B GIT 613.78 2.78E-04 238E-01 12

Grain Appearance Score (GA Score), Grain Hardness (GH), Phenol Reaction Score (PR Score), Protein Percentage (Protein %), SDS Sedimentation Value (SDSS Value), Test Weight (TW1),
Percent Variance Explained (PVE).
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 *  The main code for the MathJax math-typesetting library.  See 
 *  http://www.mathjax.org/ for details.
 *  
 *  ---------------------------------------------------------------------
 *  
 *  Copyright (c) 2009-2012 Design Science, Inc.
 * 
 *  Licensed under the Apache License, Version 2.0 (the "License");
 *  you may not use this file except in compliance with the License.
 *  You may obtain a copy of the License at
 * 
 *      http://www.apache.org/licenses/LICENSE-2.0
 * 
 *  Unless required by applicable law or agreed to in writing, software
 *  distributed under the License is distributed on an "AS IS" BASIS,
 *  WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
 *  See the License for the specific language governing permissions and
 *  limitations under the License.
 */

if (!window.MathJax) {window.MathJax = {}}

MathJax.isPacked = true;
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MLN1 MLN2 MLN3 MLN4 AUDPC DTA LN3 MLN4 AUDPC

1-9) (GEVR) (1-9)
1 CKL18912 0.27%* 0.28*** 0.45%%* 0.56%** 8.01%* 1.88*%* -0.16** -0.24* 48 6.0 934
2 I CKL181281 -0.49%** -0.57* i -0.53*** -0.45%* -11.05*** =234 0174 0.80*** 2.1 ‘ 21 432
3 CKL181379 -0.29"** -0.44%* -0.39*** -0.35%* -8.06*** -0.58** 0.04 0.09 34 37 65.9
4 CKL181847 -0.13"** -0.19** -0.04 0.07 -1.82%%* 1.09*** 0.04 0.01 37 44 721
5 CKL182037 -0.25%*% -0.35%* -0.36*** -0.24** -6.66*** =177 0.07 0.69*** 34 37 65.4
6 I CKL176616 -0.51%% -0.62* -0.80%** -0.81%* -14.544%% 0.42%* 0.25%+* 1.23% 29 33 58.6
7 I CKL175951 0.01 -0.01 I -0.02 -0.16*** -0.74 0.65*** | 0.01 -0.29*** 52 87 103.6
8 CKL175755 -0.13*** -0.23%* -0.55*** -0.63** -8.14*** 0.730+ 0.06 -0.08 4.7 5.0 95.0
|
9 CKL175798 -0.07 -0.05 -0.03 -0.19%** -1.45* -0.21 0.07 0.26"** 53 54 98.8
10 CKL176082 -0.05 -0.01 -0.02 -0.13* -0.86 144 0.02 -0.33** 55 6.2 105.0
11 CKDHL120918 0.04 0.24%%* I 0.28*** 0.29%* 4.74%0 -1.89%+ 0.09* 0.02 4.3 5.0 799
12 CML585 0.81%* 0.93%* 1.07** 111 20.69*** -0.88*** -0.48** -1.02%* 8.5 8.6 163.3
13 CKL14546 0314 047 0.41* 0.41%** 8654 -0.15 -0.05 -0.374 6.0 6.6 111.0
14 CML444 047 0.58*** 0.53* 0.52+** 11220 159+ -0.12%** -0.66*** 6.7 ‘ 6.7 123.4
|
15 KS23-6" 39 4.2 74.3
SE/LSD g 05)° 0.03 0.03 0.03 0.03 0.46 0.13 0.04 0.05 0.8 1.0 135

,**, and *** indicate significance at the 0.05, 0.01, and 0.001 levels, respectively.

KS23-6, an MLN resistant donor line was used as a check in the line trial.

SE of GCA effects; LSD for per se performance.

AUDPC, area under disease progress curve; DTA, days to anthesis; EPP, ears per plant; GY, grain yield; MLN1, MLN2, MLN3 and MLN4, maize lethal necrosis disease rating at 21, 28, 35 and 42
days after inoculation, respectively.
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Unit Mean Range LSDoos Genotypic G X RESEIE Heritability

variance E variance | variance

Naivasha (artificial MLN inoculation)

GY (F, hybrids) tha 20 04-6.4 1.0 1.44 0.10 0.77 092

GY (Checks) 22 09-3.4

DTA days 92 84-97 25 6.38 1.34 338 0.89
EPP no. 0.9 04-19 0.4 0.07 0.01 0.26 0.67
MLN1 1-9 35 2.1-49 0.5 0.40 0.05 0.16 092
MLN2 1-9 44 25-63 0.5 0.63 0.06 0.16 0.95
MLN3 1-9 5.0 28-73 0.6 0.75 0.08 0.18 0.94
MLN4 (F1 hybrids) 1-9 54 34-77 0.6 0.80 0.10 0.19 0.94
MLN4 (Checks) 58 48-6.8

AUDPC (F, hybrids) 193.9 110.7-279.2 19.9 113351 111.50 180.99 0.96
AUDPC (Checks) 202.7 173.7-245.2

Kakamega (rainfed)

GY (F, hybrids) tha 4.0 2.5-6.0 15 0.60 041 207 0.56
GY (Checks) 48 4.1-54

DTA days 80 75-86 2.5 545 0.93 297 0.87
DTS days 80 75-85 3.0 577 0.82 5.65 0.83
EPP no. 1.1 08-1.3 - 0.00 0.01 0.04 0.04
TLB (F, hybrids) 1-9 4.1 24-58 1.0 0.67 0.17 0.53 0.82
TLB (Checks) 4.1 2.7-46

AUDPG, area under disease progress curve; DTA, days to anthesis; DTS, days to silking; EPP, ears per plant; GY, grain yield; MLN1, MLN2, MLN3 and MLN4, maize lethal necrosis disease rating
at 21, 28, 35 and 42 days after inoculation, respectively; TLB, Turcicum leaf blight.
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Source of var df DTA DTS P LB
Environment (E) 2 1684.04*** 2170.82*** 2.02** 1699.85*** 1158.48***
Rep(E) 3 25.26""* 3434 0.10 11.80%** 0.77***
Genotypes (G) 181 36,08 4049* 0.06 6.86"* 5104
GCA 13 369.37*% 372.89%* 0.14% 3447 62.96**
SCA 77 17.21+ 25.28*% 0.05 6.89** 138
Reciprocal 91 S 7.08 0.06* 3.04% 0.74
Maternal (M) 13 805 9.14 0.06 299 136"
Nonmaternal (NM) 78 508 6.74 0.06* 3.04% 0.63
GxE 357 591 8.29%% 0.06* 3.20% 095+
GCA xE 26 P 29515 0.14%+ 596+ 6.98**
SCA X E 154 0.0 0.0 0074 3180 0.53 7
Reciprocal x E 182 488 7.78* 0.05 2.69 0.59
MxE 26 142.79*** 1554 0.07* 270 0.84
NM x E 156 0.0 0.0 0.04 2.69 0.55
Error 168 2.65 5.43 0.04 235 0.58
GCA: SCA ratio 0.88 0.83 050 0.65 094

