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Climate change poses a growing threat to the livestock industry, impacting animal productivity, animal welfare, and farm management practices. Thus, enhancing livestock climatic resilience (CR) is becoming a key priority in various breeding programs. CR can be defined as the ability of an animal to be minimally affected or rapidly return to euthermia under thermally stressful conditions. The primary study objectives were to perform genome-wide association studies for 12 CR indicators derived from variability in longitudinal vaginal temperature in lactating sows under heat stress conditions. A total of 31 single nucleotide polymorphisms (SNPs) located on nine chromosomes were considered as significantly associated with nine CR indicators based on different thresholds. Among them, only two SNPs were simultaneously identified for different CR indicators, SSC6:16,449,770 bp and SSC7:39,254,889 bp. These results highlighted the polygenic nature of CR indicators with small effects distributed across different chromosomes. Furthermore, we identified 434 positional genes associated with CR. Key candidate genes include SLC3A2, STX5, POLR2G, and GANAB, which were previously related to heat stress responses, protein folding, and cholesterol metabolism. Furthermore, the enriched KEGG pathways and Gene Ontology (GO) terms associated with these candidate genes are linked to stress responses, immune and inflammatory responses, neural system, and DNA damage and repair. The most enriched quantitative trait loci are related to “Meat and Carcass”, followed by “Production”, “Reproduction”, “Health”, and “Exterior (conformation and appearance)” traits. Multiple genomic regions were identified associated with different CR indicators, which reveals that CR is a highly polygenic trait with small effect sizes distributed across the genome. Many heat tolerance or HS related genes in our study, such as HSP90AB1, DMGDH, and HOMER1, have been identified. The complexity of CR encompasses a range of adaptive responses, from behavioral to cellular. These results highlight the possibility of selecting more heat-tolerant individuals based on the identified SNP for CR indicators.
Keywords: climate resilience, heat stress, genome-wide association studies, livestock breeding, genomic regions

1 INTRODUCTION
Climate change poses an increasing risk to productivity, welfare, and requires farm management practices change without compromising effectiveness in the livestock industry (Rhoads et al., 2009; Yang et al., 2021). Moreover, economically important traits are significantly influenced by genotype-by-environment interactions, and the animals’ performance can deteriorate with rising global temperatures (Haile-Mariam et al., 2008; Braz et al., 2021). Over the past few decades, intensive breeding for greater productivity, such as increased milk yield, growth rate, little size, and body weight in livestock, led to higher metabolic heat production (Cabezón et al., 2017), potentially reducing the ability of livestock (i.e., pigs) to thrive in harsh environments. Consequently, this has caused farm management to become more challenging with declining profitability as animals face heightened risks from the severe effects of global warming. Thus, enhancing CR has become a primary objective in livestock breeding.
Climate resilience refers to the animal’s ability to maintain or quickly return to euthermia under thermally stressful conditions (Colditz and Hine, 2016; Wen et al., 2024). Many studies have investigated CR and proposed novel indicators, such as genetic variance of the slope of reaction norm models (Shi et al., 2021; Waters et al., 2022; Freitas et al., 2024). However, most direct resilience phenotypes are difficult or expensive to measure, leading to less frequent measurements and more issues, such as low phenotypic variability and low to moderate heritability estimates (Guy et al., 2012; Gorssen et al., 2021). In previous studies, various phenotypes related to heat stress (HS) in lactating sows—including vaginal temperature, respiration rate, skin surface temperature, hair density, and body condition score—were measured under HS conditions and considered as useful indicators of HS (Scheffer et al., 2018; Gorssen et al., 2021; Johnson et al., 2023). These phenotypes exhibited low to moderate heritability estimates. However, identifying CR of animals based on these measures alone is challenging. Individuals who exhibit greater consistency in their phenotypes over time are likely to have higher resilience (Scheffer et al., 2018; Berghof et al., 2019). This is because they are expected to deviate less from their optimal production or physiological levels when faced with disruptions, leading to increased survival and reduced disease incidence (Scheffer et al., 2018; Berghof et al., 2019).
Increased availability of longitudinal data from various methods, such as automatic thermometers, feeding stations, and computer vision systems, makes it possible to derive more effective resilience indicators (Chen et al., 2023; Pedrosa et al., 2023). For instance, methods for deriving several new resilience indicators in dairy cattle based on deviations from observed and expected performance, including variance, lag-1 autocorrelation, and skewness of deviations, have been proposed (Poppe et al., 2020). These methods have been applied in resilience studies across various species, including cattle (Poppe et al., 2020; Chen et al., 2023), pigs (Mancin et al., 2024), and dairy goats (Sánchez-Molano et al., 2019).
Fifteen novel CR indicators, such as variance, lag-1 autocorrelation, and skewness of deviations, as well as HS duration, using longitudinal automatically-recorded vaginal temperature were developed in our previous study (Wen et al., 2024). Most of these indicators were moderately heritable and had low to high genetic correlations with each other. Current understanding of the biological mechanisms and genetic factors influencing CR in lactating sows is rather limited. In this context, genome-wide association studies (GWAS) enable the detection of single nucleotide polymorphisms (SNP) associated with traits of interest (Visscher et al., 2012). Many GWAS studies focusing on resilience have been conducted in different species, such as chicken (Doekes et al., 2023), pigs (Putz et al., 2019), sheep (Tsartsianidou et al., 2021), and cattle (Alonso-Hearn et al., 2022; Chen et al., 2024). However, CR is expected to be a polygenic trait influenced by numerous biological mechanisms, which could lead to the identification of many putative quantitative trait loci (QTL), some of them with small effect and located on different chromosomes. GWAS can contribute to a better understanding of the genetic basis underlying phenotypic variability in CR. By undertaking GWAS on different CR metrics, we can delve deeper into the genetic basis of this complex trait, potentially uncovering valuable insights that will not only advance our scientific knowledge but also inform breeding strategies aimed at enhancing CR in sows. Thus, the primary study objectives were to 1) detect SNPs and genomic regions significantly associated with twelve CR indicators derived from automatically-recorded vaginal temperature measured in lactating sows under HS conditions; and 2) identify the underlying biological functions and metabolic pathways these regions are involved in based on functional genomic analyses.
2 MATERIALS AND METHODS
2.1 Datasets
All live animal data collection procedures were approved by the Purdue University Animal Care and Use Committee (Protocol #1912001990). All data collection procedures, physiological data, genotype information, and quality control processes have been previously described in our previous studies (Johnson et al., 2023; Wen et al., 2023; Wen et al., 2024). In brief, 1,639 lactating sows (parities 2–7; Landrace × Large White) were genotyped using the PorcineSNP50K Bead Chip (Illumina, San Diego, CA, United States). The vaginal temperature (TV) of 1,381 sows within the studied population was automatically measured every 10 min from June 5th to July 30th, 2021, using a vaginally implanted thermochron data recorder (Johnson et al., 2023). Ambient temperature and humidity of each barn was automatically collected every 5 minutes (Johnson et al., 2023). The phenotypic and genomic quality control procedures performed can be accessed on our research (Johnson et al., 2023; Wen et al., 2023). Twelve CR indicators were derived based on variability in automatically measured vaginal temperature (Wen et al., 2024). Log-transformed variance [LnVar(Ave) and LnVar(Med)], Lag-1 autocorrelation (Autocor (Ave) and Autocor(Med)], and skewness [Skew(Ave) and Skew(Med)] of the deviations between observed and the average (Ave) or median (Med) values from moving windows consisting of six consecutive observations with a 10-minute interval were calculated for each animal (Poppe et al., 2020). The HS thresholds for individuals under distinct ventilation conditions (mechanical ventilation at 39.76°C and natural ventilation at 39.78°C) were reported (Johnson et al., 2023). Additional traits were derived including the daily maximum vaginal temperature (MaxTv) per individual and the HS duration (HSD), which quantifies the duration of the time interval in which an individual’s vaginal temperature consistently exceeded the HS threshold each day. Two CR indicators were normalized median ([image: Text reading "Nor_medvar" in a stylized font.]) or average TV ([image: Sorry, I cannot assist with recognizing or generating alternate text for this image.]) multiplied by the normalized TV variance on a population level as follows,
[image: The equation shows "Nor_medvar sub i equals open bracket Med sub i minus Med sub min divided by Med sub max minus Med sub min close bracket times open bracket var of Tv sub i minus var of Tv sub min divided by var of Tv sub max minus var of Tv sub min close bracket."] and [image: Equation for normalized average variation: Nor_avevar_i equals the fraction of Ave_i minus Ave_min divided by Ave_max minus Ave_min, multiplied by the fraction of var(Tv)_i minus var(Tv)_min divided by var(Tv)_max minus var(Tv)_min.], where [image: Please upload the image or provide a URL for the image you would like me to describe.], [image: The text "Ave subscript i" is written in a stylized serif font. The letter "A" is capitalized, followed by lowercase "ve" and the subscript "i".], and [image: The expression "Var(Tv)_i" represents the variance of a variable labeled Tv, indexed by i, typically used in mathematical or statistical contexts.] represent the median, average, and variance of TV for individual [image: Please upload an image or provide a URL so I can generate the alternate text for you.], [image: _text with "A", "v", "e" in a larger font size and subscript "min"._] and [image: The text "A" followed by "ve" with a subscript "max" in stylized font.] are the minimum and maximum median TV, [image: "Med" is written in large font, with "min" subscripted next to it in smaller font, indicating a mathematical or scientific notation.] and [image: Text displaying "Med" with the subscript "max" written in a serif font.] are the minimum and maximum median TV, and [image: Mathematical expression showing "Var(Tv)" with a subscript "min," representing the minimum variance of Tv.] and [image: Mathematical expression showing the maximum variance of TV, denoted as Var(Tv) with a subscript "max".] are the minimum and maximum TV variance, respectively. Furthermore, two additional traits were derived based on the total deviations between TV and HS threshold values, which were calculated by summing up the TV values above ([image: Text reads "HSU" followed by a subscript "A". The text suggests a specific notation, possibly representing a mathematical or scientific concept.]) or below ([image: I'm unable to see the image you're referring to. Please upload the image directly or provide a URL so I can help generate the alt text for it.]) the HS threshold throughout the entire data collection period as follows,
[image: Equation representing HSU subscript lambda as the sum from t equals one to n of the difference between Tv subscript t and HS threshold.] and [image: Math formula for calculating HSU_B, representing the sum from t equals one to n of (T_vt minus HS threshold).], where [image: Mathematical notation showing a bold uppercase "T" followed by a subscripted lowercase "v" with a subscript "t".] is the TV at time point [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.]. All these CR indicators were described in detail (Wen et al., 2024), and the heritability estimates ranged from 0.084 ± 0.037 [Skew (Med)] to 0.291 ± 0.047 (HSUB).
2.2 Genome-wide association studies and functional genomic analyses
Genome-wide association studies between the CR indicators and the SNPs were conducted using the linear mixed animal model in the GCTA software (Yang et al., 2011), with the option of leaving one chromosome out (MLMA-LOCO). The effects included in the GWAS models are the same as those reported previously (Wen et al., 2024). After performing the GWAS, the genomic inflation factor (λ) was calculated to evaluate potential bias in the results, e.g., from unaccounted population stratification. The λ value was calculated as the ratio of the median of the observed distribution of the statistic to the expected median, for which a 95% confidence interval of value was further derived (Devlin and Roeder, 1999). The Bonferroni correction was used for multiple testing corrections (Armstrong, 2014). The genome-wide significance and suggestive significance threshold were set as [image: Please upload the image or provide a URL so I can generate the alternate text for you.] (P = 0.05/N) and [image: Please upload the image or provide a URL so I can generate the alt text for you.] (P = 1/N), respectively, where N represents the total SNP number left after removing SNPs based on linkage disequilibrium (LD) (indep-pairwise 50 5 0.1, N = 42,729). To avoid type I errors and false negative results, another less-stringent significance threshold of 0.05 divided by the number of independent chromosomal segments ([image: It seems like there is no image provided. Please upload the image or provide a URL for the image you want described.]) at chromosome-wise levels was considered (Li et al., 2015), following the model: [image: Mathematical equation depicting M subscript e equals two times N subscript e times L divided by the logarithm of N subscript e times L.], where [image: Please upload the image or provide a URL so I can help generate the alternate text.] is an function of effective population size ([image: Please upload the image or provide a URL so I can generate the alt text for it.]) and chromosome length ([image: Please upload the image you would like me to generate alt text for.], in centimorgans–cM). [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.] was considered to be equal to 60 (Hall, 2016) and 1 cM equivalent to 1 Mb (Wang et al., 2016). Quantile-quantile plots (Q-Q plots) were created using the CMplot R package (Yin et al., 2021).
The GALLO R package (Fonseca et al., 2020) was used to detect genes located within 500 Kb up and downstream of significant SNP and QTL regions previously cited in the pig QTLdb (Hu et al., 2019) based on the latest genome reference Sscrofa 11.1 assembly (http://useast.ensembl.org/Sus_scrofa/Info/Index). Gene Ontology (GO) (Ashburner et al., 2000) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto, 2000) enrichment analyses for candidate genes were carried out using the DAVID platform (Huang et al., 2009).
3 RESULTS AND DISCUSSION
3.1 GWAS results summary
We first conducted GWAS studies for all traits to investigate the genetic basis and biological mechanisms associated with heritable CR indicators [heritability estimates ranging from 0.084 ± 0.037 to 0.291 ± 0.047 (Wen et al., 2024)]. The traits evaluated were LnVar(Ave), Autocor(Ave), Skew(Ave), LnVar(Med), Autocor(Med), Skew(Med), MaxTv, HSD, Nor_avevar, Nor_medvar, HSUA, and HSUB. The genomic inflation factors ranged from 0.95 to 1.2 for all indicators, showing small inflation of P-values for the estimated SNP effects (Price et al., 2010). Lambda values and Q-Q plots for each CR trait are shown in Figure 1.
[image: Thirteen QQ plots display observed versus expected -log10(p) values for SNP data, each with a lambda value indicating genomic inflation. The plots vary in color, representing different datasets or analyses, with confidence bands around the trend lines.]FIGURE 1 | Quantile-quantile plots (QQ-plot) and lambda values for the climatic resilience indicators evaluated1. 1Indicators: LnVar(Ave), log-transformed variance of the deviations between each observation and the average values from moving windows that contains six continuous observations with 10-mins interval in between; Autocor (Ave): Lag-1 autocorrelation of the deviations between the average values from moving windows that contains six continuous observations with 10-mins interval in between; Skew (Ave): skewness of the deviations between each observation and the average values from moving windows that contains six continuous observations with 10-mins interval in between; LnVar(Med): log-transformed variance of the deviations between the median values from moving windows that contains six continuous observations with 10-mins interval in between; Autocor (Med): Lag-1 autocorrelation of the deviations between the median values from moving windows that contains six continuous observations with 10-mins interval in between; Skew (Med): skewness of the deviations between each observation and the median values from moving windows that contains six continuous observations with 10-mins interval in between; Nor_avevar: normalized average TV multiplies the normalized TV variance; Nor_medvar: normalized median TV multiplies the normalized TV variance; HSUA: sum of TV values above the HS threshold during the whole data collection period; HSUB: sum of TV values below the HS threshold during the whole data collection period; HSD: The length of time during which the body temperature remained above the HS threshold value for each collection day; MaxTv: The highest TV of each measurement day.
Thirty-one SNPs located on nine Sus scrofa chromosomes (SSC) that reached at least the suggestive significance level were detected for nine CR indicators and presented in Table 1. Four, one, one, 13, one, four, one, five, one SNP at the suggestive threshold was detected for LnVar(Ave), Autocor (Ave), Skew (Ave), LnVar (Med), Nor_medvar, Nor_avevar, HSUA, HSUB, and HSD, respectively. Among these SNPs, one SNP located on SSC15:135,366,143 bp, one SNP on SSC6:16,449,770 bp, one SNP on SSC6:16,323,291 bp, and three SNPs on SSC2:88,327,932 bp and 88,631,882 bp and SSC3:18,088,863 bp, were identified as significant at the chromosome-wise level threshold for four CR indicators: Autocor (Ave), LnVar(Med), HSUB, and Nor_avevar, respectively. Notably, only one SNP (SSC9: 15,692,376 bp) for HSD met the most stringent significance thresholds (Table 1). No significant associations were found for MaxTv, Autocor (Med), and Skew (Med), and this may be lack of power. The small number of suggestive SNPs for each indicator in our study indicates that the evaluated CR indicators are highly polygenic, with many genomic regions of small effects located throughout the different chromosomes. Most HS or heat tolerance related traits in livestock are polygenic (Macciotta et al., 2017; Tiezzi et al., 2020; Cheruiyot et al., 2021), with few major genes identified. Larger sample sizes could be beneficial for identifying these QTLs with smaller effects. These findings are in agreement with our previous research (Freitas et al., 2023; Wen et al., 2023).
TABLE 1 | Candidate SNPs that reached the suggestive significance level for CR indicators.
[image: Table showing genetic data with columns: SSC, Position, Frequency, P-value, Indicator, Bonferroni, Chromosome-wise level, and Suggestive level. Most entries indicate significance across various genetic indicators with related statistical data.]Four common SNPs were identified to be associated with more than one CR indicator. The SNPs are located on SSC6:16,449,770 bp and SSC6:16,435,748 bp [HSUB, LnVar(Ave), and LnVar(Med)], SSC7:39,254,889 bp [LnVar(Ave) and LnVar(Med)], and SSC9:15,692,376 (HSUB and HSD). The CR indicators created based on similar metrics are highly correlated at the genetic level, such as LnVar(Ave) and LnVar(Med), or HSUA and HSUB (Wen et al., 2024). Interestingly, the SNPs identified for these correlated indicators are not distributed at similar genomic regions. There are several reasons for that: first, as previously mentioned, these indicators are highly polygenic, and we did not find any major gene control in the CR indicators; Second, the candidate SNPs identified by each indicator are in linkage disequilibrium with their causal variants, explaining why overlapping SNPs are still observed across different indicators.
3.2 Candidate genes and functional genomic analyses
A total of 442 positional genes harboring or adjacent to the significant SNPs were mapped, including 212 protein-coding genes, 225 non-coding RNAs, and 5 pseudogenes (Supplementary Additional File S1: Supplementary Table S1). Specifically, 22, three, one, 30, one, 91, 45, 18, and one protein-coding genes were identified to be associated with LnVar(Ave), Autocor(Ave), Skew(Ave), LnVar(Med), Nor_medvar, Nor_avevar, HSUA, HSUB, and HSD, respectively. For LnVar(Ave), the genomic regions around four significant SNPs (SSC2: 100,913,257 bp; SSC3: 141,963,034 bp; SSC6: 16,449,770 bp; SSC7: 39,254,889 bp) harbors Heat Shock Protein 90 Alpha Family Class B Member 1 (HSP90AB1), Hyperpolarization Activated Cyclic Nucleotide Gated Potassium Channel 1 (HCN1), SPT3 Homolog SAGA And STAGA Complex Component (SUPT3H), and Transmembrane Protein 63B (TMEM63B) genes. HSP90AB1 functions as a chaperone and plays a role in protein transport and degradation. Its expression level decreased significantly in response to HS in pigs (Seibert et al., 2019). Besides, one SNP (SNP g.4338T > C) within HSP90AB1 was found to be significantly related to heat tolerance in Thai indigenous cattle (Charoensook et al., 2012). HCN1, SUPT3H, and TMEM63B were found to be associated with cellular and oxidative stress response in salmon (Beemelmanns et al., 2021), milk production in Holstein cattle (Liu et al., 2021), and residual feed intake in purebred French Large White pigs (Messad et al., 2021), respectively.
One SNP, located at 135,366,143 bp on SSC15, was associated with Autocor (Ave) at chromosome-wise and suggestive significance level. The genomic region around this SNP contains SH3 Domain Binding Protein 4 (SH3BP4) and ArfGAP with GTPase Domain, Ankyrin Repeat and PH Domain 1 (AGAP1). SH3BP4 was identified in a region with copy number variation in South African Nguni cattle, which are recognized for their ability to sustain harsh environmental conditions and resistance to parasites and disease (Wang et al., 2015). There were a few peaks with significant SNPs for LnVar(Med) on SSC2: 91,661,760 bp, SSC6: 16.435–16.449 Mb, SSC7: 39,254,889 bp, and between 28.947 and 29.837 Mb on SSC16. The up and downstream of the significant SNPs covered 15 candidate genes that were enriched for LnVar(Ave) before due to the overlapping SNPs. Strong associations were found on SSC2 and SSC3, with Low-Density Lipoprotein Receptor Class A Domain Containing 3 (LDLRAD3), solute carrier family 1 member 2 (SLC1A2), Dimethylglycine Dehydrogenase (DMGDH), Betaine-Homocysteine S-Methyltransferase 2 (BHMT2), and Homer Scaffold Protein 1 (HOMER1), harboring the most significant SNPs for Nor_avevar. LDLRAD3, known to encode a low-density lipoprotein (LDL) receptor and associated with decreased levels of very low-density lipoprotein receptor, has been linked to HS in chickens (Jastrebski et al., 2017; Wang et al., 2020). Further research in mice has revealed that the very low-density lipoprotein receptor plays a crucial role in regulating thermogenesis in brown adipocytes, suggesting its importance in body temperature regulation (Shin et al., 2022). It has been demonstrated that genes encoding the very low-density lipoprotein receptor are crucial for both lipid metabolism and the response to temperature stress (Álvarez et al., 2020). SLC1A2 was significantly downregulated in the mouse pituitary gland under hot conditions and was related to stress response (Memon et al., 2016). DMGDH was considered a candidate gene for heat tolerance, defined as the rate of decline (slope) in milk, fat, and protein yield in swamp buffalos. Furthermore, DMGDH may be involved in alleviating oxidative stress in heat-stressed cattle (Cheruiyot et al., 2021). BHMT2 is involved in regulating homocysteine metabolism with beneficial effects in heat-stressed animals through its activity against osmotic stress and protection of protein denaturation (Cottrell et al., 2015; Del Vesco et al., 2015). Besides, BHMT2 has been identified as a positively selected candidate gene affecting thermotolerance in African indigenous cattle (Ankole, Ogaden, N'Dama, Boran, and Kenana cattle), using XP-CLR and XP-EHH population statistics (Taye et al., 2017). HOMER1 plays an important role in behavior, particularly concerning adaptation to stress and fear responses (Kamprath et al., 2009). For Skew(Ave) and Nor_medvar, only one protein-coding gene was identified for each trait–ENSSSCG00000042482 and ENSSSCG00000052428, respectively. However, no information regarding their functions was found for these two genes.
The genes Solute Carrier Family 3 Member 2 (SLC3A2), Syntaxin 5 (STX5), RNA Polymerase II Subunit G (POLR2G), and Glucosidase II Alpha Subunit (GANAB) were significantly enriched for HSUA. Previous research observed downregulated SLC3A2 gene expression in bovine mammary epithelial cells under HS conditions (Ma et al., 2018), and this might be an adaptive response to meet increased amino acid requirements during HS (Rhoads et al., 2011). A frameshift mutation in STX5 has been considered a potential causal mutation for cattle’s heat tolerance, and it also significantly impacts milk production (Cheruiyot et al., 2021). Besides, STX5 was linked to tick resistance in Belmont Red cattle (Tabor et al., 2017) and Tunisian indigenous sheep (Ahbara et al., 2022). Tick burdens might correlate with thermal comfort (Rocha et al., 2019), as traits such as skin thickness, hair density, and skin secretions influence both tick resistance and heat regulation (Shyma et al., 2015). GANAB was found to be downregulated in jejunum mucosa of German Holstein cows under HS conditions, and this is related to responses to incorrect protein folding and stabilization processes (Koch et al., 2021). For HSUB, Cytochrome P450 Family 51 Subfamily A Member 1 (CYP51A1), and Cyclin Dependent Kinase 6 (CDK6) were detected in the SSC9. CYP51A1, a gene involved in cholesterol and sterol metabolism, was observed to be upregulated in the plasma of laying hens in response to HS (Zhu et al., 2019). CDK6 was significantly downregulated by HS in duck granulosa cells (Yang et al., 2021).
Only one protein-coding gene (ENSSSCG00000034240) was annotated for the only significant SNP of HSD. The limited overlap between candidate genes identified for various CR indicators in this study and candidate genes from GWAS of resilience for HS is not surprising. First, the traits we used to define resilience, such as HSD and LnVar(Med), differ from those in many other studies (Cheruiyot et al., 2021; Tsartsianidou et al., 2021). Additionally, automatically measured TV enables us to get more accurate CR indicator values. Given the complexity of CR that spans a broad spectrum of adaptive responses, from behavioral to physiological to cellular, it is likely that varying QTLs are captured based on the indicators employed in GWAS studies.
To investigate the biological functions of these candidate genes further, we performed GO and KEGG analysis using DAVID, as shown in Tables 2, 3. Two, one, and one significant KEGG pathways were observed for Lnvar(Med), Lnvar(Ave), and Nor_avevar, respectively. These pathways are related to stress response [e.g., chemical carcinogenesis - receptor activation (Trush and Kensler, 1991)], immune and inflammatory responses [e.g., Th17 cell differentiation (Guo et al., 2018)], cell survival, proliferation, and migration [e.g., PI3K/Akt signaling pathway (Zhang et al., 2016; Yiming et al., 2021)], and nervous system (e.g., Glutamatergic synapse) (Niciu et al., 2012). Heat stress also has been documented to cause a change in animals’ adaptive immune function, transitioning from the typical cell-mediated to humoral immunity (Niciu et al., 2012). This shift can subsequently result in a weakened immune system, making the animal more susceptible to numerous pathogens (Calapre et al., 2013a). Heat stress has been shown to activate heat shock proteins (HSPs), which can promote cell proliferation and survival (Srikanth et al., 2017). Research found that HSPs are overexpressed in various cancers and have been implicated in carcinogenesis (Ciocca and Calderwood, 2005). Heat stress has also been documented to cause a change in animals’ adaptive immune function, transitioning from the typical cell-mediated to humoral immunity (Sophia et al., 2016). This shift can subsequently result in a weakened immune system, making the animal more susceptible to numerous pathogens (Vandana et al., 2019). Additionally, HS can lead to oxidative stress in various livestock, such as dairy cattle (Bernabucci et al., 2002), pigs (Liu et al., 2016), sheep (Chauhan et al., 2016), and poultry (Shakeri et al., 2019). This heightens their vulnerability to numerous pathogens and production-related illnesses.
TABLE 2 | Significantly enriched (P < 0.05) Gene Ontology (GO) terms identified for CR indicators.
[image: Table displaying gene ontology terms organized by indicators: LnVar(Ave), LnVar(Med), Nor_avevar, and HSUa. Columns include category (BP, MF, CC), specific term codes with descriptions, and p-values. Terms relate to processes like positive regulation of protein complex assembly and calcium ion binding, among others. Categories represent biological processes, molecular functions, and cellular components.]TABLE 3 | Significantly enriched (P < 0.05) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways identified for CR indicators.
[image: Table showing indicators, terms, and P-values. For 'LnVar(Ave)', terms are 'Th17 cell differentiation' with P-value 0.02. 'LnVar(Med)' has 'Chemical carcinogenesis - receptor activation' at 0.02 and 'PI3K-Akt signaling pathway' at 0.03. 'Nor_avevar' lists 'Glutamatergic synapse' with 0.04. Indicators are explained in the footnote.]In addition, studies have shown that the immune responses in organisms are extremely sensitive to DNA damage that is caused by stressors (Nakad and Schumacher, 2016). The PI3K/AKT signaling pathway is involved in intracellular responses by reactive oxygen species (ROS) and inflammation caused by DNA fragmentation (Datta et al., 2023). Heat stress-induced testicular damage could be alleviated with melatonin, a potent antioxidant, in dairy goats by inhibiting the PI3K/AKT signaling pathway (Liu et al., 2022). Previous research has indicated that thermal stress leads to a reduction in glutamatergic synapse transmission (Popoli et al., 2012). Besides, glutamatergic synapses have been demonstrated to play roles in HSPs synthesis. This synthesis aids in repairing stress-induced synaptic protein damage and bolsters neuroprotective mechanisms (Kiang and Tsokos, 1998). Heat tolerance, defined as the rate of decline in milk production (slope traits) in response to a rising temperature–humidity index, is significantly associated with the enrichment of the glutamatergic synapse pathway in Holstein cows (Cheruiyot et al., 2021).
A total of 13, two, 17, eight, and one significant GO terms were enriched for Lnvar(Med), Lnvar(Ave), Nor_avevar, HSUA, and HSUB, respectively. The functions of enriched GO terms are similar to those of KEGG pathways. These GO terms are related to DNA damage and repair (e.g., DNA recombination, double-strand break repair), stress responses (e.g., stress-activated MAPK cascade), protein modifications (e.g., positive regulation of peptidyl-serine phosphorylation, positive regulation of peptidyl-tyrosine phosphorylation, and positive regulation of protein complex assembly), nervous system (e.g., central nervous system development, glutamatergic synapse, and synaptic vesicle), and cell structure and mechanics. Various types of DNA damage, including the induction of double-strand breaks in DNA (Ning et al., 2021; Habibi et al., 2022), are directly affected by HS. DNA recombination is one mechanism cells use to repair certain types of DNA damage. Previous research showed that the upregulated genes are mainly involved in DNA or protein damage/recombination, cell cycle processes, biogenesis, and stress and immune responses using transcriptome analysis in heat-stressed finishing pigs (Ma et al., 2019).
A substantial number of phosphorylation changes are induced by severe heat stress and occur with kinetics similar to the inhibition of protein synthesis (Duncan and Hershey, 1989). This has been evidenced by the detection of phosphorylation-related GO terms and functions in various species under HS conditions, including buffalos (Muthukumar et al., 2014), broilers (Kim et al., 2022), and swine (Yu et al., 2010; Cross et al., 2018). Notably, phosphorylation is crucial for the transcriptional activity of the heat shock transcription factor 1 and for triggering the heat shock response (Holmberg et al., 2001). Moreover, HS has been shown to activate MAPK phosphorylation in different cell types, such as intestinal cells, lung fibroblasts, and chondrocytes (Liu et al., 2019), and it has also been associated with cell and tissue injury (Banerjee Mustafi et al., 2009).
The genomic regions around candidate SNPs are shown to be linked with QTL regions associated with different traits. The major fraction of QTL annotated in this study belonged to the “Meat and Carcass” type, which accounts for 43.75% of the total QTL, and average daily gain and bone weight were the most traits that we enriched for Meat and Carcass QTL. Meanwhile, the genomic regions identified overlapped with several QTLs previously related to production, reproduction, health, and exterior traits (conformation and appearance), as shown in Table 4.
TABLE 4 | Significantly enriched (P < 0.05) QTL identified for CR indicators.
[image: Table displaying indicators, SSC, QTL type, and traits. Indicators include LnVar(Ave), Skew (Ave), HSUₐ, HSUᵦ, Nor_avevar, and LnVar(Med). SSC values range from 2 to 13. QTL types are Meat_and_Carcass, Exterior, Production, Reproduction, and Health. Traits listed include bone weight, maternal infanticide, body weight, various health factors, carcass length, and others. Footnotes define indicator terms and SSC.]This is the first GWAS for CR indicators derived from automatically measured TV. These significant SNPs hold great potential for enhancing genomic predictions for CR in pigs, by incorporating more SNPs located in the regions of these significant SNPs into existing commercial SNP panels to improve the prediction accuracy. Small sample size may limited the power of analysis, this analysis should be conducted in a larger population. Besides, different weights for these important SNPs or genes could be given through biology-driven genomic prediction methods [e.g., different subsets of SNPs were used for genomic predictions (Li et al., 2018)]. However, even though using different significance thresholds for GWAS, identifying the causal mutations for these CR indicators remains challenging due to the linkage disequilibrium. It would be better to use whole genome sequencing data to fully capture LD patterns, thereby achieving higher GWAS power compared to array-based GWAS (Pengelly et al., 2015). Thus, future research efforts should prioritize additional biological validations. In our study, we used a crossbred population. Similar analyses should be conducted in other populations with different genetic backgrounds to determine if the CR indicators are universally applicable.
4 CONCLUSION
The study focuses on sows and explores various CR indicators to better understand the genetic factors and biological mechanisms behind climatic resilience. We identified multiple genetic regions associated with different CR indicators, revealing that CR is a highly polygenic trait with small effect sizes distributed across the genome. Furthermore, many heat tolerance or HS related genes in our study, such as HSP90AB1, DMGDH, and HOMER1, have been identified. Additionally, the functional analyses showed the complexity of CR, involving various adaptive responses, from behavioral to cellular. These findings highlight the possibility of selecting more heat-tolerant individuals based on the identified SNP for CR indicators.
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Introduction: Lipid accumulation in the liver can negatively impact liver function and health, which is well-described for humans and other mammals, but relatively unexplored in Atlantic salmon. This study investigates the phenotypic, genetic, and transcriptomic variations related to individual differences in liver fat content within a group of slaughter-sized Atlantic salmon reared under the same conditions and fed the same feed. The objective was to increase the knowledge on liver fat deposition in farmed salmon and evaluate the potential for genetic improvement of this trait.Methods: The study involved measuring liver fat content in a group of slaughter-sized Atlantic salmon. Genetic analysis included estimating heritability and conducting genome-wide association studies (GWAS) to identify quantitative trait loci (QTLs). Transcriptomic analysis was performed to link liver fat content to gene expression, focusing on genes involved in lipid metabolic processes.Results: There was a large variation in liver fat content, ranging from 3.6% to 18.8%, with frequent occurrences of high liver fat. Livers with higher levels of fat had higher proportions of the fatty acids 16:1 n-7, 18:2 n-6, and 18:1 n-9, and less of the long-chain omega-3 fatty acids. The heritability of liver fat was estimated at 0.38, and the genetic coefficient of variation was 20%, indicating substantial potential for selective breeding to reduce liver fat deposition in Atlantic salmon. Liver fat deposition appears to be a polygenic trait, with no large QTLs detected by GWAS. Gene expression analysis linked liver fat content to numerous genes involved in lipid metabolic processes, including key transcription factors such as LXR, SREBP1, and ChREBP.Discussion: The results indicated a connection between liver fat and increased cholesterol synthesis in Atlantic salmon, with potentially harmful free cholesterol accumulation. Further, the gene expression results linked liver fat accumulation to reduced peroxisomal β-oxidation, increased conversion of carbohydrates to lipids, altered phospholipid synthesis, and possibly increased de novo lipogenesis. It is undetermined whether these outcomes are due to high fat levels or if they are caused by underlying metabolic differences that result in higher liver fat levels in certain individuals. Nonetheless, the results provide new insights into the metabolic profile of livers in fish with inherent differences in liver fat content.Keywords: Atlantic salmon, lipid metabolism, liver fat, heritabiity, gene expreesion
1 INTRODUCTION
The liver is the central organ for metabolism and transport of lipids in Atlantic salmon. It is an important site for lipid β-oxidation (Stubhaug et al., 2005; Stubhaug et al., 2007), lipoprotein and triacylglyceride (TAG) synthesis (Kjær et al., 2008; Moya-Falcon et al., 2005; Vegusdal et al., 2005), as well as synthesis of cholesterol and bile (Cruz-Garcia et al., 2009; Leaver et al., 2008). Any imbalance in these processes can lead to lipid accumulation in the liver, which over time, can negatively impact liver function and health. Fatty liver, known as hepatic steatosis, is characterized by accumulation of lipids, primarily TAG, free fatty acids (FFA), and cholesterol (Puri et al., 2007). Triglycerides can be synthesized from FFA in the liver, and is assembled into very low-density lipoprotein (VLDL) particles for secretion. Under normal circumstances only small amounts of TAG are stored in the liver in lipid droplets (Alves-Bezerra and Cohen, 2017).
Pathological accumulation of lipids in hepatocytes is thoroughly studied in humans, and characterizes non-alcoholic fatty liver disease (NAFLD), or as recently proposed “metabolic-associated fatty liver disease” (MAFLD), which can progress from simple steatosis to end-stage liver diseases (Heeren and Scheja, 2021). It is closely related to disturbances in energy metabolism, and is linked to factors like disrupted lipid metabolism, increased cholesterol synthesis, inflammation, oxidative stress, lipotoxicity and mitochondrial dysfunction (Banini and Sanyal, 2016; Puri et al., 2007). There are several known genetic polymorphisms with strong links to liver fat accumulation in humans, including Patatin-like phospholipase domain-containing protein 3 (PNPLA3), Apolipoprotein C3 (APOC3), and Glucokinase regulator (GCKR) (Eslam et al., 2018; Namjou et al., 2019; Romeo et al., 2008).
The characterization of hepatic steatosis in Atlantic salmon remains relatively unexplored. There is currently a knowledge gap regarding what level of liver fat is unhealthy for the fish, and what metabolic factors are causing variation in the level of liver fat in Atlantic salmon. The question of whether lipid accumulation in the liver of salmon mirrors that observed in rodents and humans is still unanswered, although preliminary evidence suggests a similarity. Espe et al. (2019) have developed a fatty liver model in Atlantic salmon liver cells, which closely resembles the established mammalian model. Just as in mammals, elevated levels of liver fat in Atlantic salmon have been associated with adverse health effects and increased mortality. Dessen et al. (2020) observed a link between increased liver fat and sudden mortality of seemingly healthy Atlantic salmon in sea cages. Increased levels of liver lipids in Atlantic salmon are typically seen in feed trials involving high inclusions of vegetable oils and low levels of omega-3 fatty acids, where it coincides with reduced health and increased mortality rates (Bou et al., 2017; Torstensen et al., 2011). Hepatic steatosis is therefore considered a typical essential fatty acid deficiency symptom in salmonids, where it is characterized by a pale and swollen appearance of the liver (Ruyter and Thomassen, 1999).
Kjaer et al. (2008) showed that high dietary levels of the marine omega-3 fatty acids lowered TAG secretion from salmon hepatocytes, and lowered liver fat deposition. It is therefore assumed that salmon fed a high fish-oil diet rich in marine omega-3 fatty acids will not develop unhealthy high levels of liver fat. However, in a previous study by our group, we measured the liver fat content of ∼50 slaughter-sized Atlantic salmon fed a commercial broodstock feed, and found large variation among the fish (Horn et al., 2019). A recent study corroborates our findings, demonstrating high individual variation in total liver fat within feed groups (Hundal et al., 2022). This prompted us to investigate the genetic variation underlying this trait. The use of selective breeding programs to improve traits of commercial interest have been ongoing since the late 1960s in Atlantic salmon aquaculture (Gjedrem, 2005). It is unknown if liver fat is a heritable trait suitable for inclusion in Atlantic salmon selective breeding programs. The apparent importance of liver fat regarding fish health and robustness, together with the high mortality rate of salmon production suggest that selective breeding for this trait have the potential to improve fish welfare and reduce production costs in Atlantic salmon farming.
The specific aims of the present study were to genetically and metabolically characterize individual differences in liver fat content in Atlantic salmon through gene expression analysis, quantitative genetic analysis and genome-wide association analysis in order to increase the knowledge on liver fat deposition in slaughter-sized farmed salmon and evaluate the potential for genetic improvement of the trait.
2 MATERIALS AND METHODS
2.1 Fish populations and recordings
The fish studied originated from families and documentation groups from the 2014 years-class of the SalmoBreed Atlantic salmon strain of Benchmark Genetics Norway AS, former SalmoBreed AS. The fish were transferred to sea at a mean weight of 0.1 kg, and slaughtered approximately 12 months later, at a mean weight of 3.6 kg. The fish were fed a commercial broodstock feed from Skretting AS with a relatively high fish oil content, where the sum of EPA and DHA comprised 6.2% of feed, and 17% of total fat in feed (Supplementary Material S1). All the fish were reared under the same conditions and were fasted 13–14 days prior to slaughter.
At slaughter, sex was determined visually by inspection of the gonads, body and liver weight was recorded, and liver color, used as an indicator of the degree of fatty liver, was determined visually on a scale of 1 (darkest color, i.e., healthy liver) to 5 (lightest color i.e., highest amount of fat) (Mørkøre et al., 2012). For the data analysis, liver color scale was reversed to allow for a more intuitive presentation of results. Hepatosomatic index (HSI) was calculated as (liver weight/body weight)*100. Liver tissue samples for RNA-sequencing were taken from each individual fish at harvest, immediately frozen in liquid nitrogen, and subsequently stored at – 70°C. Liver samples for lipid and fatty acid analysis were collected at harvest, frozen and stored at −20°C.
The fish material in the current study was part of the dataset described in Horn et al. (2019), where the fish were analyzed for skeletal muscle lipid and fatty acid composition. In the current study, livers of 610 fish were analyzed for lipid level (grams lipid per 100 g liver), and liver tissue of 48 fish was selected for RNA-sequencing and liver fatty acid analysis. The selected 48 individuals were of similar bodyweight (3.3–3.9 kg) in order to minimize the effects of size, and had skeletal muscle fat level within the normal range (16%–25%) to avoid outlier individuals regarding lipid deposition in muscle. The selected individuals were 55% males and 45% females and originated from 39 sires and 48 dams.
2.2 Lipid and fatty acid analysis
Total lipids were extracted from homogenized liver samples of individual fish, according to the Folch method (Folch et al., 1957). Using the chloroform-methanol phase, fatty acid composition was analyzed following the method described by Mason and Waller (1964). The extract was dried briefly under nitrogen gas and residual lipid extract was trans-methylated overnight with 2′,2′-dimethoxypropane, methanolic-HCl, and benzene at room temperature. The methyl esters formed were separated in a gas chromatograph (Hewlett Packard 6,890; HP, Wilmington, DE, USA) with a split injector, using an SGE BPX70 capillary column (length 60 m, internal diameter 0.25 mm, and film thickness 0.25 μm; SGE Analytical Science, Milton Keynes, UK) and a flame ionization detector. The results were analyzed using HP Chem Station software. The carrier gas was helium, and the injector and detector temperatures were both 270°C. The oven temperature was raised from 50°C to 170°C at the rate of 4°C/min, and then raised to 200°C at a rate of 0.5°C/min and finally to 240°C at 10°C/min. Individual fatty acid methyl esters were identified by reference to well-characterized standards (23:0). The content of each fatty acid was expressed as a percentage of the total amount of fatty acids in the analyzed sample. Liver fat was expressed in %, and calculated by dividing the weight of total lipids in the liver sample by the total weight of the liver sample.
2.3 Gene expression analysis
Total RNA was extracted from liver tissues of 48 fish using the PureLink Pro 96 RNA Purification Kit (Invitrogen), according to the manufacturer’s instruction. RNA was treated with PureLink On-Column DNase Digestion (Invitrogen) to remove any contaminating DNA. Samples were shipped to The Norwegian High-Throughput Sequencing Centre, where the mRNA library preparation and sequencing of transcripts were performed using standard protocols (www.illumina.com). Samples were sequenced on an Illumina HiSeq platform as paired-end 151 bp reads.
Processing of reads, alignment and annotation was performed according to Moghadam et al. (2017). Expression data were normalized via the median of the geometric means of fragment counts across all sample (Anders and Huber, 2010). Cufflinks and Cuffdiff were used to estimate the expression abundances of the assembled genes and transcripts (Trapnell et al., 2010). Gene expression data were normalized by calculating the aligned fragments per kilobase per million mapped fragments (FPKM). Normalized gene expression data were log2 transformed prior to the statistical analysis.
Trait-associated genes were defined by using linear regression analysis, testing for an association between the continuous trait and mRNA expression. The liver content of fat (%) was considered the response variable and each individual gene expression an explanatory variable in the model. As suggested by Seo et al. (2016), univariate analyses were carried out for each trait. The following general linear mixed model was fitted:
[image: Equation expressing a trait as a function of expression, sex, and family. It includes coefficients and an error term following a normal distribution with mean zero and variance sigma squared.]
where i represents the individuals, Expressioni indicates the normalized gene expression value. Traiti represents the trait liver fat %. Covariates: Sexmi represents the fixed effect of sex (male or female), and Familypi represents the random effect of family (1–48). Genes were considered significantly associated with the trait when the p-value of the regression coefficient was <0.05. Genes of interest are presented with their regression coefficient (Figures 6–8). All significant genes are presented in Supplementary Material S2.
2.4 Enrichment analysis
A search for enriched GO classes and KEGG pathways in the list of 1,872 trait-associated genes was performed by counting of genes among the 1,781 trait-associated genes that passed quality control. Enrichment was assessed with Yates’ corrected chi square test (p < 0.05). Terms with less than five genes were not taken into consideration.
2.5 Genotyping
The fish were genotyped using a customized ∼57 K axiom Affymetrix SNP Genotyping Array (NOFSAL02). From the initial ∼57 K SNPs quality filtering was performed using criteria of call rate >0.9, minor allele frequencies >0.02, and Hardy-Weinberg equilibrium correlation p-value >0.001. A total of 52,925 SNPs passed quality control filtering and were used to compute the genomic relationship matrix (GRM) and in the GWAS.
2.6 Estimation of genetic parameters
Variance components were estimated from a univariate restricted maximum likelihood (GREML) analyses, with “--reml” function in GCTA program (Yang et al., 2014) with the following model on a total of 610 fish:
[image: Mathematical equation representing a linear mixed-effects model: Y equals mu plus X beta plus Z u plus e.]
where [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.] is the vector of phenotypic observations of all individuals; µ is overall mean; [image: It seems there was an error or incomplete request. Please upload an image or provide a URL, and if you like, you can add a caption for additional context.] is the vector of fixed effect of sex; [image: Please upload the image you'd like me to create alternate text for.] is the corresponding incidence matrix; [image: Please upload the image or provide a URL for me to generate the alt text.] is the vector of additive genetic effects with [image: Mathematical expression depicting a random variable \( u \) following a normal distribution with a mean of zero and a variance of \( G \sigma_u^2 \).], where [image: Greek letter sigma squared subscript u, indicating variance of a variable u.] is the additive genetic variance, and Z the corresponding incidence matrix; and [image: It seems there was an error in uploading your image. Please try uploading the image again, or provide a URL or additional context.] is the vector of random residual effects with [image: Mathematical expression denoting a random variable \( e \) following a normal distribution with mean zero and covariance matrix \( I\sigma_e^2 \).]. G is a genomic relationship matrix (GRM) which was computed according to VanRaden (2008) as [image: Mathematical formula shown. The expression is: the fraction with the numerator ZZ' and the denominator 2 times the summation from i equals 1 to N subscript S times N subscript p of p subscript i times open parenthesis 1 minus p subscript i close parenthesis.]; where [image: I can't generate alt text without an image. Please upload the image or provide a URL, and I’ll be able to help you with the description. If you have any specific context or details you want to add, feel free to include them.] is the allele frequency of second allele and [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the total number of SNP markers.
Heritability (narrow sense) was estimated as the ratio of additive genetic variance to total phenotypic variance. Genetic correlations between pairs of phenotypes were estimated with “--reml-bivar” function in GCTA, using a bivariate model - a direct extension of the above univariate model where the vectors were extended to matrices (Lee et al., 2012).
The Coefficient of variation was calculated as the ratio of the standard deviation to the mean.
Due to the presence of negative skewness in phenotype distribution (Figure 1), log transformation for the liver fat phenotype was tested. However, results regarding genetic parameters and GWAS did not differ significantly when analyzed with non-log vs log-transformed phenotypes. Results published were based on non-log transformed data.
[image: Histogram displaying the distribution of liver fat percentage in fish. The x-axis represents liver fat percentage ranging from 0 to 20, while the y-axis shows the number of fish, peaking at around 5 percent with approximately 80 fish. The distribution is right-skewed.]FIGURE 1 | Histogram showing distribution of liver fat percentage.
2.7 GWAS
Genome wide association analysis was performed using the following linear mixed animal model implemented in GCTA program with the “–mlma-loco” function (Yang et al., 2014).
[image: Mathematical equation showing y equals mu plus Xb plus S alpha plus Zu plus e.]
where [image: Please upload the image you would like me to generate alternate text for.] is a vector of n = 610 trait records, [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] is an overall mean; [image: Please upload the image or provide a URL for me to generate the alt text.] is a vector of fixed effects including (phenotypic) sex and 2 principal components as covariates; [image: Please upload the image, and I'll be happy to help generate the alternate text for it.] is the incidence matrix for the effects contained in [image: Please upload the image or provide a URL, and I will create the alternate text for you.]; [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.] is the incidence matrix for SNP containing marker genotypes coded as [image: A chart visualizing a sequence with three categories: 0 equals AA, 1 equals AB or BA, and 2 equals BB. The format suggests a resolution of 16 by 199 with a focus on certain look points.], [image: Please upload the image or provide a link to it for me to generate the alternate text.] is the allele substitution effect of each SNP, [image: Please upload the image or provide a URL, and I will generate the alt text for you.] is the incidence matrix of genotyped individuals, [image: Please upload the image you would like described, and I will generate the alt text for you.] is the vector of additive genetic effects with [image: Mathematical equation depicting a normal distribution: \( u \sim \mathcal{N}(0, G\sigma_u^2) \).], where [image: The mathematical notation \(\sigma_u^2\) represents the variance of a random variable \(u\).] is the additive genetic variance, and [image: It seems there was an issue with uploading or linking the image. Please try uploading the image again or provide a URL to the image so I can help generate alternate text for it.] is the vector of random residual effects with [image: Mathematical expression showing that the variable \( e \) is distributed normally with a mean of 0 and a covariance matrix represented by \( I\sigma_e^2 \).].
The trait SNP association was considered significant using two thresholds: i) genome-wide significance with stringent level and ii) chromosome-wide significance with relatively less stringent. SNPs were considered genome wide significant when they exceeded the Bonferroni threshold for multiple testing (alpha = 0.05) of 0.05/tg, where tg = 52,925 (total number of SNPs genome-wide). SNPs were considered chromosome-wide significant when Bonferroni threshold for multiple testing surpassed (alpha = 0.05) 0.05/tc, where tc = 1825 (average number of SNPs per chromosome). The obtained genome-wide significant threshold used in of this study was [image: Mathematical expression for the p-value is less than or equal to nine point four times ten raised to the power of negative seven.] which is equivalent to [image: Certainly! Please provide the image or a URL link to it, and I will generate the alternate text for you.], while chromosome-wide significant threshold was opted to be [image: It seems there was an error, as no image was provided. Please upload the image or provide a URL, and I will be happy to generate the alternate text for it.] which is equal to [image: Equation showing negative base-ten logarithm of p equals four point six.].
A quantile-quantile (Q-Q plot) plot with distribution of observed vs expected p-values was checked, and the Inflation factor (lambda, λ) was calculated using following equation:
[image: Lambda (\(\lambda\)) equals the median of chi-squared (\(\chi^2\)) divided by 0.455.]
3 RESULTS
3.1 Liver fat content and fatty acid composition
The level of fat in livers of the studied fish displayed large variation, ranging from 3.6% to 18.8%, with a mean of 7.7%. The trait did not display normal distribution. There seemed to be a minimum level of liver fat of about 4%, and only 16% of the 634 fish had a liver fat content higher than 10% (Figure 1). There were significant positive phenotypic correlations between liver fat and both body weight and muscle fat, but the correlations were relatively low (Figure 2). Fish with low liver fat content displayed large variation in body weight and muscle fat, while fish with more than 10% liver fat all had medium to high muscle fat level. There was no significant correlation between liver fat percentage and hepatosomatic index (HSI) (Figure 2).
[image: Four scatter plots show the relationship between liver fat and various metrics. Plot A depicts a positive correlation between liver fat and body weight. Plot B shows a positive correlation with insulin levels. Plot C indicates a positive correlation with visceral score. Plot D shows no significant correlation between liver fat and HSI. Each plot includes a regression line and correlation coefficients with statistical significance.]FIGURE 2 | Phenotypic correlation plots and Spearman correlation coefficients of liver fat (%) with (A) Body weight (g), (B) Muscle fat (%), (C) Viscera score, and (D) Hepatosomatic index (HSI).
The 48 fish selected for RNA sequencing and analysis of liver fatty acid composition showed that within a 600 g body weight range, the liver fat percentage varied greatly, from 5% to 19% (Table 1). The major fatty acids in the liver, constituting more than 47% of liver fatty acids, were oleic acid (18:1n-9; 22%), DHA (22:6n-3; 14%) and palmitic acid (16:0; 11%). There was a small variation in the EPA relative content of liver (5%–8%), compared to a relatively large variation in DHA relative content (6%–20%). This is opposite to what we found in the muscle of the same fish material, where the DHA relative content was more stable, and EPA varied significantly (Horn et al., 2019). The mean DHA relative content was also higher in liver compared to muscle, although the quantitative content of DHA was higher in muscle due to the higher fat content of muscle.
TABLE 1 | Descriptive statistics of all fish, and fish in the gene expression analysis (n = 48).
[image: Table displays statistical data on fish characteristics and liver fatty acids. For all fish, body weight, muscle fat, liver fat, and HSI are described with sample size, mean, standard deviation, minimum, and maximum values. Fish selected for gene expression analysis have similar parameters. Liver fatty acids are listed with percentages for different acids, including EPA and DHA, given for 48 samples.]The phenotypic correlations between liver fat and individual fatty acids showed that in this group of fish of similar size, the fattier livers had a significantly higher percentage of 16:1 n-7, 18:2n-6 and 18:1n-9. The percentage of the marine omega-3 fatty acids EPA and DHA decreased significantly with increasing liver fat (Figure 3). Interestingly, palmitic acid (16:0), the most common saturated fatty acid in the body, followed the same pattern as EPA and DHA.
[image: Scatter plots showing correlations between liver fat and various fatty acids: DHA, EPA, 16:0, 18:1n-9, 18:2n-6, and 16:1n-7. Each plot includes a trend line with correlation values (R) ranging from -0.91 to 0.93, indicating varying relationships with liver fat content. Plots also show p-values, with significant statistical results (p < 2.2e-16).]FIGURE 3 | Correlation plots between liver fat percentage and proportional content of individual fatty acids in the liver.
3.2 Heritability of liver fat
This study is the first to report the heritability of liver fat content in Atlantic salmon. The heritability estimate for liver fat content was 0.38, with a standard error of 0.07 (Table 2). The genetic standard deviation was 1.6% fat, corresponding to a genetic coefficient of variation of approximately 20%. The genetic correlations between liver fat and the other traits were similar to the phenotypic correlations, although the genetic correlation with muscle fat was stronger than with body weight or viscera score (Table 3). The genetic correlation between liver fat and liver score was 0.7, which was slightly stronger than the phenotypic correlation.
TABLE 2 | Genetic parameters of liver fat.
[image: Table displaying variance and standard deviation values. For genetic: variance is 2.59 ± 0.58, SD is 1.61; residual: variance is 4.19 ± 0.43, SD is 2.05; phenotypic: variance is 6.78 ± 0.44, SD is 2.60. Heritability (H²) is 0.38 ± 0.07. SD denotes standard deviation, H² represents heritability.]TABLE 3 | Genetic correlations between liver fat and lipid-related traits.
[image: Table showing heritability (H²) and genetic correlation with liver fat (rG liver fat) for various traits. Muscle fat: H² 0.43 (0.08), rG 0.37 (0.14). Body weight: H² 0.58 (0.07), rG 0.31 (0.12). Liver score: H² 0.28 (0.07), rG 0.70 (0.12). Hepatosomatic index: H² 0.19 (0.07), rG 0.25 (0.20). Viscera score: H² 0.28 (0.07), rG 0.28 (0.17). Standard errors in parentheses.]3.3 Genome wide association study
There were no SNPs surpassing the Bonferroni corrected genome-wide significance threshold, but two SNPs did surpass the chromosome-wide threshold (Figure 4). These SNPs were AX-87183264, located on chromosome 15 (p-value 7.23e-06), and AX-98317599, located on chromosome 23 (p-value 1.17e-05). We used functional annotation data (Assembly Ssal_v3.1 (GCF_905237065.1)) to perform a detailed investigation of genes located within approx. ±200 kb of the 10 most significant SNPs to identify candidate genes that may influence lipid deposition in the liver. The top 10 SNPs and the candidate genes detected within this specified region are detailed in Supplementary Material S3.
[image: Manhattan plot illustrating genetic association data across chromosomes one to twenty-nine. Data points alternate in color between blue and orange for each chromosome. The Y-axis shows the negative logarithm of p-values, indicating significance levels. A red dashed line denotes a significance threshold, while a solid red line marks the suggestive threshold.]FIGURE 4 | Manhattan plot for liver fat content. The X-axis represents the chromosomes, and the Y-axis shows the–log 10 (p-value). The solid line represents Bonferroni-corrected genome-wide significant threshold. The dashed line represents the suggestive chromosome-wide significance threshold. The final yellow column is for SNPs with unknown genome placement. Lambda = 1.18.
No known genes of direct relevance were detected underlying the QTL region on chromosomes 23 and 16. One of the genes located closest to the top SNP on ssa15 is Mechanistic target of rapamycin kinase (mTOR). mTOR regulates lipid metabolism and has been suggested as a potential new target in NAFLD (Feng et al., 2022). In salmonids, research has shown that Rainbow trout genetically selected for greater muscle fat content display increased activation of liver TOR signaling and lipogenic gene expression (Skiba-Cassy et al., 2009). Within a 120 kb region of the top SNP on chromosome 21, we identified the gene Glycerol-3-phosphate dehydrogenase (GPDH). This enzyme is crucial for linking carbohydrate metabolism to lipid metabolism. Our findings revealed a significant association between the expression of GPDH and liver fat deposition (see Supplementary Material S2). Although the expression was attributed to a copy of the gene located on a different chromosome (ssa12), the salmon genome contains multiple copies of the GPDH gene. This redundancy may lead to challenges in accurately differentiating or assigning the transcribed copies to their respective genes within the transcriptome. Consequently, the observed gene expression results may reflect genetic variation in the gene located on ssa21. Three of the top 10 SNPs were located on ssa18 in the region from 64,700,815 to 65,948,775 bp. We identified one gene in the nearby region known to be linked to lipid deposition in the liver: Perforin 1. Perforin 1 has been linked to NAFLD in both humans and mice through its role in regulating the immune system. One study showed that perforin-deficient mice exhibit increased lipid accumulation in the liver and more liver inflammation when subjected to a high-fat diet (Wang et al., 2020). Indeed, the expression of two perforin-1-like genes was negatively associated with liver fat deposition in our study (Supplementary Material S2). Within 20 kb of the top SNP on ssa05 is the gene for Hormone-sensitive lipase (HSL). HSL is a key enzyme involved in the hydrolysis of triglycerides into free fatty acids and glycerol. Studies have shown that individuals with hereditary deficiency of HSL develop fatty liver (Xia et al., 2017). The gene expression of HSL was not significantly associated with liver fat in our study.
3.4 Gene expression associations with liver fat
The gene expression association analysis identified 1781 genes as significantly associated with liver fat. In total, 74 KEGG/GO pathways were enriched (Supplementary Material S4). We limit this paper to metabolic processes involved in lipid metabolism and/or linked to fatty liver in mammals. This includes cholesterol biosynthesis, de novo lipogenesis (DNL), triacylglyceride (TAG) synthesis, phospholipid synthesis and beta-oxidation. Genes of interest are presented in Figures 6–8 with their regression coefficients. All significant genes are presented in Supplementary Material S2.
3.4.1 Cholesterol biosynthesis
Nine genes directly involved in the biosynthesis of cholesterol from acetyl-CoA, known as the mevalonate pathway, were significantly associated with liver fat content. This included the rate-limiting enzyme in cholesterol biosynthesis, hydroxymethyl-glutaryl-CoA (HMG-CoA) reductase, as well as squalene synthase, which catalyzes the first committed step in cholesterol formation (Liscum, 2008). All nine genes had a positive association with liver fat, indicating that fish with higher liver fat content had a higher production of cholesterol (Figures 5, 6).
[image: Flowchart illustrating the cholesterol biosynthesis pathway. Begins with acetyl-CoA and acetoacetyl-CoA, proceeding through conversions catalyzed by specific enzymes such as HMG-CoA reductase and synthase, mevalonate kinase, and farnesyl-PP synthase. Squalene is converted to squalene epoxide and then to lanosterol. Lanosterol undergoes multiple reductions and conversions to form cholesterol. Enzymes are marked in red, and intermediates like mevalonate and isopentenyl-PP are highlighted.]FIGURE 5 | Overview of the cholesterol biosynthetic pathway (Mevalonate pathway). Dotted arrows indicate that multiple enzymatic steps are involved. Red text indicates gene expression positively associated with liver fat. Adapted after Liscum, 2008.
[image: Heatmap of gene expression related to cholesterol metabolism and the mevalonate pathway. It displays a color gradient from blue to red, indicating changes in expression levels. Genes like Oxysterols receptor LXR-alpha and Sterol regulatory element-binding protein 2-like show significant expression changes, with values ranging from -7.52 to 1.86. The color guide on the right shows the scale from -8 to 8.]FIGURE 6 | Association between liver fat percentage and hepatic expression of genes involved in cholesterol biosynthesis, b = linear regression coefficient. Color intensity indicate strength of association.
3.4.2 Hepatic de novo lipogenesis
Two of the major regulators that promotes DNL, LXRα and SREBP1c, were negatively associated with increasing liver fat. However, expression of ChREBP, another major regulator of lipogenesis, as well as three isoforms of ATP citrate lyase (ACLY) were positively associated with liver fat (Figure 7). ACLY is a key lipogenic enzyme that links carbohydrate and lipid metabolism by catalyzing production of acetyl-CoA from citrate. Expression of ACCα was also positively associated with liver fat (Figure 7). ACCα produces malonyl-CoA and is regarded as the pace-setting enzyme for fatty acid synthesis, and is induced by ChREBP (Sul and Smith, 2008). In addition, Malonyl-CoA decarboxylase, which catalyzes the opposite reaction of ACCα, was negatively associated with liver fat (Figure 7).
[image: Table listing genes involved in fatty acid synthesis and beta-oxidation with associated values. Genes for fatty acid synthesis include ATP citrate lyase a (6.02) and elongation of very long chain fatty acids protein 4-like (-6.43). Beta-oxidation genes include carnitine O-acetyltransferase (3.74) and acyl-CoA dehydrogenase (7.55). Color gradient indicates value ranges, with red for higher values and blue for lower.]FIGURE 7 | Association between liver fat percentage and hepatic expression of genes involved in fatty acid synthesis and beta-oxidation. b = linear regression coefficient. Color intensity indicate strength of association.
3.4.3 Beta-oxidation
Once fatty acids are activated to acyl-CoAs, they can be esterified by GPAT and enter the glycerol phosphate pathway, or they can be converted to acyl-carnitines by carnitine palmitoyltransferase-1 (CPT1) and then enter the mitochondrion for β-oxidation. Two CPT1 genes were associated with liver fat, but in opposite directions (carnitine O-palmitoyltransferase 1 (liver isoform) and carnitine palmitoyltransferase 1B (muscle isoform), Figure 7). The expression of some genes directly involved in fatty acid beta-oxidation were negatively associated with liver fat. This included Long- and short-chain specific acyl-CoA dehydrogenase which catalyze the first step of mitochondrial fatty acid beta-oxidation, and Enoyl-CoA delta isomerase 2, which is required for degradation of unsaturated fatty acid (Schulz, 2008) (Figure 7). This also included Peroxisomal acyl-coenzyme A oxidase (ACOX1), a rate-limiting enzyme in peroxisomal fatty acid β-oxidation.
3.4.4 Glycerol phosphate pathway - triglyceride and phospholipid synthesis
The first committed step in TAG synthesis via the glycerol phosphate pathway is mediated by glycerol-3-phosphate acyltransferase (GPAT) enzymes (Sul and Smith, 2008), and produce lysophosphatidic acid (LPA). GPAT gene expression was negatively associated with liver fat in the current study, which is in accordance with the expression of SREBP-1, considering that SREBP-1c induces the expression of GPAT1 (Karasawa et al., 2019). Further in the glycerol phosphate pathway, an additional fatty acid is transferred to LPA by the family of 1-acylglycerol-3-phosphate acyltransferase (AGPAT) enzymes to produce phosphatidate (PA) (Sul and Smith, 2008). Four AGPAT genes were significantly associated with liver fat, three of which had a negative association (Figure 8). The final formation of TAG can be catalyzed by several different enzymes, including diacylglycerol:acyl-CoA acyltransferase (DGAT). DGAT expression was negatively associated with liver fat content (Figure 8). Thus, the formation of both LPA, PA and TAG seemed to be decreasing with increasing liver fat.
[image: Heatmap table showing genes involved in triglyceride synthesis and lipid metabolism. The table has columns for gene names and identifiers, with color-coded values. Blue indicates lower expression, red indicates higher expression. Notable genes like "Acyl-CoA synthetase" and "Diacylglycerol kinase" show significant expression changes, with values ranging from -6.53 to 6.27.]FIGURE 8 | Association between liver fat percentage and hepatic expression of genes involved in Glycerol phosphate pathway. b = linear regression coefficient. p = p-value of association. Color intensity indicate strength of association.
The other branch of the glycerol phosphate pathway is the synthesis of phospholipids (PL). Several genes involved in PL synthesis and metabolism were significantly associated with liver fat (Figure 8). There was a positive association between liver fat and expression of genes catalyzing three steps of phosphatidylcholine (PC) synthesis from choline, indicating increased conversion of choline to PC in fish with higher liver fat accumulation. Also, lipoprotein receptors as well as phospholipid transfer protein were negatively associated with liver fat. All these genes are involved in processes that are likely to alter PL composition.
4 DISCUSSION
In this study, we investigated the genetic and transcriptomic variation related to individual differences in liver fat content within a group of slaughter-sized Atlantic salmon reared under the same conditions and fed the same diet. Environmental factors that likely contribute to variation in liver lipid deposition include individual differences in feed intake, swimming activity, and stress or disease burden. However, discussions on these environmental factors are outside the scope of this paper.
4.1 Fat content of livers of Atlantic salmon
There are few published reports on accurate measurements of liver fat content of slaughter-sized Atlantic salmon, but previous studies have reported liver fat levels between 5 and 7% for slaughter sized Atlantic salmon fed a medium to high fish-oil feed (Bou et al., 2017; Dessen et al., 2020; Hundal et al., 2022; Ruyter et al., 2006), which is in line with the mean liver fat content of 7.7% in the current study. Based on our results it appears that 4% fat is the lower physiological limit in livers of slaughter-sized Atlantic salmon.
As the fish in the current study were fed a commercial broodstock feed with a relatively high fish-oil content, we would not expect unhealthy high levels of liver fat, because fatty livers have in literature mainly been observed as a consequence of insufficient dietary levels of EPA and DHA in Atlantic salmon (Bransden et al., 2003; Torstensen et al., 2011). However, 37% of the fish were given the second worst liver color score, which implies that there was a high number of fish with livers that appeared pale and fatty, and the chemical analysis revealed that 8% of the fish had liver fat content above 12%. Liver fat of 12% was recently reported in fish fed insufficient EPA + DHA and showed impaired liver metabolic health (Hundal et al., 2022). Thus, it appears that even in Atlantic salmon fed a relatively high fish-oil diet, high levels of liver fat accumulation occurs frequently. However, there is very limited knowledge on the possible health implications of this.
There was no correlation between liver fat % and hepatosomatic index (HSI) (Figure 2), which shows that HSI is not a good indicator of the level of liver fat. This is likely due to the fact that lipids weigh less than protein, so an increase in lipids will not give a corresponding increase in weight. To our knowledge, this is the first time data on HSI and liver fat percentage has been reported on a large number of Atlantic salmon of slaughter size.
4.2 Possibilities for selective breeding to reduce liver lipid accumulation
A heritability of 0.38, along with an additive genetic standard deviation of 1.6% fat, shows that there is a great potential for selection for lower fat deposition in liver in Atlantic salmon. A genetic standard deviation of 1.6% corresponds to a genetic coefficient of variation of approximately 20%, which is considered moderate to high and suggests that there is substantial genetic variability within the population. In the context of a breeding program, a CV of 20% implies that selective breeding can effectively increase or decrease liver fat content, depending on the breeding goals. The relatively low genetic correlation with body weight (0.33) implies that selection for lower liver fat can be implemented in selective breeding programs without compromising heavily on growth using selection index theory (Hazel, 1943). Reducing liver fat through selective breeding could lead to healthier fish with improved liver function and overall robustness, which are likely to have better growth rates and feed efficiency, contributing to more sustainable farming practices.
While the dataset was limited in size, the high-precision phenotype is a strength of the estimates obtained. To the best of our knowledge this is the first report of heritability of liver fat in Atlantic salmon, although genotype-specific responses in liver lipid metabolism in Atlantic salmon have previously been shown when fish oil has been replaced by vegetable oil in the feed (Morais et al., 2011a; Morais et al., 2011b). No reports of heritability of liver fat could be found for other fish species, but it has been reported to be a heritable trait in other animal species previously; such as duck (h2 = 0.07–0.14), chicken (h2 = 0.36–0.43) and mice (h2 = 0.22) (Liang et al., 2015; Marie-Etancelin et al., 2014; Minkina et al., 2012). In human, the heritability estimates of NAFLD generally range from 0.2 to 0.7, depending on the study design, ethnicity, and the methodology used (Sookoian and Pirola, 2017).
More than five genes, including PNPLA3, TM6SF2, GCKR, MBOAT7, and HSD17B13, are linked to NAFLD in humans [reviewed in Eslam et al. (2018)]. It is plausible that genetic variants in Atlantic salmon also affect liver fat accumulation. However, our GWAS detected no significant signals. This suggests liver fat in Atlantic salmon is a polygenic trait, with many genes or variants having small effects. Despite testing various models and SNP quality control thresholds, the results remained unchanged. SNP effect sizes have not been published in the aforementioned human studies, although two studies the risk allele effect size for PLPLA3 as a 1.5% increase in hepatic TAG content per allele (Romeo et al., 2008), and a one-unit increase in NAFLD severity score per allele (Namjou et al., 2019). Another reason for the lack of strong QTL signals could be the limited sample size of fewer than 700 fish, which may be insufficient to detect small effect sizes. Future GWAS should include more phenotyped and genotyped fish to increase analysis power and detect QTL signals from regions with small effect sizes. We were able to detect four candidate genes for future validation, two of which were also detected in the gene expression results, but we do not consider them strong candidates based on our study alone.
A major obstacle for implementation of liver fat in breeding programs is the necessity of phenotypic recording across a large number of individuals. Chemical analysis of lipid content, though accurate, is time-consuming and costly. Thus, liver score, a visual assessment of liver color, is often used as an indicator of fatty liver. In this study, we compared liver score and chemical measurements of liver fat. The phenotypic correlation between liver fat and liver score was 0.5 (p < 0.0001), indicating low predictive power. Further, the genetic correlation between these two traits was 0.7 (Table 2). The “break-even” genetic correlation between alternative and reference methods used for genetic validation of a method, is traditionally set at 0.70–0.80 (Mulder et al., 2006; Robertson, 1959). Therefore, liver score is not recommended for genetic analyses or applications requiring high accuracy. This highlights the need for reliable, rapid methods to measure liver fat. A recent study demonstrated hyperspectral imaging as a high-throughput method with high predictive accuracy (Ortega et al., 2024). Other methods like NIR and Raman spectroscopy, developed for fillet lipid content, could potentially be adapted for liver fat measurement.
Selection for reduced liver fat should be considered in the context of feed, as gene-environment interactions may cause the best performers on one feed to rank lower on another. Although these gene-by-feed interactions have not been studied, our results imply a potential to select fish that are better metabolically adapted to the high-energy feeds currently used in salmon farming. Additionally, the results of this study have implications for salmon feed research; given the large genetic variation in liver fat deposition, nutritional studies examining liver fat as a response variable should consider the genetic background of the fish to ensure that feed trial results are not biased by unbalanced genetic material or family effects in feed groups.
4.3 Metabolic profile of high-fat livers
The positive correlations (both phenotypic and genetic) between liver fat and the lipid deposits of muscle (rg = 0.37) and viscera (rg = 0.28) indicate that fish with higher liver fat deposition tend to have higher overall body fat deposition. However, the relatively weak correlations suggest that fish with the highest liver fat do not necessarily have the highest visceral and/or muscle fat (as shown in Figure 2). This points to at least a partially independent regulation of these lipid deposits. As the muscle is the main lipid storage in Atlantic salmon (Aursand et al., 1994), relatively large amounts of lipids can be safely stored there. Fish that deposit lipids in the liver rather than muscle may therefore have a disturbed lipid metabolism and pattern of lipid deposition. The gene expression results of the current study further support this and point to specific metabolic processes involved in liver lipid accumulation in Atlantic salmon.
The expression of numerous genes involved in lipid metabolic processes were associated with liver fat content of Atlantic salmon in the current study. This included fatty acid synthesis, fatty acid beta-oxidation, cholesterol biosynthesis, and phospholipid synthesis, as well as some of the main transcription factors regulating lipid metabolism. It is not possible to determine which of these results are consequences of a high fat level, and which are underlying metabolic differences causing higher liver fat levels in certain individuals. The results do, however, provide new knowledge about the metabolic “picture” in livers of fish with inherent differences in liver fat content. It should be noted that the fish in the current study were subjected to a 2-week fasting period before slaughter, a standard practice in commercial salmon farming. Therefore, the associations proposed here are specific to these conditions, and represent the metabolic picture in a fasted state.
4.4 Increased synthesis and reduced clearance of cholesterol
Increased liver fat accumulation paralleled reduced expression of the major transcription factors LXR and SREBP1, and increased expression of SREBP2. The Liver X receptors are key metabolic regulators that control cholesterol and fatty acid homeostasis, as well as modulate inflammatory and immune pathways in mammals (Hertzel et al., 2008; Liscum, 2008). SREBP-1 and SREBP-2 are major regulators of fatty acid and cholesterol biosynthetic genes, respectively. cDNAs for LXR, SREBP-1 and SREBP-2 have been characterised in Atlantic salmon (Cruz-Garcia et al., 2009; Minghetti et al., 2011). Atlantic salmon express a single LXR gene that is most similar to mammalian LXRα (Cruz-Garcia et al., 2009). SREBP and LXR interact in the regulation of a range of genes key to lipid homeostasis, and this appears to be generally similar in salmon and mammals (Minghetti et al., 2011). SREBP2 is primarily responsible for activation of genes involved in cholesterol synthesis and activate the transcription of mevalonate pathway (cholesterol biosynthesis) genes, such as HMGCR (Liscum, 2008). The positive association between liver fat and SREPB2 expression observed in the current study therefore agrees with the most consistently and highly upregulated group of genes that could be identified here, those of the mevalonate pathway, including HMGCR (Figure 6).
Further to the upregulation of cholesterol biosynthesis genes, the results suggest that fish with high liver fat has reduced clearance of free cholesterol (Figure 9). Under normal conditions, increased intracellular cholesterol induces the transcription of a range of genes (including LXRα and SREBP-1c) that protect cells from cholesterol overload by clearance and esterification of free cholesterol (Ferré and Foufelle, 2010). However, in the current study, gene expression of both LXR and SREPB1 was negatively associated with liver fat content (Figure 6). Further, genes involved in synthesis of bile acids, which are required for cholesterol clearance were negatively associated with liver fat accumulation (24-hydroxycholesterol 7-alpha-hydroxylase and Alpha-methylacyl-CoA racemase; Figure 6). Additionally, none of the central genes involved in esterification of free cholesterol (e.g., ACAT and LCAT) increased their expression with increasing liver fat. Although we did not measure cholesterol content in livers, these results do suggest that the cholesterol clearance and esterifying process is unable to keep up with the overload of the de novo synthesized cholesterol, leading to an unhealthy increase of free cholesterol levels in the liver.
[image: Flowchart illustrating glucose metabolism pathways. Glucose converts to citrate, then to acetyl-CoA. Pathways split into fatty acid beta oxidation, malonyl-CoA for fatty acid synthesis, and the mevalonate pathway leading to cholesterol processes. Key enzymes include ACLY, ACCα, ChREBP, Perilipin3, ACSM3, LXRα, SREBP1, and ACAT. Up and down arrows indicate regulation changes.]FIGURE 9 | Hypothesis of how metabolic processes are linked with increased liver fat accumulation, based on gene expression results. Boxes indicate genes/enzymes. Colored arrows up and down indicate positive and negative associations with liver fat, respectively. Transcription factors highlighted in grey boxes.
These findings are in accordance with several studies in humans linking cholesterol synthesis and liver fat (Musso et al., 2013). For example, fatty liver was reported to be associated with high cholesterol synthesis and low cholesterol absorption (Simonen et al., 2011). In another study, increased SREBP-2 and HMGCR expression paralleled accumulation of free cholesterol in the liver (Caballero et al., 2009). Further, Puri et al. (2007) showed that there is a stepwise increment in hepatic free cholesterol content from normal livers to NAFLD. Although knowledge is limited in Atlantic salmon, previous studies have shown that replacement of dietary fish oil with vegetable oils results in upregulation of genes of cholesterol biosynthesis, paralleled with increased liver fat accumulation (Leaver et al., 2008; Sanden et al., 2016).
Overall, these results demonstrate a difference in liver function related to cholesterol metabolism between salmon with inherently high and low liver fat accumulation. The mechanisms appear analogous to those observed in mammals, potentially leading to harmful free cholesterol accumulation in salmon with higher liver fat accumulation. These results suggest that liver lipid accumulation in Atlantic salmon is associated with adverse health effects, even when fish are fed a diet relatively high in fish-oil.
4.5 Increased conversion of carbohydrates to lipids
The fatty acid analysis of livers showed that the metabolic processes that cause excess liver fat deposition leads to accumulation of 16:1n-7, 18:2n-6 and 18:1n-9. The fatty acids 18:2n-6 and 18:1n-9 are abundant in fish feed, suggesting that excess liver fat may come from feed fatty acids. Additionally, 16:1n-7 and 18:1n-9 are products of de novo lipogenesis (DNL), with 16:1n-7 being a primary DNL product. In humans, elevated 16:1n-7 levels in the liver are linked to NAFLD and hepatic lipogenesis rates (Lee et al., 2015). This fatty acid pattern aligns with previous studies on liver fat and health in salmon. Dessen et al. (2020) observed higher 16:1n-7 and 18:1n-9 levels in dying fish compared to survivors during a sudden mortality event of seemingly healthy farmed salmon. Feed trials in Atlantic salmon have also indicated that 18:1n-9 accumulates at the expense of other fatty acids in livers of fish fed low EPA + DHA diets (Hundal et al., 2022; Ruyter et al., 2006). These results suggest increased DNL and/or reduced VLDL secretion in fish with higher liver fat.
The gene expression results regarding DNL were conflicting; fatty acid synthase, the rate-limiting enzyme in the fatty acid synthesis pathway, was not significantly associated with liver fat, while two of the major regulators that promotes DNL, LXRα and SREBP1c, were negatively associated with liver fat. However, expression of other key genes pointed to increased conversion of carbohydrates to lipids (and possibly increased DNL). This included ChREBP, ACLY and ACCα, which were all positively associated with liver fat. (Figure 7). ChREBP activity increases in liver disease, contributing to hepatic steatosis by stimulating the lipogenic pathway (Abdul-Wahed et al., 2017). ACLY links carbohydrate and lipid metabolism, with high expression linked to fatty liver and NAFLD (Chypre et al., 2012; Wang et al., 2009). Further, Expression of ACCα was positively associated with liver fat (Figure 7). ACCα produces malonyl-CoA and is regarded as the pace-setting enzyme for fatty acid synthesis, and is induced by ChREBP (Sul and Smith, 2008). In addition, Malonyl-CoA decarboxylase, which catalyzes the opposite reaction of ACCα, was negatively associated with liver fat (Figure 7).
Carnivorous fish like Atlantic salmon are not well adapted to high dietary carbohydrates, although modern salmon feed contains significant carbohydrates. While key carbohydrate metabolism genes are present, their functions in salmonids are not well understood. However, salmonids can convert carbohydrates to lipids, as shown by Bou et al. (2016), who demonstrated active DNL in Atlantic salmon adipocytes. Selected lines of rainbow trout also showed increased dietary carbohydrate metabolism linked to enhanced liver DNL (Skiba-Cassy et al., 2009). Activation of ChREBP and DNL usually upregulates Stearoyl-CoA desaturase 1 (SCD1), which converts 18:0 and 16:0 into 18:1n-9 and 16:1n-7, respectively (Emken, 1994). Although this study did not find any association between liver fat and SCD expression, the positive association between liver fat and ChREBP expression might explain the elevated 16:1n-7 and 18:1n-9 levels in livers with higher fat content.
4.6 Triacylglyceride synthesis
Surprisingly, results indicate lower triacylglyceride (TAG) formation in livers with higher fat levels compared to those with lower fat levels. TAG formation is complex, and regulated by SREBP-1c, PPARγ, and LXR (Hertzel et al., 2008). Although PPARγ was not significantly associated with liver fat levels in this study, the negative association of liver fat with LXRα, SREBP-1, GPAT and DGAT expression suggests lower TAG formation in fattier livers. DGAT enzymes catalyze the final and the only committed step in TAG biosynthesis (Hertzel et al., 2008), and GPAT channels fatty acids into TAG for VLDL secretion, significantly impacting TAG synthesis in mammals (Wendel et al., 2009). Overall, these results do not indicate higher TAG synthesis in fish with higher liver fat levels. However, this does not exclude increased TAG synthesis as the cause of elevated liver fat, as the results might reflect a downregulation in this pathway in fish with already high liver fat levels (negative feedback loop).
4.7 Phospholipids
The gene expression results indicated altered phospholipid (PL) composition, especially increased phosphatidylcholine (PC) synthesis in fish with a higher liver fat content. Changes in hepatic PL composition have previously been linked to fatty liver disease (van der Veen et al., 2017). The apparent changes in PC synthesis are especially interesting as essential phospholipids rich in PC is a widely used treatment option for fatty liver disease in humans (Osipova et al., 2022). Because PC biosynthesis is required for normal secretion of very low-density lipoprotein (VLDL) from hepatocytes, some studies suggest that liver TAG accumulation is due to reduced availability of PC (and apolipoprotein B100) (Vance et al., 1997; Watkins et al., 2003). There is limited knowledge in salmonids regarding the role of PC in liver fat accumulation, however, a link between dietary PC and accumulation of lipid droplets in intestinal cells has been observed (Krogdahl et al., 2020).
4.8 Reduced beta-oxidation capacity
The results regarding fatty acid beta-oxidation, the breakdown of fatty acids, were somewhat inconsistent, but most genes showed a negative association with liver fat (Figure 7). This suggests that fish with high liver fat have a reduced capacity to oxidize and utilize fatty acids as fuel, potentially contributing to fat accumulation in the liver. Additionally, there were compelling indications of increased inhibition of fatty acid beta-oxidation in livers with higher fat content. Specifically, livers with elevated fat levels demonstrated increased expression of ACLY and ACC (Figure 7), which promotes the formation of Malonyl-CoA. Simultaneously, Malonyl-CoA decarboxylase, responsible for breaking down Malonyl-CoA, was negatively associated with liver fat (Figure 7). Given that Malonyl-CoA acts as an inhibitor of fatty acid beta-oxidation (Sul and Smith, 2008), its increased formation and reduced breakdown point to reduced mitochondrial beta-oxidation activity in livers with higher levels of fat.
Furthermore, the negative correlation between liver fat and gene expression of ACOX1 - the rate-limiting enzyme of peroxisomal beta-oxidation (Figure 7) - strongly indicates that this pathway is downregulated in livers with high lipid content. In addition, LXR–which regulates ACOX1 (Hu et al., 2005) - also showed negative gene expression association with increased liver fat content, supporting this observation. Peroxisomal beta-oxidation is well-established as responsible for oxidizing very-long-chain fatty acids (>C20). The peroxisomal beta-oxidation capacity in salmon liver is high and significantly contributes to total hepatic beta-oxidation (Stubhaug et al., 2007), it is therefore plausible that this pathway is involved in the increased hepatic lipid accumulation observed.
4.9 Potential role of the omega-3 fatty acids EPA and DHA in liver fat accumulation
High liver fat coincided with low relative EPA and DHA content in the liver, with a strong negative phenotypic correlation of −0.9 (Figure 3). This agrees with studies that have reported that liver lipids of patients with NAFLD contain less EPA and DHA compared to control subjects (de Castro and Calder, 2018; Scorletti and Byrne, 2018). However, since all fish in the current study were fed the same diet and we only have data from one time-point, it is not possible to separate the effects of low omega-3 and high liver fat. It is also not possible to determine a possible cause-and effect relationship between these two factors. Nonetheless, it is interesting to notice that the metabolic disturbances associated with high liver fat in the current study are similar to those associated with low marine omega-3 levels in the feed (resulting in high liver fat) in a recent study on Atlantic salmon (Hundal et al., 2022). Considering the current knowledge on the influence of omega-3 fatty acids on liver fat, this is a factor worth mentioning and pursuing in future studies. Numerous studies in humans and animal models have reported that dietary EPA and DHA decreased TAG accumulation in liver, probably through decreasing hepatic DNL and promoting beta-oxidation over TAG synthesis (Calder, 2022).
The lower relative EPA and DHA content observed in the fish with higher liver fat can be due to already high lipid levels, which have caused increased utilization and loss of these fatty acids driven by inflammation and oxidative stress. Alternatively, a dilution effect of EPA and DHA has occurred when more FAs from the feed and/or DNL products are deposited in the liver. However, based on the results of the current study we cannot exclude the possibility that the reduction in EPA and DHA is, at least, further promoting or accelerating excess lipid deposition in the liver.
5 CONCLUSION
Liver fat deposition in a population of Atlantic salmon fed a commercial broodstock feed showed large variation, with frequent occurrences of high liver fat accumulation. A heritability estimate of 0.38 and a genetic coefficient of variation of 20% suggest substantial potential for selective breeding to reduce liver fat deposition in Atlantic salmon.
Liver fat deposition in Atlantic salmon is likely a polygenic trait, as no large QTLs were detected by genome-wide association studies. The expression of numerous genes involved in lipid metabolic processes was associated with liver fat content, including key transcription factors regulating lipid metabolism such as LXR, SREBP1, and ChREBP. The results clearly indicated a link between liver fat and increased cholesterol synthesis in Atlantic salmon, similar to observations in humans, with potentially harmful accumulation of free cholesterol.
Further, the gene expression results pointed to reduced peroxisomal fatty acid β-oxidation, increased conversion of carbohydrates to lipids, and possibly increased de novo lipogenesis, resulting in the accumulation of 18:1 n-9 and 16:1 n-7 fatty acids. It remains unclear which of these results are consequences of high fat levels and which are underlying metabolic differences causing higher liver fat levels in certain individuals. Nonetheless, the results provide new insights into the metabolic profile of livers in fish with inherent differences in liver fat content.
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The tall and short traits of chickens are significant indicators for evaluating their growth and development. Tall chickens have longer growth cycles, allowing them to accumulate sufficient nutrients and resulting in superior meat quality. This study aims to investigate the tall and short traits of Baicheng Fatty chickens and to identify relevant candidate genes. A total of 25 Baicheng Fatty chickens were selected for this research, where whole genome resequencing was performed on all samples to uncover genetic variations influencing tall and short traits. Additionally, transcriptome sequencing was conducted on 15 of these chickens to identify important genes affecting these traits through combined analysis. Using methods such as population genetic structure analysis, principal component analysis (PCA), linkage disequilibrium analysis (LD), runs of homozygosity (ROH) analysis, as well as genetic differentiation index (FST) and nucleotide diversity (θπ), a total of 1,019 candidate genes were identified through whole genome resequencing analysis. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed on these candidates. From the transcriptome data, 253 differentially expressed genes (DEGs) were identified, including 229 upregulated and 24 downregulated genes. GO and KEGG enrichment analyses were conducted on these differential genes, and a protein–protein interaction network for the DEGs was constructed. Through the combined analysis of whole genome resequencing and transcriptome data, six intersecting genes were identified: KLF15, NRXN1, LOC107050638, MHCY11, HAO1, and BORCS6. KEGG enrichment analysis revealed significant involvement in the Glyoxylate and Dicarboxylate Metabolism pathway, Peroxisome pathway, Carbon Metabolism, and Cell Adhesion Molecules (CAMs) pathway. These genes may influence the growth and developmental patterns of skeletal structures, though their regulatory mechanisms require further investigation. This study provides new insights for further research into the genetic mechanisms underlying chicken skeletal development and growth, as well as potential molecular markers for poultry breeding.
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1 Introduction