*, *%, and *** indicate significance at the 0.05, 0.01, and 0.001 levels, respectively.
AUDPC, Area under disease progress curve; DTA, days to anthesis; DTS, days to silking; EPP, cars per plant; GY, grain yield; TLB, Turcicum leaf blight.
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Source

of variation

Environment (E) 5 5643.69*** 7240 246.554** 19220 16.30*** 27.94% 49.26** 9626.44***
Rep(E) 4 12,05 LG 0.51 0.04 0.42+ 0.58 045+ 132,197
Genotypes (G) 181 47270 0.84** 10.05%** 3474 Sy sa2 Bl T e LA b
GCA 13 35174 5.87%* 64.02%%* 25.36%%* 39338 50.05%** 53.22%% 18188.86%**
SCA 77 2094 0.98* 11.83%* 373 5610 626" 6710 242719
Reciprocal 91 11.39%% 022 097 0.17 0.19 023 022 59.87*
Maternal (M) 13 11.80%* 0.17 0.83 0.13 0.20 0.18 0.18 58.26
Nonmaternal (NM) 78 1132 0.23 1.00%+* 0.18 0.19 0.24 0.22 60.13*
GxE 542 7.0 0.29 0924 028 029 038" 040+ 104574
GCA xE 39 321849 0774 405 069 072 0.46%* 0.76%* 190.28**
SCA X E 231 807.56** 031 089 0.22* 017 020 022 41.89
Reciprocal x E 273 4.86** 0.25 0.64 0.18 0.16 0.22* 0.22 54.41*
MxE 39 432.99%% 0.19 0.66 0.29* 0.34%%* 0.52% o602 157.90%%
NM x E 234 0.00 0.26 0.64 0.17 013 0.18 0.15 37.16
Error 230 341 0.26 0.59 0.15 015 0.18 018 43.11
GCA: SCA ratio 0.85 0.68 0.65 0.70 0.70 073 073 072

,**, and *** indicate significance at the 0.05, 0.01, and 0.001 levels, respectively.
DTA, days to anthesis; EPP, ears per plant; GY, grain yield; MLN1, MLN2, MLN3, and MLN4, maize lethal necrosis disease rating at 21, 28, 35 and 42 days after inoculation, respectively;
AUDPC, area under disease progress curve.
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Pedigree Origin  Growing Characteristics

degree-
days (GDD)
1 CKL18912 (CKLO5003/KS23-6)-B-9-4-5-2-2-B-B-B Kenya 970 Tolerant MLN
2 —_— ((KU1403 X 1368)-7-2-1-1-B-B/CMLA44)-B-8-7-3-2-6-1-2-B-B-B/KS23-6)-B-1-1- | Kenya 812 Resistant to MLN
41-2-B-B-B
3 CKLIs1379 ((KU1403 x 1368)-7-2-1-1-B-B/CMLA44)-B-8-7-3-2-6-1-2-B-B-B/KS23-6)-B-22-3- | Kenya 829 Besistant bo MIN
1-2:3-B-B-B
4 R ((CKLO05003/La Posta Seq C7-F64-2-6-2-2-B-B-B)DH110-B-B/KS23-6)-B-17-4-1-1- | Kenya 874 Tolerant to MLN
1-B-B-B
5 CKLI$2037 (((CMLA44/CML395//DTPWCSF31-1-1-2-2-BB]-4-2-2-1-1-B*4/ Kenya 851 Tolerant to MLN
(9071xBabamgoyo)-3-1-BBB)-B- 1-2-3-1-3-B/KS23-6)-B-2-1-3-2-1-B-B-B
6 ERTETE ((([LZ956441/L2966205]-B-3-4-4-B-5-B*7/LaPostaSeqC7-F71-1-2-1-1-BBB)-1-7-1- | Kenya 926 Tolerant to MLN
1-BB-B/KS23-5)-B)DH15-B-B-B-B-B
7 Mexico 903 Late, lowland,
KL175951 CML495/CML341)DH23-B-B-B-B-B
& ( e ) drought tolerant (DT)
8 CKL175755 (CML341/CM1247)DH84-B-B-B-B-B Mexico 926 Late, lowland, DT
9 CKL175798 (CML343/CML495)DHS7-B-B-B-B-B Mexico 829 Late, lowland, DT
10 CKLI76082 (CML495/CML341)DH3-B-B-B-B-B Mexico 887 Late, lowland
1l CKDHLI20918 = (CMLA45/ZM621B//P100C6-200-1-1-B-B-B-B)@3020-B-B-B-B Kenya 846 Tolerant to MLN
12 K ibl
CML585 [KILIMA(ST94)-85:115/[M37W/ZM607#BE37SR ... ||-B _B-B*4 R 203 Susceptibleite
MLN; DT
13 K 893 Susceptible t
CKL14546 (CKLO5017/LaPostaSeqC7-F78-2-1-1-1-B-B-B)-B-2-1-2-1-1-B-B-B-B S ol S
MLN; DT
14 CMLad4 P43.C9-1-1-1-1-1-B-B-B Zimbabwe 904 Susceptible to

MLN; DT
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GCA Effects Per se

DTS (days) EPP (No) Y (t ha™) TLB (1-9) TLB (1-9)

1 CKLI89I2 1354 1.89°* 0.02 044 021% 34
2 CKL181281 -1.14%* -0.37 0.03 0.62*** -0.87+* 24
3 CKL181379 -0.38** -0.49% -0.01 -0.66*** -0.934*% 24
4 | CKLI81847 024 120 001 023 017 2.9
5 | CKL182037 0.60° 023 0.03 029* 051 2.7
6 CKL176616 -0.20 -0.32 -0.04* [ -0.78** [ 1260 4.8
7 CKL175951 1o 0.45* 0.02 0.02 -0.01 29
8 CKL175755 r &b 0l 0.02 =g 5Gree  C i <
9 | CKL175798 0974 177 -0.00 0.07 037 42
10 | CKL176082 1994 196" 0.06** -0.03 0347 36
11 CKDHL120918 5. ek =314 -0.04* 0.14* o5 5 Ll 3.6
12 CML585 =254+ o E - -0.05* D62 R 33
L5 CKL14546 =127 S % 2 i 0.04* 0.90*** Q2P 25
14 | CML444 236" 1.80** 0.01 0.03 029 33
15 KS23-6" 3.6

SE/LSDg,05)° 0.13 0.19 0.02 0.12 0.06 0.8

,**, and *** indicate significance at the 0.05, 0.01, and 0.001 levels, respectively.
K$23-6, an MLN resistant donor line was used as a check in the line trial.
SSE of GCA effects; LSD for per se performance.
DTA, days to anthesis; DTS, days to silking; GY, grain yield; EPP, ears per plant; TLB, Turcicum leaf blight.
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RN Infestation rawsegs trimmed_seqs . seqs .. :

Level/Groups (R1+R2) (RI+R2) Chimera_seds  (.cior size_ filtration) [ na-unique_seqs
ND-A Jackson 2055524 1971520 24407 942064 2446
L Lauderdale 1909194 1831098 26534 866174 3105
MI-C Madison l68612 1601018 1369 | 731102 1556
HI-D Limestone 2455218 2356160 52945 1110584 747

RN, Reniform Nematode; ND, Not-Detected; LI, Low Infestation; MI, Medium Infestation; HI, High Infestation.
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oo RiiRd RIS CMERRSES (o e fitaion fNaLunique seqs
ND-A Jackson 2288000 2201756 84424 813571 12325
LI-B Lauderdale 1528770 1471846 44899 483396 10344
MI-C Madison 1611864 1550944 50517 488691 11014
HI-D Limestone 2057176 ‘ 1980254 46635 820781 12232

RN, Reniform Nematode; ND, Not-Detected; LI, Low Infestation; MI, Medium Infestation; HI, High Infestation.
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RN Infestation Location of the sample collected

Level/Groups

ND-A Jackson Scottsboro
LI-B Lauderdale Florence

MI-C Madison Huntsville
HI-D Limestone Belle Mina

RN, Reniform Nematode; ND, Not-Detected; LI, Low Infestation; MI, Medium Infestation; HI, High Infestation.
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Genetic parameter N1 MLN2 MLN3 MLN4
Additive variance component (D) L1791 1.94* +0.14 2.84** + 0.24 2.94** + 0.31
Dominant variance component (H;) 0.93** + 0.20 1.68** + 0.26 2.06** + 0.46 2.32** + 0.60
Dominant variance component (H,) 0.72** + 0.16 L2 2022 1.39** + 0.38 1.52** + 0.49
Dominant effect component (h?) 0.08 +0.11 0.27 £ 0.14 0.25 +0.25 I 0.20 £0.32
Relative frequency of dominant and recessive 0.80** + 0.24 1.52** + 0.31 2.34** £ 0.55 2.52** £ 0.70
alleles (F)

Environmental variation (E) 0.08 £0.03 0.08 + 0.04 0.11 £ 0.06 0.11 £0.08
Mean degree of dominance (VH,/D) | 0.89 0.93 0.85 0.89
Minimum number of groups of genes 353 3.82 363 331
Correlation (r) between Wr+Vr and Yr -0.59 -0.61 -0.59 -0.64
Broad-sense heritability 0.85 0.90 0.89 0.89
Narrow-sense heritability 0.52 0.53 0.56 0.55

** indicates significance at the 0.01 level.
MLN1, MLN2, MLN3, and MLN4 are maize lethal necrosis discase ratings at 21, 28, 35, and 42 days after inoculation, respectively.
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Item Effect df N1 MLN2 MLN3 MLN4
a Additivity 13 32,780 50.59*** 66.48*** 68.84***
b Dominance 91 3.56" 5.56%** 6.42% 7.06%*
b1 Directional dominance 1 3010 8.92%%% 828 7.72%%*
b2 Gene distribution 13 2.59%* 4.98* 7.18%% 9.08***
b3 Residual dominance 77 3730 5.61%* 6.26"** 6.71
c Maternal 13 0.13ns" 0.20ns 0.18ns 0.18ns
d Reciprocal 78 0.18ns 0.19ns 0.24ns 0.23ns
a x Environment (E) 39 0.75%** 0.65%** 0.49% 0.71%*
bxE 273 0.38*** 033 0344 0.46%**
bl x E 3 10774 10.96*** 10.38*** 12719+
b2 x E 39 0.56** 0.43* 0.38** 0.89%
b3 x E 231 0.22* 0.17ns 0.20ns 0.24ns
cxE 39 0.29** 0.34* 0.52%* 0.60%**
dxE 234 0.17%4 0.134** 0.18** 0.16"*
Error 774 0.17 0.17 0.22 023

"ns, not significant.

MLN1, MLN2, MLN3, and MLN4 are maize lethal necrosis discase ratings at 21, 28, 35, and 42 days after inoculation, respectively.

indicates significance at the 0.001 level.
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Waterlogging = Pathogen References
(WL)
Chickpea WL Phytophthora Enhanced disease progression and (Dron et al,, 2022)
medicaginis reduced the total plant biomass
Soybean WL Pythium ultimum Root discoloration. Reduced plant weight (Kirkpatrick et al., 2006)
P. irregulare, P. aphanidermatum, and
P. vexans
Wheat WL Fusarium poae Enhanced disease incidence and severity, (Martinez et al., 2019)
and barley Effects yield components and
grain composition
Bell Pepper WL Phytophthora capsici Increased disease severity and plant mortality = (Bowers et al., 1990)
Apple WL Phytophthora cambivora, Enhanced the severity of root rot disease (Browne and Mircetich, 1988)
Phytophthora cactorum and
P. cryptogea
Soybean WL P. sojae and P. nicotianae Suppression of (McDonald, 2002)
and tobacco host disease resistance
Kiwifruit WL P. vexans and P. chamaehyphon Enhanced onset of disease and severity. (Savian et al., 2020)
High mortality rate
Potato WL Erwinia carotovora Effect the expression of host defense genes (Rumeau et al., 1990)
and increased the severity soft rot.
Onion WL Colletotrichum sp. Enhanced disease development (Lopes et al., 2021)
Banana WL F. oxysporum Increased the prevalence of wilt disease (Aguilar et al., 2000)
Common WL Pythium sps Enhanced disease development (Li et al,, 2015)
bean
Pigeon pea | WL Fusarium and Phytophthora Increased disease incidence and (Yohan et al., 2017)
development. Yield losses
Peach ‘WL P. vexans and P. irregulare Enhanced disease severity (Biesbrock and Hendrix, 1970)
Pea WL Mycosphaerella pinodes Increased disease incidence (McDonald and Dean, 1996)
Reduced root and shoot growth
Alfalfa WL Phytophthora megasperma Enhanced root damage and disease severity (Kuan and Erwin, 1980)
Jarrah WL Phytophthora cinnamomi Increased disease incidence and severity (Burgess et al., 1999)
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PC1BI selection index PC2BI selection index ect LD_AV selection scheme
Against WH401

Hybrids ~ LD_AV ED ER GY Hybrids =~ LD_AV ED ER GY Hybrids = LD_AV ED ER GY
E154 203 266 | -859 | 1120 E28 -156 399 | -935 62.1 E163 245 269 | 859 67.3
E163 245 269 | 859 67.3 E155 -211 297 | -900 | 349 E152 -23.1 296 | -781 130
E133 -19.7 910 | -588 1545 E156 -193 261 | -86.2 472 E146 228 2307 | 649 341
E116 -19.3 239 | -831 98.1 E154 203 266 | -859 | 1120 E164 22,6 236 | -787 39.5
El41 222 470 | 547 | 1476 E163 245 269 | 859 673 E165 223 -168 | -475 529
E78 -20.0 182 | -68.1 1272 E12 -136 298 | -818 71.6 E141 222 -47 547 | 1476
E159 -18.1 -166 | -60.1 | 1527 El6l -188 241 | -831 86.6 E183 222 221 | 700 85.3
E34 -19.0 337 | 768 | 1027 E116 193 239 | 831 98.1 E169 221 78 623 693
E148 219 214 | 763 88.4 El -148 255 | -84 54.4 E148 21.9 214 | 763 88.4
E74 -15.2 305 | 781 | 1214 E172 -13.0 316 799 355 E139 217 -141 | 555 536
El61 -18.8 241 -83.1 86.6 E74 -152 305 | 781 | 1214 E185 216 153 | 584 84.8
E115 -18.1 226 | 597 | 1406 E126 -164 219 | -803 309 E89 -21.5 53 344 383
E181 -20.6 58 569 | 1276 E18 -186 237 | -80.2 64.6 E117 214 04 265 86.5
Ell1 -16.7 256 | -69.6 | 1172 E38 125 241 | 787 1.8 E170 214 -133 | 736 60.3
E183 222 221 -70.0 853 E130 -15.0 230 | 785 91.3 E155 211 297 | 900 349

Against WH501

E154 224 389 | 921 47.1 E28 -17.8 500 | -96.4 124 E163 -26.4 2392 | 921 16
E163 264 392 | 921 160 E155 931 415 | -944 64 E152 25.1 415 | 878 0.8
E133 218 244 | 770 76.6 El56 214 385 | 923 21 E146 248 423 | -804 70
Ell6 214 367 | 906 374 E154 224 389 921 47.1 El64 247 364 | -88.1 32
El41 242 208 | 747 718 E163 264 392 | 921 160 E165 243 2308 | -70.7 6.1
E78 220 319 | -822 57.6 E12 -158 416 | -89.8 19.0 El41 242 -208 | -747 718
E159 202 306 | 778 753 E161 -209 369 | 906 295 E183 242 -352 | -833 28.6
E34 212 -448 | -87.1 0.6 E116 214 367 | 906 374 E169 24,1 233 | 790 174
E148 239 346 | -868 307 El -17.1 380 | -89.6 7 E148 -23.9 346 | -868 30.7
E74 -17.4 422 | 878 53.6 E172 -152 431 | -888 6.0 E139 237 285 | 752 66
E161 -20.9 369 | -90.6 29.5 E74 174 422 | -87.8 53.6 E185 236 296 | -768 282
E115 203 356 | 775 66.9 E126 -186 350 | -89.0 92 E89 235 213 | -635 -41
E181 227 216 | 760 57.9 E18 208 366 | -89.0 142 E117 234 172 | 590 294
E111 -18.9 381 | -831 50.7 E38 148 369 | -881 | -319 E170 234 279 | 853 112
E183 242 352 | -833 286 E130 172 359 | -880 | 327 E155 231 415 | 944 64