The Baicheng Fatty chicken is a local breed from the Aksu region of Xinjiang, known for its excellent meat quality, cold resistance, tolerance to rough feeding, and strong disease resistance (1–4). Based on their leg type, Baicheng Fatty chickens can be divided into two types: high-legged and short-legged. The high-legged Baicheng Fatty chicken has a larger body size, longer legs, and is adapted to complex terrain, demonstrating strong mobility and foraging abilities (5). The short-legged Baicheng Fatty chicken, on the other hand, has shorter legs and a compact body, typically with higher meat quality and better feed conversion rates.

Current research primarily focuses on the overall production performance and genetic diversity of Baicheng Fatty chickens (6–10), but the genetic mechanisms of leg traits remain underexplored, especially the genetic basis of high and short leg traits. Studies show that skeletal development plays a crucial role in the growth of poultry, particularly the development of leg bones, which directly impacts the mobility and production performance of poultry (11–14). Bone marrow, as a key site for skeletal development, is not only a hematopoietic tissue but also the source of mesenchymal stem cells required for bone growth. Mesenchymal stem cells in bone marrow can differentiate into osteoblasts, playing a crucial role in bone formation and remodeling (15).

Currently, research on the genetic mechanisms of leg traits in chickens is scarce, particularly regarding the genetic control of high and short legs in Baicheng Fatty chickens, which remains unclear (16–18). Wang et al. (6) conducted a systematic study on the dwarf gene in Xingyi short-legged chickens, finding that the traits of short and high legs are controlled by a pair of alleles on an autosome, with short legs being dominant over high legs. However, this study was limited to the role of a single gene and did not reveal the molecular mechanisms at the regulatory network level. Recent studies have shown that the expression levels of growth factors such as GH and IGF-1, and their receptor genes, are closely related to skeletal development in chickens (19). Moreover, transcriptomic research indicates that genes from families such as collagen type COL and BMP play important roles in skeletal development (20).

Despite this, there are still the following limitations in the systematic research on high and short leg traits in Baicheng Fatty chickens: (a) a lack of variation site screening at the whole-genome level; (b) an inability to clarify the key gene expression patterns related to skeletal development in bone marrow tissue; (c) a lack of in-depth analysis of the regulatory networks. This study integrates whole-genome resequencing data and bone marrow transcriptome data to systematically screen candidate genes related to the high and short leg traits of Baicheng Fatty chickens from both genomic and transcriptomic perspectives. The goal is to reveal the molecular regulatory network of this trait, providing scientific evidence for the conservation and genetic improvement of the Baicheng Fatty chicken breed.



2 Materials and methods


2.1 Experimental animals and sample preparation

The experiment was conducted under uniform rearing conditions, with standardized feeding and immunization protocols, and free access to water. The tall-legged and short-legged traits of Baicheng Fatty chickens were observed. A total of 25 Baicheng Fatty chickens, aged 18 months (12 with tall legs and 13 with short legs), bred by Xinjiang Jinyou Native Animal Husbandry Co., Ltd., were selected for the study. Eighteen months was chosen because by this age, the chickens’ bones are fully developed, making it an ideal time to study skeletal maintenance and potential degenerative changes. At this stage, the bones are stable but have not yet begun to deteriorate, providing a key window to examine how genetic and environmental factors influence leg traits. In accordance with the guidelines of the Institutional Animal Care and Use Committee of Xinjiang Agricultural University (Approval No.: 2021099), bone marrow samples were collected from the femurs of all 25 chickens. The chickens were used for whole genome resequencing (all 25), with 15 selected for transcriptome sequencing. Of the 15 chickens chosen for transcriptome sequencing, 7 were males (4 with tall legs and 3 with short legs) and 8 were females (4 with tall legs and 4 with short legs). The samples were quickly placed in liquid nitrogen and stored at −80°C for future use. The experiment took place in November 2023 at the experimental base of Xinjiang Agricultural University.



2.2 Whole genome resequencing


2.2.1 DNA extraction and basic data processing

Genomic DNA was extracted from the 25 samples using the phenol-chloroform method. The concentration and purity of the DNA samples were assessed using a NanoDrop 2000 microvolume UV spectrophotometer. Gel electrophoresis was employed to evaluate the integrity and degradation of the DNA samples, providing a comprehensive assessment of DNA quality. After passing the quality inspection, the samples were sent to Beijing Baimake Biotechnology Co., Ltd. for library construction and paired-end sequencing. To ensure the accuracy of subsequent analyses, the raw sequencing data were quality-controlled using Fastp software. The filtered clean data were aligned to the chicken reference genome (Gallus_gallus.GRCg7b.genome.fa) using BWA (11), sorted with the sort command in Samtools, and duplicates were removed with Picard. Subsequently, statistical analysis of the sorted BAM files was performed using Qualimap software (12). The Genome Analysis Toolkit (GATK) was utilized for whole genome variant detection. The filtering criteria for population SNPs included: exclusion of SNPs with a minor allele frequency below 5%, removal of loci with a missing rate greater than 10%, and exclusion of SNPs with a p-value less than 1e-5 in Hardy–Weinberg equilibrium tests. SNPs were annotated using ANNOVAR software.



2.2.2 Population genetic analysis


2.2.2.1 Principal component analysis (PCA)

VCF files were converted to PLINK format using VCFtools v0.1.17, and PCA was performed using PLINK v1.90 (13). The results were visualized with the R package ggplot2.



2.2.2.2 Linkage disequilibrium (LD)

LD at varying distances was assessed by calculating r2 values using software such as PLINK, with the LD coefficient represented by r2 and the distance corresponding to half of the maximum r2 value defined as the LD decay distance (14).



2.2.2.3 Runs of homozygosity (ROH) analysis

Genotype data were quality-controlled using PLINK to remove low-quality variants. A fixed-size sliding window was applied to scan the chromosomes for contiguous homozygous SNPs. ROH segments were identified and recorded based on predefined thresholds. Specifically, the following parameters were used for ROH detection: the minimum length of ROH segments was 100 kb, each ROH was required to include at least 10 SNPs, the minimum density of homozygous SNPs within a segment was set to 10, each sliding window contained at least 50 SNPs, a maximum of 1 heterozygous SNP was allowed per window, and the maximum gap between homozygous SNPs within the window was 100 SNPs.



2.2.2.4 Joint analysis of genetic differentiation index (FST) and nucleotide diversity (θπ)

The FST value reflects the degree of population differentiation, with values ranging from 0 to 1. When FST is between 0 and 0.05, it indicates low genetic differentiation between populations. A value between 0.05 and 0.15 suggests moderate differentiation, while values from 0.15 to 0.25 indicate a relatively high level of differentiation. FST values greater than 0.25 are considered to represent substantial genetic differentiation between populations (15). In this study, FST values for each sliding window were calculated using VCFtools with a window size of 40 kb and a step size of 20 kb. The intersection of the top 1% of FST results and the top 1% of π ratio results was taken as the selected regions.



2.2.2.5 GO enrichment and KEGG pathway analysis of genes in selected regions

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were conducted using DAVID.1 Subsequently, the enrichment results were visualized using the online plotting software WeiShengXin.2





2.3 Transcriptome sequencing


2.3.1 RNA extraction and library construction

Total RNA was extracted from 15 chicken bone marrow samples (divided into two groups: tall-legged group with 8 samples and short-legged group with 7 samples) according to the manufacturer’s instructions for TRIzol Reagent (Life Technologies, California, USA). RNA concentration and purity were measured using a NanoDrop 2000 (Thermo Fisher Scientific, Wilmington, DE, USA). RNA integrity was assessed with the RNA Nano 6000 Kit on an Agilent Bioanalyzer 2100 system (Agilent Technologies, CA, USA). After passing the quality inspection, 1 μg of total RNA from each sample was used for library construction. Sequencing of the libraries was performed on the Illumina NovaSeq platform by Beijing Baimake Biotechnology Co., Ltd. The resulting clean reads were aligned to the chicken reference genome (Gallus_gallus.GRCg7b.genome.fa) using Hisat2 (2.0.4) to obtain positional information of reads on the reference genome (16). The aligned reads were then assembled using StringTie (17) to reconstruct the transcriptome for subsequent analysis. Based on the positional information aligned to the genome, read counts for each transcript were calculated, and gene expression levels were quantified using FPKM values.



2.3.2 Differential expression gene data enrichment analysis


2.3.2.1 Selection of DEGs

DEGs were identified based on the count values across samples using differential analysis software. For groups with biological replicates, DESeq2 software was employed for differential analysis; for groups without biological replicates, edgeR software was used. The selection criteria for DEGs included a Fold Change (FC) ≥ 1.5 and a p-value <0.01. The Fold Change represents the ratio of expression levels between two samples (or groups). The False Discovery Rate (FDR) was calculated to assess the significance of the differences based on the adjusted p-values. To facilitate comparisons, the Fold Change values were log-transformed (log2FC), where a larger absolute value of log2FC and a smaller FDR indicate more pronounced differences between the two groups.



2.3.2.2 GO enrichment analysis

The differential expression genes were functionally annotated using the GO database, and statistical classification was performed at the secondary classification level. For each group of DEGs, enrichment analyses for biological processes, molecular functions, and cellular components were conducted using the ClusterProfiler package with hypergeometric testing. The resulting GO nodes from the enrichment analyses were visualized, and a Directed Acyclic Graph (DAG) was generated using topGO.



2.3.2.3 KEGG enrichment analysis

The KEGG annotation results for the DEGs were classified according to pathway types in KEGG. Through KEGG annotation analysis, metabolic pathways related to the target genes were identified, elucidating the sources of phenotypic differences from biochemical and metabolic perspectives. The enrichment results were visualized using ClusterProfiler.



2.3.2.4 Protein–protein interaction network

The sequences of the differential genes were aligned to the genomes of relevant species, with their predicted protein–protein interaction (PPI) relationships obtained from the STRING database (18).3 The PPI networks of these differential genes were then visualized using Cytoscape (19).





2.4 Candidate gene screening

Intersection analysis was performed on the genes obtained from resequencing and transcriptome sequencing, combining data from the GeneCards database and relevant literature to clarify the functions of intersecting genes. KEGG enrichment analysis was conducted using DAVID (see text footnote 1), and a Venn diagram was created to visualize the enrichment results with the online plotting software WeiShengXin (see text footnote 2). A protein interaction network diagram for the intersecting genes was constructed using the STRING database. Candidate genes related to the tall and short traits of Baicheng Fatty chickens were identified.




3 Results


3.1 Identification of candidate genes for tall and short traits using whole genome resequencing


3.1.1 Genome data description

After quality control and alignment, the BAM files of 25 samples from the Baicheng Fatty chickens breed were statistically analyzed using Qualimap software. The alignment rate of clean reads from all samples to the reference genome was 99.50%, with an average sequencing depth of 11.36× and an average Q30 score of 92.79%. A total of approximately 1014.00 Mb of clean reads was obtained, generating about 302.52 Gbp of clean data (Supplementary Table 1).



3.1.2 Whole genome genetic variation detection

A total of 28,897,168 SNP loci were identified through variation detection, with 5,518,574 SNPs remaining after filtering. Tall-legged chickens and short-legged chickens were found to have 14,335,980 and 14,561,188 SNP loci, respectively. The distribution of the 5,518,574 identified SNPs across the chromosomes indicated varying degrees of distribution on each chromosome (Figure 1A). The highest number of distributed SNPs was found on chromosome 1, followed by chromosome 2. Chromosomes 10, 11, 12, and 13 exhibited a similar distribution of SNPs. Annotation analysis revealed that SNPs are predominantly distributed across various genomic regions. The largest proportion, 39.28%, is found in the TRANSCRIPT region, followed closely by INTRON at 35.26%. The UPSTREAM and DOWNSTREAM regions account for 9.25 and 9.21%, respectively. The INTERGENIC region represents 3.87%, while SNPs in the EXON region make up 2.03%. Smaller proportions are found in the 3’ UTR (0.76%), 5’ UTR (0.20%), SPLICE_SITE_REGION (0.12%), SPLICE_SITE_ACCEPTOR (0.01%), and SPLICE_SITE_DONOR (0.01%) (Figure 1B).

[image: Chart A displays the number of SNPs within a one megabase window size across various chromosomes, colored by frequency. Chart B is a pie chart showing SNP annotation classification statistics, with segments for transcript (39.28%), intron (35.26%), upstream (9.25%), and other categories.]

FIGURE 1
 (A) Chromosomal distribution of SNPs. (B) SNP Annotation classification statistics.




3.1.3 Population genetic structure analysis


3.1.3.1 Principal component analysis (PCA) and linkage disequilibrium (LD)

We conducted a population structure analysis, and the PCA results indicated that the tall-legged and short-legged groups could be clearly separated in terms of genetic structure (Figure 2A). For all SNPs, we calculated the LD, revealing that when the LD coefficient dropped to half of its maximum value, the tall-legged group (G_group) showed LD at 150 kb (R2 = 0.11), while the short-legged group (D_group) displayed a quicker decay at the same distance (R2 = 0.01) (Figure 2B).

[image: Panel A shows a scatter plot of principal component analysis (PCA) with red circles for group G and teal triangles for group D. Panel B depicts LD decay curves over distance in kilobases for D group in red and G group in black.]

FIGURE 2
 (A) PCA results: the orange circles represent the tall-legged chickens (G_group), and the green triangles represent the short-legged chickens (D_group). (B) LD analysis: the black curve represents the tall-legged chickens (G_group), and the red curve represents the short-legged chickens (D_group).




3.1.3.2 ROH analysis

By comparing the number of individual ROH segments and their coefficients of variation in the tall and short-legged groups, we observed differences in genetic diversity and inbreeding levels between the two groups. Statistical analysis revealed that the short-legged group had an average of 198.4 ± 124.4 ROH segments, indicating significant variation in ROH numbers among individuals. Most individuals exhibited fluctuations around this average of 198.4, with a coefficient of variation of 62.73%. In contrast, the tall-legged group had an average of 132.7 ± 25.44 ROH segments, suggesting a certain degree of variation as well, but to a lesser extent; most individuals fluctuated around 132.7 with a coefficient of variation of 19.17% (Supplementary Table 2 and Figure 3A). Further analysis of the relationship between the number of homozygous segments (NROH) and the total length of homozygous segments (SROH) provided insights into the distribution characteristics of homozygous segments across different populations. We found that as NROH increased, data points for both the D_group and G_group showed a trend of increasing SROH, indicating a positive correlation between SROH and NROH (Figure 3B).

[image: Panel A shows a split violin plot comparing the number of ROH between D_group in purple and G_group in red, with distinct distributions. Panel B displays a scatter plot showing a positive correlation between SROH and NROH, with D_group marked in red circles and G_group in blue triangles.]

FIGURE 3
 (A) Total number of ROH. The left side of the figure represents the short-legged chickens (D_group), and the right side represents the tall-legged chickens (G_group). (B) Relationship between NROH and SROH. The y-axis represents NROH, ranging from 0 to 500; the x-axis represents SROH, ranging from 0 to 900. The figure contains two sets of data, represented by different shapes and colors: red circles for the short-legged chickens (D_group) and blue triangles for the tall-legged chickens (G_group).





3.1.4 Selection signal analysis


3.1.4.1 Identification of selection signals using FST and θπ ratios

Selection signal analysis was conducted using FST and π ratio, with the intersection of the top 1% FST (Supplementary Table 3) and the top 1% π ratio results identified as selected regions. This analysis revealed a total of 460 selected regions, which annotated 1,019 candidate genes (Figure 4).
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FIGURE 4
 Visualization of selected gene regions in tall-legged and short-legged chickens.




3.1.4.2 Annotation and functional enrichment of candidate genes

GO enrichment and KEGG pathway analyses of the selected regions in tall and short chickens were performed using DAVID and KOBAS websites. The GO enrichment analysis identified 44 GO terms, predominantly associated with processes such as Notch binding, G protein-coupled serotonin receptor activity, GABAergic synapse, and immune response (Figure 5A). The KEGG enrichment analysis identified a total of 24 pathways, primarily enriched in the WNT signaling pathway, PPAR signaling pathway, metabolic pathways, gap junction, and Notch signaling pathway (Figure 5B).

[image: Figure A is a bar chart showing GO terms across biological processes, cellular components, and molecular functions, categorized by the number of genes involved. Figure B is a scatter plot displaying pathway enrichment statistics, plotting total detected genes versus various pathways. Dot size represents the number of genes, and color indicates the q-value, ranging from green for lower values to red for higher values.]

FIGURE 5
 (A) GO functional enrichment analysis of selected genes in tall and short chickens. (B) KEGG pathway enrichment analysis of selected genes in tall and short chickens.