LDI, LD2, LD3, Leaf feeding damage score at 7, 14, 21 days after infestation, respectively; ED, Ear damage; ER, Ear rot; GY, Grain yield; PCIBI, Principal component 1-based index; PC2BI,
Principal component 2-based index.
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Hybrids LD_AV  ED ER GY Value Rank Hybrids LD_AV  ED ER G Value Rank Hybrids LD_AV ED ER GY

Top 15 hybrids based on

Top 15 hybrids based on PC1BI Top 15 hybrids based on PC2BI direct LD_AV
E154 48 17 25 65 87 1 E28 51 14 11 50 14 1 E163 6 17 25 | sl 1
El63 46 17 25 51 93 2 EISS 438 16 17 41 03 2 EI52 47 16 38 44 2
E133 49 21 72 78 94 3 E156 19 17 24 15 03 3 Elt6 47 16 61 41 3
Ell6 49 17 29 61 95 4 E154 43 17 25 65 03 4 El64 47 17 37 43 4
E141 47 22 79 76 95 5 E163 16 17 25 51 05 5 El65 17 1 92 47 5
78 49 19 56 70 96 6 E12 53 16 32 53 07 6 El41 47 2 | 79 76 6
EI59 50 19 70 77 97 7 El61 49 17 29 57 07 7 83 47 18 | s2 | 57 7
B34 49 15 41 62 98 8 Ell6 49 17 29 61 08 8 E169 47 21 66 52 s
E148 48 18 41 58 98 9 El 52 17 33 47 10 9 El8 438 18 41 58 9
E74 52 16 38 68 98 10 E172 53 16 35 41 10 10 E139 43 20 | 78 47 10
E161 49 17 29 57 99 n E74 52 16 38 68 12 n E185 48 1 73 57 n
ElIS 50 18 70 74 100 12 E126 51 18 34 40 12 12 ES9 438 22 | 14 42 12
El81 48 21 75 70 102 13 E18 49 17 35 50 BE) 13 EN7 438 23 | 128 57 13
Ein 51 17 53 66 103 1 E38 53 17 37 30 14 1 E170 18 20 46 49 i
E183 47 18 52 57 103 15 E130 52 17 38 59 15 15 EI5S 438 16 17 41 15
Bottom 5 Hybrids Bottom 5 Hybrids Bottom 5 Hybrids
E189 56 26 | 200 51 193 188 E140 51 25 192 57 167 188 E41 56 20 39 34 188
E188 50 25 | 205 | 35 193 189 E189 56 26 | 200 51 72 189 E189 56 26 20 51 189
E127 50 29 | 29 | 28 us 19 E188 50 25 205 35 -18.1 190 B2 56 18| 59 27 190
E192 61 23 174 | 31 217 191 E127 50 29 29 28 217 191 E192 61 23 | 174 31 191
EI91 62 27 | 33 | 44 263 192 EI91 62 27 313 44 276 192 E191 62 27 | 313 44 192

LD1, LD2, LD3, Leaf feeding damage score at 7, 14, 21 days after infestation, respectively; LD_AV, Average leaf feeding damage score; ED, Ear damage; ER, Ear rot;
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Selection scheme Selection gains Direction Selection gains Direction

Top 10 selected hybrids Top15 selected hybrids
PC1BI
LD1 343 + 2.95 +
LD2 292 + 2.14 +
LD3 -3.04 + -2.66 +
LD_AV -3.84 + 313 +
ED -5.68 + -6.62 +
ER -27.77 + -27.89 +
GY 19.90 + 18.83 +
PC2BI
LD1 [ -2.81 + -1.69 +
LD2 -1.84 + -0.96 +
LD3 -1.66 + 0.94 +
LD_AV 243 + -1.33 ‘ +
ED -11.05 + -10.08 +
ER -45.43 + 4243 ; +
GY 1.68 + -0.63 -
LD_AV_DS
LD1 -5.33 + -5.51 +
LD2 -5.08 + -4.63 +
LD3 =521 + -4.49 +
LD_AV -6.46 + 5.92 +
ED -431 + -2.86 +
ER -21.58 + -15.86 +
GY -4.64 - -4.92 =
ED_DS
D1 -0.45 + -L15 +
LD2 -0.09 + -0.76 +
LD3 -0.99 + -1.06 +
LD_AV -0.71 + -1.21 +
ED -1353 + <1277 +
ER -36.84 + -33.84 +
GY 2.60 + 1.62 +
ER_DS
LD1 -2.81 + -1.85 ‘ +
LD2 -1.84 + -1.47 ‘ +
LD3 -1.66 + -2.08 +
LD_AV 243 + -2.19 +
ED -11.05 + 9.05 ‘ +
ER -45.43 + -42.85 ‘ +
GY 1.68 + -2.50 -
GYSDS
LD1 -1.51 | + -L11 +
LD2 -1.18 + 0.72 +
LD3 -1.82 + -1.84 +
LD_AV -1.85 + -1.54 +
ED 1.78 - 1.33 -
ER 0.78 - 3.67 -
GY 3165 + 29.17 +

+, Desired; -, Undesirable; PC1BI, Principal component 1-based index; PC2BI, Principal component 2-based index; and LD_AV_DS, ED_DS, ER_DS, and GY_DS = direct selection schemes
based on average leaf feeding damage, car damage, car rot and grain yield, respectively.
LD1, LD2, LD3, Leaf feeding damage score at 7, 14, 21 days after infestation, respectively; LD_AV, Average leaf feeding damage; ED, Ear damage; ER, Ear rot; GY, Grain yield.
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Traits PC1 PC2
Leaf feeding damage score at 7 days (LD1) -0.97 0.10
Leaf feeding damage score at 14 days (LD2) -0.98 0.25
Leaf feeding damage score at 21 days (LD3) -0.93 0.30
Ear damage -0.19 -1.00
Ear rot -0.39 -0.94
Grain yield 1.00 0.05
Proportion of variance explained 64.2% 32.9%

Bold values indicate loadings above 50% on each PC.
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033
033
042
027
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155
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*,*** Significant at P < 0.05 and P < 0.001, respectively. 02, genotypic variance; 02, variance of genotype x environment interactions; 62, error variance; LD1, LD2, and LD3, Leaf feeding damage
score at 7, 14, and 21, days after infestation; LD_AV, Average leaf feeding damage score; ED, Ear damage; ER, Ear rot; GY, Grain yield.
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Source of variation df LD1 LD2 LD3 LD_AV ED ER

Environment (E) 3 42.82%% 38.08*** 168.89** 20.16*** 88.33%** 4023.00°* 982.60%**
Rep (E) 4 9.47*%% 18.974% 18.33* 6.70%%* 4.09*** 420.00*** 60.90%%*
Block (Rep/E) 336 0.24% 0.45%*% 0.68*** 02534 0.30*** 33.00* 4.5074%
Genotypes 191 0.46%** 0.59%** 0.88*** 042+ 0.62+** 86.00*** 11.60**
Genotypes x E 565 0224 0.28%** 0.47%** 0.16"** 0.30** 40.00%** 4.30**
Residual 422 0.12 0.11 0.27 0.70 0.17 25.00 170