3.2 Identification of DEGs associated with tall and short traits using transcriptome sequencing


3.2.1 Transcriptome data description

Transcriptome sequencing was performed on bone marrow tissue samples from 15 Baicheng Fatty chickens, including 8 tall-legged and 7 short-legged individuals. A total of 94.94 Gb of clean data was obtained, with each sample yielding at least 5.98 Gb of data. The Q30 base percentage was above 94.59%, and the GC content was consistently above 50.44%. Clean reads for each sample were aligned to the designated reference genome, with mapping efficiency ranging from 92.13 to 95.33%, indicating that the sequencing data met the requirements for subsequent analysis (Supplementary Table 4).



3.2.2 Analysis of differentially expressed gene selection results

The number of DEGs in each comparison group is illustrated in a bar chart (Figure 6A), and the differential expression is visualized in a volcano plot (Figure 6B). A total of 253 DEGs were identified, with 229 genes upregulated and 24 genes downregulated. Genes exhibiting similar expression patterns may have analogous functions. A hierarchical clustering analysis was performed on all identified DEGs to cluster genes with the same or similar expression patterns across different samples, displayed through a heatmap (Figure 6C). This clustering allows for the identification of potentially related functions based on known functions of the clustered genes.

[image: Panel A shows a bar chart with differentially expressed gene counts: 253 downregulated (blue), 229 upregulated (green), and 24 with all types (orange). Panel B displays a volcano plot with scatter points indicating gene significance; blue for downregulated, red for upregulated, and gray for normal. Panel C presents a heatmap of gene expression across samples, with a color gradient from blue (downregulated) to red (upregulated).]

FIGURE 6
 (A) Bar chart of differential gene statistics. The x-axis represents different sets of DEGs, with blue indicating all DEGs, orange representing upregulated genes, and green representing downregulated genes. The y-axis represents the number of DEGs. (B) Volcano plot of DEGs in comparison groups. (C) Heatmap of differentially expressed gene clustering. The x-axis represents the sample names and the clustering results of the samples, while the y-axis represents the differentially expressed genes and their clustering results. Each column corresponds to a different sample, and each row corresponds to a different gene. The color scale indicates the expression level of genes across the samples.




3.2.3 GO and KEGG enrichment analysis of differential genes

In this study, GO database was utilized to functionally annotate the DEGs, and statistical classification was performed at the secondary classification level. The GO annotation system encompasses three primary branches: Biological Process, Molecular Function, and Cellular Component. A total of 34 GO terms were identified in the enrichment analysis, primarily associated with Cellular Process, Metabolic Process, Developmental Process, Cellular Anatomical Entity, and Binding Activity (Figure 7A). To determine the GO terms significantly enriched compared to the overall genomic background, we employed the ClusterProfiler software to conduct enrichment analysis for Biological Processes, Molecular Functions, and Cellular Components using hypergeometric tests for each group of differential genes. The enrichment results were visualized to represent the GO nodes. The significance of functional pathways was assessed based on the q-value, where smaller q-values indicate greater significance. Using topGO, a Directed Acyclic Graph (DAG) was generated to intuitively display the enriched GO nodes of the DEGs and their hierarchical relationships. The branches in the DAG represent containment relationships, with the functional scope narrowing from top to bottom. The five most significantly enriched GO terms from each comparison group were selected as primary nodes, showcasing their associated GO terms (Supplementary Figure 1).

[image: A set of four scientific data visualizations labeled A to D. A: Bar charts showing the number of genes in biological processes, cellular components, and molecular functions. B: Horizontal bar chart depicting annotated genes across various biological categories. C: Scatter plot of pathway enrichment statistics, with a color-coded q-value and symbol size indicating gene numbers. D: Network diagram illustrating interactions between different genes or proteins.]

FIGURE 7
 (A) GO annotation classification statistics of DEGs. (B) KEGG classification of DEGs. (C) KEGG enrichment bubble chart of DEGs. (D) Protein–protein interaction network of DEGs. Each circle represents a protein, with a simplified molecular structure diagram inside the circle, and the edges represent interaction relationships.


DEGs were annotated in KEGG, and the results were categorized according to the types of pathways within KEGG. Among these pathways, Metabolism represented the largest category (Figure 7B). The KEGG enrichment analysis revealed significant associations with pathways such as the TGF-beta signaling pathway, ECM-receptor interaction, Adherens junction, PPAR signaling pathway, and Glycerolipid metabolism (Figure 7C). Additionally, through KEGG annotation, metabolic pathways relevant to the target genes were identified from biochemical metabolic pathways, helping to elucidate the underlying causes of phenotypic differences (Supplementary Figure 2).

A protein–protein interaction (PPI) network for the DEGs was constructed using the STRING database. This database contains predicted and experimentally validated PPI data across multiple species, including both direct physical interactions and indirect functional associations. By aligning the DEGs with proteins in the database, homologous proteins were identified, and interaction pairs were established. The PPI network was visualized using Cytoscape software (Figure 7D), facilitating the prediction of interactions among genes and narrowing down the critical gene set, thus providing reliable candidates for subsequent functional studies.




3.3 Candidate gene selection

An intersection analysis was conducted between the genes identified from resequencing and the DEGs, resulting in the identification of six key genes: LOC107050638, MHCY11, KLF15, HAO1, NRXN1, and BORCS6 (Figure 8A). A protein–protein interaction (PPI) network was constructed using the STRING database. Although the proteins displayed may not have direct interactions, this analytical approach aids in screening and identifying potential key genes, providing a foundation for further experimental validation (Figure 8B). KEGG analysis revealed that these candidate genes were primarily enriched in pathways related to Glyoxylate and dicarboxylate metabolism, the Peroxisome pathway, Carbon metabolism, and Cell adhesion molecules (CAMs) pathway (Figure 8C).

[image: Panel A shows a Venn diagram with green and blue circles representing whole-genome resequencing and RNA-seq, respectively, with an overlap of six. Panel B presents a network diagram connecting genes such as ASPDH, NRXN1, and BORCS5 with lines. Panel C is a scatter plot with colored dots indicating various metabolic processes like glyoxylate and dicarboxylate metabolism, and peroxisome, with a color scale representing -log10 p-values.]

FIGURE 8
 (A) Intersection of resequenced genes and DEGs. The green circle represents the resequenced genes, with a total of 1,013 genes. The blue circle represents the differentially expressed genes (DEGs), with a total of 247 genes. The overlapping area represents the intersection of the two, with a total of 6 genes. (B) Protein–protein interaction network of the intersected genes. Each circle represents a protein, with a simplified molecular structure diagram inside the circle, and the edges represent interaction relationships. (C) KEGG pathway enrichment analysis of the intersected genes. Each data point represents a pathway, with color and size indicating its significance level and the number of genes involved.





4 Discussion

The genomic and transcriptomic technologies are developing so fast that poultry genetic trait studies have deeply reached an unprecedented depth. In this study, we integrated whole-genome resequencing and transcriptomic sequencing data to investigate the genetic structural differences and molecular mechanisms underlying these two leg-length phenotypes (high-legged and short-legged) in Baicheng Fatty chickens.


4.1 Analysis of population genetic structure

In this study, two-dimensional PCA analysis revealed substantial genetic differences between the high-legged and short-legged groups. This finding is consistent with the results of Nie et al. (21), who identified strong genetic differentiation in chicken populations with different leg types through whole-genome resequencing. Wang et al. (22) demonstrated that domestication and selection acted on genomic regions associated with leg type, followed by the selection of regions under differential pressures, leading to genetic differentiation between leg type groups. Similar patterns of differentiation have been reported in other poultry breeds. For instance, Liu et al. (23) conducted a genomic-level population structure analysis, which revealed significant genetic differences between populations exhibiting distinct body size traits, as confirmed by phenotype analysis. Beijing oil chickens with different body size traits were identified, and a genome-wide association study (GWAS) was performed to pinpoint several candidate loci associated with weight and body size. These findings provide valuable insights into the genetic basis of body size traits in local chicken breeds.

LD analysis demonstrated that the decay rate in the short-legged group (R2 = 0.01) was significantly faster than that in the high-legged group (R2 = 0.11). Sheng et al. (24) studied hybrid populations between Chinese local chickens and commercial broilers, finding significant LD differences in genomic regions associated with growth traits among populations with different growth types. This difference is often a consequence of long-term selection acting on the genomic architecture, which aligns with the faster LD decay observed in the short-legged group. Their findings suggest that changes in LD patterns are associated with selective constraints on growth-related genes, providing important insights into the genetic basis of the high-legged and short-legged phenotypes. Rubin et al. (25) showed that different intensities of artificial selection on genomic regions during domestication led to distinct LD patterns, with LD decaying more rapidly near regions under strong selection. This supports the hypothesis that short-legged individuals may have experienced stronger selection pressure, resulting in more rapid LD decay. Additionally, their research elucidates how these selection patterns influence genome evolution, offering theoretical support for the mechanisms responsible for the creation of different phenotypic traits in chickens.

ROH analysis revealed variation in population genetic diversity. The short-legged group exhibited a higher number of ROH (198.4 ± 124.4) and a greater coefficient of variance (62.73%). Studies by Peripoll et al. (26) highlighted that increased levels of ROH often indicate selective pressure or bottleneck effects within a population. According to their research, the length distribution and number of ROH can reflect a population’s genetic history, and greater variation in the number of ROH suggests more intense artificial selection. This is consistent with the elevated ROH number (198.4 ± 124.4) and coefficient of variation (62.73%) observed in the short-legged group, suggesting stronger selection events in this group compared to the high-legged group.



4.2 Key genes and the analysis of their regulatory network

Through integrated analysis, this study identified six potential candidate genes, among which KLF15, HAO1, and NRXN1 are particularly well-studied. KLF family transcription factors play a crucial role in skeletal muscle development. Zhang et al. (27) demonstrated that the KLF family member Siha promotes skeletal muscle atrophy via the classical Wnt/β-catenin signaling pathway in chickens, suggesting that other KLF family members may also be pivotal in muscle development. KLF15, a member of the KLF family, regulates skeletal muscle development by associating with PPARδ to control lipid metabolism, which is essential for normal skeletal muscle function (28). Jung et al. (29) reported that KLF15 is a key molecule linking ER stress to metabolic regulation, influencing tissue growth and development by mediating amino acid and lipid metabolism. Their findings provide a molecular mechanism for understanding the role of KLF15 in myogenesis. Additionally, recent studies have shown that KLF15 is involved in regulating the growth plate of bones (30).

The primary impact of the HAO1 gene on skeletal development appears to be through its involvement in regulating the tricarboxylic acid cycle. Kimura et al. (31) used an HAO1-deficient mouse model to reveal the significant role of this gene in energy metabolism. Johnsson et al. (32) found a strong correlation between skeletal growth rate and HAO1 gene expression. These differences in energy metabolism may contribute to the phenotypic variations between the two sexes of chickens, specifically in those with extreme obesity, high-leg, and short-leg traits.

The potential role of NRXN1 in skeletal development has been more recently discovered. Gong et al. (33) reported that PRC2 modulates chondrocyte differentiation, while Wang et al. (34) demonstrated that NRXN1 regulates bone synthesis through calcium signaling pathways. These studies uncover the molecular mechanisms behind the high-legged and short-legged phenotypes.



4.3 Signaling pathways and their regulation of cell fate determination

KEGG analysis showed that the significant genes identified were predominantly enriched in metabolic-related pathways. Zhang et al. (35) found that the Glyoxylate and Dicarboxylate Metabolism pathway is strongly linked to skeletal growth, regulating energy metabolism to influence the proliferation and differentiation of growth plate chondrocytes. Buchert et al. (36) showed that the Cell Adhesion Molecules (CAMs) pathway is critical in regulating skeletal development through the interaction between chondrocytes and the extracellular matrix.

The Peroxisome pathway, recently studied for its significance in skeletal development, was also enriched in our analysis. Wang et al. (37) demonstrated that this pathway affects bone growth by regulating lipid metabolism and oxidative stress response. Yin et al. (38) further provided evidence that disrupting the Peroxisome pathway leads to skeletal development defects. These findings correspond to the observed variations in metabolic pathways between the high-legged and short-legged chickens in this study.



4.4 Importance and potential applications of the research

The results of this study have both theoretical significance and practical value for poultry breeding. By identifying key genes and pathways associated with leg-type traits, this study provides insights into the molecular mechanisms underlying poultry skeletal development. It also enhances the understanding of the relationships between these traits when compared with previous QTL-mapping studies, such as those by Wang et al. (37), which are essential for optimizing poultry breeding strategies. Selection breeding based on functional genomics has been shown to improve breeding efficiency significantly (39).

Furthermore, the candidate genes identified in this study can be applied in molecular marker-assisted selection (MAS). As demonstrated by Moniruzzaman et al. (40), MAS not only increases breeding efficiency but also improves selection accuracy, which is crucial for the protection and development of local chicken varieties, such as Baicheng oil chicken. Prior studies (41) have shown that combining genomic and transcriptomic data allows for more accurate breeding value predictions.

This research methodology and analytical framework can be applied to other poultry breeds, offering an integrative approach to identifying the genetic underpinnings of complex traits (42, 43). Future studies should validate these candidate genes to provide more reliable molecular tools for poultry breeding. Additionally, functional validation experiments are needed to confirm the specific roles of these genes in the development of leg-type traits in Baicheng oil chickens, and gene editing approaches could be employed in future studies to further elucidate their functions.




5 Conclusion

This study identified a total of 28,897,168 SNP loci through whole-genome resequencing and uncovered 253 DEGs using transcriptome sequencing. Combined analysis revealed six key genes: KLF15, LOC107050638, MHCY11, HAO1, NRXN1, and BORCS6. Among these, KLF15 is highlighted as a critical gene associated with growth traits, potentially playing an important role in the regulation of skeletal muscle growth in chickens.
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Identifying expression Quantitative Trait Loci (eQTL) and functional candidate variants associated with blood biochemical parameters can contribute to the understanding of genetic mechanisms underlying phenotypic variation in complex traits in pigs. We identified eQTLs through gene expression levels in muscle and liver tissues of Large White pigs. The identified eQTL were then tested for association with biochemical parameters, cytokine profiles, and performance traits of pigs. A total of 41,759 SNPs and 15,093 and 15,516 expression gene levels from muscle and liver tissues, respectively, enabled the identification of 1,199 eQTL. The eQTL identified related the SNP rs345667860 as significantly associated with interleukin-6 and interleukin-18 in liver tissue, while the rs695637860 SNP was associated with aspartate aminotransferase and interleukin-6, and rs337362164 was associated with high-density lipoprotein of the blood serum. In conclusion, the identification of three eQTL significantly associated with aspartate aminotransferase and cytokine levels in both serum and liver tissues suggests a potential role for these variants in modulating immune function and overall health in production pigs. Further research is needed to validate these findings and explore their potential for improving pig health and productivity.
Keywords: gene expression, inflammatory process, eQTL, pig, GWAS, swine, cytokine profile, blood serum indicators

1 INTRODUCTION
The identification of single nucleotide polymorphism (SNP) located in coding regions of the genome based on mRNA sequencing (RNA-seq) data that are associated with blood biochemical parameters, cytokine profile, and productive traits can contribute to the understanding of genetic mechanisms associated with animal health, welfare, and feed efficiency. These parameters (blood biochemical parameters, cytokine profile, and performance traits) can directly affect economic outcomes. Understanding the genetic factors influencing them allows pig (Sus scrofa) breeders and producers to implement targeted breeding and management practices to enhance pig health and productivity (Ye et al., 2018; Ponsuksili et al., 2019; Dall’Olio et al., 2020).
Genome-wide association studies (GWAS) are powerful tools for detecting genomic variants, such as SNPs, associated with complex traits in livestock (Ding et al., 2021; Liu et al., 2021; Wu et al., 2022). In addition to GWAS, information from RNA-seq has been used to explore the transcriptome of specific tissues, offering deeper insights into the effects of genetic variants on traits of interest (Mancuso et al., 2017; Ramayo-Caldas et al., 2019; Li and Ritchie, 2021).
The incorporation of expression quantitative trait loci (eQTL) in GWAS enables the identification of functional candidate variants and a better understanding of their role in genomic and biological processes associated with traits such as disease resistance, metabolic efficiency, and responses to stress (Zhao et al., 2019; Jehl et al., 2021). This integration of GWAS with eQTL analyses has been used for the discovery of candidate variants associated with various traits in pigs, including meat quality indicators such as muscle pH, intramuscular fat (IMF) content, backfit thickness, and lipid profiles (e.g., Chen et al., 2013; Wei et al., 2023). This provides insights into the genetic factors that influence meat quality and triglyceride levels.
Porcine eQTL analyses have also revealed significant associations between genetic variants and the regulation of cytokine expression, which plays a central role in modulating the immune response in humans (Salnikova et al., 2020) and livestock animals (Criado-Mesas et al., 2020; Freitas et al., 2024). According to Salnikova et al. (2020), the mapped SNPs in cytokine genes highlight strong links with inflammatory and immune-mediated diseases. Cytokine-cytokine receptor interactions, such as T cell receptor (TCR) signaling pathways, are involved in the intercellular regulation of the immune system (Kim et al., 2021). Furthermore, genetic variants that regulate immune responses can have direct implications on feed efficiency (Banerjee et al., 2020). This study emphasizes the importance of identifying eQTL that regulates both cytokines and genes associated with metabolism, providing a broader understanding of the genetic basis of health and efficiency in pigs.
The use of indicators that reflect lipid metabolism, immune function, welfare, and health status is essential in pig farming. Blood biochemical parameters, which reflect animal metabolism and health status, are of great significance in pig breeding research and also serve as indirect indicators for productive traits and meat quality in animal production (Song et al., 2022). For example, fatter pigs have higher serum total protein (TP) levels than leaner pigs, and the level of TP is an effective marker for early assessment of fatness in pigs (He et al., 2012; Muñoz et al., 2012). In this context, integrated eQTL and GWAS applied to serum biochemical indicators could allow the exploration of genomic information on economically important traits in pig production.
We hypothesize that eQTLs are associated with performance traits, biochemical blood parameters, and cytokine profiles in Large White pigs. Thus, the primary objectives of this study were to evaluate the association of eQTL with these trait groups in pigs. By utilizing transcriptome sequencing from skeletal muscle and liver tissues of Large White male pigs, we identified cis- and trans-eQTLs and evaluated their association with 34 production, biochemical parameters, and cytokines profile traits in Large White pigs.
2 METHODS
All experimental procedures involving animals were performed according to the requirements of the Animal Care and Use Committee of the Luiz de Queiroz College of Agriculture (University of São Paulo, Piracicaba, SP, Brazil, protocol: 2018.5.1787.11.6 and number CEUA 2018–28). We also followed ethical principles in animal research, according to the Guide for the Care and Use of Agricultural Animals in Agricultural Research and Teaching (Hill et al., 2020). This study was also conducted in compliance with the ARRIVE guidelines.
2.1 Animals, sampling, and mRNA sequencing
A complete description of the experimental animals, phenotypes, sample extraction, and RNA-sequencing of muscle and liver tissues are described in Almeida et al. (2021), Fanalli et al. (2022), and Freitas et al. (2024). Briefly, a total of 72 immunocastrated Large White male pigs (28.44 ± 2.95 kg) were used in a 98-day experimental period. All animals had ad libitum access to feed and water throughout the experimental period (98 days). Four days prior to their slaughter, blood samples were taken from all pigs for determination of glucose (GLU; mg/dL), aspartate aminotransferase (AST; U/L), total proteins (TP; g/dL), albumin (ALB; g/dL), globulin (GLOB; g/dL), triglycerides (TG; mg/dL), cholesterol (CHOL; mg/dL), high-density lipoprotein (HDL; mg/dL), low-density lipoprotein (LDL; mg/dL), and very low-density lipoprotein (VLDL; mg/dL).
After 98 days, all pigs were slaughtered (average final body weight of 133.9 ± 9.4 kg), and skeletal muscle (Longissimus lumborum) between the 10th and 11th ribs and right lobe of the liver samples were collected within a maximum of 30 min after bleeding. The tissue samples were quickly collected, snap-frozen in liquid nitrogen, and then stored at −80oC until further analyses. At slaughter, meat and carcass quality traits were also measured, including slaughter weight (SW; in kg), cold carcass yield as a percentage of the slaughter weight (CCY; %), loin eye area measured by ultrasound (LEA; cm2), backfit thickness measured by ultrasound (BFT; cm2), intramuscular fat content (IMF, %), and liver fat content (LFC; in %). Furthermore, tissue samples were used to measure the abundance of cytokine levels in skeletal muscle, liver, and blood for Interleukin-10 (IL-10; MFI), interferon-gamma (IFN-γ; MFI), interleukin-1 beta (IL-1β; MFI), interleukin-6 (IL-6; MFI), interleukin-18 (IL-18; MFI), and tumor necrosis factor-alpha (TNF-α; MFI).
2.2 RNA extraction, sequencing, and data processing
Skeletal muscle (Longissimus lumborum) and right lobe liver tissue samples were collected after slaughter for RNA-seq. Total RNA was extracted from the frozen tissue samples, and the RNA integrity was verified based on RNA integrity number (RIN). Only samples with RIN higher than seven were used. Sequencing adaptors and low-complexity reads were removed using the Trim Galore 0.6.5 software (Krueger et al., 2019), and reads longer than or equal to 70 bases and a Phred score threshold greater than 33 were kept for further analyses. After this quality filtering step, alignment and mapping were performed using the current reference pig genome (Sscrofa 11.1) (Warr et al., 2020), generating Genomic Variant Call Format (GVCF) (McKenna et al., 2010; Van der Auwera et al., 2013; Franke and Crowgey, 2020) files for each sample from the liver and skeletal muscle tissues.
2.3 Variant calling and SNP annotation
The Genome Analysis Toolkit (GATK, v. 4.1.9.0) was used in the GVCF format (Van der Auwera et al., 2013), adopting the HaplotypeCaller algorithm (Van der Auwera et al., 2013) for individually calling the variants for each sample. The output data files with the annotated variants were merged by tissues using the CombineGVCF tool (Van der Auwera et al., 2013; Poplin et al., 2018), and the joint genotyping analysis was performed using the GenotypeGVCF. Subsequently, a VCF file with all samples genotyped for each tissue was obtained and the variants’ annotation and functional consequences were predicted using the Ensembl Variant Effect Predictor tool v. 101 (VEP) (McLaren et al., 2016). The SNP data from muscle, liver, and GGP50K (GeneSeek Genomic Profiler -GGP Porcine 50K, a medium-density SNP chip array with 50,915 SNPs) were merged into a single dataset for subsequent analyses. When the alleles of SNPs between the datasets were different, is the SNP was considered as missing, and both were removed. The variants were filtered based on variant quality scores equal to or greater than 30 (QUAL) and total coverage depth (DP) greater than 10, using BCFtools v. 1.9 (Danecek et al., 2011; 2021; Li, 2011). Moreover, SNP with call rate lower than 95%, minor allele frequency (MAF) lower than 5%, SNPs located in non-autosomal chromosomes, SNPs with extreme departure from the Hardy-Weinberg equilibrium (P < 10−6), and non-biallelic markers were removed from the genomic dataset. Finally, linkage disequilibrium (LD) pruning was applied based on a r2 threshold of 0.8 within a 100 kb window (Freitas et al., 2024). LD pruning was incorporated into the quality control process to minimize false positives and remove redundant markers. Furthermore, as demonstrated by Freitas et al. (2024), pruning SNPs in linkage disequilibrium can substantially improve the detection of relevant eQTLs in complex traits by reducing confounding effects.
2.4 Identification of eQTL
The cis- and trans-eQTL were evaluated using an additive linear model implemented in the Matrix eQTL package (Shabalin, 2012). Principal components (PCs) were fitted as covariates in the models to correct for potential population stratification, along with sire information, dummy categories for treatment effect, and initial body weight as a linear covariate. The expression levels in muscle and liver tissues were tested for association using the combined SNP dataset described above. Gene expression levels were normalized using the average method while preserving rank, a method endorsed by the GTEx consortium (Aguet et al., 2020). Cis-eQTL, defined as local effects, were considered if they were within 1 Mb upstream or downstream of the genes (first and final base pair positions in the gene map). Trans-eQTL were defined as those with a distance greater than 1 Mb from the genes. The model fitted can be defined as:
[image: Equation showing \( g = \alpha + \gamma x + \beta s + \varepsilon \), representing a mathematical expression with variables and coefficients.]
where [image: It seems there might have been an error in uploading the image. Please try uploading it again or provide a URL, and ensure any additional context or caption that might be helpful.] is the gene expression level in transcripts per million (TPM); [image: Certainly! Please upload the image you'd like me to generate alternate text for.] is the mean term; [image: Please upload the image or provide a URL to it, and I can help generate the alternate text for you.] is the slope coefficient of [image: Please upload the image, and I will help you generate the appropriate alt text.], which represents the kth covariates, including the top 10 principal components (which explained approximately 28% of the structural population variance), initial body weight in kg as a covariate, sire dummy variables, and categorical effect of treatment dummy variables; [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the slope coefficient of [image: Certainly! Please upload the image you'd like me to generate alternate text for.], which represents the genotype coded as 0 (homozygous for the reference allele), 1 (heterozygous), and 2 (homozygous for the alternative allele), and [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the residual of the model. We adopted the False Discovery Rate (FDR) correction method for p-values (Benjamini and Hochberg, 1995; Huang et al., 2018) with a significance threshold of 0.05.
2.5 eQTL association with traits
After the eQTL analyses, significant eQTL were used for association with the biochemical and cytokine profiles in pigs. The traits analyzed included GLU, AST, TP, ALB, GLOB, TG, CHOL, HDL, LDL, VLDL, SW, CCY, LEA, BFT, IMF, LFC, IL-10, IFNg, IL-1β, IL-6, IL-18, and TNF-α in skeletal muscle or liver tissues and blood serum of pigs. The association analysis was conducted using the GCTA software (v.1.94.1) (Yang et al., 2011), employing the mixed linear model (MLMA-LOCO) with the genomic relationship matrix of the animals (GRM). Phenotypic traits were previously adjusted to treatment and block effects. The model used was:
[image: The equation \( y = a + bx + g + e \), with variables \( a \), \( b \), \( x \), \( g \), and \( e \).]
where [image: Please upload the image or provide a URL so I can generate the alternate text for you.] represents the trait, [image: Please upload the image so I can help you create the alternate text.] is the observed mean, [image: It seems there was an error in uploading the image. Please try uploading the image again, and I will be happy to help generate the alternate text for you.] is the additive effect (fixed effect) of the SNP or eQTL candidate being tested for association, [image: Please upload an image or provide a URL, and I'll help you generate the alternate text for it.] is the indicator variable of the SNP genotype coded as 0 (homozygous for the reference allele), 1 (heterozygous), and 2 (homozygous for the alternative allele), [image: It seems there was no image uploaded. Please try uploading the image again or provide a URL to the image. You can also include a caption for additional context if needed.] is the polygenic effect (random effect), representing the cumulative effect of all SNPs, except those located on the chromosome of the candidate SNP (the variance is re-estimated each time when a chromosome is excluded), and [image: Please upload the image or provide a URL for me to generate the alt text.] is the residual effect. The p-values resulting from the association analysis were corrected for multiple testing using the FDR method (Benjamini and Hochberg, 1995; Huang et al., 2018) and a significance threshold of 0.05. To illustrate the results, we used the CMplot (Yin et al., 2021) package of the R, to generate the density plot, Q-Q plot, and Manhattan plot in the R environment.
2.6 Functional genomic analyses
The functional genomic analyses were performed following Freitas et al. (2024). Briefly, the GALLO R package (Fonseca et al., 2020) was used to perform the QTL annotation and enrichment of the eQTL associated with biochemical parameters and cytokine profiles. The eQTL annotation and enrichment were performed using known QTL data obtained from the PigQTLdb database (Release 53 – Sscrofa11.1, 28 Apr 2024), considering a genomic window of up to 500 kb downstream and upstream of the genomic coordinates of the eQTL. The QTL enrichment analyses were performed using a hypergeometric test to reduce the bias of overrepresented traits.
The gene enrichment analysis was performed using the Over-Representative Analysis (ORA) method on the WEB-based Gene Set Analysis Toolkit (Elizarraras et al., 2024; Liao et al., 2019; Elizarraras et al., 2024). The Gene Ontology terms include Biological Processes, Cellular Components (non-redundant), Molecular Functions (non-redundant), and Biological Pathways. The gene list was based on annotations, considering a window of 500 kb up and downstream of significantly associated eQTL genomic coordinates. The gene data annotation of the Sus scrofa (Assembly Sscrofa11.1; genome-build-accession GCA_000003025.6; available at: https://ftp.ensembl.org/pub/release-112/gtf/sus_scrofa/) were extracted from the Ensembl platform (Ensembl release 112 - August 2024) (Aken et al., 2016) in the General Transfer Format (“. gtf” format). Finally, multiple protein-protein interaction (PPI) analyses were performed using the STRING 12.0 package (version: 26 July 2023, https://string-db.org/). We explored protein-protein interactions using the gene list with a focus on the Sus scrofa species. For that, the same genes annotated around eQTL were used as input. Furthermore, functional genomic annotations were obtained by consulting databases such as UniProt (www.uniprot.org), Ensembl (www.ensembl.org/Sus_scrofa/), and National Center for Biotechnology Information (NCBI, www.ncbi.nlm.nih.gov/).
3 RESULTS
3.1 SNP data combination and quality filtering
Initially, 84,809 SNPs were identified in liver samples with a genotyping rate of 0.947. Upon merging with the GGP-50k dataset, the number of SNPs increased to 122,325, with a combined genotyping rate of 0.952. Further merging with 75,447 muscle tissue SNPs resulted in 146,344 unique SNPs, and the final genotype rate was 0.926. Quality filtering was then applied to the combined SNP dataset. After removing SNPs with a missing genotype rate greater than 5% (67,861 variants removed), an extreme departure from the Hardy-Weinberg equilibrium test (p-value <10−6, 539 variants removed), and MAF below 5% (7,251 variants removed), 70,693 SNPs remained for further analyses. Additional 28,934 SNPs were removed during the LD pruning step and 41,759 SNPs from seventy-two animals remained for further analyses, with a final genotyping rate of 0.989. The detailed process and results of SNP data combination, quality filtering, and LD pruning are provided in Supplementary Tables S1–S3.
The SNPs (n = 41,759) were tested for association with the expression level of 15,093 and 15,516 genes from muscle and liver, respectively. The number of significant eQTL and regulated genes found in muscle and liver tissue are shown in Figure 1, and a summary of eQTL analysis is provided in Supplementary Material 1.
[image: Bar graph showing the number of cis and trans eQTLs and genes in muscle and liver tissues. In muscle, 321 cis eQTLs and 172 genes, and 26 trans eQTLs and 74 genes are depicted. In liver, 913 cis eQTLs and 352 genes are shown, with negligible trans counts.]FIGURE 1 | Number of cis- and trans-eQTL and the regulated genes for each tissue evaluated (muscle and liver). The SNP dataset includes genotypes from the GGP-50K plus the RNA-Seq SNP calling of the skeletal muscle and liver tissues after linkage disequilibrium pruning.
3.2 eQTLs associated with biochemical blood parameters and cytokine profiles
Figure 2 shows the number of eQTLs for each 1 Mb window, dispersed across the chromosomes used to test associations with the traits (1,199 eQTLs). The descriptive statistics of the performance traits, blood biochemical parameters, and cytokine profiles of pigs are presented in Supplementary Table S4.
[image: Heatmap of genomic data showing chromosomal segments (Chr1 to Chr18) with color variations from green to red, representing data values. The x-axis indicates chromosome length in megabases. The color gradient key ranges from 0 (green) to 63 (red).]FIGURE 2 | Number of eQTL within 1 Mb window size along the chromosomes, used to test associations with the traits. Each vertical bar represents a genomic window, and the density of eQTLs is indicated by the color scale, ranging from green to red as the eQTL density increases.
The Q-Q plot (Figure 3) shows the expected distribution of -log10(p) values versus the observed distribution for the phenotypes in blood serum AST, HDL, IL-6, and liver tissue IL-6 and IL-18. A summary of the genomic inflation factors of the p-values resulting from the GWAS analysis with eQTL are presented in Supplementary Table S5.
[image: Two QQ plots comparing observed and expected log-transformed p-values. Plot A shows data for IL6_1 and IL18_1 with points near the red diagonal line, indicating a normal distribution. Plot B includes AST_1, HDL_3, and IL6_3, showing a deviation from the diagonal line, suggesting variations from the expected distribution.]FIGURE 3 | Expected distribution of -log10(p) values versus the observed distribution for the phenotypes (A) Interleukin-6 (IL6_l, liver tissue, λ = 1.048), and Interleukin-18 (IL18_l, liver tissue, λ = 1.016) (B) Aspartate Aminotransferase (AST_s, blood serum, λ = 0.876), High-Density Lipoprotein (HDL_s, blood serum, λ = 1.252), Interleukin-6 (IL6_s, blood serum, λ = 0.878).
Figures 4, 5 illustrate the distribution of eQTLs across the genome for the phenotypes in liver tissue IL-6 and IL-18 (Figure 4), as well as blood serum, AST, HDL, and IL-6 (Figure 5). The highlighted points in the plots represent the significant eQTL. Specific SNPs such as rs345667860 (3′UTR), rs695637860 (Downstream), and rs337362164 (Missense) are indicated, with effects predicted using the Variant Effect Predictor (VEP) from Ensembl.
[image: Two scatter plots display negative log p-values against genomic positions for IL6_J and IL18_J. Both plots highlight rs345667860 at the 3'UTR in red, indicating significance. Blue and gray dots represent data points across various genomic locations.]FIGURE 4 | Manhattan plot for the (A) Interleukin-6 and (B) Interleukin-18 from pigs. The Manhattan plot displays the genomic positions of eQTLs on the x-axis and the -log10(p) values on the y-axis for the phenotypes IL-6 and IL-18 in pig liver tissue. The highlighted points represent eQTLs with significant associations based on the FDR <0.05. The variant rs345667860 (3′UTR) is indicated with respective effect predicted using the Variant Effect Predictor (VEP) from Ensembl. IL-6 = Interleukin-6 (MFI), IL-18 = Interleukin-18 (MFI).
[image: Three panels displaying genome-wide association study (GWAS) plots for AST_S, HDL_S, and IL6_S traits. Each plot shows -log10(p) values on the y-axis with chromosomal positions on the x-axis. Significant SNPs, rs696367860 (Downstream) for AST_S and IL6_S, and rs337362164 (Missense) for HDL_S, are highlighted in red. Data points are color-coded in blue and gray.]FIGURE 5 | Manhattan plots for the (A) aspartate aminotransferase (B) High-Density Lipoprotein, and (C) Interleukin-6 from pigs. Manhattan shows the distribution of p-values by genomic positions of eQTLs on the x-axis and the -log10(p) values on the y-axis for the phenotype’s aspartate aminotransferase (AST; U/L), high-density lipoprotein (HDL; mg/dL) and interleukin-6 (IL-6; MFI) in pig serum. The highlighted points represent eQTLs with significant associations based on the FDR <0.05 threshold. The variants rs695637860 (Downstream) and rs337362164 (Missense) are indicated with respective effects predicted using the Variant Effect Predictor (VEP) from Ensembl.
The Manhattan and QQ plots of all other traits are in Supplementary Material 2 (.zip). Furthermore, the summary statistics table of GWAS, which includes all genomic inflation values is presented in Supplementary Table S5.
3.3 Functional genomic analyses
The QTL types enriched with the significant eQTLs (FDR <0.05) located at SSC12:39,493,883, 8:39,107,307, and 5:88,678,346 (chromosome:base-pair) was “Health” followed by “Production” and Meat and Carcass.” Top significant traits in Production, Health, Meat, and Carcass enrichment analyses around eQTL associated with AST, HDL, IL-6 in pig serum, and IL-18 and IL-6 in pig liver tissue are shown in Figure 6.
[image: Scatter plot showing various health metrics versus richness factor. Metrics include red blood cell count, platelet distribution width, overall impression sensory panel, mean corpuscular volume, granulocyte percentage, and days to reach one hundred kilograms. Points are color-coded by p-value on a red scale and sized by the number of QTLs.]FIGURE 6 | Top significant traits in Production, Health, Meat, and Carcass enrichment analyses around eQTL associated with AST, HDL, IL-6 in pig serum, and IL-18 and IL-6 in pig liver tissue. The area of the bubbles represents the number of observed QTL for that class, while the color represents the p-value scale (the darker the color, the more significant the p-values). Additionally, the X-axis shows the richness factor for each QTL, representing the ratio of the number of QTL and the expected number of that QTL. AST = Aspartate aminotransferase (U/L), HDL = high-density lipoprotein (mg/dL) and IL-6 = interleukin-6 (MFI) in pig serum, IL-6 = Interleukin-6 (MFI), IL-18 = Interleukin-18 (MFI) in pig liver tissue.
The gene enrichment type analysis for the genes around significant eQTL included 34 mapped genes from unique Entrez gene IDs. Parameters included a minimum of three gene IDs per category, with an enrichment significance level adjusted to FDR <0.05. The bar charts in Figure 7 show the distribution of these Gene Ontology categories (Biological Processes–BP, Molecular Functions–MF, and Cellular Components–CC).
[image: Three bar charts compare the frequency of different organisms present in various situations. The first chart in red shows a high frequency, peaking at 35. The second chart in blue shows a similar pattern, peaking at 37. The third chart in green, peaks at 25, indicating different organism prevalence.]FIGURE 7 | Distribution of Gene Ontology (GO) categories identified in enrichment analysis annotated around eQTLs associated with biochemical parameters and cytokine profiles from pig blood serum and liver tissue. The left chart (red) shows the Biological Process (BP) categories. The middle chart (blue) presents Cellular Component (CC) categories. The right chart (green) illustrates the Molecular Function (MF) category.
The significant GO (Gene Ontology) and MP (Molecular Pathway) terms are shown in Figure 8, where the x-axis corresponds to the log2 enrichment ratio relative to the -log10 FDR on the y-axis for genes annotated around the eQTL associated with biochemical parameters from pig blood and liver tissue.
[image: Scatter plot graph with nodes showing the relationship between statistical significance and set size. The y-axis represents statistical significance (log scale), and the x-axis shows set size (log scale). Each point is labeled with codes, indicating different datasets or parameters. A color gradient at the top left represents significance levels.]FIGURE 8 | Distribution of Gene Ontology (GO) terms and metabolic pathways terms (MP) based on gene enrichment analysis annotated around eQTLs associated with biochemical parameters from pig blood serum and liver tissue. The x-axis displays the log2 of the enrichment ratio, indicating the magnitude of enrichment, while the y-axis shows the -log10 of the FDR, representing the statistical significance. Each point on the plot corresponds to a specific GO term or pathway, with points further to the right and higher on the plot indicating terms with both high enrichment and strong significance. The color gradient represents varying levels of enrichment, with darker colors indicating higher enrichment scores.
For better understanding the enrichment analysis, a directed acyclic graph (DAG, output report for ORA from WebGestalt, the complete results can be accessed on https://2024.webgestalt.org/results/1732400034/) was generated to describe the hierarchical relationships between the enriched biological processes, and the full version can be viewed in Supplementary Figure 1 (.png). We highlighted the nodes corresponding to “Cytokine Response–GO:0034097” in Figure 9.
[image: Flowchart illustrating various cellular responses and pathways. Key elements include response to interferon-beta, tumor necrosis factor, interferon-gamma, and chemokines. Lines indicate the connections between these responses, leading to a chemokine-mediated signaling pathway.]FIGURE 9 | The hierarchical structure of biological processes identified through enrichment analysis for biological processes ontology terms. Highlighted nodes correspond to processes related to “Response to cytokine–GO:0034097”, and the complete directed acyclic graph (DAG) with all GO terms and metabolic pathways is available in Supplementary Figure S1.
A PPI network analysis for genes annotated around eQTLs associated with blood serum biochemical parameters and cytokines in Sus scrofa, which was performed to investigate their relationship with the annotated genes around eQTLs associated with biochemical parameters from pig blood serum and liver tissue are shown in Figure 10. The PPI network displayed an average node degree of 1.79 and a local clustering coefficient of 0.455, suggesting moderate connectivity among the nodes (medium confidence). The PPI enrichment p-value <10−16 indicates that the observed interactions are significantly more frequent than expected by chance, suggesting potential functional relationships among these genes. Clusters within the network were identified using Markov Cluster Algorithm (MCL) clustering with an inflation parameter of 3, highlighting groups of genes involved in processes such as chemotaxis and cytokine signaling pathways. The nodes without links were hidden, but the complete analysis can be accessed on https://version-12-0.string-db.org/cgi/network?networkId=bE85LK5REtmx and Supplementary Material 3.
[image: Network diagram illustrating relationships between various genes and proteins. Nodes are grouped in colored clusters labeled A to G, representing different interaction groups. Lines indicate connections and interactions between the nodes within and across clusters.]FIGURE 10 | A network of genes annotated around eQTLs associated with blood biochemical parameters and cytokines from pig blood serum and liver tissue. The line thickness indicates the strength of data support, and the clusters are represented by letters (and colors). The clusters are (A) SYNRG, DDX52, and HNF1B (B) AP2B1, and PEX12 (C) HEATR9, RASL10B, GAS2L2, MMP28, and SLFN11 (D) CCL14, CCL5, CCL4, CCL16, and LOC100516039 (E) CCL3L1, and LOC100515857 (F) CWH43, SPATA18, DCUN1D4, and FRYL (G) LRRC66, and USP46. These results can also be accessed at https://version-12-0.string-db.org/cgi/network?networkId=bE85LK5REtmx.
4 DISCUSSION
In this study, we used SNPs from medium-density SNP chip arrays (i.e., GGP-50K) and SNPs identified in the transcriptome of liver and skeletal muscle tissues to find cis- and trans-eQTL similar to the previous approach (Freitas et al., 2024). We subsequently evaluated their association with blood biochemical parameters, performance traits, and cytokine levels in skeletal muscle, liver, and blood of Large White pigs.
The number of eQTLs found, as shown in Figure 1, indicated the prevalence of cis-eQTLs compared to trans-eQTLs in skeletal muscle and liver tissues, which are in line with our previous findings (Freitas et al., 2024) and in the literature. For instance, Farhangi et al. (2024) identified 4,293 cis-eQTLs in liver tissue and 6,871 in muscle tissue, with cis-eQTLs showing stronger associations with their target genes compared to trans-eQTLs. By including SNPs detected in other regions of the genome, we enabled the detection of more distant associations (Freitas et al., 2024). However, liver tissue had a predominance of local regulation eQTLs, much greater when compared to skeletal muscle tissue. An important aspect of cis-eQTL detection is related to a greater ease (generally) of interpreting the effect of genetic modulation due to its proximity to the modulated gene. On the other hand, the greater the distance between the eQTL and the gene, the greater the complexity and difficulty of detection, as in the case of trans-eQTLs. However, the detection of both cis- and trans-eQTLs contributes to the understanding of genetic variability and regulatory mechanisms of important traits for animal production.
The Manhattan plots for IL-6 and IL-18 (Figure 4) in pig liver tissue highlight significant eQTL associations, particularly with the variant rs345667860 (3′UTR), which was identified using the VEP tool. This observation aligns with studies that focused on the regulatory influence of eQTL on cytokine expression in immune tissues, such as the work by Salnikova et al. (2020), who demonstrated the role of cytokine-related eQTLs in immune regulation. In the blood serum, the Manhattan plots for AST, HDL, and IL-6 also reveal significant eQTL associations, including the variants rs695637860 (downstream) and rs337362164 (missense). However, no significant associations were observed for the other traits. This may be due to the limited number of observations per trait (36 or 72), which reduced the power to detect associations between eQTLs and the studied traits. Furthermore, the use of only eQTL (1,199) for GWAS restricts the possibility of significant associations to a limited number of variants. The use of a larger number of SNPs could contemplate more associations with more traits. However, we considered only regulatory variants of gene expression for the GWAS analyses when selecting the eQTLs.
The enrichment of GO categories related to metabolic processes and protein binding (Figures 7, 8) is in line with the findings of previous studies that highlighted the role of metabolic pathways involving lipid metabolism in influencing feed efficiency and immune responses in pigs (Banerjee et al., 2020). In addition, Salnikova et al. (2020) identified enriched immune-related pathways, particularly those involving cytokine signaling, through eQTL analysis in the regulation of immune traits. In this sense indicating that eQTL associated with productive traits, biochemical parameters, and cytokines may be inserted into metabolic pathways related to the immune response, in the modulation of the physiological and productive characteristics of pigs. The representation of protein binding in the MF category resonates with the work of Kim et al. (2021), who identified key interactions between cytokines and their receptors, underlining the critical role of protein interactions in immune signaling pathways. Furthermore, the CC category is consistent with findings from studies on cytokine signaling, such as those by Salnikova et al. (2020), which demonstrated the involvement of membrane-associated proteins in immune regulation. This indicates a possible involvement of eQTLs in the immune response, since these proteins often serve as receptors or signaling molecules that mediate the immune response, further supporting the relevance of membrane-related components in the regulation of cytokine profiles and other immune-related traits.
The DAG and gene network illustrated in Figures 9, 10, focusing on eQTL associated with blood biochemical parameters and cytokines, highlights the interconnectedness of various genes involved in immune responses and metabolic processes. For instance, the cluster containing genes like CCL5, CCL4, and CCL16 underscores the role of chemokines in mediating inflammatory responses, which is consistent with findings from studies that have shown the involvement of chemokine signaling pathways in immune regulation (Salnikova et al., 2020). These chemokines are known to be important in the recruitment of immune cells to sites of inflammation, suggesting an involvement in the immune system. Additionally, the involvement of genes such as MMP28 and HEATR9 within another cluster highlights the potential role of matrix metalloproteinases and heat shock proteins in tissue remodeling and stress responses. These findings are supported by research indicating that such genes play a role in both normal physiological processes and pathological conditions, particularly in the context of inflammation and immune response regulation (Banerjee et al., 2020). Moreover, clusters containing genes like SYNRG and HNF1B suggest potential involvement in regulatory networks that control cellular metabolism and gene expression, linking metabolic processes with immune function. This is in line with broader literature emphasizing the interconnected nature of metabolism and immunity, where metabolic pathways can influence immune cell function (Farhangi et al., 2024).
According to Fishbourne et al. (2013), chemokines such as CCL2 and CCL4 play a critical role in pigs infected with African swine fever virus (ASFV), particularly in cases involving high-virulence strains. The study demonstrated significant increases in CXCL10 and CCL2 expression, which correlates with our findings of significant eQTL associations with cytokines like IL-6 and IL-18. This suggests a direct link between the genetic regulatory mechanisms we identified, and the immune responses observed in pigs.
The protein encoded by the CCL3L1 gene takes part in immune responses to viral infection (Fishbourne et al., 2013) and inflammation (Jaing et al., 2017; Kim et al., 2021), as evidenced by their upregulation in response to infection or activation of immune pathways (Kim et al., 2020). CCL3L1 is also linked to cytokine-cytokine receptor interaction and natural killer cell-mediated cytotoxicity pathways (Jaing et al., 2017; Kim et al., 2021). The expression of these proteins is differentially regulated in response to various stimuli (Tada et al., 2020), indicating their interconnected roles in immune and inflammatory processes (Kim et al., 2021).
Our identification of rs695637860 as a local (cis-) eQTL modulating the A0A286ZXF4 gene, which encodes a WAP domain-containing protein known for several functions, in this case as a serine endopeptidase inhibitor, and in the case of peptidases inhibition, protein digestion would be compromised. The association of this SNP with blood levels of AST and IL6 suggests a potential link between genetic variation and proteolytic enzyme activity, which could influence animal performance. The link between rs695637860 and levels of AST and IL-6 in the blood suggests that genetic variations in the CCL3L1 region could influence liver function and systemic inflammation. Aminotransferases are enzymes that play a role in amino acid metabolism and are commonly used as biomarkers for liver health. Increased AST and IL-6 levels are indicative of an inflammatory response, which are associated with several inflammatory and autoimmune conditions. One might speculate is that the CCL3L1 gene and its encoded protein F1S1A1 may influence the expression of A0A286ZXF4, thereby modulating peptidase activity and consequently affecting inflammatory pathways. The upregulation of F1S1A1 in response to infection or immune activation could lead to downstream effects on A0A286ZXF4, altering the balance of cytokine production and peptidase inhibition.
The identification of association between variants, such as rs345667860 and rs345667861 in liver tissue with IL-6 and IL-18, and rs695637860 and rs337362164 in serum with AST, HDL and IL-6, adds valuable insights into the genetic architecture underlying complex traits in pig production and health. However, as previously mentioned, there are possible limitations regarding the sample size, which could have reduced the statistical power to detect variants, especially those with a small effect. Future studies should aim to address these limitations by increasing sample sizes, expanding tissue types analyzed, and incorporating functional experiments to validate and further explore the roles of the identified genetic variants.
5 CONCLUSION
We identified associations between eQTL/SNPs and traits, including rs345667860 and rs345667861 associated with aspartate aminotransferase (AST) and interleukin-6 (IL-6) in liver tissue, and rs695637860 and rs337362164 associated with high-density lipoprotein (HDL) and IL-6 in blood serum. These eQTLs were significantly associated with the A0A286ZXF4_PIG (WAP domain-containing protein), OCIAD2 (OCIA domain containing 2), and TMCC3 (transmembrane and coiled-coil domain family 3) genes, which are all protein coding genes. These findings can also be applied in the development of genetic markers that may be used into strategies to predict the performance of animals in terms of health and production and contribute to understand how genetic variations relate to phenotypic traits in pigs.
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GLOSSARY
ALB Albumin (in g/dL)
AST Aspartate aminotransferase (in U/L)
BFT Backfat thickness measured by ultrasound in cm
BFT Backfat thickness measured by ultrasound (in cm2)
BP Biological Process
CC Cellular Component
CCY Cold carcass yield in percentage of the slaughter weight
CHOL Cholesterol (in mg/dL)
DNA Deoxyribonucleic acid
DP Total coverage depth
eQTL Expression Quantitative Trait Locus
eQTLs Expression Quantitative Trait Loci
FDR False Discovery Rate
GGP-50K GeneSeek Genome Porcine medium density SNPs from SNP array
GLOB Globulin (in g/dL)
GLU Glucose (in mg/dL)
GO Gene Ontology
GRM Genomic Relationship Matrix between the pair of animals
GVCF Genomic Variant Calling Format
HDL High-density lipoprotein (in mg/dL)
HWE Hardy-Weinberg Exact balance test
IFN-γ Interferon-gamma (MFI)
IL-10 Interleukin-10 (in MFI)
IL-18 interleukin-18 (in MFI)
IL-1β Interleukin-1 beta (in MFI)
IL-6 Interleukin-6 (in MFI)
IMF Muscle fat content in percentage
Kb Kilobase (1,000 base pairs)
LD Linkage disequilibrium
LDL Low-density lipoprotein (in mg/dL)
LEA Loin eye area measured by ultrasound (in cm2)
LFC Liver fat content (in %)
MAF Minor allele frequency
Mb Mega base pair
MF Molecular function
MFI median intensity fluorescence
MLMA Mixed Linear Model Association
MP Metabolic pathways
N Number
PC Principal components
QTL Quantitative trait loci
QUAL Phred score
r2 Correlation
RNA Ribonucleic acid
RNA-seq RNA sequencing
SD Phenotypic standard deviation
SNP Single nucleotide polymorphism
SSC1 Sus scrofa chromosome 1
SSC18 Sus scrofa chromosome 18
SW Slaughter weight (in kg)
SW Slaughter weight in kg
TG Triglycerides (in mg/dL)
TNF-α Tumor necrosis factor-alpha (in MFI)
TP Total proteins (in g/dL)
TPM Transcripts per million
VCF Variant calling format
VEP Variant Effect Predictor
VLDL Very low-density lipoprotein (in mg/dL)
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Construction of ceRNA networks of lncRNA and miRNA associated with intramuscular fat deposition in Ujumqin sheep
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Introduction: The molecular mechanisms underlying intramuscular fat (IMF) deposition are crucial for enhancing lamb meat quality. This process is regulated by a network of transcription factors. Exploring the role of non-coding RNAs, particularly lncRNAs and miRNAs, in IMF deposition can clarify its complex genetics and offer resources for breeding Inner Mongolian local breeds.
Methods: We evaluated carcass and lamb meat quality parameters using 60 six-month-old Ujumqin sheep with similar body weights. To investigate non-coding RNA’s role in IMF deposition, we identified differentially expressed genes and pathways between the longissimus dorsi and femoral biceps. Additionally, we analyzed these genes and the lncRNA-miRNA-mRNA co-regulatory network in high- and low-IMF femoral biceps groups.
Results: We identified 11,529 mRNAs (747 differentially expressed), 9,874 lncRNAs (1,428 differentially expressed), and 761 miRNAs (12 differentially expressed). GO and KEGG enrichment analyses showed these genes are involved in lipid metabolism, fatty acid oxidation, and energy metabolism. We constructed a ceRNA network with 12 lncRNAs, 4 miRNAs, and 6 mRNAs. Notably, lncRNA MSTRG.13155.1 interacts with miR-1343-3p_R + 2, promoting IMF deposition by releasing HADHA gene expression. Dual-luciferase reporter assays confirmed MSTRG.13155.1 and HADHA as miR-1343-3p_R + 2 targets. RT-qPCR validated the expression trends of key mRNAs, miRNAs, and lncRNAs, consistent with sequencing results.
Discussion: Our comprehensive analysis of differentially expressed genes and pathways in Ujumqin sheep’s longissimus dorsi and femoral biceps, along with high- and low-IMF groups, has revealed the complex genetics of IMF deposition. This offers valuable resources for Inner Mongolian local breed selection. The interaction between lncRNA MSTRG.13155.1 and miR-1343-3p_R + 2, and their regulation of HADHA expression, provides new insights into IMF deposition mechanisms. Future research can explore these mechanisms’ universality and specificity across different breeds and environments.

Keywords
 sheep; IMF; lncRNA; miRNA; ceRNA network


1 Introduction

The Ujumqin sheep, a prized local breed in Inner Mongolia, is celebrated for its remarkable disease resistance, adaptability to natural grazing, and tolerance to rough feeding conditions. Characterized by rapid growth, high meat yield, tender meat, and efficient fat deposition, this breed has become a cornerstone of the region’s sheep meat industry. Sheep carcass adipose tissue is primarily composed of three components, namely: intermuscular fat, intramuscular fat (IMF), and subcutaneous fat. Although IMF constitutes only 1 to 2% of total carcass lipids, its role in enhancing meat palatability and flavor is pivotal (1, 2). The presence of IMF creates a marbling effect within the muscle, altering the cross-linking structure between muscle fiber bundles and presenting a homogeneous reticulation. This structural modification provides spaces for water accumulation, thereby increasing meat tenderness and juiciness (3). The development of IMF begins during the late embryonic stage through the differentiation of a select subset of skeletal muscle cells. As these adipocytes mature, lipid droplets appear within the cytoplasm and gradually expand to fill the entire cell, establishing sites for IMF accumulation. The quantity and size of these intramuscular adipocytes ultimately determine the IMF content to a large extent (4, 5). However, IMF deposition varies significantly across different muscle groups. The study conducted by Li et al. (6) examined the meat quality parameters of various Sunit sheep muscles and found that the longest dorsal muscle exhibited superior tenderness and water retention compared to the biceps femoris muscle. Conversely, the biceps femoris muscle had higher IMF content, lower drip loss, smaller myofiber diameters, and richer fatty acid compositions. Studies also observed histological differences in the longest dorsal muscle of small-tailed frigid sheep, noting that the ADIPOQ gene was negatively correlated with IMF content, while the PPARGC1A gene showed a positive correlation (7). Despite these advancements, few studies have explored IMF deposition specifically in the biceps femoris muscle. Selective fat deposition, which can enhance productivity and significantly improve meat quality, remains a critical challenge in livestock breeding (8). As an important branch of Mongolian sheep, the Ujumqin sheep was among the first breeds recognized for lamb fattening in China (9), contributing significantly to Inner Mongolia’s sheep meat production. Therefore, identifying the key effector genes involved in IMF deposition across different muscle regions and elucidating the mechanisms governing IMF accumulation in meat sheep is essential for improving lamb meat quality.

IMF deposition is a complex process regulated by multiple transcription factors and their networks, including mRNAs, long noncoding RNAs (lncRNAs) and microRNAs (miRNAs). The key transcription factors that have been well studied are peroxisome proliferator-activated receptor gamma (PPAR-γ) (10) and the CCAAT enhancer binding protein family (CCAAT). CCAAT enhancer binding protein family, CEBPs (11), fatty acid binding protein 3 (FABP3) (12), lipoprotein lipase (LPL) (13). Glycerolipid metabolism and fatty acid degradation pathways also contribute to differences in IMF deposition (14). Each of these candidate genes and pathways have also been used as molecular marker potential for meat quality trait selection. Studies on lncRNAs regulate preadipocyte differentiation or adipogenesis by demonstrating competitive mechanisms with endogenous RNAs (ceRNAs). For example, lncRNA IRLNC (15) affects IMF catabolism by regulating the expression of nuclear receptor subfamily 4, clade A member 3, and lnc-BATE1 (16) was found to regulate brown adipocyte growth and thermogenesis in transcriptomic data from different adipose tissues in mice. There are also several related studies reporting that lncRNAs play a key regulatory role in sheep tail fat deposition (17) and are involved in the regulation of adipocyte growth. miRNAs are short 19-23 nt RNAs which are transcribed from endogenous genomes and distributed throughout the cell (18). In recent years, many researchers have explored about miRNAs exerting functions in animal adipose tissues through high-throughput techniques, and there have been a large number of reports about miRNAs affecting fat deposition in animals. For example, during porcine adipogenesis, miR-17-5p (19) and miR-27 (20) were both associated with the expression of fatty acid binding protein 4 (FABP4) and PPAR-γ and inhibited the differentiation of precursor adipocytes, while miR-196a (21) and miR-32-5p (22) promote precursor adipocyte differentiation. mRNAs can function as target genes for both lncRNAs and miRNAs, and lncRNAs can also regulate miRNAs. However, relatively few studies have been conducted to jointly analyze the effects of lncRNAs, miRNAs, and mRNAs on IMF deposition.

In sheep farming, the content of IMF is crucial for producing high-quality lamb meat. This study employed Ujumqin sheep as the research model, screening for high and low IMF groups in two specific muscles—the longest dorsal muscle (LD) and the biceps femoris (BF)—at 6 months of age. Utilizing RNA-Seq technology, we systematically identified differentially expressed genes and pathways between these two muscles. Building on this foundation, we conducted an in-depth analysis of the differentially expressed genes within the high and low IMF groups of the BF muscle and explored the lncRNA-miRNA-mRNA co-regulatory network. This comprehensive approach aims to elucidate the intricate genetic structure associated with IMF in Ujumqin sheep, providing valuable resources and a theoretical basis for the selection and breeding of local fine breeds in Inner Mongolia.



2 Materials and methods


2.1 Animals and sample collection

The samples were collected in accordance with the guidelines for laboratory animals of the Ministry of Science and Technology of China (Beijing, China) and approved by Inner Mongolia Agricultural University (approval number: (2020) 056). All samples were collected in accordance with the International Animal Research Guidelines. Sixty samples were collected from 6-month-old Ujumqin sheep from East Ujumqin Banner, Inner Mongolia, and muscle samples from LD and BF of the dorsal region were selected after slaughter, and 5 g of the samples were put into enzyme-free freezing tubes in a dispenser bag (the rest of the samples were preserved in dry ice and brought back to the laboratory for spare parts). The sample is promptly immersed in liquid nitrogen, transported to the laboratory, and subsequently stored at –80 °C in a freezer for future use.

Determination of carcass traits: Meat goats were fasted for 24 h before slaughter, and a quiet environment and sufficient water were maintained. According to the local standard Technical Procedures for Meat Sheep Performance Determination (DB42/T 1618-2021), 9 carcass traits were determined, including live weight before slaughter, carcass weight, eye muscle area, GR value, loin muscle thickness, thigh muscle thickness and slaughter rate. Meat quality determination of mutton: IMF, protein content, shear force, tethering force, 45 min and PH value (PH-Star) and 45 min meat colour (L*, a*, b*) were determined according to T/CAAA 102-2023 ‘Technical Specification for Measurement of Mutton Meat Quality’ issued by China Animal Husbandry Association. Technical Specification for Meat Quality Determination of Mutton. Free fatty acids were determined by the hydrolysis-extraction method according to the national standard GB 5009.168-2016 ‘Determination of fatty acids in foodstuffs’.

Whole transcriptome sequencing sample selection: Whole transcriptome sequencing samples were selected based on the IMF content and lipidomics of the longest dorsal muscle and biceps femoris muscle samples of all 60 Ujumqin sheep. Based on the selection criteria outlined in Figure 1, an initial IMF content range of 1.5 to 5% was selected. Specifically, IMF contents between 1.5–3% were categorized as the low IMF group, while IMF contents between 3.5–5% were classified as the high IMF group. From these categories, 20 samples with comparable carcass weights (ranging from 13 to 16 kg) were selected for further analysis, while 6 samples with higher IMF in LD than in BF (statistically significant difference between groups p = 8.09 × 10−3) and 6 samples with higher IMF in BF than in LD were selected (statistically significant difference between groups p = 2.00 × 10−2). The difference was statistically significant, a total of 24 samples (including 12 dorsal longest muscle and 12 biceps femoris) were subjected to whole transcriptome sequencing.

[image: Flowchart depicting a study on lambs. Sixty lambs are slaughtered, and lipid profiling is conducted. Samples are categorized into low and high intramuscular fat groups. Live weight ranges from 13 to 16 kilograms. Analysis shows changes in LD and BF muscle types, with subsequent transcriptome analysis indicating significant changes with p-values noted.]

FIGURE 1
 Sample selection diagram. We are incredibly grateful to East Ujumqin Banner Hishig Animal Husbandry Development Co. for data support and figdraw software for the technical support.




2.2 RNA extraction and library preparation

Total RNA was extracted by the Trizol method, and the total RNA quantity and purity were analyzed using a Bioanalyzer 2,100 and an RNA 6000 Nano LabChip Kit, with an RIN value >7.0. The ribosomal RNA (rRNA) was depleted to construct the first-strand cDNA library. After the library passed the quality inspection, Illumina NovaSeqTM 6,000 (LC-Bio Technology Co., Ltd., Hangzhou, China) was used for sequencing, and the sequencing read length was 2 * 150 bp (PE150).



2.3 Raw data quality control

In order to obtain high-quality clean reads through Cutadapt (https://cutadapt.readthedocs.io/en/stable/, version: Cutadapt 1.9), to further filter the reads. The parameters are as follows: reads containing adapters were removed; reads containing polyA and polyG were removed; reads with more than 5% unknown nucleotides (N) were removed; and reads with more than 20% low-quality bases (q value ≤20) were removed. Then, FastQC1 was employed to verify sequence quality, which includes Q20. Q30, and the GC content of the clean data.



2.4 Identification and screening of RNA-seq

First, transcripts that overlapped with known mRNAs and lncRNAs were screened out. Then, the CPC 0.9-r22 and CNCI 2.03 were used with their default parameters to predict new transcripts with coding potential. Finally, we retained transcripts with a Coding Potential Calculator (CPC) score less than 0.5 and a Coding-Non-Coding Classifier (CNCI) score less than 0, designating them as novel lncRNAs.



2.5 Differential expression gene screening

DESeq2 software was used to analyze the differential expression of genes between the two groups. The screening criteria for lncRNA and mRNA differences were as follows: transcripts with an error rate of FDR < 0.05 and |Fold Change| ≥ 1.5 were considered to be differentially expressed. For miRNA identification, FastQC was used for quality control with its default parameters.



2.6 Target gene prediction and functional analysis

lncRNA uses a Python script to screen the upstream and downstream 100,000 bp coding genes as the cis-acting potential target genes of lncRNA and analyze their functions. The GO (Gene Ontology) seq package in the R language is used for GO enrichment analysis, and KOBAS software is used for KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway enrichment analysis.

The lncRNA and 3´UTR sequences of mRNA were predicted as miRNA targets using TargetScan (5.0) and miranda (3.3a). When TargetScan_score is ≥50 (the TargetScan threshold) and miranda_Energy is < −10 (the miranda threshold), the intersection of the two software predictions is taken. TargetScan is based on the seed region prediction of miRNA targets, while miranda is mainly based on the free energy between lncRNA, mRNA, and miRNA. The lower the free energy, the stronger the bond between the two. Therefore, TargetScan and miranda were selected to predict the targeting relationship between lncRNA, mRNA, and miRNA.



2.7 Construction of lncRNA-miRNA-mRNA network

The online website miRDB4 was used to predict the targeting relationship between miRNAs, lncRNAs, and mRNAs through sequence complementation. Combined with the target gene information, the lncRNA-miRNA-mRNA interaction network was constructed using Cytoscape software. This approach facilitates a better understanding of the regulatory relationship between the three.



2.8 Double luciferase reporter gene assay

The plasmid and miRNA were transfected when the cell density reached more than 70% overnight. 48 h after transfection, the Luciferase® Reporter Assay System (Promega E1901) was used to determine luciferase activity.



2.9 RT-qPCR detection of key mRNA\lincRNA\microRNA detection

To verify the accuracy of the sequencing data, real-time fluorescent quantitative polymerase chain reaction (RT-qPCR) technology was used to select 3 lncRNAs and 3 mRNAs that were differentially expressed during fat deposition in the DE lncRNA database for real-time fluorescence quantitative PCR. GAPDH was selected as the internal reference for lncRNAs. Real-time fluorescence quantification was performed with TBGreen® Premix ex TaqTM Ι (TII RNaseH PIUS) (2X) (Shanghai BioEngineering Technology Co., LTD.) in a 20 μL system: 2 × TB Green® Premix ex TaqTM Ι 10 μL, upstream and downstream primers (10 μmol/μL) 0.8 μL, ROX Reference Dye (50X) 0.4 μL, cDNA (500 nm/μL) 2 μL, ddH2O 6 μL. The reaction procedure was as follows: pre-denaturation at 95°C for 10 min; denaturation at 95°C for 2 s, annealing at the optimum temperature for 20 s, extension at 70°C for 10 s, 40 cycles; finally, 95°C for 15 s, 60°C for 1 min, 95°C for 1 s, and storage at 4°C.

The miRNA primers were designed using the stem-loop method, and U6 was selected as the relative quantitative internal reference. The synthesis was commissioned by Nanjing Nuoweizen Biotechnology Co., LTD. The reaction system was 20 μL: 2 × miRNA Universal SYBR qPCR Master Mix 10 μL, Specific Primer (10 μM) 0.4 μL, mQ Primer R (10 μM) 0.4 μL, miRNA first-strand cDNA (500 nm/μL) 2 μL, ddH2O 7.2 μL. The reaction conditions were as follows: denaturation at 95°C for 5 min, denaturation at 95°C for 10 s, annealing and extension at 60°C for 30 s, 40 cycles; Finally, 95°C for 15 s, 60°C for 1 min, 95°C for 1 s, and 4°C were stored. The relative expression of miRNA was calculated by 2−ΔΔCT.



2.10 Statistical analysis

SPSS 21.0 software was used to analyze the significance of single factor ANOVA and independent sample t test. Results the mean value ± standard error was used, and the difference was significant at p < 0.05. p < 0.01 indicates a significant difference. The images of real-time fluorescence quantitative results were plotted by GraphPad Prism V9.5 software.




3 Result


3.1 Phenotypic determination of meat quality and carcass traits in Ujumqin sheep

We selected 60 Ujumqin sheep that were 6-months-old and had similar body weights for the experiment, and nine slaughter traits and meat traits of these sheep were determined (Tables 1, 2). The fatty acid content and the differences between different parts are shown in Figure 2. Based on the results of IMF content and fatty acid comparison, we screened 12 samples from each group for further study (including 12 from LD part and 12 from BF part, totaling 24 samples).



TABLE 1 Statistical table of slaughter characters of 60 Ujumqin sheep.
[image: A table presenting various indices related to livestock measurements, including live weight before slaughter, carcass weight, carcass diagonal and straight lengths, eye muscle area, GR value, waist and thigh muscle thickness, and slaughter rate. Each parameter includes sample size (N=60), minimum, maximum, and mean with standard deviation values.]



TABLE 2 Statistical table of meat quality traits of LD and BF of 60 Ujumqin sheep.
[image: A table comparing various indices between two groups, LD and BF, each with 60 samples. The indices include IMF percentage, protein content percentage, shear force in newtons, water loss rate percentage, PH values at 45 minutes and 24 hours, and color indices L*, a*, and b*. P-values are provided for each index, indicating statistical significance. Notable significant differences include protein content (P = 0.018), shear force (P = 0.004), water loss rate (P = 0.001), and color indices a* (P = 0.038) and b* (P = 0.039).]

[image: Bar chart comparing the fatty acid content in milligrams per 100 grams for different classifications between LD (yellow) and BF (green). The chart includes data for various fatty acids like C10:0, C12:0, and others. Significant differences are marked with asterisks (*), and non-significant differences are labeled as "ns." Highest discrepancies are observed in C14:0, C16:0, and total MUFA content.]

FIGURE 2
 LD and BF fatty acid content detection (**p < 0.001, *p < 0.05 compared with the LD group).


As shown in Table 2, there were significant differences in protein content, shear force, water loss and meat color values (L*, a*, b*) between LD and BF parts. As shown in Figure 2, a total of 31 fatty acids were detected in Ujumqin sheep, in which the relative content of saturated fat counts was significantly higher in the LD group than in the BF group (p < 0.05), but the absence of unsaturated fatty acids was significantly higher in the BF group than in the LD group (p < 0.05). Among the saturated fatty acids, there were significant differences (p < 0.05) in decanoic acid (C10:0), lauric acid (C12:0), myristic acid (C14:0), palmitic acid (C16:0), arachidic acid (C20:0), behenic acid (C22:0), and methyl lignocellulosic acid (C24:0) in the LD group and the BF group. In the unsaturated fatty acid group BF group was significantly higher (p < 0.05) than LD group, especially the beneficial polyunsaturated fatty acids γ-linolenic acid (C18:3n-6), (α-linolenic acid C18:3n-3), and arachidonic acid (C20:4n-6).

These results indicate that the LD and BF site samples we collected are accurate and reliable for whole transcriptome sequencing analysis. The differences in fatty acid composition and meat quality traits between the LD and BF parts provide important insights into the molecular mechanisms underlying IMF deposition and meat quality formation in Ujumqin sheep. Further studies on the gene expression profiles and regulatory networks in these two muscle parts will help to identify key genes and pathways involved in IMF deposition and meat quality improvement.



3.2 Identification of differentially expressed genes (DEG) in LD and BF

In this study, two libraries were constructed: one for lncRNAs and mRNAs, and another for miRNAs (Supplementary Tables S1, S2). Descriptive statistics summarizing the transcriptome data indicated that the quality of the data was exceptionally high, with each sample yielding over 10 gigabases of valid data, a GC content exceeding 40%, and Q20 and Q30 values surpassing 95%.

To investigate gene expression differences between tissues, we selected 12 samples from LD and 12 samples from BF. Using DESeq2 for analysis, a total of 682 differentially expressed genes (DEGs) were identified between LD and BF (Figure 3A), comprising 310 up-regulated and 372 down-regulated genes. To further elucidate the functions of these DEGs, GO and KEGG enrichment analyses were conducted separately for up- and down-regulated genes, with only the top 20 results presented (Figures 3B,C; Supplementary Tables S3, S4). Genes highly expressed in LD were primarily enriched in key biological processes such as bone formation, while no direct enrichment related to IMF deposition was observed in the KEGG pathway analysis. Conversely, low-expressed genes in LD were mainly enriched in pathways associated with triglyceride metabolism, fatty acid oxidation, and lipid metabolism (Figures 3D,E). In the KEGG pathway analysis, these genes were predominantly enriched in signaling pathways such as PPAR signaling, steroid hormone biosynthesis, adipocyte metabolism, and arachidonic acid metabolism, which are closely linked to lipid and energy metabolism. The findings of this study are summarized in the following table.

[image: A composite image with the following panels: A) Volcano plot showing gene expression data with 310 significant upregulated genes in yellow, 372 significant downregulated genes in blue, and 15,471 non-significant genes. B and D) Bar charts depicting various biological processes related to gene expression, with color indicating p-value and bar length showing log2 fold change. C and E) Dot plots illustrating pathway analysis, where dot size represents gene number and color shows p-value, with rich factor on the x-axis and pathways listed on the y-axis.]

FIGURE 3
 LD and BF differential expression identification. (A) LD and BF differential gene volcano map. (B) GO functional enrichment histogram of up-regulated genes. (C) KEGG function rich distribution map of up-regulated genes. (D) GO functional enrichment histogram of down-regulated genes. (E) KEGG function rich distribution map of down-regulated genes.


Based on these results, we will focus on the transcriptional profiles of the BF high-IMF and low-IMF groups for subsequent research, aiming to identify differentially expressed lncRNAs, miRNAs, and mRNAs associated with IMF deposition, thereby providing critical insights into the underlying mechanisms of IMF deposition (Supplementary Tables S5, S6).



3.3 Differences in the expression profiles of mRNAs and ncRNAs in BF between high and low IMF conditions

In the transcriptome analysis of groups H and L, a total of 11,529 mRNAs were detected, among which 747 differentially expressed mRNAs (DE mRNAs) were identified. Specifically, 620 DE mRNAs were upregulated in group H, while 127 were downregulated (Figure 4A).

[image: Three volcano plots comparing mRNA, lncRNA, and miRNA expression changes. Plot A (mRNA) shows significant up (green) and downregulated (purple) genes among 11,529 total IDs. Plot B (lncRNA) displays similar data with 9,874 total IDs. Plot C (miRNA) shows fewer significant changes among 761 total IDs. Gray dots represent non-significant changes. Axes show log2 fold change (x-axis) and negative log10 p-value (y-axis).]

FIGURE 4
 Differential expression identification of BF. (A) Volcano plot of differentially expressed mRNAs. (B) Volcano plot of differentially expressed lncRNAs. (C) Volcano plot of differentially expressed miRNAs.


Regarding lncRNAs, a total of 9,874 were identified, including 330 known lncRNAs and 9,544 newly predicted ones. Differential expression analysis revealed that 1,428 lncRNAs were differentially expressed between the two groups, with 308 upregulated and 1,120 downregulated in group H (Figure 4B). These findings underscore the potential role of lncRNAs in regulating IMF content.

Additionally, the analysis of 761 miRNAs showed that 12 miRNAs were differentially expressed. Among them, miR-126a-3p_R-1 was upregulated in group H, whereas miR-874_R + 1, miR-1343-3p_R + 2, miR-210-3p, miR-1307-5p_R + 6, miR-3p-8435_305, miR-328, miR-99b, miR-370-3p_R-2, miR-128, miR-139-3p, and miR-139-3p were downregulated in group H (Figure 4C). The expression changes of these miRNAs may influence IMF accumulation by finely regulating gene expression networks.

The differentially DE mRNAs identified between high and low IMF groups included LIPE, HADHA, LIPA, CPT1A, ADRB2, PLIN5, NR1D1, and other genes directly related to IMF deposition regulation. GO enrichment analysis of DE mRNAs indicated that these genes participated in 480 significantly enriched functional classes (p < 0.05), with 331 involved in Biological Process (BP), 73 in Cellular Component (CC), and 76 in Molecular Function (MF). Notably, DE mRNAs were significantly enriched in fatty acid production and lipid metabolism (p < 0.05), such as brown fat cell differentiation, regulation of lipid biosynthesis, long-chain fatty acid biosynthesis, and adipose tissue development (Figure 5A). KEGG enrichment analysis further revealed that these DE mRNAs are involved in pathways related to fat deposition metabolism, including Thermogenesis, Non-alcoholic Fatty Liver Disease, PI3K-Akt signaling pathway, and MAPK signaling pathway (p < 0.05) (Figure 5B).

[image: A set of six charts shows biological process enrichment analyses. Panels A, C, and E are bar charts displaying various biological processes against a count measure with indicated p-values. Panels B, D, and F are scatter plots showing pathways against a rich factor with bubble sizes representing gene numbers and colors indicating p-values. Each panel represents distinct sets of biological activities and pathways, displaying color-coded statistical significance.]

FIGURE 5
 GO enrichment and KEGG pathway analyses. (A) GO analysis of the differentially expressed mRNAs. (B) KEGG pathway analysis of the differentially expressed mRNAs. (C) GO analysis of the differentially expressed lncRNAs. (D) KEGG pathway analysis of the differentially expressed lncRNAs. (E) GO analysis of the differentially expressed miRNAs. (F) KEGG pathway analysis of the differentially expressed miRNAs.


From the 9,874 lncRNAs, a total of 1,169 target genes were obtained. Target genes of differentially expressed lncRNAs were enriched in GO functions, with 492 items significantly enriched (p < 0.05), many of which were related to lipid metabolism and the tricarboxylic acid cycle, including positive regulation of fat cell proliferation, tricarboxylic acid cycle, and regulation of lipid catabolic processes (Figure 5C). KEGG enrichment analysis showed that differentially expressed lncRNA target genes were significantly enriched in pathways such as the FoxO signaling pathway, MAPK signaling pathway, and Non-alcoholic Fatty Liver Disease (p < 0.05) (Figure 5D). In this study, 1,521 target genes of differentially expressed miRNAs (DE miRNAs) were identified. GO functional enrichment analysis of DE miRNA target genes revealed significant enrichment in triglyceride metabolism, fatty acid metabolism, adipocyte differentiation, and other related aspects (p < 0.05), including glycerol-3-phosphate catabolic process, fatty acid beta-oxidation, regulation of brown fat cell differentiation, and steroid metabolic processes (Figure 5E). DE miRNA target genes were also significantly enriched in 51 KEGG pathways, including the Glucagon signaling pathway and AMPK signaling pathway, both of which are related to lipid metabolism (Figure 5F). Through the synergistic action of these pathways, miRNAs play a complex regulatory role in intramuscular fat deposition.



3.4 Joint analysis of ncRNAs and mRNAs

To further understand the regulatory mechanisms of non-coding RNAs (ncRNAs) in different IMF deposition, we conducted a correlation analysis between the target genes of differentially expressed lncRNAs and mRNAs. This analysis aims to clarify the functions of lncRNAs in the regulation of fat deposition. The results section presents only the annotated bases, with a total of four mRNAs screened: one down-regulated (ST7) and three up-regulated (NR1D1, LIPE, and FCGR2B). Notably, NR1D1 and LIPE are associated with specific functions (Table 3). Additionally, Table 4 shows the results of the joint analysis of miRNAs and mRNAs. According to these results, the combination degree between miR-1343-3p_R + 2 and another miRNA was found to be high (Supplementary Table S7).



TABLE 3 Combined analysis of lncRNAs target genes and DE mRNAs.
[image: Table displaying lncRNAs IDs, expressions, corresponding gene IDs, and mRNAs expressions. MSTRG.30905.1 is downregulated with gene ST7; MSTRG.7688.1, MSTRG.11866.1, and MSTRG.36368.1 are upregulated with genes NR1D1, LIPE, and FCGR2B, respectively.]



TABLE 4 miRNAs target genes were analyzed in combination with DE mRNAs.
[image: Table displaying the relationship between miRNAs ID and their expression, gene ID, and corresponding mRNAs expression. All miRNAs show downregulation while their paired genes show upregulation in mRNAs expression. Examples include CD4 and FCGR3A with related miRNAs.]



3.5 Construction of lncRNA-miRNA-mRNA network related to intramuscular fat deposition

To further identify the key competing endogenous RNA (ceRNA) target relationships that regulate IMF deposition in the biceps femoris muscle of Ujumqin sheep, we integrated the results from our previous association analyses to construct a comprehensive ceRNA network encompassing lncRNAs, miRNAs, and mRNAs. In this network, target relationships were required to meet stringent criteria: a TargetScan score of at least 90 and a miranda Energy less than −20 (Figure 6A). The network comprised 25 nodes, including 12 lncRNAs, 4 miRNAs, and 6 mRNAs, illustrating the intricate ceRNA regulatory interactions. The network’s complexity is highlighted by the fact that a single miRNA can target multiple lncRNAs and mRNAs, and different miRNAs can target the same lncRNA or mRNA. This diversity in lncRNA-miRNA-mRNA interactions leads to a variety of biological functions, positioning these non-coding RNAs as promising candidates for subsequent functional analyses. Furthermore, we evaluated the functions of the central target genes within this ceRNA network using Gene GO and KEGG analyses. The results showed significant enrichment in lipid metabolism and lipid transport functions within the GO categories. Additionally, these key target genes were significantly enriched in fatty acid metabolism and fat cell signaling pathways according to KEGG analyses (Figures 6B,C).

[image: (A) Diagram showing interactions between miRNA, lncRNA, and mRNA, with nodes colored pink for miRNA, blue for lncRNA, and green for mRNA. (B) Bubble chart of GO terms related to gene functions, with bubble size representing gene number and color indicating p-value. (C) Bubble chart displaying pathway names with similar representations of gene number and p-value.]

FIGURE 6
 LncRNA-miRNA-mRNA co-expression network. (A) lncRNA-miRNA-mRNA co-expression network. (B) GO function rich distribution map of key genes. (C) KEGG function rich distribution map of key genes.




3.6 HADHA is the target gene of bta-miR-1343-3p_R + 2, and lncRNA-MSTRG.13155.1 releases HADHA through ceRNA

We aimed to verify the targeting relationship within the lncRNA-miRNA-mRNA regulatory network using the dual luciferase reporter assay, focusing on the interaction between MSTRG.13155.1, bta-miR-1343-3p_R + 2, and HADHA.

We hypothesized that their binding site exhibits a high binding affinity. To test this, we co-transfected HEK-293 T cells with constructs containing the potential target gene 3´UTR or sequences with mutated seed regions alongside bta-miR-1343-3p_R + 2 mimics (Figures 7A,B). The results supported our hypothesis: bta-miR-1343-3p_R + 2 mimics significantly reduced the luciferase activity of HADHA-WT-3´UTR (p < 0.01), with no significant inhibition observed with HADHA-MUT3´UTR compared to the negative control group (Figure 7C). These findings indicated that the mutation at the binding site disrupted the interaction between bta-miR-1343-3p_R + 2 and HADHA, thereby confirming the specific targeting effect of bta-miR-1343-3p_R + 2 on HADHA. Similarly, bta-miR-1343-3p_R + 2 mimics significantly decreased the luciferase activity of MSTRG.13155.1-WT-3´UTR (p < 0.05), while no significant inhibition was detected with MSTRG.13155.1-MUT3´UTR compared to the negative control group (Figure 7D).

[image: Diagram A and B illustrate the construction of luciferase reporter vectors, showing different promoters and luciferase types. Sequence alignments indicate interactions with miRNA. Charts C and D display bar graphs of relative luciferase activity for different constructs, comparing wild-type and mutant sequences with statistical significance noted by asterisks.]

FIGURE 7
 Verification of miR-1343-3p_R + 2 target binding for HADHA 3’UTR while MSTRG.13155.1 released the expression of HADHA by competing endogenous RNAs. (A) Prediction of binding sites of miR-1343-3p_R + 2 and HADHA in RNAhybrid. (B) Prediction of binding sites of miR-1343-3p_R + 2 and MSTRG.13155.1 in RNAhybrid. (C) Luciferase assay in 293-t cells co-transfected with pMirGLO-HADHA-3 ‘-UTR-WT/MUT and miR-1343-3p_R + 2 mimics (**p < 0.001, *p < 0.05). (D) Luciferase assay in 293-t cells co-transfected with pMirGLO-MSTRG.13155.1-3 ‘-UTR-WT/MUT and miR-1343-3p_R + 2 mimics (**p < 0.001, *p < 0.05).


These findings lead us to conclude that HADHA is a target gene of bta-miR-1343-3p_R + 2 and that the lncRNA MSTRG.13155.1 functions as a ceRNA to regulate HADHA expression. These findings indicated that the mutation at the specific site inhibited the binding of bta-miR-1343-3p_R + 2 to MSTRG.13155.1, thereby confirming this site as the binding site for bta-miR-1343-3p_R + 2. Consequently, it can be inferred that HADHA is a potential target gene of miR-1343-3p_R + 2, and lncRNA-MSTRG.13155.1 may release HADHA via the ceRNA mechanism.



3.7 RT-qPCR verification

We randomly selected three DE miRNAs (bta-mir-99b, dno-mir-210-3p and bta-mir-128), three DEMs (CRYAB, SERPINF1 and TXN) and three DE lncRNAs (MSTRG.20113.1, MSTRG.6017.1 and MSTRG.27097.1) were subjected to RT-qPCR, and the results were shown in Figure 8. The expression trends of the genes were consistent with the changes in the expression trends in the sequencing results, indicating that the sequencing results were reliable for subsequent analysis.

[image: Two bar graphs compare log2 fold changes in expression levels for various miRNA, mRNA, and lncRNA between low (L) and high (H) conditions. Graph A (RNA-seq) shows that the highest change is observed in differentially expressed elements, particularly in L condition. Graph B (RT-qPCR) indicates similar trends, with the highest fold change observed in MSTRG.20971.1 under H condition. Each graph uses pink and blue bars to represent L and H conditions, respectively, with error bars indicating variability.]

FIGURE 8
 Validation of differentially expressed mRNAs, differentially expressed miRNAs and differentially expressed lncRNAs through RT-qPCR. (A) Expression levels of genes by RNA-Seq. (B) RT-qPCR verification results of 3 mRNAs, 3 miRNAs and 3 lncRNAs. RT-qPCR, Reverse transcriptase quantitative real-time PCR.





4 Discussion

The mutton sheep industry has emerged rapidly in China as a promising sector, playing a crucial role in the development of the livestock industry. The demand for mutton has shifted from quantity to quality. Previous studies (23–25) have demonstrated that the Ujumqin lamb breed outperforms other breeds in terms of slaughter rate and carcass weight. Ujumqin sheep, an excellent indigenous breed in Inner Mongolia, exhibit strong disease resistance and adaptability to natural grazing conditions. They are renowned for their rapid growth rate, high meat yield, superior meat quality, and efficient fat deposition. In livestock production, skeletal muscle growth and development directly influence mutton yield, while IMF deposition significantly affects tenderness, flavor, and juiciness (26). To enhance the mutton quality of Ujumqin sheep, we investigated the IMF deposition mechanism, which is regulated by complex mechanisms at both transcriptional and post-transcriptional levels (27, 28). Fatty acids, as key lipid components, substantially impact meat product quality (29). This study identified 31 fatty acids in Ujumqin mutton, with consistent fatty acid composition across different parts. Among saturated fatty acids, palmitic acid and arachidonic acid were found in higher concentrations. Oleic acid was the most abundant monounsaturated fatty acid, while polyunsaturated fatty acids primarily consisted of trans-linoleic acid and α-linolenic acid. Notably, the LD group exhibited significantly higher levels of saturated fatty acids compared to the BF group (p < 0.05), whereas the BF group had significantly higher levels of unsaturated fatty acids (p < 0.05). Oleic acid, known for its ability to reduce blood cholesterol, and α-linolenic acid, an n-3 series fatty acid that generates DHA (docosahexaenoic acid) and EPA (eicosapentaenoic acid) with physiological benefits, were particularly prominent. DHA supports health maintenance and development, while EPA reduces blood lipids and cholesterol and improves brain nerve function (30). Therefore, the fatty acid profile of the BF group is characterized by a higher content of unsaturated fatty acids, especially oleic acid and α-linolenic acid, distinguishing it from the LD group. Additionally, the composition of fatty acids is associated with the fiber type composition of different muscle regions. Research has shown that muscle fibers can be categorized into slow-twitch oxidative fibers (Type I), fast-twitch oxidative fibers (Type IIA), and fast-twitch glycolytic fibers (Type IIB) based on their contraction speed and metabolic characteristics (31, 32). The Ujumqin sheep is a grazing breed, and year-round grazing results in a higher proportion of fast and slow muscle fibers (such as Type IIA and Type IIX) in the biceps femoris muscle (33). These fiber types are more suited for rapid energy metabolism, in which unsaturated fatty acids are more readily utilized and stored.

By comparing the differentially expressed genes between LD and BF, we found that genes in LD were primarily enriched in key biological functions such as bone formation, whereas genes in BF were mainly enriched in pathways related to triglyceride metabolism, fatty acid oxidation, and lipid metabolism. KEGG pathway analysis further confirmed the involvement of BF in IMF deposition, with pathways such as PPAR signaling, steroid hormone biosynthesis, adipocyte metabolism, and arachidonic acid metabolism being closely related to lipid and energy metabolism. In the aforementioned study, we found that the content of unsaturated fatty acids in BF was relatively high. Fatty acids are the primary components of fat and play a crucial role in determining meat quality (34). Among them, PUFAs are particularly important as they contribute significantly to the flavor profile of meat. Based on these findings, we selected the transcriptional profiles of the IMF group with high BF and the IMF group with low BF as the foundation for subsequent research.

Drawing upon the ceRNA hypothesis, lncRNAs can function as miRNA sponges, thereby facilitating crosstalk with mRNAs (35). This mechanism offers a potential avenue through which lncRNAs may regulate IMF deposition in meat sheep, warranting further investigation. Studies have demonstrated that lncRNAs play a pivotal role in fat deposition. A single lncRNA can harbor multiple binding sites for a diverse array of miRNAs, thereby regulating numerous target mRNAs and contributing to a dynamic and intricate regulatory network. This complexity enhances the sophistication of lncRNA regulatory mechanisms. For instance, IMFNCR functions as a ceRNA, sequestering miR-128-3p and miR-27b-3p, which results in elevated PPARG expression and subsequently promotes intramyocellular adipocyte differentiation (36). The research discovered that lncRNA NEAT1, through its interaction with miR-146a-5p, targets ROCK-1 (RHO-associated coiled-coil containing protein kinase 1) and further modulates the AMPK/SREBP pathway, ultimately facilitating fat deposition (37). To delve into the regulatory relationships among lncRNAs, miRNAs, and mRNAs, we initially employed prediction tools available on public websites to identify the targets of differentially expressed miRNAs (DE miRNAs) and differentially expressed lncRNAs (DE lncRNAs). Based on these predictions, we constructed the lncRNA-miRNA-mRNA interaction network using Cytoscape software, which visually illustrates the regulatory interactions among these three types of molecules. Subsequently, we validated the expression levels of selected mRNAs, lncRNAs, and miRNAs within the network using RT-qPCR technology. The validation results were consistent with the sequencing data, further confirming the reliability of our sequencing results.

In this study, we identified key regulatory factors involved in the regulation of intramuscular fat deposition in sheep, including mRNAs, lncRNAs, and miRNAs, and constructed a regulatory network based on this information. Notably, genes related to lipid metabolism and fatty acid oxidation, such as HADHA and CPT1A, are present within this network. HADHA (hydroxyacyl-CoA dehydrogenase trifunctional multienzyme complex subunit alpha) is a mitochondrial enzyme that regulates the biosynthesis of carnitine, an essential endogenous metabolite required for the transport of fatty acids into mitochondria for β-oxidation (38). Our findings indicate that HADHA may exert a significant influence on IMF deposition through the ceRNA regulatory network. Furthermore, CPT1A encodes carnitine palmitoyltransferase-1, a key mitochondrial enzyme involved in the β-oxidation of long-chain fatty acids. In our study, CPT1A was upregulated in sheep with higher IMF content, which aligns with previous reports demonstrating a positive correlation between CPT1A expression levels and IMF content (39). In addition to the aforementioned genes, our analysis revealed that other genes within the network are also implicated in adipogenesis, either directly or indirectly. Huang et al. (40) utilized a lentiviral delivery system to express the mouse ATP1A1 transgene in 3 T3-L1 adipocytes and identified that the conserved N-terminal vesicle-binding motif of ATP1A1 is a critical mediator and potential therapeutic target for lipodystrophy syndrome. Furthermore, the infiltration of CD4 T cells in adipose tissue has been shown to alter the local microenvironment through the secretion of cytokines such as TNF-α and IL-6, which can inhibit adipocyte differentiation or promote lipolysis (41). Arimochi et al. (42) demonstrated that Psmb8, a catalytic subunit of the immunoproteasome, directly regulates the differentiation of preadipocytes and influences their maturation into adipocytes. Additionally, Kopinke et al. (43) revealed that MMP-14 can promote adipogenesis in 3 T3-L1 preadipocytes even in vitro, suggesting that MMP-14 can directly affect cellular differentiation. Collectively, these findings underscore the relevance of the differentially expressed genes identified in our study, highlighting their potential to reflect the impact on IMF deposition. The results of GO and KEEG enrichment analyses further confirm the above view. In the GO annotation, these DEMs mainly function in biological processes that are closely related to lipid formation and deposition, such as neutral lipid metabolic process, brown fat cell differentiation, regulation of lipid biosynthetic process, long-chain fatty acid biosynthetic process and adipose tissue development. In addition, we have identified a number of genes in processes such as the immune system, signaling and cell proliferation and differentiation, and studies have shown that signaling between adipocytes and immune cells can greatly influence adipose tissue function (44). KEGG enrichment analysis revealed that the target genes Non-alcoholic fatty liver disease, PI3K-Akt signaling pathway, FOXO signaling pathway, MAPK signaling pathway and Phospholipase D signaling pathway, etc., which are essential in lipid deposition. Both mRNAs and lncRNAs are significantly enriched in these pathways except for the PI3K-Akt signaling pathway, which is associated with the formation of long-chain polyunsaturated fatty acids in sheep and has been shown to be a negative regulator (45). The above studies suggest their potential regulatory role on IMF deposition in sheep. However, there are still many DEMs with unknown functions, and whether they are related to lipid deposition still needs further research.

Notably, non-coding RNAs (ncRNAs) exert significant effects on lipid formation and metabolism (46, 47). However, it is crucial to acknowledge that the functionality of lncRNAs is not conserved across species. Consequently, previous research conducted in humans and mice has limited applicability as a reference in the context of livestock production (48). Furthermore, the majority of studies have concentrated on perirenal and subcutaneous fat, with intramuscular fat receiving comparatively scant attention. The ontogeny and development of IMF diverge from other adipose tissues, which hinders the direct extrapolation of findings from other adipose tissues to IMF tissues (49, 50). In our study, we observed that the majority of lncRNAs displayed a moderate-to-low expression profile. This suggests that these lncRNAs may influence the differentiation process of preadipocytes by interacting with related genes during cell differentiation. In order to further investigate the mechanism of lncRNA action, based on KEGG and GO enrichment analyses as well as the results of differentially expressed genes, we selected 12 important lncRNAs that might be associated with IMF deposition and predicted their target miRNAs. These results provide a theoretical basis for investigating the regulatory relationship between lncRNAs and IMF deposition in sheep. In our study, MSTRG.24400.2, MSTRG.17885.1, MSTRG.13155.1, MSTRG.10195.1 and their target genes were identified in phospholipid translocation, cholesterol metabolic process, lipoprotein biosynthetic process and other pathways associated with fat deposition, and all target the network core gene bta-miR-1343-3p. MiR-1343-3p was found to activate the PI3K signaling pathway through lncRNA PI3K signaling pathway (51) and was also identified to inhibit fatty acid metabolic processes (52). The above results support our findings in these studies to some extent. Therefore, the lncRNAs we identified in this study may have potential applications as biomarkers in the regulation of intramuscular fat deposition. Looking ahead, the MSTRG.13155.1-bta-miR-1343-3p_R + 2 axis is poised to emerge as a significant candidate pathway for elucidating the mechanisms underlying IMF deposition in sheep.

MicroRNAs a single-stranded non-coding RNAs of 18–25 nucleotides in length, can directly target mRNAs to regulate gene expression and often interact with mRNAs and lncRNAs through the ceRNA network to play regulatory roles (53). In this study, a total of 761 miRNAs were obtained by sequencing, of which 11 DE miRNAs were identified between groups H and L. Through functional enrichment analysis of their target genes, we identified a number of miRNAs, including miR-370-3P (54) and miR-328 (55) were found to be key genes regulating adipogenesis, which is consistent with previous findings. Other well-documented examples of ceRNA regulatory mechanisms include lncRNA IMFNCR, which acts as a ceRNA to sequester miR-128-3p and miR-27b-3p. This interaction leads to elevated PPARG expression and subsequently promotes the differentiation of intramyocellular adipocytes (36). Additionally, Chen et al. (37) revealed that lncRNA NEAT1 targets ROCK-1 (Rho-associated coiled-coil containing protein kinase 1) via miR-146a-5p, thereby influencing the AMPK/SREBP pathway and facilitating fat deposition. In our dual-luciferase reporter assays, we observed that high expression of bta-miR-1343-3p_R + 2 significantly inhibits HADHA expression. However, there is currently no direct evidence to suggest that MSTRG.13155.1 can competitively bind to bta-miR-1343-3p_R + 2 via a ceRNA mechanism to relieve the inhibition of HADHA expression. Therefore, the precise interaction between MSTRG.13155.1 and bta-miR-1343-3p_R + 2 requires further investigation through competitive binding assays and additional experimental approaches.

These results indicate that the genes we have identified are likely to play significant roles in regulating IMF deposition in sheep. Moving forward, we plan to delve deeper into the specific mechanisms of action of these candidate mRNAs and non-coding RNAs, thereby providing a clearer understanding of their roles in IMF deposition in sheep.