*, *** Significant at P < 0.01 and P < 0.001, respectively.
LD1, LD2, and LD3, leaf feeding damage score at 7, 14, and 21 days after infestation; LD_AV, Average leaf feeding damage score; ED, Ear damage; ER, Ear rot; GY, Grain yield.
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Code Name Pedigree aracteristics Origin
il CML247 (G24-F119/G24-F54)-6-4-1-1-B-B-B-B Tolerant to ear rot Mexico
2 CML269 P25STE-C1-FS13+¢ -B-B-B Tolerant to ear rot Mexico
B CML17 P22TSR-B-B-40-2-1-2-B-B-B-B Lodging resistant Mexico
4 CML23 P25-F§112-2-2-2-1-4-B-B-B-B Tolerant to ear rot Mexico
5 CML274 (AC7643/P43-F7)-2-3-4-3-B-B-B-B Tolerant to ear rot Mexico
6 CML371 MBRETW-F2-56-1-1-1-B-B-6-B-B-B-B Multiple borer resistance Mexico
7 CML372 MBRETW-F2-177-3-1-1-B-B-B-B Multiple borer resistance Mexico
8 CML402 AC8222-6-2-2-B-#-#-2-B*3- -B-B Tolerant to ear rot Mexico
9 CML476 P21MRRS-C1-525-1-B-B-B-B Susceptible to FAW Mexico
10 DL187008 MDRC3 Bc/MBRC5 Be F59-1-B-#-1-2-B-B-B-B Multiple borer resistance Kenya
11 DL187009 MBR/MDRCA4 Bc F34-1-B-#-1-1-B-B-B-B Multiple borer resistance Kenya
12 DL187010 MIRTC5 Bco F62-2-2-1-1-2-1-B-B-B-B Multiple insect resistance Kenya
13 DL187011 P84c3BcxMIRTCS Beo F10-1-2-2-2-3-1-B-B-B-B Multiple insect resistance Kenya
14 DL187012 P84c3BcxMIRTCS Beo F80-4-2-1-4-1-1-B-B-B-B Multiple insect resistance Kenya
15 DL187019 MBRC6 Bc F234-1-B-#-1-1-B-B-B-B Multiple borer resistance Kenya
16 CML334 P590-C3-F374-2-1-2-B-#-3-3-B-B-B-B Southwestern corn borer resistance Mexico
17 CKSBL10153 [(MIRTC4Am F128-B-1-3-B-B x CL-02450)-B]-1-B-B-B-B Stem borer tolerance, FAW tolerance Kenya
18 CML71 ANTGP2-5-#-1-2-1-1-5-5-7-B-B-B-B Tolerant to FAW Mexico

19 CML345 P390SCB-C1-F72-1-1-1-1-#-6-B-B-B-B Tolerant to FAW Mexico
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Samples Down Down

PM-1 vs PM-H 24 20 44 37 15 52
PM-I vs PS3-H 36 17 53 35 14 49
PM-Ivs VC 38 27 65 | 40 8 48
PS3-1vs PM-H 18 15 33 40 6 46
PS3-1 vs PS3-H 33 11 44 34 9 43
PS3-1vs VC 39 25 64 40 7 47
VC vs PM-H 26 29 55 7 14 21

VC vs PS3-H 23 27 50 4 17 21
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start end

MQTL1.1 1 5.3 112 4.74 5.86 5939F C39 5 TR, Fe, TSWV, SLA and Zn

MQTL1.2 1 56.33 1.78 5544 | 5722 | Marker64 bgPabg-595666 8 SLA, PEL, KPA, SDW, PWPP, IN and SP

MQTL1.3 1 73.14 3.34 7147 7481 Ah01_38930228 Marker460 5 HUE, LLS, HSW, CT and PW

MQTL2.1 2 0.39 0.5 0.14 0.75 Marker927 Marker893 9 HSW, LW, SL and LW

MQTL2.2 2 15.48 3.58 13.69 5.37 Ah02_98843120 IPAHM524a 4 KDLL, CT and AE

MQTL2.3 2 53.94 112 5338 1.68 GM2196-900 Seq11G07 8 SLA, SP, TW, PYPP, NPPP and PWPP

MQTL2.4 2 207.80 0.28 207.66 = 0.42 RGC2 Ah5600 8 YOC, PWPP, TDP, HI, TR and HW

MQTL3.1 3 0.35 1.44 0.37 1.07 bgPabg-596210 AX-147243049 8 NPB, PYPP, DFF, SLW, KPA and HSW

MQTL3.2 3 12.03 1.61 1122 12.83 | ARS761-300 PM477 4 SDW, Zn, LS and Fe

MQTL3.3 3 69.72 0.07 69.68 69.75 AX-147217292 AX-147217370 10 MPTO, Fe, WBA, OIL, LLS, NSB and ELS

MQTL3.4 3 81.3 353 79.53 83.06 GM2206 PM238-1 4 HUE, PW and HSW

MQTL3.5 3 115.46 222 114.35 11657 | AHGS1674 GM2691 3 SLA and SDW

MQTL3.6 3 129.03 2.02 128.02  130.04 | AX-147217953 Ah03_133970796 5 NH, VCR and TW

MQTL3.7 3 151.24 0.32 151.08 1514 = Ah03_126798348 Seql5F12 4 SCMR, PW and SW

MQTL4.1 4 10.08 121 9.475 10.68 bgPt-593893 bgPt-600898 4 NPPP, TSW and VCR

MQTL4.2 4 34.33 2.61 33.02 35.63 bgPabg-597624 GM890 4 WPA, LLS and TSW

MQTL4.3 4 64.86 0.20 64.76 64.96 AX-147219426 Ah15_155617956 7 Fe, AE, TDP, ISC, PLB and HSW

MQTL5.1 5 15.37 1.20 14.77 1597 Marker3583 Ah5897 4 LW, SL and KDLL

MQTL5.2 5 30.30 2.20 292 314 Ah6140 Ah6242 4 WSPA, SL, MPSO and SW

MQTL5.3 5 55.64 2.94 54.17 57.11 Ah4097 Ah5485 3 MPSO and ELS

MQTL5.4 5 88.57 1.44 87.85 89.29 AHGS2534 Ahs264111 15 YAA, OIL, SP, LLS and PC

MQTL5.5 5 96.46 2.05 9543 97.485 | A05A1146 A05A1355 4 LLS, HPW, AE and PLA

MQTL5.6 5 103.93 1.92 102.97 | 104.89 = AX-147250857 AX-147223064 5 HPW, RLLS, WA and PLA

MQTL5.7 5. 131.36 2.86 12993 | 13279 = qHW-A05.2 PM112 7 SLA, HW, TE and DW

MQTL5.8 5 140.43 0.19 14033 | 140.52 = Ah05_114999121 AX-147223487 8 TR, SLA, NB, HW, SDW and DW

MQTL6.1 6 1431 322 12.7 1592 | Ah06_3810427 bgPabg-597436 3 EL, PWA and ELS

MQTLe6.2 6 50.12 4.07 48.08 52.15 IPAHM509 Ah06_21266806 3 LLS, NPB and NSB

MQTL6.3 6 74.52 3.85 72.59 76.44 GNB837 TC1A08 4 CT, SP and SCMR

MQTL7.1 7 12.45 2.16 11.37 1 13.53 bgPabg-594537 seq3B8-400 10 PAA, KPA, SDW, TE, EL, Fe, WSS, SAWA
and ISC

MQTL7.2 7 37.54 251 36285 38795 | Marker4573 PM450 11 LDW, GDDFI, HW, CT, SLA, NPB, SDW,

PW, SdW and FI

MQTL7.3 7 85.75 1.82 84.84 86.66 Ah6254 AX-147227736 10 WSA, SW, WSPA, NB, ISC, TE and SCMR

MQTL7.4 7 101.29 0.85 100.86 = 101.71 = AHGA102053 GM1986-2 5 PW, DFF, SP and WSB

MQTL8.1 8 2.10 2.38 0.91 3.29 AX-147231702 PM367 4 KDLL, NH and KDrust

MQTL8.2 8 16.51 174 15.64 17.38 AX-147229678 Ah6347 5 YPA, DFF, KDrust, RWC and Zn

MQTL8.3 8 58.92 5.78 56.03 61.81 Ahs58721 AX-147229847 4 YOC, NPPP, KDrust and YLGA