5 Conclusion

In this study, we performed whole-transcriptome sequencing of high-IMF and low-IMF group samples from the biceps femoris muscle of Ujumqin sheep, identifying differentially expressed mRNAs, miRNAs, and lncRNAs. By constructing a ceRNA network, we systematically analyzed the lncRNA-associated regulatory mechanisms involved in IMF deposition in the biceps femoris muscle of Ujumqin sheep for the first time. We further validated the interaction between MSTRG.13155.1, bta-miR-1343-3p_R + 2, and HADHA in this network using a dual-luciferase reporter assay. These findings reveal potential regulatory factors and molecules associated with IMF deposition in Ujumqin sheep, providing a significant theoretical basis for further investigation into the regulatory mechanisms underlying IMF deposition.
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Objective: Coat color is a complex trait and plays an important role in breed identification. However, information regarding genes associated with coat color in cattle is limited, especially at the skin transcriptome level.Methods: We investigated the differential expressed genes (DEGs) and genomic selection signal underlying the coat color variation between black and brown cattle breeds. A total of 19 cattle (Brangus, Angus, Simmental, and Guanling) were performed skin transcriptome analysis and 262 cattle (Angus and Simmental) were performed whole genome analysis.Results: Angus cattle (black coat) had a significantly higher melanin content in both their hair and skin compared to that of Simmental and Guanling cattle (brown coat). Transcriptomic analysis identified 14,118 expressed genes, with principal component analysis and hierarchical clustering revealing clear differences between black and brown cattle. DEGs analysis across four pairwise breed comparisons highlighted 343 downregulated and 54 upregulated genes common to all comparisons, with the ASIP gene (agouti signaling protein) emerging as a key gene linked to melanogenesis. The ASIP expression was several dozen-fold higher in brown cattle than in black cattle, suggesting a crucial role in coat color determination. Path-way enrichment and gene set enrichment analysis (GSEA) identified the “Melanogenesis” pathway as significantly enriched and central to coat color variation. Genes such as FZD10, WNT6, and ASIP showed differential expression patterns that correlated with coat color. Genomic analysis revealed strong selection signals in the ASIP gene region, with several SNPs exhibiting high linkage disequilibrium. Notably, the mutation type was predominant in Simmental cattle, while the reference allele was more common in Angus cattle.Conclusion: Based on the skin transcriptomic and genomic analyses, we found that ASIP was significantly differential expressed between black and brown cattle breeds and under strong positive selection. These findings provide valuable insights into the genetic basis of coat color variation in cattle and highlight the ASIP gene as a critical determinant of this trait.Keywords: cattle, coat color, ASIP, melanogenesis, mRNA-seq, selection signal
1 INTRODUCTION
Coat color is an essential phenotypic trait that is shaped by long-term natural or artificial selection (Cieslak et al., 2011; Ollivier et al., 2013). The classification, quantification, and registration of coat color are important in animal breeding, as it is a distinguishing characteristic in population status, and can be linked to adaptive traits such as environmental tolerance and disease resistance (Farias et al., 2024). There are numerous famous cattle breeds worldwide with colorful coat colors (Wang et al., 2023; Kunene et al., 2022). For instance, black-coated breeds like Angus and Brangus are highly favored in the beef industry due to their market value and uniform appearance (Farias et al., 2024), while brown-coated breeds such as Guanling are valued for their environment adaptability in the Southwest of China (Xu et al., 2024). In cattle breeding, research attention has focused on meat and milk traits (Congiu et al., 2024), and there is limited information on the functional genes of coat color.
The process of melanin deposition (melanogenesis) is governed by melanocytes, which can be classified into eumelanin and pheomelanin (Marks and Seabra, 2001). Eumelanin is responsible for black to brown colors while pheomelanin is responsible for the red to yellow coloration of mammal coats. Melanogenesis is regulated by a complex network of genes and signaling pathways and several dozens of genes have been linked to coat color in animals (Slominski et al., 2012; Park et al., 2018). Of all mammals, the coat color in horses is the most studied, and genes linked to melanogenesis include KIT, MITF, PAX3, PATN1, and MATP (McFadden et al., 2024; Mariat et al., 2003). The same genes might have similar pigmentation functions in different species, such as the MC1R gene in goats (Li et al., 2019), sheep (Zhou et al., 2023), and water buffalo (Liang et al., 2021). Currently, several genes including TYR (Kholijah et al., 2021), MC1R (Silva et al., 2021), COPA (Dorshorst et al., 2015), and KIT (Jakaria et al., 2023), and seven QTLs (https://www.animalgenome.org/cgi-bin/QTLdb/) were reported to be associated with skin pigmentation in cattle. As a complex trait, coat color in cattle is not fully elucidated.
Fortunately, advances in transcriptomics and genomics now provide powerful tools for identifying the functional genes of complex traits on a molecular level. Messenger RNA sequencing (RNA-seq) is widely used to measure RNA abundance across the whole transcriptome (Stark et al., 2019), and differentially expressed genes (DEGs) can be identified from comparisons. Xiong et al. compared the skin transcriptome data of black and white-coated regions in the same goats, and identified DEGs such as ASIP, DCT, and TYRP1 (Xiong et al., 2020); while Zhang et al. identified TYR, TYRP1, DCT, PMEL, MLANA, and SLC45A2 as being differentially expressed in black and white sheep, and affecting the pigmentation of the skin and tongue of sheep (Zhang et al., 2024). Leng et al. identified the DCT, TYR, TYRP1, and MITF genes involved in melanin pigmentation in embryonic chickens (Leng et al., 2025). Similarly, comparative genomics has been used to identify species-specific genomic regions, aiding in the discovery of functional genes. Based on whole genome sequencing data and the calculated XP-CLR and FST values, Sun et al. identified IRF2BP2 as a candidate gene affecting fleece traits in sheep (Sun et al., 2024). Also, by calculating the genetic differentiation index (Fst) and nucleotide diversity (theta pi) ratios, Chen et al. identified ATP5E, EDN3, and LOC101750371 as candidate genes influencing skin color in black-bone chickens (Chen et al., 2024). Additionally, some studies integrated transcriptome and genomic approaches to enhance statistical power. For example, Tan et al. explored egg production traits in Taihe black-bone silky fowls (Tan et al., 2024), Dorshorst et al. studied coat color in Holstein cattle (Dorshorst et al., 2015), and Ren et al. investigated plumage color in Matahu ducks (Ren et al., 2024).
Encouraged by these successes, we aimed to identify the core genes associated with coat color in cattle on both transcriptomic and genomic levels. Therefore, we collected hair and skin samples from 14 cattle (Angus, n = 6; Simmental, n = 5; Guanling, n = 3) to determine their melanin content and perform transcriptome sequencing. This data was compared to the downloaded skin transcriptome data of five Brangus cattle and the genome data of 262 cattle (Angus, n = 149; Simmental, n = 113) for transcriptomic and genomic analyses. This study conducted a systemical investigation of coat color in cattle from the phenotypical, transcriptomic and genomic levels.
2 MATERIALS AND METHODS
2.1 Animals and experimental design
This study was approved by the Guizhou University Experimental Animal Ethics Committee (No. EAE-GZU-2024-E053). Cattle used in the present study were raised on the Guizhou cattle Industry Group Co., LTD. farm and were fed a diet that met the National Research Council’s requirements for cattle maintenance. These animals were bred by the commercial company, and their purebred status was confirmed based on pedigree records and body characteristics. A total of 14 two-year-old adult animals, including six Angus cattle (coat color: black), five Simmental cattle (coat color: brown), and three Guanling cattle (coat color: brown) were selected and slaughtered in a abattoir. When the animal was pronounced dead, the hair fibers on the body (the center point from the dorsal to abdomen) were shaved and collected to determine hair melanin content. Then, four skin samples of approximately 1 cm × 1 cm were taken from the same site using a surgical scissor. For each individual, two skin samples were stored in a 4% paraformaldehyde fixation solution and two skin samples were snap-frozen in liquid nitrogen, then transferred to the laboratory and stored at −80°C. As shown in Figure 1, 14 hair samples were used for hair melanin content analysis, and 14 skin samples were used for skin melanin content determination and mRNA sequencing.
[image: Flowchart illustrates the process of identifying core genes associated with coat color in cattle. It starts with self-generated and downloaded datasets, detailing cattle breeds and data types. The process includes hair and skin sample analysis, melan content assessment, mRNA sequencing, transcriptomic analysis, DEGs, KEGG, GSEA, genomic analysis, and selective sweep, leading to the identification of core genes.]FIGURE 1 | Experimental design for detecting genes associated with coat color in cattle. We selected 14 adult cattle, including Angus (n = 6), Simmental (n = 5), and Guanling (n = 3) for hair and skin sample collection. These samples were used for determining hair/skin melanin content and skin mRNA-seq. Additionally, the publicly available skin transcriptome data of five Brangus cattle and the whole genome data of 149 Angus and 113 Simmental cattle were downloaded. The transcriptome and genome data were used for screening candidate genes related to coat color in cattle.
Additionally, the skin transcriptome data of five Brangus cattle (a breed developed by crossing Angus (Bos taurus) and Brahman (Bos indicus), and black coat is their typical characteristic) was obtained from the biological project PRJNA1023902 (Álvarez Cecco et al., 2024); and the genome resequencing data of 262 cattle were downloaded from public biological projects, including PRJNA343262 (100 Angus cattle and 40 Simmental cattle), PRJNA474946 (30 Angus cattle and 54 Simmental cattle), and PRJNA1141206 (9 Angus cattle and 9 Simmental cattle), and CRA017637 (10 Angus cattle and 10 Simmental cattle). Detailed information on downloaded transcriptome and genome data is available in Supplementary Tables S1, S2, respectively. Overall, transcriptome analysis is the first step to screen genes for coat color, while genomic analysis is used to observe genomic differences of candidate genes among different coat color breeds. Only genes that show positive results in both transcriptome and genome levels are considered key genes affecting cattle coat color.
2.2 Hair and skin melanin content
Coat color was quantified as hair melanin content and skin melanin content based on the NaOH assay method. Hair samples were washed with ethanol, dried, and cut into 1–2-mm lengths. Then, 20–30 mg of each hair sample was placed in a 5 mL centrifuge tube containing 3 mL of 1 mol/L NaOH and water bathed at 95°C for 1 h (Figure 2A). Skin samples were cut into 50–100 mg pieces and placed in a 10 mL centrifuge tube containing 7 mL of 1 mol/L NaOH and water bathed at 95°C for 1 h. The supernatant was removed, and the absorbance was measured at 450 nm using a microplate reader (Bio-rad, America). The working curve was established based on standard melanin (Aladdin, China) at different concentrations, including 0, 0.01, 0.02, 0.04, 0.08, 0.12, 0.16, and 0.2 mg/mL (Figure 2B). Then, the hair melanin content and skin melanin content were calculated using the optical density value and the standard working curve.
[image: Panel A shows images of hair fibers from Angus, Guanling, and Simmental cattle, displaying varying melanin levels. Panel B presents a fitted working curve graph showing a correlation between melanin content and absorbance values, with an R-squared value of 0.9985. Panel C is a bar graph comparing fiber melanin content among the breeds, with Angus showing the highest content. Panel D is another bar graph showing skin melanin content, with Angus also having the highest content. Both panels C and D include statistical significance notations.]FIGURE 2 | Comparison of hair/skin melanin content in different cattle breeds. (A) Photos of the three cattle breeds used in this study. Angus has black coats, while Simmental and Guanling cattle have brown coats. (B) The fitted work curve of absorbance corresponds to different concentrations of standard melanin. (C) The hair melanin content in Angus, Simmental, and Guanling. (D) The skin melanin content in Angus, Simmental, and Guanling.
2.3 Transcriptome sequencing and gene quantization
Fourteen skin samples were sent to Biomarker Technologies Co., Ltd. (Biomarker, Beijing, China) for mRNA extraction, library construction, and mRNA sequencing on the BGI-T7 platform. Adapter sequences, low-quality reads, and those with poly-N’s were removed using the Trimmomatic software (Bolger et al., 2014). Then, the Q20, Q30, GC-content, and sequence duplication levels of the clean data were calculated. The STAR software (Dobin et al., 2013) was used to map clean reads to the reference genome (ARS-UCD2.0 (Bickhart et al., 2017)) and the StringTie (Pertea et al., 2016) software was used to quantify the mRNA expression levels as fragments per kilobase million (FPKM).
2.4 Differentially expressed gene (DEG) analysis
This study included four cattle breeds with black and two breeds with brown coats. Principal component analysis (PCA) was used to visualize distance matrices and evaluate the global differences between samples. The hierarchical clustering of the top 5000 genes with the largest variance was generated on a heatmap to reflect the relationship between samples. The DEGs were identified between any two cattle with different coat colors, and four comparisons, including Brangus vs. Simmental, Brangus vs. Guanling, Angus vs. Simmental, and Angus vs. Guanling were generated. For each comparison, we conducted an independent samples t-test (two-tailed, assuming equal variances) for each gene using the R language. Considering that the P-values of some comparison groups are relatively high, strict P-value correction would lead to an increase in false negatives. Therefore, we did not adjust these P-values for all four comparisons. The criteria for identifying DEGs included a P-value of <0.05 and fold change (FC) of >2. A Venn diagram was used to visualize overlapping DEGs to find stable DEGs among the above-mentioned comparisons. Stable DEGs that are associated with terms such as “melanin,” “melanogenesis,” or “melanosome” in the following gene annotation, were highlighted in the Venn plot.
2.5 Enrichment analysis and gene set enrichment analysis (GSEA)
To identify significant biological signaling pathways, DEGs were annotated by Gene Ontology (GO) analysis and enriched by Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis. The gene annotation was performed and visualized on the OmicShare platform (http://www.omicshare.com/tools, an online platform for data analysis and visualization). Furthermore, the GSEA (Subramanian et al., 2005) tool on the OmicShare platform was used to identify whether there was significant up- or downregulation of melanogenesis-related pathways between black and brown cattle. The GSEA was carried out with Signal2Noise values for all detected 14,118 genes as the ranking metric and the gene expression profile in the core pathway was explored.
2.6 Genome data and variant calling
The downloaded genome data of 262 cattle underwent quality control using the Fastp tool [v0.23.4, (Chen et al., 2018)]. Sequence alignment and variant detection were then performed using the Sentieon Genomics software [v202308, (Freed et al., 2017)], where the clean reads were aligned to the cattle reference genome [ARS-UCD2.0, (Bickhart et al., 2017)] using the bwa software [v0.7.17, (Li and Durbin, 2009)], and the BAM files were sorted and duplicates were marked (v2.25). The Sentieon haplotyper module was used to call variants for each sample, generating a genomic Variant Call Format (gVCF) file for each while the joint variant calling was carried out by the Sentieon GVCFtyper module to create a common VCF file. The SelectVariants module in GATK [v4.1.8.1, (McKenna et al., 2010)] was used to split the SNP variants.
2.7 Selective sweep and integrative genomics viewer (IGV) analysis
In this part, we aimed to identify the genomic regions that differ between black and brown cattle breeds, and we focused on the genomic regions where the core genes identified in the transcriptome analysis are located. We estimated the signal scanning regions using the fixation index (FST) with VCFtools, employing 10 kb sliding windows and 5 kb sliding steps. The FST values in the top 5% were taken to indicate significant selection. Additionally, Tajima’s D (Sun et al., 2024) statistic was employed to identify potential regional differences between the two cattle breeds. Given the numerous differences between the two breeds, we only conducted detection on the genomic regions around DEGs identified by the transcriptome analysis. The FST and Tajima’s D values on the ASIP gene region were focused, and the Linkage disequilibrium (LD) analysis was performed using Haploview [version: 4.2, (Barrett et al., 2005)]. Based on the 19 BAM files of four cattle breeds and the joint VCF file of 262 cattle (Angus, n = 149; Simmental, n = 113), the Integrative Genomics Viewer [v2.19.1, (Robinson et al., 2011)] was used to visualize transcript abundance and variants in the ASIP gene region. Finally, the reference allele and mutation of the ASIP gene region were compared between Angus and Simmental populations.
3 RESULTS
3.1 Hair and skin melanin content
The cattle breeds have different coat hairs, with Angus cattle being black, and Simmental and Guanlling cattle being brown. After quantifying the melanin content, we found that the hair melanin content in Angus was 13.0% ± 0.9%, which was significantly higher (p < 0.01) than that of Simmental and Guanling cattle (Figure 2C). Also, the melanin content of Simmental cattle hair was significantly higher (p < 0.01) than that of Guanling. Similarly, the skin melanin content in Angus was 0.88% ± 0.32%, which was significantly higher (p < 0.05) than that of Simmental and Guanling cattle, but there was no difference between the melanin content in the skin of Simmental (0.42% ± 0.16%) and Guanling cattle (0.39% ± 0.11%) (Figure 2D).
3.2 Transcriptomic profiles of cattle skin
We obtained 103.4 Gb of raw data from the skin transcriptome sequencing data of 14 cattle (Table 1). On average, each sample was sequenced using approximately 24.7 million reads, and the Q20 (sequencing error rate < 0.01) and Q30 (sequencing error rate < 0.001) were 99.8% and 98.7%, respectively. The downloaded skin transcriptome data of the five Brangus cattle (Supplementary Table S1) were included in the analysis. Then, quality control, reads mapping, transcript assembly, and gene quantification were performed on the transcriptome data. After removing genes without symbol names, and genes with extremely low expression (average FPKM <0.1), we obtained an FPKM matrix with 14,118 genes across 19 samples (Supplementary Table S3). All the following analyses were performed on the FPKM matrix with high-quality data.
TABLE 1 | The transcriptome dataset of 14 cattle skin samples sequenced by this study.
[image: Table showing genetic sequencing data for cattle breeds. Columns include sample number, breed, coat color, read count, base pair count (Gb), Q20 and Q30 percentages, GC content percentage, mapping rate percentage, skin melanin content percentage, and hair melanin content percentage. Data is provided for Angus, Guanling, and Simmental breeds with varying metrics outlined for each sample.]3.3 Differentially expressed genes between black and brown cattle
The PCA plot (Figure 3A) and heatmap (Figure 3B) of the top 5000 highly variable genes displayed the overall differences between cattle breeds, with higher repeatability within the intra-group samples than among the inter-group samples. By comparing any two breeds with different coat colors, we identified DEGs related to this trait. For example, 2805 upregulated and 3548 downregulated DEGs were identified between Brangus and Simmental (Figure 3C), while 3240 up- and 2566 downregulated DEGs were identified between Brangus and Guanling (Figure 3D). There were 197 up- and 1147 downregulated DEGs identified between Angus and Simmental (Figure 3E), and 1117 up- and 908 downregulated DEGs were identified between Angus and Guanling (Figure 3F). The significantly down- and upregulated genes of these four comparisons can be found in Supplementary Table S4. Through a Venn analysis, 289 downregulated genes (Figure 3G) were found to overlap in four comparisons. Of those, genes including CDH1, FZD10, FZD3, GPR143, WNT3, WNT5A, and WNT7B were associated with coat color in animals. Meanwhile, 54 upregulated genes (Figure 3H) overlapped these four comparisons, with the ASIP gene being the unique gene related to melanogenesis. In DEGs analysis, we did not correct the P-values because we found very few DEGs were obtained in comparisons of “Angus vs. Simmental” and “Angus vs. Guanling” after Benjamini-Hochberg or Bonferroni corrections (Supplementary Tables S5–S7). Interestingly, even after strict P-value correction, the ASIP gene still showed robust differential expression between black and brown breeds (Supplementary Figure S1).
[image: Multiple visualizations depict genetic comparisons among cattle breeds Brangus, Angus, Simmental, and Guanling. Panel A shows a PCA plot with clusters representing each breed. Panel B features a heatmap of gene expression data. Panels C to F are volcano plots illustrating differential gene expression in various breed comparisons, with gene counts and significance levels. Panels G and H show Venn diagrams of down-regulated and up-regulated genes across comparisons, highlighting intersections and specific genes like ASIP.]FIGURE 3 | Core genes identified based on transcriptome data of cattle with different coat colors. (A) The PCA score plot of 19 cattle based on transcriptome data showing that overall difference among animal groups was significant; (B) Hierarchical clustering heatmap of the top 5000 genes with the largest variance across the 19 samples. Serial volcano plots displaying DEGs between black and brown cattle, including (C) Brangus vs. Simmental, (D) Brangus vs. Simmental, (E) Angus vs. Simmental, and (F) Angus vs. Guanling. The Venn diagram for screening for stable significant down- (G) and upregulated (H) genes is based on these four comparisons.
3.4 The significant pathways and core genes related to coat color
We performed the enrichment analysis to identify significant GO terms and biological pathways on the overlapping genes dataset, including 289 down- and 54 upregulated genes. As shown in Figure 4A, many terms significantly related to skin biology, such as “skin development,” “epidermis development,” “epidermal cell differentiation”, and “keratinocyte differentiation” were identified. These GO terms were significantly down-regulated (p < 0.001) from the black to the brown cattle group (Figure 4B). Within the top 20 KEGG pathways, three pathways including the “Hippo signaling pathway,” “Wnt signaling pathway,” and “Melanogenesis” that related to hair and skin biology were significantly enriched (p < 0.01, Figure 4C; Supplementary Table S8). The GSEA results showed that the “Hippo signaling pathway,” “Wnt signaling pathway,” and “Melanogenesis” pathways were significantly downregulated (p < 0.001) from the black to the brown cattle group (Figure 4D; Supplementary Table S9).
[image: Composite image showing gene set enrichment analysis. Panel A illustrates the top 20 Gene Ontology (GO) terms enriched, with a bubble chart indicating rich factor and gene number. Panel B presents a line graph of GSEA for GO terms comparing Brangus-Angus versus Simmental-Guangling. Panel C displays a bubble chart of the top 20 pathways, similar to panel A. Panel D shows a GSEA line graph for KEGG pathways with pathways like Wnt and Hippo signaling pathways compared between the same breeds.]FIGURE 4 | Function enrichment analysis of differentially expressed genes in cattle with different coat colors. (A) GO term enrichment analysis based on 343 overlapped genes. (B) GSEA analysis showed that genes from five GO terms decreased significantly overall. (C) KEGG enrichment analysis based on 343 overlapping genes. (D) GSEA analysis showed that genes from three pathways decreased significantly overall.
“Melanogenesis” is a well-known biological pathway that determines the pigment and coat color in animals. As shown in Figure 5A, most genes in the “Melanogenesis” pathway decreased in expression levels, such as FZD2, FZD10A, and WNT6; while few genes increased in expression, such as ASIP and EDN1. According to Figure 5B, results showed that genes on this pathway were expressed differentially in Brangus and Angus cattle. However, the ASIP gene presented the highest consistency in cattle with the same coat color, while the expression level of the ASIP gene in brown cattle was several dozen-fold higher than that in black cattle. As shown in Figure 5C, the transcript was detected to have a high abundance in brown cattle (both Simmental and Guanling) while almost no abundance was detected in black cattle (both Brangus and Angus).
[image: Heatmap and graphs comparing gene expression and ASIP transcript abundance among cattle breeds: Simmental, Guanling, Brangus, and Angus. Panel A displays a GSEA plot for melanogenesis. Panel B shows a heatmap of gene expression. Panel C illustrates the abundance of ASIP transcripts across the breeds.]FIGURE 5 | Gene set enrichment analysis and gene profile of the “Melanogenesis” pathway in cattle with different coat colors. (A) GSEA identified the “Melanogenesis” signaling pathway as significant (P < 0.05). (B) Expression profile of genes that belong to the “Melanogenesis” pathway. The expression of the ASIP gene is several dozen-fold higher in brown cattle than in black cattle, showing the highest consistency within cattle of the same coat color. (C) Abundance of ASIP transcripts across four cattle breeds. Expression is notably higher in Simmental and Guanling cattle compared to Brangus and Angus.
3.5 Selection signal and variants of the ASIP gene
Based on the genomic data of Angus (n = 149) and Simmental (n = 113) cattle, we performed the selection signal analysis. Of these 11 DEGs, only the windows where the ASIP genes were located were under strong selection (Figure 6A). This signal of selection was also supported by the and Tajima’s D statistics (Figure 6B). Besides, several dozen SNPs in the ASIP gene had strong linkage disequilibrium). The gene length of ASIP was 28.3 Kb, and it had four exons. Figures 6C,D shows the reference allele and mutation in the ASIP gene. Most of the Simmental cattle had the mutation type of the SNPs and for the 17 SNPs (Supplementary Table S10) in the ASIP gene, the reference allele was prominent in Angus cattle, while the mutation type was prominent in Simmental cattle. These genotypes may result in the differential expression of ASIP, thereby affecting the coat color of cattle.
[image: Genomic data visualization showing comparisons between Angus and Simmental cattle breeds. Panel A displays selection signatures across various chromosomes with significant peaks highlighted. Panel B focuses on the triangulation and linkage disequilibrium near the ASIP gene region, with breed-specific trends. Panel C illustrates variants in the ASIP gene with color-coded differences between the two breeds. Panel D provides a tabulated comparison of reference alleles and mutations, with percentage values under two columns for each breed. Angus data is presented in gray, and Simmental data is in red throughout the figures.]FIGURE 6 | Selection signals of genomic regions around 11 DEGs in cattle. (A) Among these DEGs, only the genomic regoin that ASIP was located shows a significant peak in Fst analysis (top 5%), indicating strong genetic differentiation. (B) The Tajima’s D analysis suggested possible selective pressure affecting the region that ASIP was located. Linkage disequilibrium (LD) plot showed that SNPs around the ASIP locus were tightly linkaged. (C) Genetic variant distribution for the ASIP gene demonstrates contrasting SNP profiles between Angus and Simmental cattle. (D) A comparison of SNP allele frequencies shows that, for 17 SNPs within the ASIP gene, Simmental cattle predominantly have the mutation type, whereas Angus cattle mostly have the reference allele.
4 DISCUSSION
This study conducted a comprehensive investigation into coat color from phenotypic, transcriptomic, and genomic perspectives, emphasizing the pivotal role of the ASIP gene in determining coat color in cattle. Among coat color genes, ASIP exhibited the highest within-group consistency and the greatest between-group differences at the transcriptome level, and it was under the strongest selective pressure between different coat color breeds at the genome level. Our study highlights the significant role of the ASIP gene in determining cattle coat color.
Coat color is a complex trait, although easily visible to the naked eye. It presents on the outside as coat color, but as melanin deposition internally and plays an important role in the intersection of evolution, genetics, and developmental biology (Hoekstra, 2006). Few studies have determined the hair and skin melanin content of vertebrates, although they are good quantitative indicators of the degree of melanin deposition. The NaOH method for measuring hair and skin melanin content has proven effective in distinguishing between black and brown coat cattle. However, the precision of this method may be limited because it relies on cumbersome experimental procedures and absorbance measurements that are prone to interference.
As the largest livestock worldwide, the coat color of cattle has attracted a lot of interest. Beyond the ASIP gene, other famous color-related genes such as MC1R (Silva et al., 2021; Mohanty et al., 2008), KIT (Jakaria et al., 2023; Fontanesi et al., 2010), TYR (Kholijah et al., 2021; Schmutz et al., 2004), and MITF (Philipp et al., 2011), have also been associated with coat color in cattle. However, these genes did not show significant differential expression in the present study. The expression of these genes was unstable in different varieties, and the combined analysis of multiple breeds did not show a low statistical probability value. The regulatory mechanisms of coat color may be different in cattle breeds, so the Venn analysis of these four comparisons (any two of black and brown cattle) did not always identify these other color-related genes except the ASIP gene.
Evidence supporting the effect of ASIP on the color of cattle hair was obtained not only from transcriptional expression (Albrecht et al., 2012; Girardot et al., 2006) but also from the genome. Trigo et al. found that the structure variant of the ASIP sequence causes darker coat pigmentation in white-coated Nellore (Trigo et al., 2021) and Zebu cattle (Trigo et al., 2023). Additionally, the following reports showed that the genomic region of the ASIP gene has been subjected to strong selective pressures across various cattle breeds: (1) Xu et al. analyzed Holstein, Angus, Charolais, and Brahman cattle (Xu et al., 2015); (2) Bertolini et al. focused on Reggiana and Modenese cattle (Bertolini et al., 2022); (3) Rajawat et al. examined several Indian cattle breeds (Rajawat et al., 2023); (4) Mustafa et al. studied Pakistani cattle breeds (Mustafa et al., 2018); and (5) Guan et al. studied Chinese native cattle breeds (Guan et al., 2022). In the present study, a comparative analysis of genome resequencing data from 149 Angus and 113 Simmental cattle revealed significant differences in mutation sites within the ASIP gene region between the two breeds. Black Angus cattle predominantly carried the reference genotypes, whereas brown Simmental cattle mainly had mutant genotypes. However, neither breed showed complete fixation of these genotypes. This discrepancy could be attributed to two factors: (1) potential errors in sample records or (2) the global distribution of Simmental and Angus cattle, which may have resulted in populations that are not entirely purebred.
The skin transcriptome data of five Brangus cattle used in the study were downloaded from the PRJNA1023902 project (Álvarez Cecco et al., 2024), which also included a heat-stressed group of Brangus cattle. However, we retained the normal group while the heat-stressed group was excluded because we found that ASIP might be affected by heat-stress treatment. Specifically, the expression levels of ASIP in the heat-stress group exhibited differential expression compared to the normal group (P = 0.06, t-test based on two-tailed and equal variance; data not shown). In the original project from which we downloaded the skin transcriptome data, some animals were recorded as “red”. In fact, although black is the classic coat color of Brangus cattle, red individuals also exist. Since the original authors did not provide individual images, it is difficult to quantify the differences in color intensity among black and red individuals. Therefore, individuals belonging to Brangus were treated as a single experimental group. In this study, based on multi-breed skin transcriptome comparisons and genomic evidence, the significant role of ASIP in determining cattle coat color was emphasized. We should recognize that the study conclusions are limited by the experimental materials used and the analytical strategies employed.
As the above-mentioned, coat color genes may exhibit dynamic expression in response to heat stress conditions to regulate body temperature. By comparing hair cortisol and serotonin levels in lactating Holstein cows with different coat colors under heat stress conditions, Ghassemi et al. pointed out that white coats are preferable for dairy cows to cope with thermal stress (Ghassemi et al., 2017). Melanin synthesis and deposition in hair and skin primarily serve to absorb heat energy for maintaining body heat balance (Leite et al., 2020; Al-Ramamneh and Gerken, 2024). Under heat stress, the demand for melanin synthesis decreases, leading to a reduction in the activity of the melanogenesis pathway at tissue and cellular levels. Therefore, the changes in the expression levels of ASIP reflect the organism’s adaptive response to thermal stress.
Importantly, ASIP is not only expressed in the skin but also widely in other tissues, including adipose, heart, liver, kidney, and ovary (Albrecht et al., 2012; Girardot et al., 2006). Besides its role in melanogenesis, ASIP has been linked to fat deposition traits, oocyte maturation in the ovary, and lipid composition in the mammary gland. Specifically, ASIP plays an important functional role in promoting oocyte maturation and subsequent embryonic development in cattle (Chaney et al., 2024). Xie et al. performed an ASIP gene knockout study in bovine mammary epithelial cells using CRISPR/Cas9 technology and determined its significant role in regulating lipid metabolism and fatty acid composition (Xie et al., 2022). Liu et al. found that genomic variants (one indel and three SNPs) in introns of the ASIP gene were significantly correlated with backfat thickness in cattle (Liu et al., 2019) and Fernandes et al. also found that ASIP was associated with backfat thickness in cattle (Fernandes et al., 2016). Within muscle tissue, the ASIP protein is released by adipocytes and potentially functions as a signaling molecule facilitating communication between intramuscular fat and muscle fibers (Liu et al., 2018). Thus, in addition to its primary role in coat color, ASIP also plays significant biological roles in various tissues in cattle.
5 CONCLUSION
This study investigated the coat color in cattle from phenotypical, transcriptomic, and genomic levels to determine the core genes responsible for coat color variation in Brangus, Angus, Simmental, and Guanling cattle. The hair and skin melanin content were significantly difference between black-coated (Brangus and Angus) and brown-coated (Simmental and Guanling) cattle. Based on the skin transcriptome data of 19 cattle, we identified the ASIP gene that was significantly differentially expressed between black and brown cattle groups. Based on the selection signal and integrated genomic viewer analyses, we found that ASIP was under strong positive selection between Angus and Simmental cattle. These findings provide further evidence to deepen our understanding of coat color in cattle from phenotypical, transcriptomic, and genomic levels.
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Beef flavor is affected by muscle metabolites and their related regulatory genes, and the molecular regulatory mechanisms vary among different beef breeds. To provide some new ways to improve meat quality and cattle breed improvement, 24-month-old Gayal (n = 8) and yellow cattle (n = 8) were selected for comparison in this study. The result revealed that the longissimus dorsi muscle fiber diameter, protein content and a-value of Gayal were significantly higher than that of yellow cattle, but the fat content was lower than that of yellow cattle. Furthermore, Gayal meat contained notably higher levels of polyunsaturated fatty acids (PUFA) and n-3PUFA than that of yellow cattle, and also had better levels of flavor amino acids (FAAs) and sweet amino acids (SAAs), which contribute to the flavor of beef. Through comprehensive analysis of transcriptomics and metabolomics, we detected a total of 109 markedly different metabolites (DEMs) and 1,677 differentially expressed genes (DEGs) in the pectoral muscles of the two breeds. Further analysis indicated that amino acid and lipid metabolism might be the key factors contributing to the differences in meat quality and flavor between Gayal and yellow cattle, involving metabolites such as L-2-aminobutyric acid, L-glutamic acid, L-glutamine, L-serine, betaine, pantothenic acid, and taurine. Through correlation analysis, we identified genes highly associated with flavor amino acids (GSTM3, GSTT2), muscle development (FGF10, EIF4EBP1, PPP2R2C), and lipid metabolism (CYP4A22, ACOX3, PLIN1, ADH6, CNDP1, LPAR3, BRCA1, ADIPOQ, FABP3) related essential regulatory genes and constructed a gene-metabolite interaction network for meat quality and flavor formation in Gayal. In summary, it was shown that significant differences in muscle metabolites between Gayal and yellow cattle, especially in amino acid and lipid metabolism, may be the major reason for the differences in quality and flavor between the two types of beef. This study provides a theoretical basis for further exploring the molecular regulatory mechanisms of the differences in beef quality and flavor between Gayal and yellow cattle, and provides a reference for the development and genetic breeding of high-quality cattle breeds.
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1 Introduction

Livestock meat is a major source of protein and a vital component of the human diet, directly influencing overall health. Beef in particular is of significant nutritional value, containing not only high-quality proteins such as essential amino acids, but also rich vitamins, minerals and other important nutrients (1). Considering the flavor of beef and health factors, a remarkable increase in beef consumption has been observed. According to the Food and Agriculture Organization (FAO), global meat production has more than tripled over the past 50 years, with beef and buffalo meat production more than doubling since 1961 (2). In China, beef consumption has risen by 58% from 2000 to 2021 (3). The USDA projects that China’s beef market revenue will grow from USD 88.88 billion in 2023 to USD 124.29 billion by 2030, reflecting a compound annual growth rate of 4.9% (4). To meet the increasing demand, the cattle industry resorted to nutritional modification or introduction of cattle breeds with fast growth rate and high meat yield. However, these nutritionally regulated or imported cattle breeds are less resistant to disease and are susceptible to changes in the environment and feeding conditions. These factors may adversely affect their growth, development, and meat quality (5). As a result, they could potentially influence consumers’ choice of beef products. With the improvement of living standards, consumer demand for beef has shifted from quantity-based to quality-based, with more emphasis on quality, flavor and safety (6). However, how to improve meat quality while maintaining growth rate remains a major challenge for the domestic cattle industry. Research has shown that genetic selection is one of the effective means of improving meat quality (7). Therefore, an in-depth understanding of the genetic background and molecular markers for beef quality traits is crucial for assisted breeding of high-quality cattle.

Meat quality is a complex trait that is affected by a variety of physicochemical characteristics such as pH, tenderness, meat color, number of muscle fibers, intramuscular fat (IMF) content, fatty acid composition, and sensory quality (8). Transcriptome sequencing is one of the major methods to correlate biological phenotypes with molecular mechanisms. For instance, RNA-seq technology was used to screen fatty acid transporter candidate genes such as CD36, SLC27A1, and FABP3, whose differential expression may affect fatty acid composition (9). Research indicated that differentially expressed genes (DEGs) in bovine longissimus dorsi (LD) muscle and skeletal muscle regulate fatty acid composition of beef through fatty acid degradation, peroxisome proliferator-activated receptor (PPAR) and AMP-activated protein kinase (AMPK) signaling pathways (10). In addition, studies in metabolomics have found that metabolites such as acylcarnitines, free amino acids and glucuronic acid contribute to the color and oxidative stability of beef (11). Metabolomics is used as an effective research method to reveal the effects of gene regulation on changes in muscle metabolites. In recent years, non-targeted metabolomics has been widely applied to the study of beef metabolic mechanisms, and many studies have investigated the effects of nutrition, feeding management and breed on beef quality and metabolic profiles with remarkable results (5, 12, 13). In summary, transcriptomics and untargeted metabolomics techniques are effective and methodologically mature in beef research, and are able to effectively reflect the differences in metabolic profiles of bovine muscle. In addition, the joint analysis of the two can help to reveal the regulatory mechanisms of beef quality and flavor formation, and deepen the understanding of the regulatory mechanisms of meat quality (12–14).

China is rich in cattle breeds with the most cattle breeds in the world, including 53 local breeds, 7 domestic breeds and 13 imported breeds (15). As a distinctive grazing breed for high altitude areas of southwestern China, the Gayal (Bos frontalis) provides affordable and nutritious meat to local tribes and commands a high market price due to high demand for its traditional products (16, 17). Due to the great demand for traditional Gayal meat items, Gayal meat is pricey in the market (18). Besides, Gayal grow in a unique environment, which makes them exhibit strong immunity and unique growth mechanisms (19). Previous studies showed that the growth rate and muscle physicochemical properties of Gayal are superior to other cattle breeds (18, 20). More interestingly, the genes KMT2C and SLC2A4RG regulate cell proliferation, muscle development and energy metabolism through a gene regulatory network, further validating the advantages of Gayal in growth performance and meat quality (21). Mukherjee et al. (17) used Illumina-HiSeq technology for RNA-seq sequencing of LD muscle and identified 24 candidate genes associated with muscle development. These studies demonstrated that Gayal do possess unique growth and muscle development mechanisms, which are suitable as models for related studies. However, studies on muscle development and meat quality of Gayal are still relatively limited, and the molecular regulatory mechanisms are still unclear. Therefore, more research is needed to support this. In this study, Gayal and yellow cattle were selected to investigate the transcriptomic and metabolomic differences in meat quality traits such as muscle tenderness, muscle fiber density, IMF deposition and fatty acid content. In addition, we screened key regulatory pathways. It is anticipated that this research will play an important role in improving the quality of beef cattle and increasing the production of high-grade beef.



2 Materials and methods


2.1 Ethics statement headings

Animal experimental procedures were carried out in accordance with the Guide for the Care and Use of Laboratory Animals (72). All experiments involved in this study have been approved by the Institutional Committee for the Protection and Use of Animals of Yunnan Agricultural University under the approval number YNAU20220638-1.



2.2 Laboratory animals and feeding management

This study was conducted at the experimental pasture of the Phoenix Mountain Gayal Breeding and Expansion Base in Lushui City, Nujiang Prefecture, Yunnan Province, China. The pasture is located at an altitude of 2,700 meters (Figure 1A). A total of 16 bulls were selected for this study, including 8 male healthy Gayal (Bos frontalis) and 8 male healthy local yellow cattle (Bos taurus) from the Bilu Xueshan herd. Cattle were divided into two groups based on their similar age and weight: the Gayal group and the local yellow cattle group. The selection process lasted for over a month due to the semi-wild nature of these animals, making the procedure more challenging. During the experimental period, all cattle were allowed to graze in the trail pasture throughout the day and had unrestricted access to water and salt blocks. The cattle completed the entire 45-day experimental period in good health, without exhibiting any major symptoms that could have affected the results.
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FIGURE 1
 Comparison of distribution and muscle fiber index of Gayal and yellow cattle. (A) Map showing cattle in the geographic area where the test cattle grazed. (B) Comparison of myofiber morphometric characteristics between Gayal and yellow cattle. * indicate significant differences (p < 0.05) between Gayal and yellow cattle. (C) Tissue sections of the latissimus dorsi muscle of Gayal and yellow cattle were stained with hematoxylin and eosin (HE).




2.3 Sample collection

At the end of the experiment, all cattle were slaughtered, and the longissimus dorsi (LD) muscle samples (ribs 12–13) were collected and divided into two parts: one part was stored in liquid nitrogen for transcriptome and metabolome assays, and the other part was stored in dry ice for chemical analyses. The muscle samples were then stored at 4°C for 24 h for meat quality assessment. Moreover, we collected samples of the longest muscles of the back measuring 3 × 3 cm and treated them with fixation in 4% paraformaldehyde solution.



2.4 Measurement of LD muscle meat quality

The pH of the LD muscle was measured 45 min and 24 h postmortem using a portable pH meter (PHBJ-260, INESA Scientific Instrument, Shanghai, China). Flesh color parameters evaluated using a colorimeter (CR-410, Konica Minolta, Tokyo, Japan) - luminance (L*), redness (a*) and yellowness (b*) - were measured at three different sample locations. Shear force and drip loss were assessed following the method of Wang, An et al. (12). Shear force was measured as described in Shackelford et al. (22). In brief, meat samples with fat and connective tissue removed were heated in a water bath at 80°C to an internal temperature of approximately 71°C before being removed and cooled at 4°C. Samples with a diameter of 1.27 cm were then taken for shear force measurements along the longitudinal direction of the muscle fibers, using the C-LM3B device. Each sample was measured 6 times and finally the average value was taken. Drip loss was measured as follows: first, the muscle was trimmed along the direction of the muscle fibers to make strips of meat measuring 2 cm × 2 cm × 4 cm, and the initial weight (W1) was recorded (15). Subsequently, one end of the meat strip was suspended by a hook in a numbered plastic bottle and stored in a refrigerator at 4°C for 24 h. The weight of the meat strips (W2) was subsequently weighed again, and then the drip loss was calculated according to the following formula: drip loss (%) = [(W1 - W2) / W1] × 100, and the measurements were repeated four times for each sample, and the results were averaged. Samples (approximately100 g) were vacuum-sealed in polyethylene bags and cooked in a water bath at 80°C. Once the internal temperature reached 70°C, samples were cooled to room temperature. Cooking loss was calculated as: ((W1 − W2)/W1) × 100%, where W1 and W2 represent sample weights before and after cooking (23). Moisture, crude ash, IMF, and protein content were determined using AOAC (24) methods. Amino acids (AAs) content in freeze-dried BF muscle (1.5 g) was analyzed following GB 5009. 124-2016, with modifications. Samples were hydrolyzed in 6 mol/L HCl at 110°C for 22 h under nitrogen, centrifuged, and dried with an evaporator. Residues were dissolved in sodium citrate buffer and filtered through 0.22-μm membranes before analysis using an automatic amino acid analyzer (Sykam S-433D, Sykam Scientific Instruments, Beijing, China). Fat acids (FAs) content in LD muscle was analyzed using LC–MS/MS, following a modified protocol (15). Approximately 80 mg of muscle tissue was homogenized in liquid nitrogen, mixed with water, and vortexed. Besides, the fixed muscle tissue samples were sent to Wuhan ServiceBio Technology Co. for paraffin embedding and sectioning, and stained with hematoxylin–eosin (H&E) staining method. Subsequently, the morphological characteristics of muscle fibers and their areas were quantitatively analyzed using CaseViewer software (2.4.0.119028).



2.5 Metabolites extraction and data analysis

The LC–MS raw data were imported into the metabolomics software Progenesis QI (Waters Corporation, Milford, USA) for baseline filtering, peak identification, integration, retention time correction, and peak alignment, and finally a data matrix containing retention time, mass-to-charge ratio, and peak intensity was generated. Metabolites were identified by matching with HMDB,1 Metlin2 and majorbio’s own database. The searched data matrix was uploaded to the majorbio cloud3 for analysis. The data matrix was first pre-processed as follows: the 80% rule was used to remove missing values, i.e., variables with more than 80% of non-zero values in at least one set of samples were retained in the data matrix, and then the missing values were filled in (the smallest values in the original matrix were filled in the missing values). In order to minimize the errors brought by the sample preparation and instrumental instability, the response intensities of the sample peaks of the mass spectrometry were normalized by the sum-normalization method, and the normalized data matrix was obtained. The normalized data matrix was obtained. At the same time, variables with relative standard deviation (RSD) > 30% were deleted and log10 logarithmised to obtain the final data matrix for subsequent analyses. Then, the data matrices were uploaded to the majorbio cloud platform (25) for further analysis, and principal component analysis (PCA) and orthogonal least partial squares-discriminant analysis (OPLS-DA) were performed using the ropls package (Version 1.6.2) for R. The stability of the model was assessed by seven cycles of interactive validation. Significantly differentially expressed metabolites (DEMs) were screened based on the variable weight values (VIP) of the OPLS-DA model and Student’s t-test p-values (VIP > 1, p < 0.05, |Fold change| ≥ 1). The DEMs between the two groups were mapped to their respective biochemical pathways using metabolic enrichment and pathway analysis, based on the KEGG database.4 These metabolites were classified according to the pathways they are associated with or the functions they fulfill. Enrichment analysis was conducted to determine whether a particular functional node was represented within a group of metabolites. The approach extended the annotation of individual metabolites into the collective annotation of metabolite groups. Enrichment analysis was performed using the Python package “scipy.stats”,5 identifying the most relevant biological pathways corresponding to the experimental treatments.



2.6 Gene extraction and transcriptome analysis

Total RNA purification, reverse transcription, library construction and sequencing were performed at Shanghai Marjorie Biomedical Biotechnology Co. Ltd. (Shanghai, China) according to the manufacturer’s instructions. Total RNA from muscle was extracted using QIAzol Lysis Reagent (Qiagen, Germany). RNA quality was examined by a 5,300 Bioanalyzer (Agilent Technologies, USA) and a NanoDrop ND-1000 (Thermo Fisher Scientific, USA). Only high-quality RNA samples (OD260/280 = 1.8 to 2.2, OD260/230 ≥ 2.0; RQN ≥ 6.5) were used to construct sequencing libraries. Muscle RNA-seq transcriptome libraries were prepared using 1 μg of total RNA according to the Illumina® Stranded mRNA Prep, Ligation (San Diego, CA) method. Sequencing was performed on the NovaSeq X Plus platform (Illumina, Inc.) using the NovaSeq Reagent Kit. After quality control, clean reads were aligned to Bos taurus (GCF_002263795.3) in targeted mode using HISAT2 software (26). Subsequently, expression levels for each transcript were calculated based on TPM values per million mapped reads using StringTie and Ballgown software (26). Genes that were only expressed in at least 50% of the bovine samples in each group were included in subsequent analyses. For muscle transcriptome data, p-values were corrected by FDR (27). DESeq2 (28) considers differentially expressed genes (DEGs) with |log2FC| ≥ 1 and FDR < 0.05 to be significant. DEGs were subjected to principal component analysis (PCA), Gene Ontology (GO) functional annotation, and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis using the Majorbio Cloud Platform (see Footnote 3) and R-based analytical tools. The results were comprehensively visualized.



2.7 Quantitative real-time PCR (RT-qPCR) for validation of RNA-Seq data

Total RNA was reverse transcribed using NovoScript®Plus All-in-one 1st Strand cDNA Synthesis SuperMix (gDNA Purge) (E047-01B; Novoprotein, Shanghai, China), and cDNA was synthesized according to the procedure provided by the manufacturer. For GPX1, GSTA1, GSTM3, GSTT2, ADH6, COL1A2, COL1A1, FGF9, EIF4EBP1, FGF10, FABP3, ACOX3, GNGT2, TNXB, PIK3AP1, LPAR3, PLIN1, CYP4A22, ADIPOQ, THBS2, CREB5, PPP2R2C, GLULP, BRCA1, and β-actin target genes, the cDNAs were synthesized using the Q-Tower3 (Analytik Jena AG, Jena, Germany) and NovoStart®SYBR qPCR SuperMix Plus (E096-01A; Novoprotein, Shanghai, China) for real-time quantitative PCR (qRT-PCR). Relative mRNA expression levels were analyzed by the 2-ΔΔCT method and normalized using β-actin as an internal reference gene (13). Primers for differentially expressed genes were provided by Beijing Qingke Xinye Biotechnology Co. and are shown in Supplementary Table S1.



2.8 Statistical analysis

Meat quality data were analyzed using an unpaired two-tailed t-test in R (v4.3.1), and the results are shown as heatmaps. Correlations between DEGs and DEMs were assessed by Pearson correlation analysis. Using the psych package in R software (v4.3.1), the correlation and significance between differential genes and metabolites were calculated, and the data with |r| > 0.5 and p < 0.05 were screened out and imported into Cytoscape to draw network diagrams to explore the interaction between genes and metabolites. In addition, the correlation coefficients of genes, metabolites and meat quality characteristic indexes were calculated based on Pearson analysis using R software (v4.3.1), and all data were imported into Cytoscape for visualization.




3 Results


3.1 Determination of the LD muscle mass and muscle fiber index

Comparative analysis of meat quality characteristics of Gayal and yellow cattle (Figure 1; Supplementary Table S2). Myofibers of Gayal and yellow cattle were stained using HE staining (Figure 1A) and it was observed under light microscope that nuclei stained blue and myofibers stained red. Comparing the myofibers of the two groups (Figure 1B), the diameter and cross-sectional area of the myofibers of Gayal were obviously lower than those of yellow cattle (p < 0.05), but the density of myofibers of Gayal was remarkably greater than that of yellow cattle (p < 0.05). Comparison of the LD muscle mass of the two groups of cattle (Figure 2) demonstrated that the protein content, a 45 min, and 24 h were considerably higher in Gayal than in yellow cattle (p < 0.05). Gayal, on the other hand, had considerably lower fat content and pH 45 min than that of the yellow cattle (p < 0.05, p < 0.01). In terms of L-value, b-value, shear force, cooking loss, drip loss, moisture, Ca, P and ash, no remarkable differences (p > 0.05) were shown between the two groups. To analyze the amino acid and fatty acid composition of the LD muscle, we conducted a quantitative metabolomics study on Gayal and yellow cattle. The results indicated that Gayal contained substantially lower levels of saturated fatty acids (SFA) and monounsaturated fatty acids (MUFA), and notably greater levels of polyunsaturated fatty acids (PUFA) and n-3PUFAs than yellow cattle (p < 0.05, p < 0.01). Of the 32 fatty acids identified, nine exhibited statistically significant variations between the two breeds (Figure 2; Supplementary Table S3). Specifically, Gayal exhibited considerably lower concentrations of C16:0, C17:0, C16:1 T, and C18:1(n-9)T, and considerably more C18:3(n-3), C22:3, and C22:4 (p < 0.05, p < 0.01) than yellow cattle. In terms of amino acid composition (Figure 2; Supplementary Table S4), the results of the study revealed that Gayal had dramatically greater levels of aspartic acid (Asp), glutamic acid (Glu), alanine (Ala), isoleucine (Ile), leucine (Leu), and histidine (His) than that of yellow cattle (p < 0.05, p < 0.01). This resulted in considerably higher (p < 0.05, p < 0.01) contents of essential amino acids (EAAs), non-essential amino acids (NEAAs), sweet amino acids (SAAs), delicious amino acids (DAAs), and total amino acids (TAAs) in the muscles of Gayal than that of the yellow cattle (p < 0.05, p < 0.01). Furthermore, The EAAs/TAAs and EAAs/NEAAs ratios of Gayal LD muscle, in this experiment, were 44.43 and 77.98%, respectively. These discrepancies in amino acid composition may contribute to the unique flavor of Gayal meat.
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FIGURE 2
 Cyclic heatmap analysis of meat characteristics and fatty acid and amino acid content of Gayal and yellow cattle using Complex Heatmap package for R 4.4.1. The fatty acid content of which saturated fatty acids (SFA) contained C8:0, C10:0, C12:0, C15:0, C16:0, C17:0, C18:0, and C22:0; monounsaturated fatty acids (MUFA) consisted of C12:1, C14:1, C15:1, C16:1, C16:1, C16:1 T, 17:1, C18:1(n-7)T, C18:1(n-12); C18:1(n-7)T, C18:(1n-9 T), C18:(1n-7), C18:(1n-9), and C24:1, whereas the unsaturated fatty acids (UFA) were derived by subtracting SFA from the total fatty acids. Polyunsaturated fatty acids (PUFA) included C18:2(n-6), C18:3(n-3), C18:3(n-6), C20:2, C20:3(n-3), C22:5(n-3), C22:5(n-6), and C22:2(n-6). T: trans. Amino acid analyses in the longissimus dorsi (LD) muscle showed that total amino acids (TAAs) consisted of essential amino acids (EAAs) such as His (Histidine), Ile (Isoleucine), Leu (Leucine), Lys (Lysine), Met (Methionine), Phe (Phenylalanine), Thr (Threonine), and Val (Valine), as well as non-essential amino acids (NEAAs) including Ala (Alanine), Asp (Aspartic acid), Arg (Arginine), Glu (Glutamate), Gly (Glycine), Ser (Serine), Tyr (Tyrosine), Pro (Proline), and Cys (Cysteine). DAAs (Delicious Amino Acids) consist of Asp., Glu, Gly, Ala, and Ile; SAAs (Sweet Amino Acids) consist of Gly, Ala, Ser, Pro, Lys and Thr. Statistical significance is indicated by * (p < 0.05) and ** (p < 0.01).




3.2 Transcriptome analyses of LD muscle

In transcriptome sequencing, a total of 110.29 Gb of clean data was obtained. The clean data of each sample in both groups reached more than 6.25 Gb, and the percentage of Q30 bases was above 95.5%, indicating minimal sequencing errors (Supplementary Table S5). The mapping rate to the Bos taurus reference genome was 86.67–97.01%, indicating a reliable genome comparison and supporting reliable transcript quantification (TPM). The samples of each variety were clustered together in our analysis of principal component analysis (PCA), with samples of Gayal and yellow cattle separated by PCA1 (Figure 3A). A similar trend was previously observed in the heat map (Figure 3B). Gene expression was tissue-specific, and RNA-seq analysis of both species yielded a total of 25,321 genes, including 23,923 known genes and 1,398 new genes. There were 1,677 DEGs in the muscle of Gayal compared to yellow cattle, including 691 up-regulated genes and 986 down-regulated genes (Figures 3C,D; Supplementary Table S6). To determine the function of DEGs between Gayal and yellow cattle, we per-formed GO and KEGG functional enrichment analysis. The results revealed that there were more functional items for biological processes and relatively few genes for cellular components and molecular functions. In both groups, many genes were greatly enriched for the bioprocesses collagen fibril organization (GO: 0030199), monocarboxylic acid metabolic process (GO: 0032787) and response to endogenous stimulus (GO: 0009719; Supplementary Figure S1), potentially underlying Gayal’s superior muscle fiber density and amino acid metabolism. In addition, we obtained a total of 25 KEGG signaling pathways by KEGG enrichment analysis of DEGs (Supplementary Table S7). Among them, the obviously enriched signaling pathways included glutathione metabolism, arginine and proline metabolism, nicotinate and nicotinamide metabolism, fatty acid degradation, PPAR signaling pathway and PI3K-Akt signaling pathway (Figure 3E). The KEGG pathway emphasizes fatty acid degradation and PPAR signaling - which is key to the elevated levels of Gayal PUFA/n-3 PUFA - as well as glutathione metabolism (involving GSTM3, GSTT2), which may contribute to the antioxidant capacity and stability of the flavor precursors (Supplementary Table S7). CYP4A22 (fatty acid omega-hydroxylation) and ACOX3 (branched-chain fatty acid oxidation) genes are central to these pathways. The qRT-PCR validation test revealed that the qRT-PCR results were in agreement with the trend of the RNA-seq data (Figure 4).
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FIGURE 3
 Transcriptomic profiling of longissimus dorsi (LD) muscle. (A) PCA visualizes transcriptomic differences. (B) Heatmaps of DEGs in colon and PM muscle. (C) Distribution of DEGs in the tissues. (D) The number of upward and downward DEGs. (E) KEGG analyses of DEGs indicate pathway enrichment.


[image: Bar chart comparing the relative expression of mRNA between two groups: yellow cattle (in blue) and Gayal (in red) across various genes. The y-axis represents the relative expression levels, ranging from zero to eight, while the x-axis lists the genes studied, including GPX1, GSTM3, ADH5, among others. The chart features significant differences denoted by asterisks, indicating statistical significance.]

FIGURE 4
 qRT-PCR was performed to validate DEGs in the muscles of longissimus dorsi (LD) of Gayal and yellow cattle. The results were analyzed by one-way ANOVA test in SPSS 20.0 (SPSS INC, USA). GPX1, Glutathione Peroxidase1; GSTA1, Glutathione S-Transferase Alpha 1; GSTM3, Glutathione S-Transferase Mu 3; GSTT2, Glutathione S-Transferase Theta 2; ADH6, Alcohol Dehydrogenase 6; COL1A2, Collagen Type I Alpha 2 Chain; COL1A1, Collagen Type I Alpha 1 Chain; FGF9, Fibroblast Growth Factor 9; EIF4EBP1, Eukaryotic Translation Initiation Factor 4E-Binding Protein 1; FGF10, Fibroblast Growth Factor 10; FABP3, Fatty Acid Binding Protein 3 (Heart); ACOX3, Acyl-Coenzyme A Oxidase 3; GNGT2, Guanine Nucleotide Binding Protein (G Protein), Beta Subunit 2; TNXB, Tenascin XB; PIK3AP1, Phosphoinositide-3-Kinase Adapter Protein 1; LPAR3, Lysophosphatidic Acid Receptor 3; PLIN1, Perilipin 1; CYP4A22, Cytochrome P450, Family 4, Subfamily A, Polypeptide 22; ADIPOQ, Adiponectin, C1Q, Collagen Domain Containing; THBS2, Thrombospondin 2; CREB5, cAMP Responsive Element-Binding Protein 5; PPP2R2C, Protein Phosphatase 2, Regulatory Subunit B, Gamma; GLULP, Glutamine Synthetase; BRCA1, Breast Cancer 1. Statistical significance is indicated as * (p < 0.05), and ** (p < 0.01).




3.3 Metabolome analysis of LD muscle

In the present study, metabolites in two bovine LD muscles were analyzed by non-targeted liquid chromatography-mass spectrometry (LC–MS). PCA score plots showed significant differences in metabolite distributions between Gayal and yellow cattle muscle samples in positive and negative ion modes (Figures 5A,B). OPLS-DA modeling analysis further displayed that the metabolites in Gayal and yellow cattle muscle samples exhibited obvious separation under positive and negative ion modes (Figures 5C,D). In addition, the results of the permutation test illustrated that the OPLS-DA model did not display overfitting phenomenon (Figures 5E,F), and the R2 and Q2 values in the positive and negative ion modes were 0.9097 and −0.165, and 0.9692 and −0.1775, respectively, and the regression line displayed an increasing trend, which indicated that the model had a high degree of accuracy and stability. In conclusion, the results of PCA and OPLS-DA models of Gayal and yellow cattle muscle samples in positive and negative ion modes were stable and reliable, indicating that the samples have good reproducibility and can be used for subsequent analysis. In LC–MS analysis, a total of 732 metabolites were identified in muscle samples of Gayal and yellow cattle, and 107 DEMs were obtained according to the DEMs screening criteria. 53 DEMs were up-regulated and 54 DEMs were down-regulated in Gayal compared with those in yellow cattle (VIP ≥ 1, p < 0.05, Figures 6A,B; Supplementary Table S8). Among the DEMs, there were 34 lipid and lipid-like molecules, 9 organic acids and their derivatives, 6 organic oxides, 8 organic heterocyclic compounds, 1 nucleoside, nucleotide, and nucleotide, 12 organic nitrogen compounds, 2 organosulfur com-pound, 2 benzene compounds, 4 phenylketones and polyketones, 2 alkaloids and their derivatives, and 27 unclassified DEMs (Supplementary Table S8). Pairs of DEMs from the DEMs obtained from the LD muscles of Gayal versus yellow cattle demonstrated that 36 DEMs were up-regulated and 40 DEMs were down-regulated in the Gayal muscle in the positive ion mode, and 16 DEMs were up-regulated and 12 DEMs were down-regulated in the Gayal muscle in the negative ion mode (Supplementary Table S8). The contents of L-2-aminobutyric acid, L-glutamic acid, L-glutamine, N-Docosahexaenoyl Lysine, Do-cosapentaenoic acid (22n-3), L-serine, betaine, pantothenic acid, and taurine were significantly higher in Gayal muscle compared to that of yellow calves, whereas the contents of glycerophosphorylcholine and 4′- Aminoacetanilide were notably lower (Supplementary Table S8). Similarly, we enriched different metabolic pathways according to KEGG pathways, and nitrogen metabolism, arginine biosynthesis, histidine metabolism, taurine and taurine metabolism, pantothenic acid and coenzyme A biosynthesis, and glycerophospholipid metabolism were the important pathways between Gayal and yellow cattle (Figures 7A,B,C; Supplementary Table S9).
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FIGURE 5
 Quality control analysis of longissimus dorsi (LD) muscle metabolomics (n = 8). (A) PCA analysis in positive ion mode. (B) PCA analysis in negative ion mode. (C) OPLS-DA analysis in positive ion mode. (D) OPLS-DA analysis in negative ion mode. (E) The permutation test of OPLS-DA in positive ion mode. (F) The permutation test of OPLS-DA in negative ion mode.
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FIGURE 6
 Number of metabolites differentially expressed in the LD muscle. (A) Volcano plot of differentially expressed genes. Gary is a non-significantly different gene, red and green are significantly different genes. (B) Histogram of differential gene expression statistics.
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FIGURE 7
 Functional analysis of differential metabolites. (A) Metabolite set enrichment analysis. (B) KEGG pathway analysis. (C) Interaction network of differential metabolites with significantly enriched terms.




3.4 Correlation analysis

The integration of meat characteristics, metabolomics, and transcriptomics data from the LD muscle revealed significant correlations between meat color, protein content, DAAs, SAAs, PUFA levels, and genes and metabolites involved in amino acid and lipid metabolism pathways. Therefore, this study focused on analyzing amino acid and lipid-related pathways (Figure 8). We performed correlation analyses of metabolites and genes in these two types of pathways and screened for DEGs associated with DEMs of LD muscle mass and flavor. Pearson correlation analysis was used to assess the correlation between meat quality, DEMs and DEGs. Correlation coefficients greater than 0 indicated positive correlation and less than 0 indicated negative correlation. The correlations between meat quality and flavor-related amino acid and lipid DEMs and the corresponding DEGs are shown (Figure 8B). In addition, we analyzed specific metabolites and genes that might affect muscle quality and flavor, considered gene-metabolite pairs with correlation coefficients greater than 0.5 and p values less than 0.05 as strong correlation pairs, and mapped amino acid- and lipid-related gene-metabolite networks using Cytoscape to further explore their potential roles (Figure 8A). Based on the results of these analyses, we identified a network that may regulate Gayal meat quality and flavor formation (Figure 8), which majorly involves alanine, aspartate, and glutamate metabolism, histidine metabolism, nitrogen metabolism, glycerophospholipid metabolism, and other pathways associated with DEMs and DEGs. However, the regulatory network of beef quality and flavor formation is extremely complex, and the current study has only revealed some of the mechanisms, so further studies are needed to validate these findings and explore their mechanisms in depth.
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FIGURE 8
 Correlation analysis between differentially metabolites (DEMs) and differentially expressed genes (DEGs) associated with meat quality and flavor. (A) Interaction network of meat-associated differential metabolites with DEGs. Red circles indicate differential metabolites and green circles indicate DEGs associated with meat quality differences. Red lines indicate positive correlations and blue lines indicate negative correlations. (B) Interaction networks of muscle differential physicochemical parameters, amino acids and fatty acids with differential genes and their metabolites. Correlations between them were calculated by R package psyche, and all data were imported into Cytoscape for plotting. Blue circles represent physicochemical parameters, green circles represent DEGs associated with meat quality, light brown circles represent differential genes associated with meat quality, and orange circles represent meat-differentiated amino and fatty acids. Red lines indicate positive correlations and green lines indicate negative correlations.





4 Discussion

Gayal (Bos frontalis) is a distinctive semi-wild cattle breed distributed in high mountains and subtropical rainforests in the Nujiang River Basin of Yunnan Province in southwestern China, with bamboo as its staple food, which is considered a natural green food because it grows in a pollution-free environment (29). In recent years, comparison of different cattle breeds has become an effective method to study the merits of meat quality (30, 31). The present study indicated that there was no significant difference between Gayal and yellow cattle in terms of drip loss and cooking loss, suggesting that both have similar physical muscle characteristics. However, in terms of redness (a* value), the muscles of Gayal were considerably greater than those of yellow cattle, indicating that Gayal have more reddish meat color and are more marketable. This discrepancy may be attributed to the increased myoglobin content in Gayal in the hypoxic environment of the plateau. Particularly in anoxic environments, the enzymatic activity of Gayal muscle is enhanced, resulting in a reduced state of iron ions (Fe2+), which further deepens the meat color (32). These findings are consistent with experimentally observed results on muscle protein and AAs content and are similar to yak-related studies (32–34). Muscle pH decreased over time (35). However, due to glycogen depletion, the pH value almost ceased to decrease after 24 h. Low pH causes denaturation of myoplasmic and myofibrillar proteins in muscle fibers, which means reduced water holding capacity, color and palatability (36). We found that the pH 24 h value of Gayal was found to be considerably higher than that of yellow cattle, which contributes to the quality of Gayal. Myofiber characteristics are also an important factor in meat quality (30). Myofiber size is determined by the size of the muscle bundles, with larger myofibers leading to a thicker muscle cross-section (30). Also, the fineness of myofibers determines muscle tenderness: smaller myofibers usually mean lower shear and higher tenderness (30, 37, 38). Tenderness is a pivotal factor in meat consumer satisfaction and repeat purchase intention, which is directly correlated with consuming quality (30, 39, 40). The present study demonstrated that the myofiber diameter and cross-sectional area of LD muscles of Gayal were remarkably smaller than those of yellow cattle, whereas their myofiber density was remarkably larger than that of yellow cattle. Therefore, the shearing force of Gayal was slightly lower than that of yellow cattle, indicating that the LD muscle of Gayal was more tender and had superior eating quality than that of yellow cattle. Beef is an essential source of nutrients such as high-quality proteins and amino acids (13). Studies have shown that fatty acid and amino acid composition remarkably influenced the flavor, juiciness and nutritional value of meat (13, 30, 31). Nevertheless, comparative studies on Gayal and yellow cattle in terms of fatty acid and amino acid composition have not been reported. Among the fatty acids affecting beef flavor, unsaturated fatty acids (UFA) are in particular of importance, especially PUFA (41). Furthermore, considering that SFA probably increase total cholesterol and lower low-density lipoprotein cholesterol levels, leading to an increased risk of cardiovascular disease (CVD), numerous studies have recommended limiting their intake (42). In contrast, lower SFA and higher n-3 PUFA intake have been suggested to reduce the risk of CVD (43). In the present study, we found that the proportion of UFA was 53.42% in Gayal compared to 48.19% in yellow cattle, suggesting that the proportion of UFA is a key factor influencing intermuscular fat content. Furthermore, the n-3 PUFA in the diet is crucial for human health (44). Our experimental results also showed that Gayal contained substantially greater n-3 PUFA than yellow cattle, suggesting that Gayal meat may be more beneficial to human health. Additionally, alanine reacts with reducing sugars to form flavor compounds that elevate meat freshness (45). Catabolic metabolites (e.g., α-keto acids and aldehydes) of branched-chain amino acids (leucine and isoleucine) can further react with reducing sugars or fatty acids to generate compounds with distinctive flavor profiles (32, 46). Meanwhile, glutamine absorption and catabolism are essential for the formation and maintenance of myofibroblasts (47). In the present study, Gayal meat was observed to contain prominently higher levels of alanine, isoleucine, leucine, histidine and glutamate than that of yellow cattle, which resulted in increased levels of the DAAs and SAAs. This indicates that the nutritional value and flavor of Gayal meat meets consumer expectations. According to the quality standards of the Food and Agriculture Organization of the United Nations (FAO) and the World Health Organization (WHO), the recommended total EAAs is not less than 40% of the TAAs and 60% of the NEAAs. The EAAs/TAAs and EAAs/NEAAs ratios of Gayal meat, in this experiment, were 44.43 and 77.98%, respectively, which met the above recommended criteria, which further validated its potential as a source of high-quality protein. Moreover, the increased concentrations of EAAs, NEAAs and TAAs in LD muscle of Gayal contributed to the improvement of its nutritional value and flavor. However, future studies should delve into the potential mechanisms behind these changes to further reveal their role and value in meat quality improvement.

Meanwhile, LD muscles of Gayal and yellow cattle were collected for transcriptome and metabolome sequencing analysis to further assess the impact of their meat quality at the molecular level. Muscle development and lipid metabolism of livestock are core components of their growth and development, both of which are not only related to meat yield but also directly affect the economic value of the animal. Muscle growth is a complex multistage process regulated by a variety of factors, especially metabolic pathways and genes that are closely related to muscle development and lipid metabolism (30). In the present study, 1,677 DEGs were notably enriched in lipid metabolism-related pathways such as fatty acid degradation, PPAR, PI3K-Akt, glutathione metabolism, and arginine and proline metabolism. Activation of the fatty acid degradation pathway probably contributed to the improvement of fatty acid utilization efficiency in muscle and the reduction of fat deposition, thus enabling the semi-wild Gayal to adapt to the harsh environment through their own metabolic mechanisms. In particular, the PPAR pathway, as a ‘molecular switch’ of lipid metabolism, is crucial in the regulation of lipid metabolism, energy balance and insulin sensitivity (48). Furthermore, the high correlation between gene expression patterns and differences in fat deposition among breeds has been confirmed by several studies (13). It has been found that GLULP agonists (e.g., Exendin-4) were able to inhibit the expression of key factors (e.g., MSTN, atrogin-1, and MuRF-1) during muscle atrophy and activate the PKA and AKT pathways, thereby promoting muscle mass and function (30, 49). This finding suggests that by modulating these signaling pathways may be able to contribute to improved muscle development and meat quality. For example, the development of feed additives targeting GLULP agonists may improve muscle growth performance and meat quality in cattle. Additionally, antioxidant and cell metabolism-related genes such as GSTM3 and GSTT2 support normal physiological functions of muscle cells by regulating antioxidant responses, maintaining cellular metabolic homeostasis, and protecting cells from oxidative damage (50, 51). It has been shown that high expression of glutathione metabolism genes, such as GSTM3 and GSTT2, to improve meat color and water retention may maintain muscle cell homeostasis by scavenging reactive oxygen species and delaying protein denaturation due to oxidative stress (52). Further analyses revealed that PPP2R2C affects muscle protein synthesis by dephosphorylating mTOR-related molecules (e.g., 4EBP1), and may have an effect on muscle fiber type (e.g., fast versus slow muscle ratio), which in turn alters meat tenderness and shear force. Therefore, despite the lower IMF content of the Gayal in this study, their shear force was not significantly different from that of the yellow cattle. Researchers have found that fibroblast growth factor 10 (FGF10) regulates muscle cell proliferation and differentiation and promotes the formation of muscle tissue, which improves meat quality characteristics (53). Over-expression of FGF10 reduces lipid accumulation in animal models (54). Lipid metabolism analysis revealed that the expression of relevant genes in fatty acid degradation and amino acid metabolism pathways was markedly correlated with meat quality, and that these genes may play a crucial role in lipid metabolism, meat quality, and flavor differences between Gaelic and yellow cattle. Our study further validated the importance of the PPAR pathway and its related genes in regulating differences in muscle lipid metabolism. CYP4A22 belongs to the cytochrome P450 (CYP) family, which mainly catalyzes ω-hydroxylation of medium-chain fatty acids (e.g., lauric acid LA and myristic acid MA) involved in fatty acid metabolism and synthesis of bioactive substances (55). Studies showed that hydroxylases of the CYP4A family play an essential role in rat skeletal and arterial myocytes, producing 20-hydroxyeicosatetraenoic acid and eicosatrienoic acid, which further validates the potential function of CYP4A22 in fatty acid metabolism (56). The ACOX3-encoded acyl-coenzyme A oxidase 3 is involved in the dehydrogenation of 2-methyl-branched-chain fatty acids in the peroxisome (57) and plays an important role in the regulation of chicken meat quality (58), oxidizing bovine straight-chain fatty acids (59), a result that has also been validated in beef cattle (13, 60). In addition to this, the genes ADH6, EIF4EBP1, LPAR3 and BRCA1 involved in UFA biosynthesis, amino acid metabolism and fatty acid degradation should be considered. We also found that these genes upregulated in Gayal were remarkably positively correlated with PUFAs, DAAs and SAAs and negatively correlated with adiposity. It indicated that these genes may promote muscle growth and development by reducing intramuscular lipid deposition, optimizing muscle fiber properties, and thus improving meat quality characteristics. However, at the same time, we found that most of the enriched genes in the PPAR signaling pathway were down-regulated in Gayal, and the star genes in this pathway (PLIN1, ADIPOQ, FABP3) have been extensively reported to be closely associated with IMF deposition (12, 13, 61). This result further validated the characterization of low-fat content in Gayal muscle. In summary, although the available evidence supports the potential benefits of these genes in improving flavor and health, further research and optimization of their taste is needed to meet the diverse needs of consumers.

Metabolomics has provided new perspectives for animal breeding and nutritional studies and has become one of the most active fields at present. In order to further reveal the phenotypic differences, we performed non-targeted metabolomic analysis on the LD muscle of two cattle breeds. In this study, the most abundant DEMs between the muscles of Gayal and yellow cattle were organic acids and their derivatives, most of which belonged to lipids, amino acids, peptides and analogs, and vitamins. In particular, changes in the concentrations of L-2-aminobutyric acid, L-glutamic acid, L-glutamine, and L-serine can be an essential indicator for assessing the nutritional value of meat (62, 63). Specifically, glutamine-supplemented diets improved meat color, mitigated the rapid decline in pH and reduced water loss, further improving meat quality (64). L-2-Aminobutyric acid, as a nitrogen-containing compound, promotes amino acid metabolism in muscle cells, regulates muscle structure and function, and consequently improves meat texture and tenderness (65). Glutamine is a precursor of glutamate and is involved in the maintenance of nitrogen balance and the promotion of protein synthesis (66). Studies also indicated that an adequate supply of serine is essential for muscle protein synthesis and renewal, maintaining good structure and elasticity of muscle fibers, which results in meat that is more tender when consumed. Conversely, meat tenderness is reduced remarkably when serine supply is insufficient (73). Additionally, glutamine contributes to fresh flavor (62). Betaine (also known as trimethylglycine) has demonstrated remarkable benefits for meat quality. Dong et al. (67) found that betaine supplementation improved growth performance, increased eye muscle area, reduced shear and drip losses, and improved muscle texture by increasing amino acid and fatty acid content in sheep. Additionally, betaine enhanced antioxidant activity in muscle, resulting in improved meat quality (68). These findings have also been validated in broiler studies (63). Meanwhile, lipids are important flavor precursors in raw meat and can be converted into volatile flavor compounds during meat processing. We found that N-docosahexaenoyl lysine and docosapentaenoic acid (22n-3) were significantly up-regulated in the muscles of Gayal, further validating the increased PUFA content in the muscles. Notably, Pantothenate (vitamin B5), a potential flavor precursor, was shown to be up-regulated in Gayal muscle. Pantothenate is involved in metabolic processes involving the metabolism of carbohydrates, fats and proteins and positively affects the flavor of meat (63). Taurine plays an important role in enhancing the nutritional value and flavor of meat with its antioxidant effects, stabilization of cell membranes, and involvement in lipid homeostasis (12). Studies showed that taurine supplementation improved the flavor of lamb (69). De et al. (70) reported that 0.5% taurine additive reduced the proportion of type IIb myofibrils in thigh muscles of broiler chickens and reduced glycolysis and attenuated protein denaturation, resulting in improved meat quality. In summary, this study revealed the potential of multiple metabolites in meat quality improvement, especially in the regulation of fatty acid and amino acid metabolism and meat flavor. Within the KEGG enrichment analysis, DEMs were predominantly enriched in pathways related to amino acid and lipid metabolism. Among them, nitrogen metabolism, taurine and subtaurine metabolism, ether lipid metabolism, arginine biosynthesis, histidine metabolism, D-amino acid metabolism and glycerophospholipid metabolism. These metabolic pathways may be involved in the regulation of Gayal LD muscle mass and flavor. Amino acid metabolism, taurine and taurine metabolism, and glycerophospholipid metabolism were found to be the key metabolic pathways involved in meat flavor formation (13, 63, 71). In addition, the literature showed that taurine and subtaurine metabolism, amino acid metabolism, and glycerophospholipid metabolism differed significantly in the muscles of different animal breeds and were important pathways affecting muscle flavor (13, 63). The results of our study are similar to those mentioned above. In summary, the DEMs and metabolic pathways obtained by metabolomics analysis were mainly involved in amino acid, lipid, and vitamin metabolism, suggesting that differences in amino acid, lipid, and vitamin metabolism may be the main cause of differences in dorsal muscle quality and flavor between Gayal and yellow cattle.

By comprehensive analysis, we discovered that the regulatory network of beef quality and flavor formation includes nitrogen metabolism; arginine biosynthesis; histidine metabolism; and glycerophospholipid metabolism, which includes the key DEMs and DEGs. however, we only understand a small part of it, and more research is needed to explore the finer regulatory network in the future.



5 Conclusion

In this study, the LD muscle mass of Gayal and yellow cattle was measured and analyzed comprehensively by combining transcriptomics and metabolomics. The results showed that Gayal muscle mass exhibited superior characteristics compared with that of yellow cattle, as evidenced by smaller muscle fiber diameters, redder meat color, and higher contents of protein, PUFA, DAAs, and SAAs. Through comprehensive analysis of transcriptomics and metabolomics, we identified 1,677 DEGs and 109 DEMs, and further screened for genes (e.g., CYP4A22 and ACOX3) and metabolites (e.g., L-glutamate, L-glutamine, taurine, and betaine) related to Gayal meat quality regulation. There were significant correlations between these genes and metabolites, which may be jointly involved in the regulation of Gayal beef quality. Although Gayal beef is rich in a variety of essential amino acids and exhibits a unique flavor, its IMF content is relatively low due to its growth in a special environment and pasture-based feeding. However, the specific mechanism of how to effectively regulate the tenderness of Gayal beef, which is one of the key indicators of meat quality, has still not been fully explored. Therefore, the results of this study provide theoretical support for marker-assisted breeding and have important application prospects.
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Genome-wide analysis of genetic loci and candidate genes related to teat number traits in Dongliao black pigs
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This study investigated the genetic basis of teat number variation in Dongliao black pigs. A total of 765 pigs were genotyped using the Porcine 50K SNP chip, and their teat numbers were recorded. Heritability estimates for total teat number (TTN) and teat pair number (TPN) were 0.091 and 0.097, respectively. Genome-wide association studies identified 74 significant SNPs for TTN and 105 for TPN. Nine candidate genes related to the teat number were identified: CSNK1G1, PLEKHM2, CABLES1, SLC25A21, RYR3, PIGH, GUCY1A1, RAPGEF2, and TRPC4AP. These findings provide insights into the genetic architecture of teat number variation in Dongliao black pigs.
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1 INTRODUCTION
Reproduction traits such as total number of born, number of teats, and number of live born piglets are important indicators for the selection of breeding stock (Lin et al., 2024). They also represent a pivotal metric for gauging the economic impact of pig farms, in which the teat number is an important indicator of sows’ lactation capacity and lactation ability. The molecular genetic mechanisms underpinning this phenomenon play a pivotal role in the selection of superior breeding pigs (Zhuang et al., 2020), because it correlates differently with reproductive traits such as litter size and piglet survival rate (Chomwisarutkun et al., 2012). However, the teat numbers vary greatly among different pig breeds, the total teat number of the Large White pig is approximately 14, while the numbers of the Chinese local pig breed, the Erhualian pig, reaches a maximum of 25 teats. The teat number of sows is a quantitative trait, controlled by micro-effective polygenes and breed-specific. The heritability of teat number also varies significantly by breed and strain, for instance, the American Large White is 0.42 and the Danish Large White is 0.17 (Fang et al., 2022), the American Duroc heritability is 0.34, Canadian Duroc heritability is 0.19 (Rohrer and Nonneman, 2017), the heritability of Taihu pig, a local pig in China, is 0.12–0.31.
Reproductive traits such as the total number of born, number of teats, and number of live born piglets are all quantitative traits, and their phenotypes are susceptible to gene-environment interactions, and the phenotypes are usually characterized by the combined effects of multiple quantitative trait loci (QTL), so traditional breeding programs are unable to achieve more significant genetic progress. In order to explore the patterns of genetic variation in quantitative traits, the field of swine breeding has been focusing on the localization of QTLs for quantitative traits as a research priority (Korte and Farlow, 2013). To date, a large number of QTLs have been identified in different populations through research and analysis, and these QTLs have been continuously recorded in the Pig Quantitative Trait Locus Database (Pig QTLdb) (Hu et al., 2022), and there are currently more than 2,000 QTLs for teat number, accounting for about 4% of the total QTLs in the Animal Quantitative Trait Locus Database.
Genome-wide Association Study (GWAS) is a method that utilizes the genetic variation information of a population to associate with phenotypic information in order to mine candidate genes associated with target traits. This method has been widely used to analyze the genetic mechanism of economic traits in livestock and poultry (Tian et al., 2020). For example, Deng et al. identified five candidate genes, WNT10B, AQP5, FMNL3, NUAK1, and CKAP4, which are functionally related to breast development by GWAS (Deng et al., 2024). Various analytical methods based on GWAS are also becoming more sophisticated. Cai et al. showed that meta-analysis through genome-wide association studies (GWAS meta-analysis) had more accurate predictive properties compared to GWAS (Cai et al., 2024). Moscatelli et al. (2020) identified 5 SNPs in chromosome (CHR) 7 of the Large White pig. Some of the remaining studies have also screened for SNPs associated with pig teat number on many chromosomes such as CHR 7 (Zhuang et al., 2020), CHR8, and CHR13 (Uzzaman et al., 2018), respectively, and screened for candidate genes such as VRTN, LIN52, and ABCD4. These genes have been shown to be directly or indirectly associated with teat number in pigs, such as ABCD4 is associated with mammary gland development and lactation (Guo et al., 2024; Yang et al., 2023).
The Dongliao Black Pig is a specialty breed in Liaoyuan, Jilin Province, China (Sun et al., 2024). It has excellent characteristics including adaptability, cold resistance and roughage tolerance. The breed is able to gain weight and survive the winter months with minimal facilities, demonstrating resilience to harsh conditions, effective social organization and a high farrowing survival rate in harsh housing conditions. In this study, Dongliao black pigs were used as experimental animals, and the distribution of left, right, and total teat numbers and teat pair numbers of research groups were counted, and individual genotyping was performed using the SNP chip. The heritability of teat number was estimated based on SNP chip data, and GWAS analysis between phenotypes and genotypes was performed in the whole population, combined with the relevant candidate QTLs in the pig QTL database and GWAS analysis to excavate candidate QTLs and genes significantly affecting the teat number and to functionally annotate the candidate genes, which provided theoretical references for the study of the genetic basis of the number of teats of the Dongliao black pig and the breeding improvement of breeding pigs.
2 MATERIALS AND METHODS
2.1 Phenotypic data
This study was conducted strictly in compliance with guidelines of experimental animals established by the Ministry of Agriculture of China, and was approved by the Laboratory Animal Welfare Ethics Committee of the Jilin University.
In the course of our experiment, we collected phenotypic data from 765 Dongliao black pigs, comprising 42 boars and 723 sows. All pigs were kept at a same farm, where all the environments and feeding materials were the same. For the purpose of further analysis, we recorded the left teat number (LTN), right teat number (RTN), total teat number (TTN), and teat pair number (TPN) of these pigs.
2.2 Genotypic data quality control
The study utilized the chip data of 765 Dongliao black pig genomes for SNP determination using the 50K chips. Because these microarray data were determined based on genomic data of sus scrofa v10.2, so the chip data were converted to align with the genomic data of sus scrofa v11.1 using the online tool of liftOver (https://genome.ucsc.edu/cgi-bin/hgLiftOver) (Perez et al., 2025). Subsequently, quality control is conducted in accordance with the PLINK (Chang et al., 2015). Autosomal SNP loci were retained. The samples with less than 90% SNP detection were excluded. The missing genotypes were imputed by Beagle (v5.4) (Browning et al., 2018). The loci with a minimum allele frequency (MAF) of less than 0.05 were excluded.
2.3 Statistical methods
HIBLUP (v1.5) (https://www.hiblup.com) (Yin et al., 2023) was used to estimate heritability and breeding values for LTN, RTN, TTN and TPN based on the above chip data and phenotypic values. Each trait was analyzed using a single trait animal model. The model equation is [image: Mathematical equation showing a linear model: \(y = Xb + Za + e\), where \(y\) is the dependent variable, \(Xb\) and \(Za\) are terms representing independent variables with coefficients, and \(e\) denotes error.], where [image: Please upload the image or provide a URL to generate the alternate text.] is the vector of phenotypic values for the trait; [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.] is the vector of fixed effects (mean term and sex); [image: It seems there was an error in your request. Please upload the image or provide a URL, and I can help generate the alternate text for it.] is the vector of additive genetic effects (breeding values); [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] is the vector of residual effects; [image: Please upload the image you would like me to describe.] and [image: Please upload the image or provide a URL for me to generate the alternate text.] are the correlation matrices corresponding to [image: I am sorry, but it seems you didn't upload any image. Please try uploading it again, and I’ll help you generate the alt text.] and [image: Please upload the image or provide a URL for me to help you generate the alternate text.], respectively. Heritability was estimated as [image: Mathematical formula depicting heritability: h squared equals sigma sub a squared divided by the sum of sigma sub a squared and sigma sub e squared.], where [image: It looks like you're referencing a mathematical expression or text but not providing an image. Please upload the image so I can generate the appropriate alt text for you.] is the individual additive genetic variance and [image: It seems like you uploaded a mathematical notation: \(\sigma^2_e\). This typically represents the error variance in statistics, where \(\sigma^2\) denotes variance and the subscript \(e\) indicates it is associated with errors or residuals.] is the residual variance.
GWAS was conducted using the Bayesian-information and Linkage-disequilibrium Iteratively Nested Keyway (BLINK) (Huang et al., 2019) and Fixed and random model Circulating Probability Unification (FarmCPU) (Liu et al., 2016) models in GAPIT (v3) (Wang and Zhang, 2021) based on the estimated breeding value data. Principal components (PC) were subjected to analysis using the GAPIT. The initial three PC were used as covariates. The core code of GAPIT used for the analysis is as follows:
	“GAPIT(Y = y, GD = X, GM = map, model = c (“Blink”, “FarmCPU”), PCA. total = 3, SNP.MAF = 0.05)”.

Significant SNPs were annotated through the Pig QTLdb (https://www.animalgenome.org/cgi-bin/QTLdb/SS/index) (Hu et al., 2022) and the online tool VEP (https://www.ensembl.org/info/docs/tools/vep/index.html). The function of genes were confirmed in the Ensembl database (https://www.ensembl.org) (Harrison et al., 2024). Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis were conducted using the DAVID online tool (https://david.ncifcrf.gov/tools.jsp). We checked and screened the genes through PigBiobank (Zeng et al., 2024) and iswine (Fu et al., 2020) databases. Candidate genes prioritization was primarily based on the p-values from the GWAS results, and then considered the pig QTLdb and gene functions.
3 RESULTS
3.1 Results of statistical data and genetic parameters
Phenotypic data were collected from 765 pigs and statistically analyzed for number of left teats, right teats, total teats, and teat pair numbers (Table 1). The mean (mean ± standard deviation) of LTN, RTN, TTN, and TPN were 6.36 ± 0.61, 6.47 ± 0.62, 12.83 ± 1.19, and 6.42 ± 0.59, respectively, and their coefficients of variation (C.V.) were in the range of 9%–10%. The heritability was calculated based on the 35,096 SNPs obtained after quality control, and the heritability estimates of the four traits were 0.083, 0.090, 0.091, and 0.097. Since the heritability of the teat pair numbers was higher than that of the other three traits, the GWAS analysis was conducted on TPN, while TTN was used as a reference.
TABLE 1 | Variance components and heritability of the traits.
[image: Table displaying statistics for four traits: LTN, RTN, TTN, and TPN. Means (±SD) range from 6.36 ± 0.61 to 12.83 ± 1.19. Minimum values are 5 or 10; maximum values are 8 or 16. Coefficient of variation (C.V.) percentages range from 9.26 to 9.66. Heritability (h²) with standard error varies from 0.083 ± 0.040 to 0.097 ± 0.041. P-values range from 0.017 to 0.032. Traits are clarified: LTN (left teat number), RTN (right teat number), TTN (total teat number), TPN (teat pair number).]3.2 GWAS analyze
The estimated breeding values for TPN and TTN were used for GWAS analysis. PCA plot are shown in the Supplementary Figure S1. The genome-level threshold of significance was 5.846 ([image: Mathematical equation: \( p = -\log_{10} \left(\frac{0.05}{35096}\right) \).]). Many significant SNPs were detected in both traits. The GWAS results using the BLINK model identified 42 and 87 SNPs significantly associated with TPN and TTN, respectively, and GWAS results using the FarmCPU model identified 38 and 26 SNPs significantly associated with TPN and TTN, respectively (Supplementary Figure S1). The Manhattan and Q-Q plots of the GWAS results are shown in Figure 1. These SNPs were distributed on all chromosomes. All the SNPs are listed in Supplementary Tables S1, S2.
[image: Four Manhattan plots labeled A to D compare genetic association analyses for TPN and TTN using FarmCPU and BLINK models. Each plot shows -log10 p-values across genomic positions, with a red threshold line. Taller bars indicate stronger associations. Separate Q-Q plots on the right display observed versus expected p-values, assessing the distribution's fit to expected predictions.]FIGURE 1 | Manhattan and QQ plots for the teat pair number (TPN) and the total teat number (TTN) traits based on the BLINK and FarmCPU models. The red line represents the genome-wide significant threshold and the value is 5.846.
3.3 Annotation and enrichment analysis
We annotated all significant loci from the GWAS results using bedtools software in combination with QTL databases and Ensembl annotations. Focusing on QTLs associated with reproductive traits, we identified a total of six significant SNP loci (Supplementary Table S3), four of which were specifically linked to the nipple count trait. Notably, the loci on chromosomes 14 and 17 were each mapped to specific genes: LIMK2 and TRPC4AP, respectively. Through Ensembl annotation, these SNPs were mapped to a total of 84 genes (all possessing official gene IDs), with 74 assigned specific gene names (Supplementary Material S4). Notably, this set included LIMK2 and TRPC4AP. A comprehensive evaluation was conducted to investigate the relationship between specific genes and pig teat number trait, this involved an extensive review of relevant databases, primarily PigBiobank and iswine alongside a detailed analysis of associated literature, aimed at identifying loci and candidate genes that have been either confirmed or proposed to be associated with this trait. The findings from this investigation are summarized in Table 2. The results of these genes annotation were analyzed by enrichment in the GO database and the KEGG database by DAVID. The KEGG pathway of Oxytocin signaling pathway (ssc04921), the GUCY1A1 and RYR3 genes have been implicated in this pathway. Based on this evidence, we propose that these two genes are likely the primary contributors to the variation in pig teat number.
TABLE 2 | Candidate genes and related information.
[image: Table displaying genomic data with columns: chromosome (CHR), position (POS), p-value, traits, gene, and related study. It includes entries for specific genes like CSNK1G1 and PLEKHM2, among others, with related studies spanning from Ding et al. (2009) to Verardo et al. (2016). Traits are marked as F.TT, B.TT, and B.TP, indicating the models of GWAS and types of traits analyzed.]4 DISCUSSION
Sows’ milk constitutes a source of nutrition for newborn piglets. The capacity of the sow to produce milk exerts a profound influence on the growth and health status of the piglets, with these effects persisting even after weaning. The lactation capacity of sows can be enhanced by the number of teats they possess, a trait that is also heritable. The mean values of LTN, RTN, and TTN in this study were 6.36, 6.47, and 12.83, respectively, and this number is lower than that of some Chinese local pig breeds (Erhualian pig (Tang et al., 2017), Qingping pig (Liu et al., 2022)) and some commercial pig breeds in other countries (Large White, Landrace (van Son et al., 2019)). In this study, the heritability of the teat pair number of Dongliao Black pigs was 0.097 and the heritability of the total teat number was 0.090, which were significantly lower than the rest of the breeds that have been reported (Fang et al., 2022; Rohrer and Nonneman, 2017; van Son et al., 2019), suggesting that the heritability of the trait is low. However, the current study showed that the number of teats in pigs is less influenced by the environment and more influenced by genetic factors (Li et al., 2021). Therefore, we believe that it is more difficult for Dongliao Black pigs to increase the number of teats and can be genetically stabilized by within-population selection, and whether we should consider breeding by crossbreeding with populations with high heritability for teat number.
In this study, we screened 74 and 105 SNPs associated with TPN and TTN, respectively (Supplementary Tables S1, S2), and these SNPs screened were basically distributed on all chromosomes, which is consistent with the previous results on other reproductive traits in Dongliao black pigs (Sun et al., 2024), this suggests that the genes affecting reproductive traits including teat number may be the same, and that all of these reproductive traits are under the control of multiple genes.
Genetically annotating these SNPs, we identified some key genes, CSNK1G1, PLEKHM2, CABLES1, SLC25A21, RYR3, PIGH, GUCY1A1, RAPGEF2 and TRPC4AP. And TRPC4AP were reported to be associated with porcine teat number in the QTL database. PIGH was found to be associated with the metabolism of milk fat in dairy cows (Feng et al., 2024), and Zhou et al. (Jiawei et al., 2022) also identified PIGH as one of the candidate genes affecting the number of teats in Canadian line Large White pigs in their study as well. RYR3 is ryanodine receptor 3, one of the cellular calcium ion transport proteins, and is associated with meat quality (Wu et al., 2020), so we considered that it might be associated with the number of teats in pigs. Based on the aforementioned analysis, it can be conclusively demonstrated that these genes play a crucial regulatory role in determining teat number in Dongliao black pigs. Through GO and KEGG enrichment analyses, we identified that both GUCY1A1 and RYR3 are significantly involved in the oxytocin-mediated signaling pathway (ssc04921). Based on this evidence, we propose that GUCY1A1 and RYR3 represent the key regulatory genes influencing teat numbers. Our future research efforts will focus on conducting functional validation studies to confirm their specific roles in regulating teat number.
5 CONCLUSION
In our study, the heritability of the teat number trait in Dongliao black pigs were 0.091 (TTN) and 0.097 (TPN). Through GWAS, we identified a total of 74 significant SNPs associated with TPN and 105 significant SNPs associated with TTN at the genome-wide level. Furthermore, we identified nine candidate genes associated with teat number, namely CSNK1G1, PLEKHM2, CABLES1, SLC25A21, RYR3, PIGH, GUCY1A1, RAPGEF2 and TRPC4AP. Notably, 2 genes (GUCY1A1 and RYR3) were enriched in the Oxytocin signaling pathway. These findings provide valuable insights into the genetic mechanisms underlying teat number variation in Dongliao black pigs and offer a foundation for further investigations into optimizing reproductive performance in pig breeds.
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Introduction: Mutton has the advantages of delicious taste, high nutrition, and easy digestion. It is important to improve the production and quality of mutton in mutton sheep breeding. Microsatellite locus marker-assisted breeding is widely used to breed excellent traits of various species. It is important to search for microsatellite markers related to the economic traits (mutton production and fat content) of mutton sheep.
Methods: This study aimed to explore the relationship between 11 microsatellite loci of Texel × Kazakh sheep and 12 economic traits and to seek potential loci related to the mutton production (PW: Pre-slaughter weight, CW: Carcass weight, TAW: Total breast and abdomen weight, TLT: Total weight of left anterior tendon, TLL: Total weight of left hip and leg, LD: Longissimus dorsi, OMA: Ocular muscle area) and fat deposition levels (TFW: Tail fat weight, MFW: Mesenteric fat weight, KFW: Kidney fat weight, BFT: Back fat thickness and GR: GR value) of mutton sheep.
Results: Genetic analysis of the 108 Texel × Kazakh sheep hybrid population revealed 81 alleles across all loci, with a mean number of alleles (MNA) of 7.364. The population exhibited moderate observed heterozygosity (Ho = 0.610), high expected heterozygosity (He = 0.785), and substantial polymorphism (polymorphism information content, PIC = 0.759), indicating robust genetic diversity. Notably, the AMEL locus demonstrated significant associations with MFW (η2 = 0.319) and KFW (η2 = 0.347), while the INRA023 locus influenced CW (η2 = 0.260) (adjusted p < 0.05). No other loci showed statistically significant trait correlations after multiple-testing correction. The HH genotype at AMEL and AD genotype at INRA023 emerged as pivotal molecular markers, collectively explaining 26.0–34.7% of phenotypic variance in meat yield traits.
Discussion: These findings establish a theoretical framework for precision breeding strategies, offering actionable solutions to enhance meat productivity in ovine populations through marker-assisted selection (MAS).
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1 Introduction

As the population expands and living conditions improve, mutton has emerged as a crucial component of the human diet. Compared to other meats, mutton offers not just a delightful flavor but also greater nutritional benefits and is more readily digestible and assimilable (1, 2). Xinjiang boasts the highest per capita mutton consumption rate nationwide (3). Given the economic importance of mutton production, molecular breeding techniques like microsatellite marker-assisted selection have become crucial for genetic improvement. In eukaryotic genomes, microsatellite markers consist of brief, tandem repeat sequences that are uniformly dispersed. They exhibit significant polymorphism across individuals and demonstrate abundant distribution. Their application is extend to various domains such as genetic diversity analysis genetic diversity in populations and pinpointing molecular sites for enhancing traits (4–7). Presently, research on genetic diversity has been conducted on various species, including poultry, sheep, goats, cattle, buffaloes, and reindeer (8–11). The production of mutton and fat deposition levels in sheep directly impact their economic value. The technique of microsatellite-marker-assisted selection breeding has been utilized to enhance meat yield and fat levels in diverse animal breeds. As an illustration, the genetic variation in the ADL0019 microsatellite locus markedly influences the body mass of Hyogo-Ajidori chickens when they are 16 weeks old (12). Researchers identified significant associations between mutton production and seven microsatellite markers in Santa INÊS and hybrid sheep (13). There was a notable correlation between a polymorphism in the microsatellite locus of the Six1 gene’s promoter region in the Pietrain × Duroc × Landrace × Yorkshire pig population and factors like weaning weight, carcass weight, and thoracolumbar back fat (14). There was a notable correlation between the BM1500 microsatellite locus and various fat levels (rib fat, average fat, great fat, and marbling) in beef cattle (15). Consequently, pinpointing microsatellite loci linked to the economic traits of mutton sheep holds significant importance for mutton sheep breeding programs.

The Texel × Kazakh sheep merges the benefits of both breeds, offering advantages like robust resistance to diseases, rapid growth, superior mutton quality, and a high rate of mutton production. This hybrid is extensively reared in Xinjiang (16, 17). Consequently, using the Texel × Kazakh sheep as a model is apt for analyzing the economic traits of mutton sheep in Xinjiang. The study aims to investigate genetic variations the genetic variation of 11 microsatellite sites within the Texel × Kazakh sheep group and to explore the relationship between each genetic variant of these sites and economic traits like mutton production (PW, CW, TAW, TLT, TLL, LD, OMA) and fat deposition levels (TFW, MFW, KFW, BFW, GR). The goal is to pinpoint the microsatellite sites linked to mutton production characteristics and fat levels in Texel × Kazakh sheep, offering a theoretical foundation and technical aid for enhancing mutton production.



2 Materials and methods


2.1 Animals and sample preparation

All experimental procedures and animal ethics were approved by the Institute of Biotechnology, Xinjiang Academy of Animal Sciences (Xinjiang, China, Approval No. JXM-KX-20180304). The experimental animals in this study were sourced from the Sheep Breeding Laboratory at the Xinjiang Academy of Animal Sciences, with a total of 108 sheep (50 rams and 58 ewes). All sheep were healthy, disease-free, and raised under consistent conditions. Researchers performed sampling and measurements at the Sheep Breeding Laboratory at the Xinjiang Academy of Animal Sciences. After collection from sheep, ear tissue samples were immediately placed into, and stored at −20°C for subsequent DNA extraction. All sheep were slaughtered, and 12 traits related to mutton production and fat deposition levels were measured, including mutton production (PW, CW, TAW, TLT, TLL, LD, OMA) and fat deposition levels (TFW, MFW, KFW, BFW, GR). The specific statistical results are presented in Table 1.



TABLE 1 Production data of the 108 Texel × Kazakh sheep.
[image: Table displaying various traits related to mutton production and fat deposition levels. Columns include Trait, Parameter Code, Name, Sample, Minimum, Maximum, and Mean ± Standard Error. The data shows values for different measurements such as pre-slaughter weight, carcass weight, mesenteric fat weight, and others, all with a sample size of 108. Each trait has specific minimum, maximum, and mean values with standard error provided.]



2.2 Genomic DNA extraction

DNA was extracted from sheep ear tissues using the QIAamp 96 DNA QIAcube HT Kit (Cat.#51,331; QIAGEN, Hilden, Germany). Genomic DNA integrity was then examined by 1.0% agarose gel electrophoresis. DNA concentration was determined by a NanoDrop ND-2000 Spectrophotometer (NanoDrop Technologies, Wilmington, DE, United States). Qualified samples demonstrating OD260/OD280 ratios of 1.8–2.0 were selected were diluted to a concentration of 50 ng/μL and stored at −20°C for future use in further genotype analysis.



2.3 Selection and genotyping of microsatellite loci

In this study, 11 sheep microsatellite loci with high genetic diversity and amplification were selected based on recommendations from the amplification results of the International Society for Animal Genetics (ISAG)1 and the Food and Agriculture Organization of the United Nations (FAO).2 Using the DNA of 10 Texel × Kazakh sheep as a template, 11 pairs of microsatellite primers were subjected to gradient PCR tests, setting the annealing temperature gradient between 50°C and 60°C to determine optimal annealing temperatures and PCR amplification conditions for the microsatellite loci. Primers were custom-synthesized by Sangon Biotech (Shanghai, China); the primer information is shown in Table 2.



TABLE 2 Microsatellite labeled primer sequences.
[image: Table listing genetic loci, primer sequences (forward and reverse), annealing temperatures in degrees Celsius, and product lengths in base pairs for various markers including AMEL, CSRD247, ETH152, and others.]

Amplified using primers on the SensoQuest LabCycler, as recommended by the ISAG. The total volume of the PCR reaction system was 25 μL, which consisted of 12.5 μL of 2 × Easy Taq Super Mix, 1 μL of template DNA, 0.5 μL each of the upstream and downstream primers at a concentration of 10 μmol·L−1, and 10.5 μL of ddH₂O. The PCR amplification procedure was as follows: pre-denaturation at 95°C for 10 min; denaturation at 95°C for 40 s, annealing at the optimal annealing temperature for 30 s, and extension at 72°C for 60 s, with a total of 30 cycles; extension at 72°C for 10 min; and storage at 4°C. After the PCR products were detected by 2.0% agarose gel electrophoresis, genotyping was performed using the Fragment Analyzer™ automated capillary electrophoresis instrument, and the allele results were read using PROSize 3.0.



2.4 Data statistical analysis

After the original data was organized using Microsoft Excel 2016, individuals showing ≥4 validated genotypes, and R 4.3.1 software was used to analyze data such as the number of alleles (Na), observed heterozygosity (Ho), expected heterozygosity (He), and the polymorphism information content (PIC) of the microsatellite loci.

Genetic association analyses were performed on the R statistical platform (version 4.3.1) following this workflow: (1) Linear model construction: Generalized linear models (GLM) were implemented using the lm() function to assess genotype effects on phenotypic traits, with the model formula specified as:

[image: The image shows an equation: \( Y_{ijk} = \mu + G_i + S_j + e_{jlk} \).]

In the formula: Yijk represents the individual phenotypic value, μ represents the population mean value, Gi represents the fixed effect of the individual genotype, Sj represents the individual sex effect, and eijk represents the random residual effect.

(2) Hypothesis testing and correction: Analysis of variance (ANOVA) was conducted using the anova() function to evaluate genotype main effects. Raw p-values were adjusted by Bonferroni correction (correction factor = 132, corresponding to the number of locus × trait combinations) to control family-wise error rate in multiple testing; (3) Effect size estimation: The η2 values quantifying the proportion of phenotypic variance explained by genotypes (range 0–1) were computed using the eta_squared() function from the effect size package, Small effect: η2 < 0.01;Medium effect: 0.01 ≤ η2 < 0.14;Large effect: η2 ≥ 0.14 (18); (4) Post-hoc multiple comparisons: For loci passing the significance threshold (adjusted p < 0.05), pairwise comparisons were performed using the least significant difference (LSD) method implemented in the LSD.test() function from the agricolae package. Results were presented as “mean ± standard deviation” to demonstrate inter-group differences; (5) Statistical significance thresholds were defined as: *p < 0.05, **p < 0.01.




3 Results


3.1 Genomic DNA detection and electrophoresis typing

After the DNA extracted from the tissue samples was detected by 1.0% agarose gel electrophoresis, the DNA bands were clear. After the PCR amplification products were detected by 2.0% agarose gel electrophoresis, there were no obvious miscellaneous bands, and no primer dimers were generated, which could be used for subsequent experiments. Allele typing was performed using the Fragment Analyzer™ automated capillary electrophoresis system, and alleles were read using PROSize 3.0. The results demonstrate that the peak patterns in the electrophoresis diagrams were fairly distinct and complete. The typing results are shown in Figure S1.



3.2 Analysis of microsatellite genetic diversity

As presented in Tables 3, a total of 81 alleles were detected across 11 microsatellite loci in the Texel × Kazakh sheep population. The AMEL, CSRD247 and MAF214 locus exhibited the highest number of alleles (Na = 9), while ETH152 and MCM527 showed the lowest (Na = 5), with a mean of 7.364 alleles per locus. The observed heterozygosity (Ho) ranged from 0.385 to 0.862, with the MAF214 locus displaying the lowest value (Ho = 0.385) and the INRA172 locus the highest (Ho = 0.862), yielding an average Ho of 0.610. The expected heterozygosity (He) varied between 0.608 and 0.51, where the CSRD247 locus recorded the minimum (He = 0.608) and the MAF214 locus the maximum (He = 0.851), resulting in a mean He of 0.785. The polymorphic information content (PIC) values spanned from 0.589 to 0.834, with the CSRD247 locus showing the lowest PIC (0.589) and the MAF214 locus the highest (0.834), averaging 0.759 across all loci. All microsatellite loci demonstrated high polymorphism (PIC > 0.5). These results confirm that the 11 microsatellite markers are polymorphic and suitable for evaluating genetic diversity in Texel × Kazakh sheep.



TABLE 3 Genetic polymorphism information of the 11 microsatellite loci.
[image: A table displays genetic loci data with columns for locus name, number of samples (N), number of alleles (Na), observed heterozygosity (Ho), expected heterozygosity (He), and polymorphism information content (PIC). Each row lists values for a specific locus, with a mean row at the bottom showing average values: Na 7.364, Ho 0.610, He 0.785, and PIC 0.759.]



3.3 Association analysis between microsatellite loci and economic traits

As presented in Table 4, microsatellite-based association analysis revealed significant genetic influences: The AMEL locus demonstrated substantial effects on both MFW (adjusted p = 0.043) and KFW traits (adjusted p = 0.010), while the INRA023 locus was significantly associated with CW (adjusted p = 0.044). No other loci showed statistically significant correlations with the target traits after multiple testing correction.



TABLE 4 Decoding the genetic influence of AMEL and INRA023 microsatellites on MFW, KFW, and CW Traits.
[image: A data table comparing traits across genotypes for loci MFW, KFW, and CW. It includes mean, standard deviation (SD), significance (Sig), and adjusted-P values for various genotypes such as HH, GG, II, among others. The traits listed are AMEL and INRA023. Adjusted-P values and a measure labeled η² are noted on the right side.]

Post quality control, the AMEL locus comprised 12 genotypes for MFW, with phenotypic values ranging from 162.5 ± 146.09 (CF) to 634.6 ± 325.4 (HH). High-performance genotypes (HH, GG, II; mean range: 634.6–552.2) exhibited significantly elevated phenotypic values compared to low-performance genotypes (CI, DJ, CH, CF; 241.38–162.5; p < 0.05). Intermediate genotypes (DI, GI, JJ, AG, BH; 487.86–412.5) showed no significant differentiation from either extreme group (p > 0.05), accounting for 31.9% of phenotypic variance (η2 = 0.319). For KFW, phenotypic values spanned 148.0 ± 47.06 (CH) to 492.0 ± 179.97 (HH). The HH genotype (492.0) significantly outperformed low-value genotypes (BH, CH, DJ; 227.0–148.0; p < 0.05) but displayed comparable performance to intermediate genotypes (JJ, GG, GI; 458.25–358.88), with stronger genetic regulation (η2 = 0.347).

The INRA023 locus, associated with CW (adjusted p = 0.044), contained 9 genotypes showing phenotypic variation from 17.49 ± 4.86 (BB) to 26.36 ± 2.99 (AD). The AD genotype demonstrated superior phenotypic expression, significantly surpassing all other genotypes (p < 0.05). The CH genotype (21.24 ± 4.22) exhibited a marginal yet significant advantage over the lowest-performing group (EE, BB; 18.62–17.49; p < 0.05), whereas intermediate genotypes (AF, EH, CC, BH, GG; 20.12–18.98) lacked intra-group differentiation, reflecting moderate genetic control (η2 = 0.260).

Both loci exhibited large effect sizes (η2 > 0.26) across three economically critical traits, exceeding the conventional threshold for substantial genetic influence (Cohen’s benchmark: η2 > 0.14). The HH genotype at AMEL and AD genotype at INRA023 emerged as pivotal molecular markers for meat sheep breeding, explaining 26.0–34.7% of phenotypic variance. These results establish a robust framework for functional genomics investigations and precision breeding strategies.




4 Discussion

Genetic improvement of livestock is inseparable from abundant genetic variation, and the genetic diversity of microsatellite loci can well reflect the genetic variation status of a population (19).

The study selected 11 microsatellite loci to analyze the genetic diversity of the Texel × Kazakh sheep population. As can be seen from the genetic diversity parameters such as the number of alleles, heterozygosity, and polymorphic information content shown in Table 3, the Texel × Kazakh sheep population has a relatively high level of genetic diversity. All the 11 microsatellite loci selected in this study had more than 4 alleles, with an average number of alleles being 7.364. The mean NA value of the Texel × Kazakh sheep population was lower than that of 14 sheep breeds in Iran (19), five Turkish sheep breeds (Gökçeada, Kıvırcık, Karacabey Merino, Sakız, and Pırlak) (MeanNA: 11.89) (20, 21), five Kazakhstani sheep populations (MeanNA: 13.416) (22), seven Montenegrin sheep breeds (MeanNA: 13.5) (23), and 11 native sheep breeds in India (24), but higher than the three populations of Kari sheep (25) and Nellore sheep (26). The magnitude of the expected heterozygosity (He) of a population can be attributed to the number of alleles detected at the selected microsatellite loci (27). In the results of this study, the He values were all greater than 0.6, and the average He value was 0.785, which was similar to the results of 24 sheep populations in Turkey (20, 21), Kazakhstan (22) and Iran (19), and higher than that of 30 sheep populations in Montenegro (23), Croatia and Bosnia and Herzegovina (28) and India (25), as well as three populations of Kari sheep (25), Nellore sheep (26) and China hu sheep (29). Among the 11 markers, the Ho values of 10 markers were greater than 0.5, and the mean Ho value was 0.610, which was relatively low compared with the results of other studies (19–26, 28). The polymorphic information content (PIC) usually reflects the polymorphism of microsatellite loci. When the PIC value is greater than 0.5, the population is considered to be highly polymorphic, and when the PIC value is greater than 0.7, the microsatellite locus is regarded as a relatively good locus (30–32). In this study, the PIC values of 10 out of the 11 loci were greater than 0.7, and the average PIC value was 0.759, indicating that the Texel × Kazakh sheep population in this study had a high level of polymorphism and that the selected 11 microsatellite loci were suitable for the correct assessment of the genetic diversity of the Texel × Kazakh sheep population and the association analysis with economic traits. The PIC values in the results of this study were higher than those reported by Ibrahim et al. (25), Jeyakumar and Ramachandran (26), and Sun et al. (29), similar to the results reported by Öner et al. (20), Dossybayev et al. (22), and Marković et al. (23), but lower than the results of Vajed Ebrahimi et al. (19) and Yilmaz et al. (21).