MQTL8.4 8 252.61 2.76 25123 | 25399 = TC14B08 A08B47 5 WB, MPTLA, LLS, WPA and MPTO

MQTL9.1 9 3.61 2.06 2.58 4.64 §9_81536603 TC2D08 6 KDrust, TR and KDLL

MQTL9.2 9 84.58 2.12 83.52 85.64 Ah09_117710447 TC1D02 13 PTIFF, PLA, CT, WAA, PW, HUE, TSW
and SP

MQTL9.3 9 104.27 122 103.66 = 104.88 = Marker5532 AX-147234176 5 OIL, OLE, PAL and LIN

MQTL9.4 9 122.17 1.23 121.55 | 122.78 | AhTE0572 FAD2A 11 MPTL, MPSL, MPTO, YOA, NSB
and MPSO

MQTL9.5 9 178.79 0.69 17844 | 179.13 = Ah6234 Ahé6116 5 WSA, SLA, YBA, YLG and YSA

MQTL10.1 10 6.8 230 5.66 7.94 TC7H11 Ah6326 6 Thrips, TDP, Kdrust, LS and YOC

MQTL10.2 10 71.98 0.38 7179 72.16 AhTE0162 Marker6000 7 HW, SP, OLE, SIL, CT and PC

MQTLI1L.1 11 0.47 9.63 434 5.28 Marker6137 seq2G4-1 5 ISC, PLE, LS, TSW and KDLL

MQTL11.2 11 50.05 228 4891 5119 TOG896615_1198# | SD_c329p435vAC# 14 PW, ELS, DW, TR, SW, PC, HW, LPL
and YLGA

MQTLI11.3 11 117.84 3.01 11633 11934 = PM83 PM52 4 SDW, Zn and EDP

MQTLI12.1 12 20.54 7.61 16.735 = 24.34 AHS0046# AHGS1692_bl 6 DPW, TSW, PLE, DPL and PWD

MQTLI12.2 12 42.85 4.26 40.72 44.98 IPAHMS531 A02B349 4 SDW, NPPP and MSH

MQTLI12.3 12 128.56 2.67 12722 | 12989 | Ahl2_3356216 GNB1121 4 ™

MQTL13.1 13 61.47 L11 60915 = 62.02 AX-147216965 AX-147252574 9 PTIFF, KDLLS, SW, TE, VCR, HW, SCMR
and Zn

MQTL13.2 13 133.4 2.85 131.97  134.82 | AX-147217982 Ah2820 9 WSG, MPSO, YOC, Stem Rot, WSP, NPPP,
WSL and OIL

MQTL13.3 13 256.94 5.34 25427 | 259.61 | AHGS1571 RN10F09 3 WG, SN and MSH

MQTL14.1 14 2111 1.60 20.31 2191 §14_22478715 GM1959-185 18 TE, SN, MSH, Rust, HW, 10SW, LS, TSW,

NPPP, PC, MSH, Fe, Stem Rot and PL

MQTL14.2 14 89.78 3.28 88.14 91.42 AX-147247139 AX-147247229 5 LLS, HSW, MPSO, MPTO and HSW

MQTL14.3 14 112.64 0.08 1126 112.68 | AHGS0202 AX-147219990 9 MPSL, WL, WS, WA, WP, WB, WG, WSS
and YPA

MQTL15.1 15 103.97 4.45 101.74 | 106.19 | AX-147250857 Ah15_26507737 3 PW, DFF and FI

MQTL15.2 15 1232 1.78 12231 | 12409 @ S1066EaB AX-147223295 3 FI, PH and DFF

MQTL16.1 16 11.53 1.08 10.99 1207 | PM210 Marker9514 10 PC, HSW, SCMR, PC, SP and SW

MQTL16.2 16 38.66 4.93 36.19 41.12 AX-147226634 S16_74072826 3 ELS, SP and MPTO

MQTL16.3 16 66.21 6.22 63.1 69.32 Ah16_2247722 Ahs3386 3 WP, WA and Stem Rot

MQTL17.1 17 14.89 3.00 13.39 16.39 AX-147227003 AX-147254568 4 DPA, PW, KP and KPA

MQTL17.2 17 67.19 3.50 6544 6894 | S17_65719159 S17_38129204 3 PL, SP and HSW

MQTL18 18 192.09 0.50 191.84 19234 | GNBI159 GM1986-1 9 PTOLR, MPTO, MPTL, WP, MPSO and LLS

MQTL19.1 19 19.11 0.51 18.85 1936 | Marker11860 Ah19_11699918 44 OLA, DFF, PC, LIN, OLE, PL, ShW, CT,
PLE and LA

MQTL19.2 19 90.51 0.57 90.22 90.79 FAD2B AhS67426 10 YPA, MPSL, WSP, MPSLOA, YOC,

MPSOLR and YLA

MQTL19.3 19 117.13 0.68 11679 | 11747 | gi30420405 AX-147232613 3 YOC and HW

MQTL20.1 20 70.63 2.52 6937 7189 | Ah20_117411384 AHGS1446 8 Stem Rot, OIL, TSW and TW
MQTL20.2 20 102.84 3.69 10099 | 104.68 = GM2165 AHGA75537 5 SN, NSB, SP, DW and GDDFI
MQTL20.3 20 116.03 2.03 11501  117.04 = Ah20_143925737 Ah20_126361289 8 HSW, PYPP, GDDFI, SLA, CT and SLA
MQTL20.4 20 136.76 0.69 13641 | 137.10 = Ah20_143912200 Ah20_134973352 5 HSW, ShWw, SP and HI

10SW, Ten seed weight; AA, Arachidic acid; AFB2A, Resistance to production of aflatoxin B2; AE, Adult emergence; AFTA, Aflatoxin content; AFTB, Aflatoxin content; BA, Behenic acid; BC,
Backcross; BDW, Biomass dry weight; CI, Confidence interval; CID, Leaf carbon isotope analysis; CT, Canopy temperature; DE, Days of emergence; DF, Days to flowering; DEF, Days to 50%
flowering; DPL, Pod length of double seeded; DPW, Pod width of double seeded; DPN, Double seeded pod; DW, Dry weight; EDP, Estimated days to podding; ELS, Early leaf spot; Fe, Iron
content; FI, Flower initiation; GA, Gadoleic acid; HI, Harvest index; HRN, Root hairiness; HSW, Hundred seed weight; HUE, Heat use efficiency; HW, Haulm weight; IL, Internode length; ISC,
Delta biomass canopy conductance; LA, Leaf area; LDW, Leaf dry weight; LLS, Late leaf spot; LOD, Logarithm of odds; LW, Terminal leaflet width; MQTL, Meta QTL; MSH, Main stem height;
NB, Number of branches; NID, Leaf isotope analysis; NH, Number of holes on pod; NN, Node number; NPB, Number of primary branches; NSB, Number of secondary branches; OA, Oleic acid;
OC, Oil content; OLR, Oleic to linoleic acid ratio; PA, Palmitic acid; PC, Pod constriction; PEL, Peduncle length; PH, Plant height; PL, Pod length; PN, Pod number per plant; PS, Plant spread;
PSIIB, Percent seed infection index for 100 seed weight; PSIIA, Percent seed infection index for 100 seed weight; PSII, Percent seed infection index; PW, Pod weight per plant; PWD, Pod width;
PWE, Pod weight; PWL, Pod weight loss; QTLs, Quantitative trait locus; RAF, Aspergillus favus resistance; RILs, Recombinant inbred lines; RWC, Relative water content; SA, Stearic acid; SCMR,
SPAD chlorophyll meter reading; SC, Stomatal conductance; SD, Stomatal density; SDW, Shoot dry weight; SOW, Weight of two kernels; SLA, Specific leaf area; SLW, Specific leaf weight; SN,
Seed number; SP, Shelling percentage; SWT, Seed weight per plant; TE, Transpiration efficiency; TLW, Terminal leaflet width; TDP, Total developmental period; TR, Transpiration rate; TSWV,
‘Tomato spotted wilt virus; VCR, Visual chlorotic rating; Zn, Zinc content; KPA, Kernel percentage; PWPP, Pod weight per plant; IN, Internode length; KDLL, Late leaf; spot; PYPP, Pod yield per
plant; TW, Test weight; NPPP, No of pods per plant; YOC, Oil content; OIL, Oil content; MPTOA, Oleic acid; WBA, Behenic acid; WPA, Palmitic acid; PLB, Pod length; WSPA, Palmitic acid;
MPSO, Oleic acid; YAA, Arachidic acid; HPW, Pod weight per plant; RLLS, Late leaf spot; WSS, Stearic acid; GDDFI, Days to flower initiation; WSA, Stearic acid; TE, Transpiration efficiency
under WW regime; WSPA, Palmitic acid; WSB, Behenic acid; KDrust, Rust; YLGA, Gadoleic acid; WB, Behenic acid; PAL, Palmitic acid; WSA, Stearic acid; YBA, Behenic acid; YLG, Gadoleic
acid; SP, Shelling percentage; SIL, Seed length; PLE, Pod length; LPL, Pod length; YLGA, Gadoleic acid; WSG, Gadoleic acid; WS, Stearic acid; WSS, Stearic acid; PTOLR; Oleic to linoleic acid
ratio; MPTO, Oleic acid; MPTL, Linoleic acid; WP, Palmitic acid; MPSO, Oil content; LIN, Linoleic acid content; OLA, Oleic acid; OLE, Oleic acid; MPSLOA, Oleic acid; YOC, Oil content;
MPSOLR, Oleic to linoleic acid ratio; ShW, Shell weight.
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Papaya PRSV infectivity in PRSV titer estimation = PRSV confirmation by Type of PRSV