Microsatellite marker-assisted selection for economic traits has been applied in many kinds of animals (9, 33, 34), and the amount of mutton production directly determines the economic benefits of mutton sheep. For example, Tatsuda (12) found in their study that the body weight at 16 weeks of age of the DD genotype at the ADL0019 microsatellite locus in Hyogo-Ajidori chickens was higher than that of the CC genotype. Petroli et al. (13) showed that seven microsatellite markers in SANTA INÊS AND CROSSBRED sheep were significantly associated with the mutton production of sheep. Wu et al. (14) found that there was a microsatellite locus in the promoter region of the Six1 gene in the Pietrain × Duroc × Landrace × Yorkshire pigs population, and its polymorphism was significantly associated with weaning weight, carcass weight, and thoracic, lumbar and dorsal fat.

Fat deposition level is one of the important production traits, and the functions of fat in different parts are different. In this study, a total of five traits were focused on, including tail fat weight, mesenteric fat weight, kidney fat weight, back fat thickness, and GR value. Fitzsimmons et al. (15) found in their study that the 139 bp allele at the BM 1500 microsatellite locus could significantly increase rib fat, average fat, great fat, and marbling, and reduce the lean meat percentage of ribs, while the effect of the 147 bp allele was the opposite. Wu et al. (35) found that the SJ158 gene locus in the CA3 gene of Yorkshire × Meishan pigs was significantly associated with fat percentage, lean meat percentage, visceral fat percentage, backfat thickness at the 6th–7th thoracic vertebrae and backfat thickness at the buttocks. Compared with pigs of other genotypes, pigs with the AA genotype had the highest lean meat percentage, the lowest fat percentage, and slaughter percentage, while pigs with the BC genotype had the highest fat percentage, visceral fat percentage, and backfat thickness. Allele A of Yorkshire pigs was related to an increase in lean meat percentage and rib number and a decrease in fat percentage.

The INRA023 locus, recommended by the International Society for Animal Genetics (ISAG) as a microsatellite marker for sheep, exhibits high polymorphism and is commonly employed in genetic diversity analysis and parentage verification. Dossybayev et al. (22) identified 16 alleles at this locus in Kazakh sheep populations, demonstrating exceptional polymorphism (Polymorphism Information Content, PIC = 0.8654). Similar findings were reported by Isakova et al. (36) in Kyrgyzstan Mountain Merino sheep. In contrast, the AMEL locus, localized to sex chromosomes, has been utilized as an auxiliary marker for genetic diversity studies due to its sequence conservation. Oner et al. (37) observed that the AMEL locus in Turkish native sheep breeds exhibits Y-chromosomal sequence conservation without polymorphism, primarily serving as a sex-specific marker. Notably, prior studies have not established associations between the INRA023 and AMEL loci with economically significant traits.

Our results revealed substantial genetic effects (large effect sizes) for the AMEL locus on MFW and KFW, and for the INRA023 locus on carcass width (CW). Specifically, the HH genotype at the AMEL locus and the AD genotype at the INRA023 locus emerged as pivotal candidate markers for meat sheep breeding.



5 Conclusion

This study identified 11 microsatellite loci exhibiting high genetic diversity in the Texel × Kazakh sheep hybrid population. Notably, the AMEL locus (associated with Meat Fat Weight, MFW and Kidney Fat Weight, KFW) and INRA023 locus (associated with Carcass Width, CW) demonstrated significant correlations with meat production traits and adiposity. Substantial genetic effects were observed for the AMEL locus on MFW (η2 = 0.319) and KFW (η2 = 0.347), as well as for the INRA023 locus on CW (η2 = 0.260). The HH genotype at the AMEL locus and the AD genotype at the INRA023 locus emerged as pivotal candidate markers for meat sheep breeding programs. These findings provide a theoretical foundation for optimizing breeding strategies and trait improvement in meat sheep, while establishing a technical framework to address challenges in enhancing meat yield productivity.
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Background: Beef on Dairy (BoD) calves are born from the crossing of dairy cows with beef breeds. The genetic architecture of these calves differs significantly from the parent breeds due to heterosis and other dominance effects. Identification of the genomic regions associated with traits in BoD calves and the inheritance pattern of these regions can assist in the selection process. We conducted a genome-wide association study (GWAS) for Belgian blue and Angus crossbreds born from a Holstein dam, incorporating additive and dominance effects to identify genomic regions associated with birth weight, calving difficulty, and gestation length. Additionally, a haplotype-based GWAS was performed to compare the effectiveness of these two different methodologies and to identify the parental origin of the haplotypes based on similar allelic patterns between crossbred and parental breeds.Results: The heritability estimates for birth weight, calving difficulty, and gestation length were 0.29 (±0.03), 0.36 (±0.04), and 0.09 (±0.03), respectively. Using SNP-based GWAS for birth weight, a genomic region containing the GABRG1 gene on BTA 6 was identified. In addition, the haplotype-based analysis identified three more genes (CSER1, FAM13A, and LCORL) associated with birth weight. Incorporating dominance effects into the GWAS model led to the identification of an additional gene, SPP1, related to birth weight. For calving difficulty, SNP-based GWAS in Angus crossbreds revealed a genomic region containing the KCNIP4 gene. Most of the haplotypes associated with these traits originated from the three parental breeds, but six unique haplotypes for Angus and Belgian blue were identified.Conclusion: Based on this study, Haplotype GWAS was found to have superior statistical power in the identification of associated genomic regions in BoD crossbreds. However, for traits such as calving difficulty, SNP-based GWAS proved to be more effective. Both approaches are essential for the identification of genomic regions associated with traits of interest in BoD calves.Keywords: beef-on-dairy, haplotypes, birth weight, calving difficulty, gestation length
INTRODUCTION
Mating dairy cows with beef bulls (Beef-on-Dairy, BoD) has become increasingly popular in recent years. This trend is aimed at producing calves with higher monetary value because such calves are expected to have better growth rates and superior carcass characteristics compared with purebred dairy calves (Bittante et al., 2023). However, at the same time, risk of calving difficulty is higher when applying BoD. The birth weight (BW) of the calf and the gestation length (GL) of the dam are well-known factors that influence calving difficulty (CD) (Kargo et al., 2014; Jenkins et al., 2016). In this regard, selection of beef sires to be used in dairy herds, which show a balanced genetic potential for optimal growth and calving ease are of high interest for farmers. To identify such bulls in view of negative genetic correlations between birth weight and calving ease requires a better understanding of the genetic architecture of relevant traits. This is especially important in crossbreeding systems where the performance of crossbred calves may vary from the purebred counterparts also due to heterosis and breed complementary effect (González-Diéguez et al., 2020; Khansefid et al., 2020). In the last 2 decades, genome-wide association studies (GWAS) have demonstrated their large potential to identify genes associated with different traits in cattle breeding, thereby pinpointing the selection process (Zhang et al., 2022). Traditionally, GWAS in purebred populations focuses on the additive effects associated with single-nucleotide polymorphisms (SNP), but for crossbred populations with differences in genetic architecture, the inclusion of dominance effects can help in identifying quantitative trait loci (QTL) influencing traits with low to moderate heritability (h2) (Zhang et al., 2008). Dominance described as non-additive interactions of different alleles at a specific locus is a major phenomenon to explain heterosis effect in animal breeding (Visscher et al., 2000). Especially in crosses of two different breeds interactions of differently selected alleles can account for a major fraction of the genetic variation (Cui et al., 2023). Historically, estimation of dominance based on pedigree data has been notoriously difficult due to the requirement of large numbers of full-sib families. But since the development and accessibility of large SNP panels, reliable estimation of dominance effects has become possible (Vitezica et al., 2013). Along with the SNP-based GWAS, GWAS based on haplotypes can also be of significant interest when analyzing crossbred populations due to the inheritance of such blocks with lower probability of recombination (Gabriel et al., 2002; Bovo et al., 2021). It has been shown that GWAS based on haplotypes can outperform SNP-based GWAS by exploiting aggregated effects of consecutive SNPs for quantitative traits, where individual loci usually have a small effect (Bickel et al., 2011). Additionally, haplotype blocks can be used to determine the parental origin of the regions with significant association for the traits of interest (Vandenplas et al., 2016). This can assist in making informed decisions about the selection of the sires with desired genetic architecture for the traits of economic interests. This study compares different approaches of GWAS based on SNP and haplotype blocks in BoD crossbreds for the traits BW, GL and CD and identifies genomic regions harbouring relevant genes associated with the traits. GWAS analyses are based on single SNPs as well as on haplotypes. In addition, haplotype blocks with significant association are traced to the respective parent breed to identify the origin of the gene variants in the crossbred population.
MATERIALS AND METHODS
Data and trait description
This study used 4,118 BoD crossbred calves sired by Belgian Blue (WBB) or Angus (ANG) and born to Holstein (HOL) dams. Between December 2021 to December 2023, the weight of calves was recorded once at the age of 0–40 days on 225 dairy farms in Schleswig-Holstein, Germany. Information regarding the insemination date and parity number of the dam, birth date and sex of the calf, type of birth (singleton or twin) and calving difficulty (CD) recorded on the official German scale (Arbeitsgemeinschaft Deutscher Rinderzüchter; organization of cattle production in Germany) and converted into binary scale (coded, 0 = no difficulty, 1 = difficult calving) was available. Gestation length (GL) was calculated as the duration (in days) between the date of insemination and the date of calving. Recorded values for weight and gestation length deviating ±4 SD from the mean were removed to filter for outliers. Additionally, twin calvings and farms with less than two observations were excluded from the analysis. After editing, 285 animals were excluded from the analysis and the final dataset contained 3,833 calves from 116 farms.
3,530 crossbred calves were genotyped using EuroG MD BeadChip (Illumina Inc). Quality control of genotypes was performed separately within ANG and WBB crossbreds, respectively, using PLINK 1.9 (Chang et al., 2015). SNPs with a minor allele frequency of <1%, a call rate lower than 90% and SNPs that deviate from the Hardy–Weinberg equilibrium at threshold of 1 × 10−6 along with variants located on sex chromosomes were excluded from the analysis (Supplementary Table S1).
Estimation of birth weight of calves
In order to approximate the birth weight (BW) of the calves recorded not at the day of birth, a correction of measured weight was performed within each breed using the following linear regression model (Equation 1):
[image: Mathematical equation expressing a model: \( y_{e} = \mu + AGE_{e} + e_{e} \).]
where yg was the measured weight (kg) of a calf within the sire breed WBB or ANG, AGEg represented the regression of calf’s age at the day of measurement (g = 0, … ,40) and e.g., was the residual term. The model was fitted in R (Becker et al., 1988) using the package lme4 (Bates et al., 2015). BW of the calf was calculated by subtracting the average predicted weight gain over the period of time from the measured weight of the calf.
Analysis of population structure
Population stratification of the animals under study was examined using principal component analysis (PCA) in the individual breeds but also in the combined population (COM) via PLINK 1.9 (Chang et al., 2015). The first three components of PCA were used for visualization.
Haplotype phasing and block construction
Haplotype phasing was conducted using SHAPEIT v2 (Delaneau et al., 2013) for each autosomal chromosome with default parameters for MCMC iteration combined with pedigree information using–duoHMM option to apply pedigree based post hoc haplotypes correction (O’connell et al., 2014). Haplotypes for Bos taurus autosomes (BTA) 1 to 29 were combined and converted into the binary format using the R package GHap (Utsunomiya et al., 2016). For further analysis, haplotype blocks were generated with a sliding window of five consecutive SNPs as this approach has been found to have the highest power to detect associated QTLs (Braz et al., 2019).
Variance components and statistical model for GWAS
Genetic parameters for BW, GL and CD were estimated by using both univariate additive models and dominance models. SNP-based variance components were estimated using restricted estimation of maximum likelihood (REML) using the software GCTA (Yang et al., 2011) while narrow sense heritability for the trait was estimated as [image: Formula illustrating the heritability equation: \(h^2 = \sigma_a^2 / \sigma_p^2\), where \(h^2\) represents heritability, \(\sigma_a^2\) is the additive genetic variance, and \(\sigma_p^2\) is the phenotypic variance.] where [image: The image shows a mathematical expression with the Greek letter sigma (σ) raised to the power of two, divided by the subscript "a."] represents the additive genetic variance and [image: Please upload the image or provide a URL so that I can generate the alternate text for you.] is the phenotypic variance.
GWAS were performed for each trait using univariate single SNP regression mixed linear models in GCTA (Yang et al., 2011). The additive model was (Equation 2):
[image: Equation representing a linear model: \( y = Xb + Wa + Zu + e \).]
where y is the vector of phenotypes (BW, GL or CD); b is a vector of fixed effects (herd-year-season, sex, parity number, first three principal components as covariates), a is the vector of polygenic effects with [image: Probability notation showing that variable a follows a normal distribution with mean zero and variance G times sigma squared sub a.], where G is the genomic relationship matrix (grm) (Yang et al., 2010) and [image: Certainly! Please upload the image or provide a URL so I can generate the alternate text for you.] is the additive genetic variance, u is the vector for SNPs for homozygous major and minor (0,2) and heterozygous alleles (1) and e is the random residual effect with [image: Mathematical notation showing a variable \( \mathbf{e} \) following a normal distribution with a mean of zero and a covariance matrix expressed as \( I\sigma_e^2 \).], where [image: It seems like the input is not an image. Please try uploading the image file directly or provide a description or URL, and I can help generate the alternate text for it.] is the residual variance and I, X, W and Z represent incidence matrices for b, a, u and e respectively. For the GWAS model based on haplotypes, a represents the vector of polygenic effects, where the estimation of G is based on haplotypes.
For the dominance model (Equation 3), a modified version of Equation 2 was used:
[image: Equation showing a linear relationship: y equals Xb plus Wa plus Wd plus Zu plus e.]
where d is the vector of dominance effects with [image: Equation depicting a probability distribution: \( \mathbf{d} \sim \mathcal{N}(0, D \sigma_d^2) \), indicating that \(\mathbf{d}\) follows a normal distribution with mean zero and variance \(D \sigma_d^2\).], where D is the dominance grm (Equation 4) defined as
[image: Mathematical expression for \( D_k \) equals \( \frac{1}{m} \sum (w_{D(i)} w_{D(ik)}) \), labeled as equation four.]
where m is the number of SNPs, wD(ij) and wD(ik) dominance encoded genotypes, [image: The image shows the mathematical notation for variance, represented by the Greek letter sigma squared, with a subscript "d."] is the dominance variance and u is the vector with the modified version of SNP coding (homozygous (0) and heterozygous (1) alleles). All the remaining variables are the same as in the Equation 2. Dominance variation at all SNPs was defined as [image: The equation shows delta squared equals sigma sub d squared.]/([image: Mathematical expression showing the sum of three squared variables: sigma squared sub a plus sigma squared sub d plus sigma squared sub e.]). The significance threshold for the SNPs was determined using Bonferroni correction, where a p-value of P < (0.05/N), with N representing the number of SNPs or pseudo-SNPs analyzed in the GWAS, indicates statistically significant associations. A suggestive association level was set at P < (1/N).
Linkage disequilibrium and annotation of associated SNPs
Linkage disequilibrium (LD) for each crossbred population was measured as the correlation coefficient r2 (Hill and Robertson, 1968) by using PLINK v1.9 (Chang et al., 2015). LD decay between adjacent markers up to the distance of 500 kb was visualized in R using package ggplot2 (Wickham, 2011). For the functional annotation of SNPs with significant associations, base pair position was checked within 150 kb up- and downstream of the respective SNPs against the genome assembly Bos taurus UMD 3.1.1 to find relevant genes in the region. This distance was defined based on the LD decay (Qanbari, 2019), where the highest drop in first 150 kb of distance was observed in both crossbred populations (Additional file 1: F1). For haplotype blocks, screening for genes was limited to the significantly associated blocks in the analysis. The origin of significant haplotype blocks was determined by comparing them with parental haplotypes. This was achieved by matching the blocks with the corresponding dam and sire haplotypes with same block positions and allelic patterns to confirm their parental origins (Eiríksson et al., 2021a).
RESULTS
Descriptive statistics
Descriptive statistics for the crossbred calves are depicted in Table 1. The distribution of the calves per parity number and age group at weight measurement is shown in Additional file 1: F2 & F3. The majority of calves belonged to WBB (Supplementary Table S2). These crossbreds had slightly higher daily weight gain (0.77 kg) compared to ANG crossbreds (0.66 kg). Moreover, calves from WBB had higher birth weight (48.5 kg ± 7.2) and longer gestation length (281.4d ± 4.7) compared to ANG sired calves (BW: 45.2 kg ± 7.2; GL: 280.1d ± 4.7). Incidences of calving difficulty were higher for ANG crossbreds, where 12.5% of calvings were labeled as difficult calving compared to WBB crossbreds with 11.0% difficult calvings.
TABLE 1 | Descriptive statistics of recorded traits of crossbred calves by sire breed.
[image: Table comparing three cattle breeds: ANG, WBB, and COM. It includes data on the number of calves genotyped, gestation length, parity, birth weight, and calving difficulty. ANG has 852 calves, gestation mean is 280.0 days. WBB has 2981 calves, gestation mean is 281.5 days. COM has 3833 calves, gestation mean is 281.2 days. Birth weights are 45.0 kg, 48.4 kg, and 74.7 kg, respectively. Calving difficulty percentages are 12.5%, 11.0%, and 11.4%. Standard deviations for each metric are also provided.]Principal component analysis
Based on the PCA (Figure 1), clear clusters were identified. PC1 and PC2 collectively explained 48% of the variation in the combined data. Slight overlapping was observed for crossbred population based on PC1 and PC2 but with the addition of PC3 (58% variance), distinct clusters were observed across two studied populations (Additional file 1: F3, F4, F5)
[image: Three-dimensional scatter plot showing two groups of data points, with blue representing Belgian Blue and red representing Angus. The plot displays the principal component axes PC1 (36.5%), PC2 (11.6%), and PC3 (9.9%).]FIGURE 1 | Population structure of the crossbred calves.
Haplotype blocks and variance components
Descriptive statistics for haplotype blocks are shown in Table 2. In total 11,160 haplotype blocks were created. In the combined population, highest number of haplotype blocks were observed on BTA1 (n = 726) while the lowest number of blocks were found on BTA28 (n = 210). Further details regarding haplotype blocks and number of markers per chromosome are presented in Additional file 1: F6, F7.
TABLE 2 | Descriptive statistics of haplotype blocks in crossbred population.
[image: Table showing genetic data for three populations: COM, ANG, and WBB. Each has 11,160 haplotype blocks and an average of 384.8 blocks per chromosome. Pseudo-SNPs before quality control (QC) are 212,770 for COM, 156,114 for ANG, and 195,654 for WBB. After QC, the numbers are 111,394, 98,401, and 103,933 respectively.]Estimates of heritability (s.e.) for BW, GL and CD in the combined population using the additive model were 0.29 (0.03), 0.36 (0.04) and 0.09 (0.03), respectively. For WBB, Dominance variation at all SNPs [image: It looks like you're referencing a mathematical expression "delta squared" (δ²). However, if you intended to upload an image, please try again. Let me know if you need any assistance!] for BW and GL was close to zero (Table 3), while for CD it was estimated to be 0.08 (0.07) (Table 3; Supplementary Table S3).
TABLE 3 | Heritability estimates for birth weight, calving ease and gestation length.
[image: Table displaying heritability estimates for three breeds (COM, ANG, WBB) with traits BW, CD, and GL. It compares additive and dominance models, including standard errors in parentheses. Values range from 0 to 0.50 across different models and traits.]Genome-wide associations of traits
Birth weight
In the GWAS with the combined crossbred population, one significantly associated SNP on BTA 6 around 6.26 Mb was found based on the additive model (Figure 2). This SNP falls in the region of gene GABRG1, which is responsible for the regulation of the ion channel and receptor activity along with the influence on puberty development (Tahir et al., 2021).
[image: Manhattan plot showing genetic association data. Each point represents a genetic variant plotted along the x-axis labeled BTA (Bos taurus autosomes) and the y-axis showing the negative logarithm of the p-value. A blue line marks a significance threshold, while a red dashed line indicates a suggestive significance level.]FIGURE 2 | Manhattan plot for combined population GWAS for birth weight.
At the suggestive significance level, four SNPs were identified through the additive model, while an additional SNP on BTA 6 at 38.13 Mb was identified through the dominance model (Table 4).
TABLE 4 | Description of SNPs with significant association with traits.
[image: Table showing genetic traits with columns for Trait, Model, Breed, CHR, SNP, and P-value. Entries include various breeds such as COM, ANG, and WBB. P-values range from 3.78e-07 to 7.93e-06.]For the BW, GWAS based on haplotypes revealed eight haplotype blocks on BTA 6, where three additional genes (CCSER1, FAM13A, LCORL) are located (Table 5). Furthermore, 14 haplotype blocks within 10 unique regions were identified (Supplementary Table S4) with suggestive association. Along with the previously mentioned three genes, seven more genes (SPP1, GABRG1, HERC6, LOC104972722, ADGRL3, SNCA, and PPARGC1A) were found in the associated genomic regions.
TABLE 5 | Description of haplotypes with significant association with traits.
[image: Table displaying genetic data, including columns for Trait, Breed, CHR, Haplotype, and P-value. Traits are mostly BW, with one CD. Breeds include COM, ANG, WBB, and their combinations. All entries have CHR as 6. Haplotypes are listed with unique identifiers. P-values range from 1.38e-07 to 9.01e-06.]Calving difficulty
Neither additive nor dominance models identified SNPs with significant associations for the combined or individual WBB crossbred population. In the ANG crossbreds, two SNPs were identified on BTA 6 through the additive model (Figure 3) with the suggestive level of association, where SNP at 42.05 Mb harbouring the KCNIP4 gene in nearby region. Haplotype-based GWAS identified one haplotype block with suggestive association in the combined population (Supplementary Table S4).
[image: Manhattan plot depicting genetic association data. The x-axis represents BTA (Bos taurus autosome) numbers ranging from 1 to 27, and the y-axis shows the negative logarithm of p-values. Various colors denote different chromosomes. Horizontal lines indicate significance thresholds.]FIGURE 3 | Manhattan plot for Angus crossbred population GWAS for calving difficulty.
Gestation length
For GL, two SNPs with suggestive associations were observed for WBB based on the additive model (Figure 4), while no associations were observed with either the additive or dominance model in the combined and ANG crossbreds. No haplotype block with significant association was identified across all crossbreds.
[image: Manhattan plot displaying genetic association data. The x-axis represents BTA (Bos taurus autosomes) numbered one to twenty-nine, with dots in various colors representing SNPs. The y-axis shows -log10(p) values, measuring statistical significance. Horizontal lines indicate significance thresholds, with a blue line at a -log10(p) of six and a red dashed line at a lower threshold.]FIGURE 4 | Manhattan plot for Belgian Blue crossbred population GWAS for gestation length.
Parental origin of haplotype blocks
For the haplotype blocks along with the presence of the gene in the genomic region, a comparison of the block with the respective allelic pattern was made to the maternal and paternal blocks. The majority of the blocks for the BW could be traced back to the HOL breed but for blocks with suggestive association, unique blocks were identified for the parental breeds (Table 6; Supplementary Table S5).
TABLE 6 | Genes encoded with significantly associated SNPs.
[image: Table showing genetic data with columns: Trait, SNP, Position (bp), and Genes. The data includes entries for the traits BW and CD, with corresponding SNPs BTB-01601414, Hapmap59322-rs29015787, Hapmap27072-BTC-033816, and BTB-00251468. Positions range from 38,133,743 to 66,307,093 bp. Genes listed are GABRG1, SPP1, and KCNIP4.]DISCUSSION
Heritability of traits
The study used two distinctive models to estimate heritability for BW, CD and GL. The effect of crossbreeding on heritability estimates depends upon the population and varies from trait to trait, but generally slightly lower heritability is expected for crossbred populations (Wientjes and Calus, 2017). This trend is also observed in the current study where BW heritability for WBB (0.26) crossbreds is lower compared to the purebred WBB (0.38) calves (Mota et al., 2017). However, heritability for ANG crossbred is slightly higher (0.36) compared to purebred ANG (0.33) (Torres-Vázquez et al., 2018). Non-additive genetic variance is expected to be higher in crossbred populations resulting in lower estimates for heritability (Fuerst and Solkneri, 1994). In the current study heritability estimates for CD varied from 0.11 (0.03) in the combined population to 0.07 for ANG and WBB BoD calves. These estimates are closer to the one reported in British herds, where heritability for CD in BoD crossbreds is reported to be 0.09 (0.01) (McGuirk et al., 1998), but lower to the once reported for purebred ANG (0.21) and WBB (0.25–0.34) breed (Cubas et al., 1991; Vanderick et al., 2017).
Heritability for GL varied from medium 0.36 (0.04) in combined crossbreds to high in ANG BoD 0.50 (0.11). The estimates for WBB and ANG BoD are closer to the purebred counterparts with 0.33 (0.04) for WBB and 0.59 (0.01) for ANG calves (Mota et al., 2017; Gilleland et al., 2021). A strong influence of the sire breed on gestation length is expected and can be the reason for the higher heritability estimates of ANG BoD calves (Haile-Mariam and Pryce, 2019). Heritability estimates can vary across the populations based on traits under observation, but generally traits with higher h2 in purebred animals will also have higher h2 in crossbred population (Wientjes and Calus, 2017). For the traits with dominant genes, crossbred animals may have higher additive genetic variance compared to the purebred animals (Wei et al., 1991). Comparison across purebred and crossbred populations is challenging due to the higher environmental variance in crossbred populations due to the scale effect (Habier et al., 2007), although no general trend is observed in this regard (Wientjes and Calus, 2017). Compared to purebred animals, the less controlled environmental conditions and greater variability in farming practices associated with crossbred animals may contribute to the observed differences in this regard (Wei and Van der Werf, 1995).
GWAS based on additive, dominance and haplotypes
Utilization of GWAS can help to understand the genetic architecture of relevant traits. In this study, GWAS was performed using three different models for BW, CD and GL in BoD crossbreds. GWAS based on haplotypes outperformed the SNP-based GWAS in terms of finding the associated genes for BW, but no significant differences were observed for GL and CD. The addition of dominance effects in the GWAS model was beneficial for BW only in terms of finding genomic regions with significant or suggestive associations. Based on SNP and haplotype GWAS, in total five genes with significant association and seven genes with suggestive association were identified for the BW trait. Role of these genes varied from ion-channels regulation to regulation of mineralization process of the bone. GABRG1 gene, identified through significant SNP association is responsible for the regulation of the ion channel and receptor activity along with the influence on puberty development (Tahir et al., 2021). The association of this gene with milk yield has also been previously reported in the Holstein population (Pedrosa et al., 2021). SPP1 gene identified based on the dominance model encodes for multifunctional cytokines (Matsumoto et al., 2019) and is vital for bone mineralization process (Rodriguez et al., 2014). Association between SPP1 gene and growth traits including yearling weight, live weight and average daily gain has been suggested in American beef crossbred herds (White et al., 2007). Moreover, the influence of this gene on the birth weight (Allan et al., 2007) and carcass weight has been established in beef cattle (Matsumoto et al., 2019). For the genes identified through haplotypes-based GWAS, the influence of CCSER1, KCNIP4, and LCORL genes has been reported on BW and growth traits in the Angus breed (Xia et al., 2017; Smith et al., 2022). The CCSER1 gene, controlling mitosis has association with milk yield in Holstein cows (Teng et al., 2023). Similarly, PPARGC1A gene, influencing fat deposition and energy metabolism has been associated with BW (Pasandideh, 2020). Previously FAM13A gene with regulatory role in metabolism has already been described in the Holstein breed for association with bone structure (Niu et al., 2021; Dominguez-Castaño et al., 2024) Moreover, associations between PPARGC1A, a gene with significant role in fat metabolism (Komisarek and Walendowska, 2012) and yearling weight along with carcass traits have been observed in beef cattle (Fonseca et al., 2015). In this study, higher statistical power was observed for Haplotype-based GWAS in identifying associations and candidate regions. Similar results have been previously described in various species, including cattle (Pryce et al., 2010; Barendse and Schneider, 2011) and pigs (Sato et al., 2016). To some extent these differences can be attributed to the window size for haplotypes and the number of markers per haplotype can potentially influence the accuracy of QTL mapping (Calus et al., 2009). In contrast to aforementioned studies, SNP-based GWAS was found to be more efficient for carcass traits in Simmental cattle (Wu et al., 2014).
Parental origin of haplotype blocks
Interest in the approaches in the partitioning of crossbred genome has gained significant interest in the recent years for the crossbred evaluation. Various methods with varying degree of success have been developed including breed base representation (BBR) and breed of origin of the allele (BOA) (VanRaden et al., 2020; Eiríksson et al., 2021b; Guillenea et al., 2023). Despite the advancements in the statistical models and the increased number of genotyped animals, 100% precise estimation of the share of the genome of each parent in the crossbred population is difficult due to the shared DNA content between breeds (VanRaden et al., 2020). In this study, despite the partial success of assigning haplotypes to the parental breeds, complete segregation of the haplotypes of the crossbred calves was not successful. For most of the haplotypes with significant associations, the origin of the haplotypes was traced back to both parental haplotypes, though six breed-specific haplotypes with similar pattern of alleles were identified for ANG (n = 3) and WBB (n = 3) breeds. All of these six haplotypes were also present in HOL population (Supplementary Table S5).
Limitations of the study
A key limitation of the current study was the insufficient number of genotyped dams as this may reduce the accuracy of haplotype phasing. Moreover, for calving difficulty and gestation length, maternal influence is significant, and unavailability of sufficient number of maternal genotypes and phenotype records can be a limiting factor in this regard. Furthermore, the unequal number of crossbreds from two beef breeds can have impact on the accuracy of genetic parameters and association studies.
CONCLUSION
Models based on combined populations resulted in the identification of more associated genes compared to the separate crossbred populations. Heritability estimates for BW and GL in BoD crossbred populations were similar to those found in purebred populations. However, the heritability estimates for CD were comparatively lower. Furthermore, combining crossbred populations with at least one common parent breed can be a viable strategy for estimation of SNP based genetic parameters and association studies. Incorporating dominance effects in both GWAS and heritability estimates resulted in modest improvements in model performance. Additionally, haplotype-based GWAS proved better in identifying genes associated with traits in crossbred animals compared to traditional SNP-based approaches. The origin of the majority of haplotype blocks with significant and suggestive associations can be traced back to the HOL breed, though some sire’s specific blocks were also identified in the current study.
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Body weight (BW) is a crucial indicator of animal growth and development, significantly influencing animal husbandry practices. Previous research has identified several genes associated with BW in certain yak breeds. However, the genetic basis of BW in Gannan yaks has not been reported. In this study, 309 yaks from six breeds across five provinces in China were sampled. This collection included 247 54-month-old female Gannan yaks, along with 20 Xizang yaks, 15 Muli yaks, 10 Pamir yaks, 9 Bazhou yaks, and 8 Zhongdian yaks. Body weight measurements were recorded for the Gannan yaks. Initial analyses of runs of homozygosity (ROH), nucleotide diversity, and linkage disequilibrium (LD) decay among the six yak breeds revealed that Gannan yaks exhibited the lowest ROH, the highest nucleotide diversity, and the fastest LD decay, indicating rich genetic diversity. Subsequently, a genome-wide association study (GWAS) identified 19 BW-related genes in the Gannan yaks, with PMAIP1, GABBR1, LRPPRC, and PPP1R11 identified as key genes. Genome-wide scanning of Group 1 and Group 2 (detailed in section 2.4) identified 90 genes, and Gene Ontology (GO) analysis highlighted FGF2, SHH, and WNT11 as significantly associated with growth, development, and metabolism. Three overlapping genes were identified between GWAS and genome-wide scans. Further analyses, including nucleotide diversity, LD analysis of significant GWAS sites, allele frequency analysis, and SNP association studies, suggested that DRC1 and SELENOI are novel candidate genes for BW in Gannan yaks. These findings provide a molecular foundation for the genetic improvement of Gannan yaks.
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1 Introduction

Gannan yak, an ancient breed native to the Gannan Tibetan Autonomous Prefecture, is well-adapted to plateau environments and plays a vital role in the local economy (1). These yaks are known for their rich content of amino acids and trace elements in meat, highlighting their nutritional value. However, due to reliance on natural grassland grazing and the lack of scientific feeding and breeding practices, the breed has experienced degradation and decreased production performance. This has led to significant individual variations in BW among animals of the same age and gender.

Body weight is a critical growth trait directly reflecting the production performance of yaks and serving as an important indicator for meat production potential (2). Enhancing BW research is a key strategy to improve the productivity of Gannan yaks. Identifying essential functional genes associated with BW can significantly aid in the breeding and improvement of yak production performance. However, traditional crossbreeding efforts between yaks and cattle face challenges such as male sterility, chromosomal incompatibility, and genomic conflicts, limiting their effectiveness in improving yak breeds (3). Advances in DNA sequencing technology provide valuable tools for strengthening breeding efficiency (4). Since the first yak reference genome was sequenced in 2012 (5) and a chromosome-scale genome was published in 2020, researchers have gained new opportunities to conduct large-scale molecular breeding (6). Previous studies have identified BW-associated genes such as MFSD4, LRRC37B, and NCAM2 in Maiwa yak through GWAS (2), and genes like AHR, HPGDS, HSF1, SOX5, SOX6, and SOX8 in Ashidan yak through copy number variation analysis (CNV) (7–11). However, compared to livestock such as cattle, pig, and sheep, the breeding progress of yak has lagged behind. The Animal Quantitative Trait Loci (QTL) Database (Animal QTLdb) is a comprehensive repository that collects publicly available data on QTL, including phenotype and expression QTL (eQTL), GWAS, and CNV for livestock species. Among the extensively studied species, cattle, pigs, and sheep dominate, with 192,336 QTL records for cattle, 56,615 for pigs, and 5,058 for sheep, representing hundreds of base traits and trait variants curated from thousands of publications. In contrast, research on yak, particularly the Gannan yak, has significantly lagged behind in terms of QTL data and breeding advancements. Despite its economic and ecological importance in high-altitude regions, the breeding progress of Gannan yak remains limited. There is an urgent need to leverage molecular breeding techniques to identify key molecular markers associated with its growth traits.

In this study, we utilized a combination of GWAS, genome-wide scanning, and SNP association analyses to identify candidate genes associated with the BW trait in Gannan yaks. Such efforts would accelerate artificial selection, enhance productivity, and help preserve this valuable breed while bridging the gap in genomic research between yak and other livestock species.



2 Materials and methods


2.1 Sample collection and phenotypic measurement of Gannan yaks

A total of 309 pasture-raised yaks were collected, all of them were adult domesticated yaks. They include 9 Bazhou yaks and 10 Pamir yaks, which were distributed in Xinjiang Uygur Autonomous Region of China. Twenty yaks in the Tibet Tibetan Autonomous Region of China, latter text is simply called Xizang yak; 15 Muli yaks in Sichuan Province, China; 8 Zhongdian yaks in Yunnan Province and 247 54-month-old female Gannan yaks in Gansu Province, China (Figure 1). Blood samples of 5 mL were obtained from the veins of each yak, transferred into EDTA anticoagulant tubes, and preserved at −20°C until subsequent analysis. The BW data (Table 1) of 247 Gannan yaks were collected in 54-month-olds in October 2023, and descriptive statistics were conducted using R (v4.3.3) language. All yak breeds not have pedigree records. The body weight of Gannan yaks was measured using a floor scale in the morning before fasting. The measurements were taken on two consecutive days, and the average value was calculated, expressed in kilograms (kg).

[image: Map of China highlighting regions labeled Pamir yak, Bazhou yak, Xizang yak, Gongyuan yak, Gannan yak, Muli yak, and Zhongdian yak, alongside an image of a black yak standing on a grassy field with rolling hills in the background.]

FIGURE 1
 The distribution of six yak breeds employed in this study in China and the appearance of Gannan yak.




TABLE 1 Descriptive statistics of BW of Gannan yaks.
[image: Table comparing statistical data for yak groups. Includes columns for item, number, mean, standard deviation, maximum, minimum, and standard error. "All" group has 247 yaks, with mean 218.0, SD 34.6, max 337.1, min 162.2, and SE 2.2. Group 1, with 20 largest yaks, shows mean 287.0, SD 16.6, max 337.1, min 270.3, SE 3.7. Group 2, with 20 smallest yaks, has mean 171.5, SD 3.8, max 175.4, min 162.2, SE 0.8.]



2.2 Genomic DNA extraction, resequencing and SNP detection

DNA was extracted from blood samples using the EasyPure Blood Genome DNA Kit (Quanjin, Beijing). Concentration was measured with a Qubit fluorometer (Invitrogen, United States), and integrity was checked via agarose gel electrophoresis. DNA was fragmented to 300–500 bp, followed by terminal repair, 3′-adenylation, adapter ligation, and PCR amplification. The single-stranded PCR product was cyclized, uncyclized DNA was digested, and rolling cycle amplification produced DNA nanoballs (DNB). DNBs were loaded onto nanoarrays and sequenced on the DNBSEQ-T7 platform (BGI, China). Sequencing reads were stored in FASTQ format after base calling analysis. The reads were mapped to the yak reference genome (Bos_grunniens.LU_Bosgru_v3.0) from Ensemble using the Sentieon (12) software (V202112). Sentieon was used to detect the mutation sites of each sample to obtain the gVCF of each sample. Sentieon was used for joint-calling, and the gVCF of all samples was analyzed jointly to obtain the variation results of each individual in the population. To ensure the accuracy of SNP, preliminary hard filtering was performed on the SNP loci obtained after joint analysis (SNP hard filtering criteria: “QD 60.0 | | MQ 3.0 | | MQRankSum <−12.5 | | ReadPosRankSum <−8.0”). To prevent the influence of gender on subsequent analysis and reduce the SNP call errors caused by error mapping or insertion and deletion (InDels), VCFtools (v.0.1.16) (13) was used to extract 1–29 autosomes. Only high-quality SNPs (coverage depth ≥3, RMS mapping quality ≥20, maf ≥0.05, missed ≤0.2) were selected for subsequent analysis.



2.3 Population structure and genetic analysis

A principal component analysis (PCA) and runs of homozygosity analysis were conducted using PLINK (v1.07) (14). ROH were identified for estimating homozygosity using PLINK (--homozyg-density 50 --homozyg-gap 100 --homozyg-kb 300 --homozyg-snp 50 --homozyg-window-het 3 --homozyg-window-snp 50 --homozyg-window-threshold 0.05). VCFtools was used to estimate nucleotide diversity in each group with the parameter “--window-pi 50000 --window-pi-step 5000.” Linkage disequilibrium decay with physical distance between SNPs was calculated and visualized by using PopLDdecay (v3.42) (15). The range of gene annotation was determined based on the r2 value of LD decay (r2 ≈ 0.1) of 247 Gannan yaks.



2.4 Genome-wide association study

The FarmCPU model implemented in the rMVP (v1.2.0) (16) package of the R was utilized to identify SNPs significantly associated with BW phenotypic traits. Quality control was performed on the SNP data, and the genome-wide significance threshold was set to 1/Nsnp, where Nsnp represents the total number of SNPs remaining after quality control. Correction for multiple testing was performed using the Bonferroni method. FarmCPU is a mixed linear model-based approach that alternates between fixed and random effects to balance the detection of true associations and control for confounding factors. In this study, PCA was incorporated as fixed effects to adjust for population stratification, while kinship, calculated automatically by rMVP, was included as random effects to account for genetic relatedness among individuals.

The model is expressed as follows:

[image: The image shows a mathematical equation: \( y_i = M_{i1}b_1 + M_{i2}b_2 + \ldots + M_{ib}1 + M_{i2b2}y_i = M_{i1}b_1 + M_{i2}b_2 + \ldots + M_{ibn} + Z_{i}uj + e_i \) labeled as equation (1).]

[image: Equation showing: y sub i equals V sub i plus e sub i y sub i equals V bar sub i plus e sub i, followed by the number two in parentheses.]

In Equations 1, 2, Equation 1 is a fixed-effect model, Equation 2 is a random-effects model, y𝑖 represents the phenotypic observation of the 𝑖-th individual, 𝑀𝑖𝑛 represents the classification result of a total of 𝑛 potential correlation sites included in the model, 𝑏𝑛 indicates the effect value corresponding to the site, 𝑍𝑖𝑗 indicates the classification result of the 𝑗-th marker of the 𝑖-th individual, 𝑢𝑗 is the effect value of 𝑍𝑖𝑗, 𝑉𝑖 represents the total genetic effect of the 𝑖-th individual, and 𝑒𝑖 is the residual vector, subject to 𝑒 ~ 𝑁(0, 𝐼𝜎2𝑒)e ~ N0, Iσe2. When executing the FarmCPU model, styles Equations 1, 2 are alternate operations. The alternating operation between Equation 1 (fixed-effect model) and Equation 2 (random-effect model) ensures the detection of SNPs associated with phenotypic traits while controlling for population structure and genetic background. By incorporating PCA and kinship, the FarmCPU model effectively minimizes false positives and improves the accuracy of GWAS results.



2.5 Genome-wide scanning

Twenty individuals from 247 54-month-old female Gannan yaks with the largest BW were grouped into Group 1, and the 20 individuals also from 247 54-month-old female Gannan yaks with the smallest BW were grouped into Group 2. A t-test was conducted to assess whether there was a significant difference in BW between the two groups. We performed genome-wide scanning of Group 1 and Group 2 using Fst and θπ-ratio. Fst values and θπ ratios were calculated using 50-kb windows with 5-kb sliding steps in VCFtools. For both metrics, windows in the top 1% were deemed significant. Regions where top 1% windows of Fst and θπ-ratio overlapped were identified as candidate selection regions.



2.6 Candidate gene analysis

In this study, the yak 3.0 reference genome (Bos_grunniens.LU_Bosgru_v3.0) in Ensmble was used for gene annotation. The gene annotation software was BEDTools (v2.31.1) (17). The range of genes annotated for the significant GWAS site is determined based on the LD decay r2 value (r2 ≈ 0.1) in Gannan yaks. The genes for the genome-wide scan are annotated based on the 1% common window range. Venny 2.1.01 was used for the Venn diagram. Metascape2 was used for the biological function analyses. The VCFtools was used to calculate the nucleotide diversity in the target region with 5-kb windows and to extract haplotypes. The PLINK software was used to calculate the LD.




3 Results


3.1 Genetic diversity analysis of yak

This study examined the genetic diversity of 309 yaks from six distinct breeds. Principal component analysis (PCA) revealed clear genetic differentiation between Gannan yaks and the other five breeds (Figure 2A). Notably, Gannan yaks exhibited shorter runs of homozygosity (ROH) segments compared to Pamir yaks, indicating lower recent inbreeding levels (Figure 2B). Additionally, the ROH of Group 1 yaks was shorter than that of Group 2 yaks, suggesting a greater genetic diversity in the former. Nucleotide diversity analyses highlighted that Gannan yaks had the highest diversity among the breeds, contrasting with the lowest values observed in Muli yaks (Figure 2C). Furthermore, Group 1 demonstrated higher nucleotide diversity compared to Group 2, reflecting greater genetic variation in larger individuals. Linkage disequilibrium (LD) decay analysis showed that Gannan yaks exhibited the fastest decay rates, indicating a higher recombination rate or older population structure (Figure 2D). These findings collectively underscore the rich genetic diversity and unique evolutionary history of Gannan yaks, with Group 1 displaying greater variation than Group 2.

[image: (a) PCA plot showing genetic variations among seven breeds with distinct color-coded clusters. (b) Box plot comparing ROH length among breeds, highlighting variations in medians. (c) Box plot displaying nucleotide diversity across breeds, showing low diversity levels. (d) Line graph illustrating LD decay by distance across breeds, showing different decay rates.]

FIGURE 2
 Summary statistics of principal components and genomic variation of six yak breeds. (A) Principal component analysis of six yak breeds. (B) The ROH of yaks. (C) The nucleotide diversity of yaks. The horizontal line within the box denotes the median value, whereas the boundaries of the box represent the first and third quartiles. Outliers are represented as individual points. The average is the white dot on the line, and the number of the average is also indicated above the white dot. (D) Linkage disequilibrium decay of yaks.




3.2 Statistics of Gannan yak body weight

BW data for 247 Gannan yaks were summarized (Table 1). The overall mean BW was 218.0 ± 34.6 kg, with Group 1 exhibiting significantly higher BW (287.0 ± 16.6 kg) compared to Group 2 (171.5 ± 3.8 kg) (Figure 3). The large standard deviation and range reflect the extensive phenotypic variation within the population. This significant BW difference between the groups provided a basis for identifying genetic factors underlying this trait.

[image: Violin plot comparing body weight between Group 1 and Group 2. Group 1 shows higher body weight distribution around 300, while Group 2 is lower near 175. Statistical significance is highlighted with a p-value less than 2e-16.]

FIGURE 3
 Body weight distribution of Group 1 and Group 2. The horizontal line within the box denotes the median value, whereas the boundaries of the box represent the first and third quartiles. Outliers are represented as individual points. ***Significant at p < 0.001.




3.3 Genotype calling and analyzing of 247 Gannan yaks

After filtering, 12411513 valid high-quality SNPs of 247 Ganan yaks were retained. The PCA1 and PCA2 divided 247 Gannan yaks into three groups in Figure 4A, demonstrating stratification among the Gannan yaks. As a result, PCA = 3 was incorporated into the FarmCPU model for adjustment, and the kinship file generated during the rMVP analysis was also included in the FarmCPU model to improve the accuracy of GWAS. LD analysis revealed that LD decayed to a stable level (r2 ≈ 0.1) within 50–60 kb, indicating that regions within this range were suitable for candidate gene annotation (Figure 4B). Therefore, we selected a ±50 kb window around significant GWAS site as the annotation range for candidate genes.

[image: (a) Scatter plot showing principal component analysis (PCA) results with PC1 on the x-axis and PC2 on the y-axis. Symbols include circles, triangles, and crosses. (b) Line graph illustrating linkage disequilibrium (LD) decay, with distance in kilobases on the x-axis and r-squared on the y-axis, showing a curve that sharply declines and levels out.]

FIGURE 4
 The principal component analysis and linkage disequilibrium decay calculation of 247 Gannan yak. (A) Principal components analysis of 247 Gannan yaks. Different symbols represent the grouping situation. (B) Linkage disequilibrium decay of 247 Gannan yaks.




3.4 GWAS analysis results

Using the FarmCPU model, 13 significant SNPs associated with BW were identified (Figures 5A,B). These SNPs annotated 19 genes (Table 2), including several with known roles in growth and metabolism. For example, LRPPRC is involved in cytoskeletal regulation and bone development, PMAIP1 is associated with obesity, and PPP1R11 has roles in cell proliferation and fat metabolism. Additionally, GABBR1, involved in fatty acid metabolism, emerged as a novel candidate. These genes provide insights into the molecular mechanisms influencing BW in Gannan yaks.

[image: Panel (a) displays a Manhattan plot showing the negative logarithm of p-values across 29 chromosomes, indicating significant genetic associations. Dots in various colors represent individual SNPs. Panel (b) features a QQ plot comparing observed versus expected p-values, highlighting deviation from the null hypothesis, with most points following the diagonal line, but several deviating upwards.]

FIGURE 5
 Genome-wide association study for body weight in Gannan yaks. (A) Manhattan map of genome-wide association study. (B) Quantile–Quantile plots from the genome-wide association study.




TABLE 2 The information on candidate genes from the genome-wide association study.
[image: A table displaying genomic data with columns for Chromosome, Position, p-value, Gene name, and Gene position. It includes entries for various genes across different chromosomes, showing their positions and statistical significance.]



3.5 The result of genome-wide scanning

From the results of Figures 2, 3, the genotype and phenotype of Group 1 are different from Group 2. To further explore the genes associated with BW, we searched the whole genomic region of Group 1 and Group 2 using two statistical methods (Fst and θπ-ratio) to compare the Group 1 and Group 2 based on sliding 50-kb windows with 5-kb steps (Figures 6A,B). The regions within the top 1% windows were considered candidate genomic regions. We identified 489 and 485 candidate genes through Fst and θπ-ratio (Figure 6C). On combining Fst and θπ-ratio analyses, we identified 90 overlapping genes (Figures 6C, 7A). To enhance the understanding of the functions associated with overlapping genes, an enrichment analysis was conducted using Metascape. Among them, FGF2, SHH and WNT11 were enriched in five Gene Ontology biological processes: growth, positive regulation of biological process, regulation of biological process, developmental process and metabolic process (Figure 7B). OTOF, DRC1, and SELENOI overlap in the GWAS and the genome-wide scanning, prompting more comprehensive future studies.

[image: Three visual elements are presented: (a) a chromosome map displaying Fst values across 27 chromosomes, using various colors for different chromosomes; (b) a similar chromosome map for θπ_Group1/θπ_Group2 values across 28 chromosomes, also color-coded; (c) a Venn diagram illustrating overlap among Fst, θπ, and GWAS data, showing specific and shared values among the categories. A bar graph and numerical breakdown are below the Venn diagram, detailing the number of elements in each set.]

FIGURE 6
 Genome-wide scanning of body weight in Gannan yaks. (A) Manhattan map of Fst. (B) Manhattan map of θπ-ratio. (C) Gene numbers of three methods.


[image: Panel (a) depicts a circular dendrogram with labeled segments, each connected to various names around the circle, indicating hierarchical clustering. Panel (b) is a horizontal bar chart showing biological processes identified by GO terms, ranked by significance, with "growth" and "positive regulation of biological process" at the top. Bars are colored in shades of orange and yellow, with the x-axis representing the negative log of the P-value.]

FIGURE 7
 Gene annotation and enrichment analysis. (A) The top 1% windows overlapping genes of Fst and θπ-ratio. (B) Enrichment analysis of top 1% windows overlapping genes (p ≤ 0.05).




3.6 Gene analysis

To further investigate the association between the overlapping genes OTOF, DRC1, and SELENOI and BW in Gannan yaks, we calculated the nucleotide diversity and nucleotide diversity ratio between Group 1 and Group 2 in Chr9 97665582–97797598 regions (Figures 8A,B). In DRC1 and SELENOI, the nucleotide diversity in most windows of Group 1 was higher than that of Group 2. After that, we calculated the LD values of the significant GWAS site (Chr9 97711609) in the Chr9 97665582–97797598 region (Figure 8C), the results showed that there was no R2 ≥ 0.8 SNPs were located in the OTOF gene, meanwhile, the Chr9 97763380 (R2 > 0.8) site fell inside the SELENOI gene. It indicated that DRC1 and SELENOI were more likely to be the candidate genes for BW of Gannan yak. To further prove that DRC1 and SELENOI are candidate genes for BW, we selected two sites (Chr9 97711609 and Chr9 97763380) for analysis. The allele frequency showed that most of the mutant-type (Chr9 97711069 for T, Chr9 97763380 for C) of the two sites were concentrated in Group 1, while most of the wild-type (Chr9 97711069 for G, Chr9 97763380 for T) were concentrated in Group 2 (Figures 8D,E). This can also prove to a certain extent that the variation of Group 1 is richer than that of Group 2, and also shows that the mutation of DRC1 (T genotype of Chr9 97711609) and the mutation of SELENOI (C genotype of Chr9 97711609) may be associated with BW. Finally, all haplotypes of 247 Gannan yaks at these two sites were extracted, and the difference testing was carried out according to different haplotype groups combined with BW data (Figures 8E,F). The results showed that the mean BW of homozygous mutant-type (TT of DRC1 and CC of SELENOI) was the largest. The mean BW of homozygous wild-type (GG of DRC1 and TT of SELENOI) was the smallest. The difference in BW between the two groups was significant (Figures 8F,G), reinforcing the association of DRC1 and SELENOI mutations with BW in Gannan yaks.