genotype/cultivar glasshouse (%) by ELISA (OD value) RT-PCR Symptoms observed
Red Lady 80 ++ (1.51) + Mild Mosaic
Honey Dew 60 ++(1.55) + Mosaic

Pusa Dwarf 80 + +(1.51) + Mosaic

Pusa Delicious 80 + (1.06) + Mosaic

Co-2 40 +(0.8) -+ Mild mosaic
PM 100 +(1.29) + Mosaic

ve 0 - - No Symptoms
PS-3 60 +(0.42) + Mild mosaic
Ps-1 60 +(1.14) + Mild mosaic
PS-2 80 +(0.96) + Mild mosaic
PS-5 40 +(0.80) + Mild mosaic

Pusa Majesty (PM), Pune Selections (PS)-1, 2, 3 & 5, and Vasconcellea cauliflora (VC). Higher virus titer (++), Moderate virus titer ( +), Virus not detected (-).
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Healthy Papaya Plants PRSV infected Plants

RNA class PS3 (H) vC PM (1) PS3 (I)

Raw reads 52,989,070 52,663,396 42,988,993 43,368,829 45,873,913
Total Clean reads 52,841,249 52,543,607 42,876,839 43,262,152 45,749,345
Clean reads (18-24 nt) 12,156,513 21,983,529 16,305,777 34,217,191 24,350,232
Unaligned reads 11,994,524 21,021,736 16,164,592 31,146,449 22,893,062
Novel miRNA reads 139,567 419,784 114,025 4,371,533 711,008
Known miRNA reads 160,874 943,881 139,427 1,145,855 688,181
Virus alignment 1115 17912 1,758 1,924,887 768,989

Pusa Majesty (PM), Pune Selections-3 (PS- 3), and Vasconcellea cauliflora (VC); H, healthy; I, PRSV infected.
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Trait SNP Position (bp) Gene e Annotation

GLS1 (77 DAP) DT4_236484294 | 4 236484294 Zm00001d053613  RNA-binding (RRM/RBD/RNP motifs) family protein

GLS1 (77 DAP) DT9_45478343 9 45478343 Zm00001d045883 ~ ADP/ATP carrier protein 1 mitochondrial

GLS1 (77 DAP) DT10_9375453 10 9375453 Zm00001d023539  protein_coding

GLS2 (105 DAP) DT5_80046482 5 80046482 Zm00001d015224  Salicylate/benzoate carboxyl methyltransferase

AUDPC DT5_24851058 5 24851058 Zm00001d013920  Phosphatidylinositol 4-phosphate 5-kinase 9
Receptor homology region transmembrane domain- and RING

AUDPC DT6_1389517 6 1389517 Zm00001d034998  domain-containing protein 2

AUDPC DT8_15011837 8 15011837 Zm00001d008623 = Very-long-chain (3R)-3-hydroxyacyl-CoA dehydratase PASTICCINO 2

AUDPC DT9_138867161 = 9 138867161 Zm00001d047673 ~ DUF4378 domain protein

AD DT3_1407684 3 1407684 Zm00001d039305 ~ RNA polymerase I-associated factor PAF67

AD DT5_80046482 5 80046482 Zm00001d015224  Salicylate/benzoate carboxyl methyltransferase

AD DT6_114255122 | 6 114255122 Zm00001d037159  0s05g0597150 protein

AD DT9_76104516 | 9 76104516 Zm00001d046243  Putative ferroportin-domain family protein

SD DT1_36755457 1 36755457 Zm00001d028486 ~ Chemocyanin

SD DT1_160031116 | 1 160031116 Zm00001d030795  Plant calmodulin-binding protein-related

SD DT3_1469626 3 1469626 Zm00001d039313  protein_coding

SD DT6_85907826 6 85907826 Zm00001d036370  protein_coding

SD DT8_63984569 8 63984569 Zm00001d009426 ~ Mov34/MPN/PAD-1 family protein

PH DT2_11667280 2 11667280 Zm00001d002390 =~ DNA ligase 4

PH DT2_27642609 2 27642609 Zm00001d002942  Tubulin-folding cofactor B
Dolichyl-diphosphooligosaccharide-protein glycosyltransferase

PH DT2_27774525 2 27774525 Zm00001d002944 67 kDasubunit

EH DT7_5660772 7 5660772 Zm00001d018802  protein_coding

GLSI and GLS2 correspond to disease severity data collected for GLS at 77 and 105 days after planting, respectively; AUDPC, area under disease progress curve; AD, anthesis date; SD, silking
date; PH, plant height; EH, ear height.
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SNP Chr Position (bp) Bin name P val Effect

Anthesis date

DT3_1407684 3 1407684 | 3.01 203 x10°° 034 -0.72
DT3_28537024 3 28537024 3.04 125 x 107 0.05 -1.51
DT3_159134665 3 159134665 3.05 133 x 107 006 -1.25
DT3_173798390 3 173798390 3.06 239 x107° 035 -0.74
DT5_4115653 5 4115653 5.01 218 x10°° 0.15 1.04
DT5_80046482 5 80046482 5.03 5.09 x 10°° 030 121
DT5_190321766 5 190321766 5.05 118 x 107° 035 -0.70
DT6_114255122 6 114255122 6.04 773 x 107° 021 118
DT6_146530203 6 146530203 6.05 1.68 x 107 030 0.71
DT7_168724486 7 168724486 7.05 292 x107° 035 -1.00
DT8_148947397 8 148947397 8.06 114 x 107 0.11 -1.43
DT9_76104516 9 76104516 9.03 116 x 107" 0.06 -2.45
DT9_116598435 9 116598435 9.04 1.88 x 107 0.42 0.64
Silking date

DT1_36755457 1 36755457 1.03 922 x107° 0.16 -0.76
DT1_160031116 1 160031116 1.05 341x107° 029 -0.76
DTI_196931772 1 196931772 1.06 247 x 107° 022 -0.84
DT2_215851764 2 215851764 2.08 222x10°° 0.07 -131
DT3_1469626 3 1469626 301 650 x 107° 050 0.61
DT3_9577871 3 9577871 3.03 845 x 1077 044 -0.82
DT3_132334454 3 132334454 3.05 316 x 10°° 0.07 -1.38
DT4_208901175 4 208901175 4.09 129 x 107 0.06 -122
DT5_217466828 5 217466828 5.09 550 x 107" 0.16 -147
DT6_85907826 6 85907826 6.01 626 x 107° 0.06 165
DT7_54538519 7 54538519 7.02 260 x 107° 049 -0.61
DT7_174089319 7 174089319 7.05 195 x 1074 0.13 -0.78
DT8_63984569 8 63984569 8.03 334x107° 0.15 -0.93
DT9_76308336 9 76308336 9.03 459 x 107 0.08 -1.89
Anthesis-Silking interval

DT5_216421061 5 216421061 5.09 209 x 107 021 0.71
DT7_7541489 i 7541489 7.01 3.02x 107 0.05 118
Plant height

DT2_11667280 2 11667280 202 128 x 107 0.14 7.93
DT2_27642609 ) 27642609 203 145 x 107 039 5.16
DT2_27774525 2 27774525 2.03 140 x 107 041 5.11
DT6_168920192 6 168920192 6.08 331x107° 0.06 -12.44
DT8_122249319 8 122249319 8.04 1.69 x 107 0.09 -8.72
DT8_138595600 8 138595600 8.05 214 x 107 0.18 -6.60
DT10_56267943 10 56267943 1003 673 x 107° 0.05 11.87
DT10_101212899 10 101212899 10.04 859 x 107° 0.05 -11.54
DT10_101212965 10 101212965 10.04 799 x 107 0.06 10.78
DT10_101213049 10 101213049 10.04 197 x 107° 0.07 10.99
DT10_124620967 10 124620967 10.04 1.99 x 107 0.10 -8.19
Ear height

DT5_215513759 5 215513759 5.08 332x107° 0.12 -5.54
DT7_5660772 7 5660772 7.01 1.61 x 107 0.14 4.76
DT9_127735255 9 127735255 9.05 661 x107° 021 421
DT10_101212899 10 101212899 10.04 220 x 107 0.05 -7.02
DT10_101212965 10 101212965 10.04 418 x 107° 0.06 7.18
DT10_101213049 10 101213049 10.04 7.69 x 107° 0.07 6.60

MAF, minor allele frequency, effect = allele effect; MLM P-value = probability value for the mixed linear model; GLS, disease severity, and AUDPC, area under disease progress curve values under
artificial inoculation of GLS conditions; position = the physical position of the SNP (Ref Gen_v3 of B73).
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SNP Chr ition (bp) Bin name P vall Effect

Gray leaf spot 1

DT2_153752700 2 153752700 2.06 178 x 10°° 033 -0.24
DT3_18370709 3 18370709 3.04 137 x 107 029 -0.35
DT3_129473727 3 129473727 3.05 277°%:107 033 0.20
DT4_236484294 4 236484294 4.09 549 x 1077 0.08 -0.45
DT5_77120507 5 77120507 5.03 439 x10°° 039 -0.27
DT9_45478343 9 45478343 9.03 1.67 x 107 024 0.14
DT9_131016039 9 131016039 9.05 952 x10°° 0.50 -0.20
DT10_9375453 10 9375453 10.02 147 x 107 046 0.20
DT10_124625318 10 124625318 10.04 6.96 x 1077 0.08 039
Gray leaf spot 2

DT3_8260307 3 8260307 3.03 830 x 107° 0.10 0.70
DT5_80046482 5 80046482 5.03 204 %107 030 -0.70
DT6_118742764 6 118742764 6.04 150 x 107 032 0.40
DT10_7310310 10 7310310 1002 213x107 024 -0.45
AUDPC value

DT1_209722581 1 209722581 1.07 218 x 107 036 -232
DT1_257413254 1 257413254 1.09 411 x107° 0.12 5.01
DT2_55324276 2 55324276 2.04 141 x 107 031 -2.93
DT3_226339092 3 226339092 3.09 844 x 1077 044 -3.67
DT5_24851058 5 24851058 5.03 143 x 107° 0.15 559
DT6_1389517 6 1389517 6.00 147 x 107 022 -3.46
DT6_91304345 6 91304345 6.02 132 x 107 025 -2.81
DT6_165363652 6 165363652 6.08 206 x 107 0.12 344
DT7_100370211 7 100370211 7.02 439 x107° 0.42 -2.57
DT8_15011837 8 15011837 8.02 9.07 x 10°° 023 3.83
DT9_138867161 9 138867161 9.05 124 x 107° 050 -2.83

MAF, Minor Allele Frequency, effect- Allele Effect, MLM P-value- probability value for the mixed linear model, GLS disease severity, and AUDPC- area under disease progress curve values under
artificial inoculation of GLS conditions; Position - The physical position of the SNP (Ref Gen_v3 of B73).
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GLS1 GLS2

Cenelgpe (1-9 scale) (1-9 scale)
CKDHL142989 25 2.6 349 84.0 83.4 -0.8 144.6 76.7
CKL14500 21 29 355 86.8 89.0 23 1259 61.6
CML559 21 3.0 384 79.7 79.8 02 1534 832
CML566 3.0 3.1 48.8 835 83.1 -02 144.6 67.7
CKL14501 33 33 45.5 85.0 85.0 -0.1 1282 63.2
((BRAZIL1546) DH4/CML395)-B-1-2-1 28 34 49.9 90.5 91.9 14 126.8 712
CKL155 2.6 35 44.6 85.2 84.4 -0.7 1453 67.8
CKDHL120423 3.0 3.6 432 83.0 81.8 -22 145.8 73.1
CKLMARS1C3850196 34 3.7 494 5 81.5 21 125.7 61.0
CML540 34 b i) 49.7 75.5 75.5 0.1 1373 49.2
CML536 32 38 59.9 85.5 85.9 1.0 136.8 61.7
CML574 23 39 45.5 834 82.6 -1.1 138.7 64.9
CKL14529 39 4.7 45.3 84.5 82.8 -15 142.3 68.1
CML172 4.0 4.8 45.1 745 78.0 36 118.0 53.1
CKL150079 (Suc. Check) 6.5 7.4 948 777 79.6 20 136.4 63.5
CKL150122 (Suc. Check) 6.2 7.4 90.0 782 79.9 28 1237 513
CKL150132 (Suc. Check) 57 7.4 839 789 79.0 03 131.8 63.0
Mean 4.5 57 73 799 80.4 042 129.8 61.9
SE 0.05 0.04 0.56 0.17 0.19 0.10 0.75 0.49
LSDs0, 1.50 1.29 17.78 472 5.02 220 2041 13.42
CV (%) 16.92 11.49 12.52 3.00 3.18 66.17 8.00 11.04

GLS1 and GLS2 correspond to disease severity data collected for GLS at 77 and 105 days after planting, respectively; AUDPC, area under disease progress curve; AD, anthesis date; D, silking
date; ASI, anthesis silking interval; PH, plant height; EH, ear height; SE, standard error; LSD, least significant difference; CV, coefficient of variation.
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Genotype G 9 scale) ASI (days)

Mean 449 5.67 7195 79.97 80.44 0.44
¢ el 0.40% 72.03%* 8.53** 9.80"* 0.88*
o*R 0.40%* 0.60* 101.64™ 226" 2017 1.25%
o 113 1.25 185.92 8.18 8.61 4.90
H 0.85 0.57 0.60 0.84 0.86 0.49

129.24

110.33**

42.81%*

278.57

0.71

61.40

40.18**

3114

126.35

0.63

*, ** significance at p = 0.05 and 0.01 level, respectively. GLS1, GLS2, correspond to disease severity data collected at 77 and 105 days after planting, respectively; AUDPC, area under disease

progress curve; AD, anthesis date; SD, silking date; ASI, anthesis silking interval; PH, plant height; EH, ear height.
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