[image: Panel of scientific graphs and charts depicting genetic data analysis. (a) Line graph comparing genetic markers across a physical distance on chromosome 9. (b) Line graph showing the ratio of variation across chromosome 9. (c) Scatter plot illustrating linkage disequilibrium characterized by R² values with color gradients. (d) Bar chart comparing frequencies for two groups at DRC1. (e) Bar chart comparing frequencies for two groups at SELENOI. (f) and (g) Violin and box plots comparing genotype categories for DRC1 and SELENOI, with statistical significance values.]

FIGURE 8
 Candidate gene region analysis. (A) Nucleotide diversity in Chr9 97665582–97797598 regions. Red represents the Group 1; blue represents the Group 2. (B) Nucleotide diversity ratio (Group 1/Group 2) in Chr9 97665582–97797598. The red dashed line is the threshold line for the top 1% window of the whole-genome scan θπ-ratio. Red dots indicate windows above the threshold line. The vertical dotted lines in the figure are the dividing lines between genes. (C) Linkage imbalance with significant GWAS site Chr9 97711609 to other SNPs in Chr9 97665582–97797598 regions of 247 Gannan yaks. The dotted red line is the strong linkage threshold line of R2 = 0.8. The gray box shows the range of each of the three genes. (D) The allele frequencies of G and T at Chr9 97711603 site in Group 1 and Group 2. G is the wild-type and T is the mutant-type. (E) The allele frequencies of T and C at Chr9 97763380 site in Group 1 and Group 2. T is the wild-type and C is the mutant-type. (F) Body weight phenotypic differences between haplotypes of DRC1 in Chr9 97711603 site. (G) Body weight phenotypic differences between haplotypes of SELENOI in Chr9 97763380 site. *Significant at p < 0.05, **significant at p < 0.01, and ***significant at p < 0.001.





4 Discussion

The genetic diversity and BW traits of Gannan yaks hold significant implications for their breeding and conservation. Historically, Gannan yaks have been managed under mixed grazing systems in natural grasslands with limited selective breeding efforts. Unlike modern livestock species such as beef cattle, where systematic breeding programs have achieved substantial genetic improvement, yak breeding has faced challenges due to a lack of pedigree records, reliance on traditional management practices, and limited technological intervention. This study’s findings offer valuable insights into the genetic underpinnings of BW in Gannan yaks and provide a molecular basis for advancing their breeding programs.

ROH lengths offer insight into inbreeding history: shorter ROHs indicate older inbreeding, while longer ROHs point to more recent, closer inbreeding events (18). This study revealed that Gannan yaks possess higher genetic diversity compared to other yak breeds, as indicated by the shortest runs of homozygosity (ROH) and the fastest LD decay rates. These findings suggest that Gannan yaks have experienced less recent inbreeding and maintain a relatively large effective population size. Within the Gannan yak population, the high BW group (Group 1) demonstrated even greater genetic diversity than the low BW group (Group 2). This variability highlights the potential of utilizing existing genetic resources within the breed to improve growth traits through selective breeding. The identification of high genetic diversity in Gannan yaks aligns with their historical reliance on natural grazing, which has likely preserved genetic variation due to the absence of intensive artificial selection. However, this diversity also reflects the underdeveloped state of yak breeding programs. Systematic efforts to harness this genetic diversity through marker-assisted selection and GWAS could enhance the productivity of Gannan yaks while retaining their adaptability to the harsh plateau environment.

The study identified 19 genes associated with BW through GWAS, with notable candidates including LRPPRC, PMAIP1, PPP1R11, and GABBR1. These genes are involved in critical biological processes such as muscle development, fat metabolism, and cell proliferation. LRPPRC plays a role in regulating cytoskeletal network dynamics (19), It influences conformation traits in Danish pig breeds by modulating bone and muscle development (20). PMAIP1 has been linked to human obesity (21). PPP1R11 encodes phosphatase 1 regulatory (inhibitor) subunit 11, it may be involved in Hippo signaling in apoptosis and cell proliferation and has been linked to VLDL particle concentration in plasma (22, 23). GABBR1, which encodes a receptor for gamma-aminobutyric acid (GABA) involved in the cAMP signaling pathway, plays a role in fatty acid β-oxidation and degradation. This gene has also been linked to fat depot-specific adipose tissue macrophage infiltration in obesity (24). These findings suggest that the genetic architecture of BW in Gannan yaks is influenced by pathways that overlap with those in other livestock species, providing an opportunity to leverage cross-species knowledge for yak breeding.

The genome-wide scanning analysis further identified 90 candidate genes, including FGF2, SHH and WNT11, which are enriched in growth and developmental processes. SHH (Sonic Hedgehog) promotes the growth of intestinal epithelium by activating the SHH-WNT signaling axis (25). During the morphological changes occurring in osteoblast differentiation, the epigenetic machinery in modulating the BMP7-induced osteogenic phenotype by influencing the activity of Shh-related genes (26). Shh-induced Akt phosphorylation promotes muscle cell proliferation and differentiation, and SHH is critical for controlling specific ventral muscle formation (27, 28). Fibroblast growth factor 2 (FGF2) is a potent mitogenic growth factor expressed in limb bud mesenchyme, chondrocytes, osteoblasts, osteoclasts, and adipocytes, promoting osteoblast differentiation by regulating BMP2 and ATF4 as well as Wnt/β-catenin pathway (29, 30). FGF2-null mice exhibit osteopenia and reduced bone remodeling (31–33). In addition, N-acetylated HS mimics promote FGF2 signaling, thereby promoting muscle stem cell expansion (34). WNT11 acts as a directional cue to organize myotube elongation in the myotome via the noncanonical Wnt/planar cell polarity pathway (35), co-expression of Akt1 and Wnt11 significantly boosts the proliferation and growth of mesenchymal stem cells, while Wnt11 overexpression synergistically promotes chondrogenic differentiation with TGF-β (36, 37). These genes underscore the complex genetic regulation of BW and highlight targets for future functional studies.

Through the analysis of the three overlapping genes, DRC1 and SELENOI were identified as key candidate genes for BW in Gannan yak. Other studies demonstrated that DRC1 is a critical gene in cell cycle-regulated essential for DNA replication and necessary for the S-phase checkpoint, including the proper activation of Rad53 kinase in response to DNA damage and replication interruptions (38). Furthermore, DRC1 expression in follicular dendritic cells (FDCs) underscores its association with muscle cells. FDCs expressing DRC1 also express α-smooth muscle actin (α-SM actin) and form contractile stress fibers, key features of muscle cells, particularly myofibroblasts (39). SELENOI plays a role in maintaining redox-related calcium homeostasis and helps mitigate muscle degeneration and related kyphosis (40–42). Its expression is also upregulated in the skeletal muscles of chickens in response to selenium deficiency in the diet (43). These findings indicated that DRC1 and SELENOI play roles in DNA replication, muscle cell function, and metabolic homeostasis, making them promising targets for improving BW in Gannan yaks.

The identification of candidate genes for BW provides a scientific foundation for addressing long-standing challenges in Gannan yak breeding. Unlike beef cattle, where breeding programs have been optimized for traits such as growth rate and feed efficiency, Gannan yak breeding has lagged due to limited genomic resources and infrastructure. This study bridges this gap by identifying molecular markers that can be integrated into selective breeding programs. Furthermore, the high genetic diversity observed in Gannan yaks suggests that in situ conservation strategies can be complemented by genetic improvement efforts. By prioritizing the identified candidate genes in breeding programs, it is possible to enhance BW traits without compromising the genetic diversity that underpins the breed’s adaptability. The findings also provide a framework for developing genomic selection models tailored to the unique characteristics of Gannan yaks, accelerating the pace of genetic improvement.

This study demonstrates the utility of combining GWAS, genome-wide scanning, functional annotation and SNP association analyses to dissect complex traits in livestock species with limited breeding histories. The findings highlight the potential of genomic tools to revolutionize yak breeding, moving beyond traditional practices to data-driven approaches. However, realizing these benefits will require sustained investment in genomic infrastructure, farmer education, and policy support. Future research should focus on validating the functional roles of the identified genes and exploring gene-environment interactions that may influence BW. Additionally, integrating genomic data with phenotypic records and environmental variables could provide a holistic understanding of the factors shaping BW traits in Gannan yaks. These efforts will be essential for ensuring the sustainability and competitiveness of yak husbandry in the face of changing environmental and market conditions.

In conclusion, this study lays the groundwork for transforming Gannan yak breeding through genomic insights. By leveraging the genetic diversity and candidate genes identified here, it is possible to enhance the economic and cultural value of this iconic breed while preserving its ecological resilience.
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Introduction: Understanding regulatory mechanisms like epigenetics can help improve beef production, carcass, and meat quality. Epigenetic states are dynamic and shaped by the environment, but due to limited studies and costly detection methods, alternative approaches are needed.Objective: Our aim was to identify candidate regulators linked to production, carcass and beef quality traits by describing genes putatively regulated by epigenetic mechanisms in the muscle of Nelore cattle.Methods: We in-silico identified discordantly regulated genes (DRGs) with the TRIAGE method and rank product analysis, using gene expression. We investigated the DRGs for being known bovine transcription factors (TFs) or co-factors (TcoFs) and tested the association of SNPs harbouring the DRGs with the traits. Using public muscle ATAC-Seq and ChIP-Seq data, we found that the associated SNPs were harboured in open chromatin sections of the genome and/or on histone modification regions.Results: We identified 51 DRGs across the traits and provided evidence of their regulatory status. 26 DRGs are known bovine TFs. A SNP upstream of the PITX2 DRG was associated with conjugated linoleic acid (CLA), 35 SNPs within or around the BTNL9 DRG were associated with backfat thickness (BFT) and 13 of the DRGs showed a regulatory impact over at least one trait.Discussion: The correlations identified among DRGs, differentially expressed genes and traits showed intricate relationships with various TFs and TcoFs, revealing the putative relationships of these elements with the traits. The LBX1 and HOXC10 genes are candidates with evidence to be regulators of the traits, while also being subjected to epigenetic regulation.Keywords: Bos indicus, histone modification, H3K27me3, epigenetic, muscle
1 INTRODUCTION
The quest to improve quality and production traits in livestock has long been a focal point in agricultural research. Several factors influence these traits, including epigenetic regulation. Epigenetic states are reversible and can be affected by environmental factors (Jaenisch and Bird, 2003), being associated with specific phenotypes. One example of this association are changes in the cell phenotype that cause tumor cells in humans to grow and escape immune system attacks (Perrier et al., 2020). DNA methylation in the core promoter region of the SIX1 gene in muscle tissues may be regulated by histone H4 and the transcription factor E2F2, impacting muscle development in Qinchuan cattle (Wei et al., 2018). Similarly, genome-wide differentially methylated regions and genes between obese and lean pigs underpin the role of methylation in lipogenesis (Yang et al., 2016).
Epigenetic mechanisms can also interact with single nucleotide polymorphisms (SNPs). SNPs associated with predisposition to autoimmune disorders in humans are clustered in genomic regions with epigenetic modifications of active enhancers in T or B lymphocytes (Liotti et al., 2022). In patients with Tetralogy of Fallot, a congenital heart defect, the histone modification H3K18ac binds to the promoter region of the Cx43 gene, controlling its expression. A SNP (rs2071166) in the Cx43 promoter region affects the binding of H3K18ac, influencing its expression and impacting the likelihood of Tetralogy of Fallot presentation. In cattle, unique SNPs likely to be causal variants for gene expression according to eQTLs analysis were associated with histone modifications in the mammary gland (Prowse-Wilkins et al., 2022), suggesting a link between SNPs, epigenetic regulation, and livestock traits.
Methods that detect epigenetic mechanisms, such as the TRIAGE method (Shim et al., 2020), can be useful since histone modifications represent one of the most conserved epigenetic mechanisms in animals (Tollefsbol, 2023). Combining the TRIAGE method with rank product analysis, as employed in our previous research (Afonso et al., 2020), can facilitate the comparison of contrasting sample groups which aids in the identification of regulators for each trait. The TRIAGE method identifies genes with a high probability of being epigenetically regulated and a gene expression regulator in a given sample, by ranking genes based on a multiplication of a repressive tendency score and their expression values. The repressive tendency score was given for each human gene by the TRIAGE’s authors. To compare the gene ranks between contrasting sample groups, we can use the rank product analysis.
Our hypothesis is that there are differences in epigenetic regulation between contrasting sample groups for a given trait, and that SNPs in or around the involved genes are also associated with the same traits. Therefore, our main goal was to identify candidate genetic regulators linked to production, carcass and beef quality traits through the investigation of epigenetic mechanisms in Nelore cattle.
2 METHODS
2.1 Ethics declaration
All methods and experimental procedures employed in this study received approval from the Ethical Committee of Embrapa Pecuária Sudeste (São Carlos, São Paulo, Brazil, CEUA 01/2013).
2.2 Samples
The complete experimental population from which different subsets were used for this research encompasses 460 Nelore steers used previously in other research projects from our group, since 2013 (Tizioto et al., 2013). The animals were sired by 32 unrelated Nelore bulls representing the main genealogies of the time in Brazil and were born in three breeding seasons in the years 2007, 2008 and 2009, by artificial insemination. The animals were born in five different locations, being the Embrapa Pecuaria Sudeste (São Carlos, São Paulo, Brazil), Embrapa Gado de Corte (Campo Grande, Mato Grosso do Sul, Brazil) and in three private properties in the Mato Grosso do Sul and Mato Grosso states, in Brazil.
After rearing, between 2009 and 2011, the animals were housed in feedlots at Embrapa Pecuária Sudeste (São Carlos, São Paulo, Brazil) with ad libitum access to water and feed, as previously reported (Tizioto et al., 2013). At an average age of 25 months, the animals were slaughtered in a commercial slaughterhouse in Bariri, a city of the São Paulo state, in Brazil in accord to the protocols of the Ministério da Agricultura, Pecuária e do abastecimento (MAPA) and supervised by the Serviço de Inspeção Federal (SIF), both from the Brazilian government. The desensitization was done with a pneumatic penetration pistol. After slaughter, samples from the Longissimus thoracis muscle, located between the 12th and 13th ribs were collected. The harvested tissue was promptly preserved at −80°C until utilized for RNA extraction. Further comprehensive information can be found elsewhere (Tizioto et al., 2015). From the same population, 200 samples were selected for gene expression analysis by RNA-sequencing approach (RNA-Seq) because of financial limitations. This selected subsampling consisted of contrasting samples for phenotypes of interest.
2.3 Phenotypes and contrasting sample groups
The phenotypes were measured either during the feedlot phase or after the slaughter. Genomic estimated breeding values (GEBV), contrasting sample groups, and differentially expressed genes (DEGs) for each phenotype were previously identified (Cesar et al., 2015; Cesar et al., 2016; Tizioto et al., 2016; Silva-Vignato et al., 2017; Gonçalves et al., 2018) and used here as comparison with our genes of interest. The meat production phenotype under consideration is residual feed intake (RFI), the carcass phenotypes considered are backfat thickness (BFT) and ribeye area (REA) and the beef quality phenotypes considered are tenderness (TS), intramuscular fat (IMF), conjugated linoleic acid (CLA), oleic acid (OA), palmitic acid (PA), eicosapentaenoic acid (EPA) and docosahexaenoic acid (DHA). The distribution of samples across contrasting groups, based on the GEBV for each phenotype and including those with RNA-Seq data, was as follows: 20 for RFI, six for BFT and REA, 24 for TS, seven for IMF, and 30 for CLA, OA, PA, EPA, and DHA, being half for the high group and half for the low group for each phenotype. The groups are the same as previously published with the differential expression results. To allow comparisons, contrasting groups, necessary for the next analysis, comprised the same samples as the ones included in previous publications regarding the same phenotype. The significancy of GEBVs’ differences between contrasting groups was tested before further analysis. There is no complete overlap between contrasting groups of different traits, being four the maximum number of samples overlapping contrasting groups, being common for the high groups of DHA and EPA.
2.4 Expression data
Total RNA extraction from the 200 samples was described previously (Da Silva Diniz et al., 2016). Briefly, 100 mg of frozen tissue per sample were used for RNA isolation using TRIzol reagent (Life Technologies, Carlsbad, CA). The RNA integrity was assessed using a Bioanalyzer 2100 (Agilent, Santa Clara, CA, United States). For samples with an RNA integrity number (RIN) > 8, a total of 2 μg of RNA was utilized for library preparation following the TrueSeq RNA Sample Preparation Kit v2 guidelines (Illumina, San Diego, CA). Library integrity was validated using the Bioanalyzer 2100, while quantification was performed using quantitative PCR with the KAPA Library Quantification Kit (KAPA Biosystems, Foster City, CA, United States).
The library of the 200 samples were sequenced, wherein each batch consisted of three pools, with six samples per pool, occupying three clustered lanes on a sequencing flow cell. Clustering was accomplished utilizing the TruSeq PE Cluster Kit v3-cBot-HS Kit (Illumina, San Diego, CA, United States), and sequencing was performed on a HiSeq2500 ultrahigh-throughput sequencing system (Illumina, San Diego, CA, United States) employing the TruSeq SBS Kit v3-HS (200 cycles) at the Genomics Center at ESALQ, Piracicaba, São Paulo, Brazil.
The raw reads were analyzed as described before (Afonso et al., 2020). In summary, reads with a length greater than 65 bp and a Phred score greater than 24 were aligned and quantified considering the Bos taurus reference genome (ARS-UCD 1.2) using STAR software v.2.5.4 (Dobin et al., 2013). Genes not expressed in at least 20% of the samples were filtered from the expression dataset and normalization was performed with the VST function from DESeq2 software (Love et al., 2014). Batch effect combinations of sequencing flow cells and lanes were adjusted with the ARSyNseq function of NOISeq software v.2.16.0 (Tarazona et al., 2015).
(Cesar et al., 2015; Cesar et al., 2016; Tizioto et al., 2016; Silva-Vignato et al., 2017; Gonçalves et al., 2018).
2.5 Identification of discordantly regulated genes (DRGs)
As described in our previous work (Afonso et al., 2020), we employed an in-silico approach utilizing the TRIAGE method (Shim et al., 2020) with the RankProd R package (Hong et al., 2006) to identify discordantly regulated genes (DRGs) for each phenotype. The TRIAGE method identifies genes with potential epigenetic regulation in each sample, most probably being epigenetically regulated in a particular sample. These genes are the best ranked based on a discordant score, calculated by the multiplication of the specific gene repressive tendency score (given by the TRIAGE authors) and the gene expression value. The RankProd R package compares the ranks from contrasting sample groups to identify the ones differentially ranked between the groups. DRGs are candidate regulators for each phenotype that are potentially influenced by epigenetic mechanisms, inferred from the expression data.
The TRIAGE method incorporates a repressive tendency score assigned to each gene, which was initially estimated from human data (Shim et al., 2020). We considered the same repressive tendency score for Bos taurus based on orthologous genes (one-to-one) annotated using BiomaRt software (Ensembl genes 112) (Smedley et al., 2015). Among the 16,704 genes known to be orthologous one-one-one between Bos taurus and humans on Ensembl genes 112, 13,483 genes were expressed in our samples. From these, 635 genes contain repressive tendency scores for humans and were used to following analysis. The number of genes decreased a lot in this step because only genes with a known repression by epigenetic in humans have repressive tendency scores. The usage of only orthologous one-to-one between Bos taurus and humans is a limitation of the technique. But the small number of orthologous genes that contain repressive tendency scores compared to the real number of orthologous genes is not a limitation. It is an advantage, since only the genes that are affected by epigenetic repression in human tissues are considered, what decreases the chances of false positives.
We calculated the discordance score for each of the 635 selected genes, defined as the product of their logarithmic expression and its repressive tendency score, according to the TRIAGE methodology. The genes for each sample were then ranked based on their discordance scores across samples, from the biggest values to the smallest values, with higher-ranked genes deemed more susceptible to epigenetic regulation. Subsequently, to identify DRGs associated with each phenotype, we compared gene rankings between contrasting sample groups for each phenotype, using the RankProd R-package (Hong et al., 2006). This package utilizes a non-parametric method based on the estimated percentage of false predictions (pfp). We used a threshold of pfp >0.1 to consider the position of a specific gene in the rank for a contrasting sample group different from the position of the same gene in the rank for the other contrasting sample group. The less conservative threshold was chosen because the method is new. We investigated known bovine transcription factors (TFs) and transcription co-factors (TcoFs) among the DRGs using the Bovine TF database from AnimalTFdb v. 4.023 (Shen et al., 2023) and confirmed the annotation of these TFs and TcoFs in a Compendium of bovine TFs (de Souza et al., 2018) or in the UniProt database (Bateman et al., 2025). For the functional annotation, DRGs across all phenotypes were subjected together to analysis using STRING software (Szklarczyk et al., 2019). Given the extensive range of biological processes, REVIGO software (Supek et al., 2011) was used to summarize related Gene Ontology (GO) terms. Lastly, we cross-referenced the DRGs to previously reported DEGs for the same phenotypes (Cesar et al., 2015; Cesar et al., 2016; Tizioto et al., 2016; Silva-Vignato et al., 2017; Gonçalves et al., 2018).
2.6 Candidate SNPs associated with traits and epigenetic regulation
To investigate the association between single nucleotide polymorphisms (SNPs) located proximal to or within the DRGs and their respective phenotypes, based on literature about the range of histone modification effects (Barski et al., 2007), we scanned a window of 10 kb flanking each side of the transcription start site (TSS) for every DRG. These regions were assessed for their association with the GEBV of each phenotype utilizing PLINK software (Purcell et al., 2007). We used a subset of 104 samples for this analysis because these are the ones containing RNA-Seq and phenotype data for all traits in study. SNPs of interest were annotated using the VEP software v.110 (McLaren et al., 2010) and an analysis of variance (ANOVA) was conducted to compare GEBVs among genotype groups formed by SNPs associated with at least one phenotype.
To investigate potential epigenetic regulation within the genomic regions harbouring the trait-associated SNPs, we searched for peaks in ATAC-Seq and ChIP-Seq data available for two bovine muscle samples from the Functional Annotation of Animal Genomes (FAANG) project, accessed through the UCSC Genome Browser on Cow (April 2018, version ARS-UCD1.2/bos Tau9 (Nassar et al., 2023)). Furthermore, the cattleQTLdb database (Hu et al., 2013) was used to identify bovine traits associated with the SNPs of interest.
2.7 Regulatory impact of the DRG on phenotypes
Given that DRGs are expected to act as regulators of traits while also being subjected to epigenetic control, we searched for additional evidence of the regulatory impact of DRGs and DEGs on traits via the Regulatory impact factors algorithm (RIF) (Reverter et al., 2010). The RIF algorithm was designed to infer the regulatory impact of TFs (potential regulators) on the expression of selected gene targets (potential targets of the regulation), based on their expression values. Herein we used RIF to infer the regulatory impact of DRGs and DEGs on traits. We used the DRGs’ and DEGs’ expression values as the potential regulators and traits’ GEBVs as the potential targets of regulation. For each trait, we considered the DRGs and DEGs’ expression identified, contrasting sample groups and run the RIF algorithm separately. Table 1 contains the number of DRGs and DEGs used in each run for each trait. The DRGs and/or DEGs presenting RIF 1 or RIF 2 scores higher than |1.96| are genes with predicted regulatory impact over a specific trait, thus called a RIF gene for this trait. RIF1 score give high scores (positives or negatives) to candidate regulators that are most differentially co-expressed, highly abundant and with more expression differences between the contrasting groups. It searches for the candidate regulators that seem to have expression differences between the contrasting groups per trait. RIF2 score gives high scores (positives or negatives) to candidate regulators which expression can predict better the abundance of the genes in the target lists.
TABLE 1 | Number of Differential Regulated Genes, SNPs and Differentially Expressed Genes identified or used in the analysis for each trait.
[image: Table showing traits related to animal production, carcass, and quality. Columns list traits (RFI, BFT, REA, TS, IMF, CLA, OA, PA, EPA, DHA) with corresponding values for DRG (ranging from 1 to 32), SNPs (ranging from 45 to 1204), and DEG (ranging from 2 to 970). Footnotes provide definitions for DRG, SNPs, DEG, and trait abbreviations.]Additionally, we explored the relationships among the expression patterns of DRGs, previously published DEGs and the GEBV of each of the traits through correlation analysis performed with the Partial correlation and information theory algorithm (PCIT) (Reverter and Chan, 2008). Phenotypic data, DRGs, previously reported DEGs and RIF genes, as well as known TFs and TcoFs for Bos taurus, were utilized as attributes for constructing the networks. Networks were created separately for each trait.
3 RESULTS
3.1 Discordantly regulated genes (DRGs)
The DRGs for each production, carcass and beef quality trait identified here are candidate regulators of these traits, potentially modulated by epigenetic mechanisms (Afonso et al., 2023), as identified through a combination of the TRIAGE method and a rank product analysis (Hong et al., 2006).
In total, we identified 51 DRGs across all traits. Table 1 shows the number of DRGs identified for each one of the production, carcass and beef quality traits. Among these, 11 were DRGs for six or more traits (i.e., LBX1, SIM2, HOXC10, PAX7, COMP, BTNL9, CDH22, EN1, ZIC4, TBX15 and TBX3). LBX1 was identified as a DRG for all traits except BFT. Supplementary Figure S1 illustrates the DRGs for each trait with percentage of false positives (pfp) < 0.01, and their expression differences between contrasting groups. Similarly, Supplementary Table S1 provides details of the DRGs identified for each trait and their significant pfp values.
Among the 51 DRGs, 26 are known bovine TFs, 14 of which belong to the homeobox family. Only the VGLL2 DRG is a known bovine TF co-factor (Supplementary Table S2). The collective DRGs across all phenotypes are implicated in 162 biological processes, that can be clustered and summarized in three cluster containing more than three processes and some processes alone (Figure 1). The biggest cluster is related to organ, system, and embryo development, while the three smallest ones are related to the regulation of transcription and cellular, molecular, and biological processes. Supplementary Table S3 presents the complete list of enriched biological processes for the DRGs (Supek et al., 2011). Eight DRGs were also DEGs in the same Nelore population, with six involved in at least one of the same traits and two with different traits. Table 2 shows the DRGs that are also DEGs and their respective traits.
[image: A network graph displays interconnected nodes with varying node sizes. Larger nodes are red, while smaller nodes are pink, representing different elements or categories. Lines connect the nodes, indicating relationships or interactions within the network. The density of nodes and connections suggests complex interrelations among the elements depicted.]FIGURE 1 | Clustered summary of Biological Processes enriched for all DRGs together. The summarizing and clustering were performed with the REVIGO software. The color intensity of the circles represent the FDR values for each GO term.
TABLE 2 | Genes that are both a DRG in our analysis and a DEG in previously published papers for the traits (Cesar et al., 2015; Cesar et al., 2016; Tizioto et al., 2016; Silva-Vignato et al., 2017; Gonçalves et al., 2018). Bold marks the genes being a DRG and a DEG or a DRG and a RIF for the same trait, and the trait in question is shown.
[image: Table showing gene classifications. Columns are Gene, DRG, DEG, RIF, and TF. Genes listed are BARKX1, CDH22, MAFB, PEBP4, SIX2, GRM4, HOXC10, and CHRND. Various classifications include CLA, RFI, REA, AO, PA, EPA, DHA, IMF, BF, and TS. The TF column indicates presence for BARKX1, MAFB, SIX2, and HOXC10.]3.2 Candidate SNPs associated with traits and epigenetic regulation
Our hypothesis was that some SNPs proximal to the TSS of DRGs are associated with the traits and contain peaks of epigenetic marks. To identify these SNPs, we performed an association analysis between the SNPs flanking the TSS of each DRG and the variation in the GEBV for these traits, utilizing a dataset of 104 samples. These samples were chosen among the 200 samples with RNA-Seq data because they also had genotype and complete phenotype data. Table 1 shows the number of SNPs used in the association tests for each trait.
We identified one SNP associated with CLA and 35 SNPs associated with BFT (Table 3). No SNPs associated with the other eight phenotypes were identified. The SNP associated with CLA was located within an intron of the PITX2 DRG, which is located 7,537 bp downstream of its TSS. PITX2, a DRG for the traits CLA, OA, PA, EPA and DHA is also a known TF. Using an ANOVA single factor analysis, we found that the GEBV for CLA was significantly different between genotype groups for the SNP associated with CLA (p-value = 3.56E-05). Table 4 shows the number of animals with each of the three genotypes for this SNP and the mean CLA GEBV per genotype. The allele substitution effect for this SNP was −0.0072, indicating that substituting a T allele with a C allele is associated with a decrease of 0.0072 in the GEBV population mean for CLA.
TABLE 3 | SNPs around the DRGs associated with the traits in the present study (FDR_BH < 0.05). The tested SNPs were positioned in a window of 10 kbp for each side of the TSS of the DRGs.
[image: A table displays genetic data, including columns for Phenotype, SNP ID, Location, FDR BH, Gene, Consequence, and LD Group. Several SNP IDs and their data are listed, with various intergenic and intron variants. Some LD groups are labeled A to E.]TABLE 4 | Details about the four genotypes of the SNP associated with CLA GEBV.
[image: Table showing genotypes, the number of animals, and the average of CLA GEBV. Homozygous alternative (C/C): 68 animals, -0.0018 average CLA GEBV. Heterozygous (C/T or T/C): 30 animals, 0.0032 average CLA GEBV. Homozygous reference (T/T): 6 animals, 0.0104 average CLA GEBV.]The SNPs associated with BFT were located within a 17,799 bp region encompassing variants around the BTNL9 DRG, on chromosome six. The first SNP associated with BFT was positioned 9,331 bp upstream of the BTNL9 gene, while the last SNP, a missense variant, is located 8,468 bp downstream of the BTNL9 gene. This region comprises the proximal region, promoter, and part of the gene BTNL9, which was a DRG for BFT, RFI, OA, PA and EPA. Based on a linkage disequilibrium threshold of 0.8, this region can be divided into five groups (Table 3). No significant difference was detected between the genotype groups according to the ANOVA, considering one tag SNP per group.
To investigate signs of epigenetic regulation within regions containing SNPs associated with traits, we examined ATAC-Seq and ChIP-Seq peaks for various marks, obtained from published data from the FAANG project. The region encompassing the 35 SNPs associated to BFT exhibited peaks for ATAC-Seq and ChIP-Seq for CTCF, H3K4me3 and H3K27acand marks, suggesting epigenetic regulation at these loci (Figure 2). The SNP associated with CLA is exactly in the end of a broad peak for H3K27ac (Figure 3), also suggesting epigenetic regulation there.
[image: Genetic sequence diagram showing various markers and features along a genome. Features are labeled as proteins, repeats, or other genomic elements. Includes color-coded segments representing different genetic components, with numerical labels indicating their positions.]FIGURE 2 | FAANG ATAC-Seq and ChIP-Seq for two muscle samples from cattle in the region encompassing the 35 SNPs associated with BFT. The information was gathered at UCSC Genome Browser on Cow. The first SNP was on chr7:40,077,296 and the last SNP was on chr7:40,095,095.
[image: Diagram showing genomic regions on chromosome 1, including various features like the 28S_KH domain, "MAGUK" presence with the peak for unPHLu-IN protein, and highlighted locations. It indicates CRISPR_Cas9 (periphery red) and gene markers like SEP2_Y domains, with specific measurement units.]FIGURE 3 | FAANG ATAC-Seq and ChIP-Seq for two muscle samples from cattle in the region encompassing the SNP associated with CLA. The information was gathered at the UCSC Genome Browser on Cow. The SNP is in chr6:14,838,839, an intron of the PITX2 gene (a TF).
Considering QTLs associated with traits related to fatty acid deposition in the cattleQTLdb (Hu et al., 2013), the SNP associated with CLA (rs110498194) was found to be linked to body and carcass weight, fat thickness and fatty acid content in tissues and in milk for several cattle breeds (Supplementary Table S4). Similarly, the 35 SNPs associated with BFT were associated with marbling score, fat thickness, and body weight in the Angus and Hanwoo breeds (Supplementary Table S5).
3.3 Regulatory impact of the DRG on phenotypes
As DRGs are proposed regulators of traits that are also under epigenetic control, we investigated their regulatory impact, along with DEGs described in previous studies and already associated with the traits, utilizing the RIF algorithm. Table 1 shows the number of DRGs and DEGs tested per trait. We identified nine RIF genes for RFI, two for BFT, nine for REA, two for TS, five for IMF, 73 for CLA, 71 for OA, 11 for PA, one for EPA and three for DHA. Four genes were RIF genes for multiple traits: IFNLR1 for CLA and PA, COL2A1 for REA and DHA and SIM2 and 3VGLL2 for OA and PA. Among the RIF genes, 12 were DRGs, one was both a DRG and a DEG and 169 were DEGs. Supplementary Table S6 provides a comprehensive list of all the RIF genes, indicating DRGs and DEGs, as well as the traits on which they were identified. Among all the RIF genes, 25 were TFs. Among them, HOXC10 had the most attributes linked to the studied traits, being a DRG for RFI, TS, IMF, CLA, OA, PA, EPA and DHA, a DEG for RFI and a TF.
Additionally, we explored the relationships among the expression of DRGs, previously published DEGs in this same population and the variation in the GEBV of each of the traits via correlation analysis conducted with the PCIT algorithm. Supplementary Figure S2 presents the networks constructed based on these correlations, with each network focusing on a specific trait. Phenotypes, DRGs, previously published DEGs, RIF genes, and known TFs and TcoFs for Bos taurus are marked within the networks. We can see in all the networks that there is an intricate relationship among DEGs and DRGs. Interestingly, the EPA and DHA networks show that a bunch of DRGs are correlated with just four DEGs for EPA and just two DEGs for DHA. The gene PITX2, containing the only SNP associated to CLA, does not have its expression correlated directly to CLA GEBV, but it is second neighbour of the CLA GEBV in the network, being correlated to two DRGs that are also TFs (BARX1 and SIX2) and two DEGs (NOD1 and ADAMTS3). As for the gene BTNL9, containing most of the group of SNPs associated with BFT, its expression is also second neighbour to the BFT GEBV, being correlated directly to the DEG DRP2.
4 DISCUSSION
4.1 Putative regulators of traits also subjected to epigenetic regulation
To elucidate the complex regulation of production, carcass and beef quality traits, understanding their epigenetic regulation is crucial. However, experiments targeting epigenetic markers can be complex and expensive, therefore alternative approaches using more cost-effective data are needed. In this regard, the use of the TRIAGE method and the RankProd R package, as previously published (Afonso et al., 2020), offers an opportunity to predict regulatory genes affecting traits while also being regulated by epigenetic mechanisms (DRGs). This prediction, in the TRIAGE method, is based on the inverse relationship between the presence of the histone modification H3K27me3 and gene expression, coupled with a comparison of repression gene ranks between contrasting sample groups. The TRIAGE method primarily relies on the presence of H3K27me3 histone modifications in various human tissues. However, the authors validated its capacity to identify epigenetic regulation in other species, identify genes being affected by epigenetic variables and potentially mediated by different mechanisms beyond H3K27me3 alone (Shim et al., 2020). To use TRIAGE with bovine expression data, we use ortholog genes between bovines and humans, as the authors suggest. Here, DRGs provide insights into the regulation of complex production, carcass and beef quality traits.
Considering all the traits studied here, the LBX1 gene is one of the main regulatory candidates for production, carcass and beef quality traits since it was a DRG for all traits, except for BFT. This gene encodes a TF, which is a candidate regulator of fatty acid composition-related traits (Valdés-Hernández et al., 2024) and associated with feed conversion ratio in pigs. A SNP in the LBX1 gene has been associated with idiopathic scoliosis in humans, a disease that causes muscle atrophy (Shahidi et al., 2021). Based on that, we can speculate that this TF would regulate processes underlying muscle fibre size, function and tenderness. Among DRGs associated with at least six traits, HOXC10 was associated with eight traits and CDH22 was associated with six traits, respectively, showing evidence of their involvement with these traits. The known functions of all DRGs, based on the functional enrichment analysis, are linked to embryo development and the regulation of biological processes, both of which are acknowledged as being subject to epigenetic regulation.
4.2 Supporting evidence of the regulatory status, epigenetic regulation of DRGs and relationship with the traits
We searched for additional evidence that the DRGs are trait regulators. Apart from our results with the TRIAGE method coupled with the RankProd R package, we have supporting evidence suggesting that DRGs serve as candidate regulators of the studied traits. First, 50.9% of the DRGs were TFs, whereas only 8.45% of all the genes in the genome used for DRGs identification were TFs. The overrepresentation of TF among the DRG compared to what would be expected at random strongly supports the regulatory role DRGs. Second, SNPs located within or around DRGs were associated with the phenotypes, with the allele substitution of one SNP associated with CLA being associated with a decrease of 0.0072 in the GEBV of this phenotype. Accordingly, genetic variants within epigenetically regulated regions of the genome, such as those influenced by histone modifications, may be correlated with certain traits (Kang et al., 2021; Kang et al., 2021). PITX2 is a TF found as DRG, that contains the SNP associated with CLA content in muscle. PITX2 is involved in the fine-tuning mechanism of skeletal-muscle development, differentiation and cell fate in adult muscle (Hernandez-Torres et al., 2017), which are functions frequently affected by epigenetics and with regulatory significance. Based on our search in the cattleQTLdb for the regions of or around the SNPs associated to our traits, we saw that SNPs near the one associated with CLA were QTL for body weight, fat thickness in several tissues, and also QTLs for fatty acid content and milk fat in several bovine breeds (Nassar et al., 2023). Similarly, SNPs around the BTNL9 gene, which were associated here with BFT, were reported as QTLs for marbling score, fat thickness and body weight in the Angus and Hanwoo breeds (Hu et al., 2013). A human variant in the BTNL9 gene is associated with both lower high-density lipoprotein cholesterol and greater triglycerides (Carlson et al., 2023), providing additional evidence of the link between this gene and fat deposition in our study. These SNPs in regions potentially affected by epigenetic mechanisms could serve as points of linkage between these mechanisms and the traits, although further studies are warranted to validate this hypothesis.
The third evidence is derived from the RIF analysis, which predicted that out of the 51 DRGs identified across all traits, 13 were identified as RIF genes, suggesting their regulatory impact on at least one trait. HOXC10, a DRG for eight traits, a DEG for RFI (Tizioto et al., 2016) and a TF, is a RIF gene with more attributes linking it to the traits in study. Together with LBX1, these genes were the two main candidate regulators of the traits studied here presenting epigenetic regulation. HOXC10, a homeobox gene linked to morphogenesis in multicellular organisms, has been associated with mineral content in Nelore muscle (Afonso et al., 2020) and was identified as a QTL region for chest depth in the Limousin breed (Doyle et al., 2020), underscoring its relevance to muscle and production, carcass and beef quality traits.
For the epigenetic regulation of the DRGs, the regions containing the 35 SNPs around DRGs associated with BFT were regions of open chromatin in bovine muscle samples from the FAANG project, indicating susceptibility to regulation. These regions exhibit ChIP-Seq peaks of various histone modifications in the same bovine muscle samples. The SNP associated with CLA, in an intron of the gene PITX2 which is a known TF, is at the far end of a broad peak for H3K27ac. H3k27ac broad peaks in introns suggest enhancer activity, even more in TFs (Zhou et al., 2022). Future experiments involving for instance ChIP-Seq and ATAC-Seq on samples from contrasting groups are necessary to explore potential differences in epigenetic regulation affecting these regions between groups.
Finally, the network analysis revealed significant positive and negative correlations among DRGs, DEGs, and traits. These networks, one for each trait, showed intricate nets with DEGs and/or DRGs directly linked to traits and among themselves, including numerous TFs and TcoFs. The connections between RIF genes or DRGs and DEGs represent candidate regulatory events that warrant further exploration in future studies.
While our results unveiled the potential epigenetic blueprint of beef quality and production traits, it is important to acknowledge that TRIAGE includes only protein-coding putative regulators of the phenotypes undergoing regulation by epigenetic mechanisms, rather than all potential regulators; and relies on human data, restricting our ability to test genes to those exhibiting orthology between humans and cows.
4.3 Limitations of the study
This study constitutes an in silico and exploratory analysis aimed at initiating the investigation into the epigenetic regulation associated with various phenotypes in Nelore cattle. Our methodology, however, presents three limitations: (1) TRIAGE primarily focuses on genes highly involved in driving cell differentiation and lineage diversification, potentially introducing bias into the results. Nevertheless, this bias also serves as additional evidence of regulation. (2) TRIAGE exclusively examines protein-coding genes, implying that our findings only include protein-coding putative regulators of the phenotypes undergoing regulation by epigenetic mechanisms, rather than all potential regulators. (3) Since TRIAGE relies on human data, our ability to test genes is restricted to those exhibiting one-to-one orthology between humans and cows. Although wet laboratory validation, such as ChIP-Seq is needed to confirm these findings, our results will help to advance our understanding on the intricate epigenetic regulation linked to production and beef quality traits, improving animal production in the future.
5 CONCLUSION
We identified candidate genes potentially regulating beef quality and production traits subjected to epigenetic regulation (DRGs). We provided supporting evidence regarding the regulatory status of these DRGs, and their association with the studied traits. Additionally, we identified candidate SNPs potentially linking epigenetic mechanisms and the genome regulation, as well as putative regulatory events characterized by significant correlations among RIF genes, DEGs and DRGs. Among the identified DRGs, the TF LBX1 and the gene HOXC10 have emerged as candidates supporting their role as regulators of production, carcass and beef quality traits, while also being subjected to epigenetic regulation.
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Introduction: Bone morphogenetic protein 15 (BMP15) is a pivotal regulator of reproductive performance. This study aimed to investigate genetic variations in the sheep BMP15 gene and their role in lambing traits.
Methods: Whole-genome sequencing was performed on 2,409 individuals from 75 global sheep breeds to identify functional variations in BMP15. Variant annotation, protein structure prediction, haplotype analysis, and association studies with lambing traits were conducted.
Results: 139 SNPs were detected, including 10 exonic variants (6 missense, 2 synonymous, 2 premature stop codons), 9 of which were novel. The high-frequency missense mutation g.54284258A>G (L251P) showed predicted localized conformational changes. Low-frequency stop-gain mutations (e.g., g.54284551C>T) were rare (<0.005%) in domestic breeds. Haplotype H6 (AAAA) predominated in domestic breeds (48.4%), diverging significantly from the wild ancestral H1 (AAGA), indicating artificial selection. The g.54284258A>G variant was significantly associated with live lamb number at first (p < 0.01) and second parity (p  < 0.05). AG genotypes had more live lambs than AA (1.29 vs. 1.12; p < 0.01). No significant associations were found with total lambing number, lamb survival rate, stillbirth count, or stillbirth rate.
Discussion: BMP15 exhibits substantial genetic variability shaped by selection. The g.54284258A>G variant significantly influences live lamb numbers and may serve as a genetic marker for improving this trait in sheep breeding programs, though its impact is parity-specific and unrelated to stillbirth or overall survival metrics.
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1 Introduction

Sheep populations have dispersed across diverse ecology worldwide after domestication, encountering heterogeneous environmental pressures and selective constraints that resulted adaptive diversification through genetic variation (1). This evolutionary process, underpinned by the emergence of advantageous alleles, has shaped the species’ global genetic diversity, highlighting the importance of characterizing genetic variability for both conservation of unique breeds and optimization of breeding programs (2). While advances in reproducible genotyping tools have enabled cross-border collaborations for in-depth study of genetic diversity (3).

Reproductive traits, particularly litter size (total lambs born including stillbirths) and number of live lambs (viable neonates surviving >24 h postpartum), are polygenic in nature, modulated by intricate interactions among environmental factors (e.g., nutrition and management), epigenetic modifications, and multi-gene regulatory networks. Their low heritability (h2 = 0.1–0.3) renders conventional phenotypic selection strategies ineffective for achieving genetic gains (4). This limitation underscores the urgency to decipher the genetic regulatory networks governing these traits and identify causal functional mutations. It might be prerequisite for developing precision breeding technologies aimed at enhancing ovine reproductive efficiency (including litter size, live lambs and others).

Bone morphogenetic protein 15 (BMP15), an X-linked oocyte-specific member of the TGF-β superfamily, has emerged as a pivotal regulator of reproductive performance. Expressed from the early secondary follicular stage through ovulation (5). BMP15 influences folliculogenesis and embryo survival via conserved signaling pathways. Although mutations such as FecXI and FecXR are associated with prolificacy in select sheep breeds (6). On the other hand, BMP15 variants show no significant association with litter size in Indian Black Bengal goats (7) and Tibetan cashmere goats (8). These discrepancies suggest species- and breed-specific functional roles for BMP15, potentially modulated by genetic background or environmental covariates. Therefore, systematic validation across globally diverse populations is essential.

This study integrated high-throughput sequencing with functional gene annotation to systematically identify genetic variants associated with litter size and number of live lambs, while evaluating their distribution patterns and potential effects across diverse sheep breeds. Through comprehensive analyses, we aim to screen candidate genes and loci significantly associated with lambing traits, providing novel insights into the genetic basis for reproductive performance. These findings contribute to understanding of the genetic regulation of complex traits and lay scientific foundation for molecular breeding strategy to enhance sheep reproductive efficiency.



2 Materials and methods

All experimental procedures were performed in accordance with the Faculty of Animal Policy and Welfare Committee of Northwest A&F University (protocol no. NWAFU-314020038) for the use and care of animals in research.


2.1 Samples collection

This study utilized whole-genome sequencing data from 2,409 sheep individuals publicly available in the NCBI SRA database1 (Supplementary Table S1), with an average sequencing depth of 13.25×. These samples represent 75 global sheep breeds, including 361 individuals from Africa, 339 from America, 1,021 from East Asia, 587 from Europe, 52 from the Middle East, and 49 wild sheep (Ovis orientalis) (Supplementary Table S1).

Lambing traits such as litter size, number of live lambs, live lamb rate, stillbirth count, still birth rate, and lamb survival rate was collected from Australian White (AUW) sheep (n = 576) in Tianjin, China. Approximately 8 mL blood sample was collected from each ewe into EDTA-coated tubes from jugular vein and stored at −80°C for subsequent DNA extraction. Phenol-chloroform extraction method was used to extract genomic DNA from blood. The concentrations were measured by a Nanodrop 2000 Spectrophotometer to assess DNA purity (A260/280 ratio) and quality, and were diluted to 20 ng/μL and frozen at −40°C for further experiments. To minimize genetic confounding effect, unrelated individuals were selected based on pedigree records. Additionally, fixed effects such as age and parity were collected.



2.2 Read alignment and SNP detection

Raw FASTQ files underwent initial quality filtering using fastp v0.20.0. The processed reads were then aligned to the Ovis aries reference genome, ARS-UI_Ramb_v22 using BWA-MEM v0.7.13-r1126, generating binary alignment (BAM) files. Variant calling was performed using GATK v3.6-0-g89b7209, leveraging the “HaplotypeCaller” and “GenotypeGVCFs” modules to identify single nucleotide polymorphisms (SNPs). To ensure data quality, subsequent filtering was conducted with bcftools-1.13, applying stringent thresholds to remove artifacts: QD < 2.0, QUAL < 30.0, SOR > 3.0, FS > 60.0, MQ < 40.0, MQRankSum < −12.5, and ReadPosRankSum < −8.0. Further filtering retained only biallelic SNPs (-m2 -M2 -i) with a minor allele frequency (MAF) ≥ 0.05 and a genotype missing rate (F_MISSING) < 0.2.



2.3 Variant annotation

Gene annotation was performed using SnpEff v4.2 (9), categorizing variants into intronic, exonic, intergenic, splice-site, upstream, and downstream regulatory regions. SNPs located in exonic regions were further classified as synonymous or nonsynonymous variants. Finally, VCFtools v0.1.16 (10) was employed to calculate allele frequencies for all SNPs across different sheep breeds.



2.4 Linkage disequilibrium analysis

Linkage disequilibrium (LD) analysis was performed for all SNPs within the coding regions of the BMP15 gene using the LDheatmap R package (11).



2.5 Protein structure prediction

The amino acid sequences of the ovine BMP15 gene (NP_001108239.1) were retrieved from the NCBI Protein database.3 Three-dimensional protein structures were predicted using the AlphaFold2 online tool,4 with structural modeling performed for both wild-type and missense mutation variants. Finally, PyMOL v7.0.1 (12) was used to visualize and compare the protein structures before and after mutation.



2.6 Haplotype analysis

VCF files for the coding regions of the BMP15 gene were first filtered using bcftools v1.13 (10) with criteria of minor allele frequency (MAF) > 0.1 and genotype missing rate < 0.1. The filtered VCF files were subsequently converted to FASTA format. Multiple sequence alignment was then performed using MAFFT (13). Haplotype identification was streamlined by extracting haplotype data (.rdf files) from the aligned FASTA sequences using DnaSP v6.0 (14). Finally, low-frequency haplotypes (frequency < 5%) were excluded, and haplotype networks were visualized using Network v10.2 (15).



2.7 KASP genotyping

KASP (Kompetitive Allele-Specific PCR) primers were designed for the identified missense SNP 54284258 A>G loci. KASP primer set included a common reverse primer and two allele-specific forward primers differentiated by their 3′-terminal nucleotides to target alternate SNP alleles (16). Primers were synthesized by Sangon Biotech (Shanghai, China) Co., Ltd.; sequences are detailed in Table 1.


TABLE 1 KASP primers pairs for BMP15-54284258 genotyping.


	Locus
	Primer type
	Sequence (5′ → 3′)

 

 	ChrX:54284258 A>G 	FAM primer 	GAAGGTGACCAAGTTCATGCTGGGTCTTTTTCTGTAAACTCTTTCA


 	 	VIC primer 	GAAGGTCGGAGTCAACGGATTGGGTCTTTTTCTGTAAACTCTTTCG


 	 	Common reverse primer 	TGACACTCAGAGTGTTCAGAAGACCAAAC





Chr, chromosome; FAM and VIC: Two Fluorescent Reporter Dyes.
 

The KASP reaction comprises two primary components, Primer Mix and Master Mix. The Primer Mix consists of forward and reverse primers pooled at specified concentrations. The Master Mix contains universal detection primers labeled with distinct fluorophores (e.g., FAM and VIC). PCR amplification for genotyping used a reaction mixture with a total volume of 10 μL with 2.5 μL ddH2O, 0.5 μL of primer mix (FAM/VIC/R primers), 2 μL of DNA, and 5 μL of master mix (17). The cycling temperature adjustment with the respective number of cycles was described in Table 2.


TABLE 2 KASP reaction protocol.


	Steps
	Procedures
	Temperature
	Time
	Cycles

 

 	Step 1 	Initial denaturation 	95°C 	10 min 	1


 	Step 2 	Touchdown PCR* 	95°C 	15 s 	10


 	61 → 55°C (Δ = −0.6/cycle) 	45 s 	


 	Step 3 	Amplification 	95°C 	15 s 	28–35


 	55°C 	45 s 	


 	Step 4 	Fluorescence plate read 	30°C 	25 s 	1




 



2.8 Data analysis

The association analysis between lambing traits and the g.54284258A>G SNP of BMP15 gene was analyzed by using the general linear model of SPSS (IBM, 2019). The fixed effects considered were parities and genotype of the ewe. The linear model was Yjkl = μ + Aj + Gk + ejkl, where Yjkl = lambing trait, μ = population mean, Aj = effect of parities of ewe (5 levels; from party 1 to parity 5), Gk = effect of genotype (3 levels), and ejkl = random error. Statistical significance is defined as p < 0.05, and high significance is defined as p < 0.01.




3 Results


3.1 Variant annotation of BMP15

The BMP15 gene is located on the sheep X chromosome (positions 54,283,635–54,290,315 bp). Whole-genome sequencing data from 2,409 sheep were analyzed, identifying 139 SNPs within the BMP15 locus (Supplementary Table S2). Of these, 129 SNPs were localized to intronic regions, while 10 SNPs were exonic (Table 3; Figure 1). Among the exonic variants, 6 were missense mutations, 2 were synonymous mutations, and 2 introduced premature termination codons (PTCs).


TABLE 3 SNP variation information in the coding region of sheep BMP15 gene.


	Variants
	Names
	Regions
	Loci
	Amino acid changes
	Mutation types

 

 	g.54284258A>G 	FecXG 	exon2 	c.T752C 	L251P 	non


 	g.54284540C>T 	– 	exon2 	c.G470A 	S157N 	non


 	g.54284550C>T 	– 	exon2 	c.G460A 	V154I 	non


 	g.54284551C>T 	– 	exon2 	c.G459A 	W153X 	Stopgain


 	g.54284552C>T 	– 	exon2 	c.G458A 	W153X 	Stopgain


 	g.54284557C>T 	– 	exon2 	c.G453A 	E151E 	syn


 	g.54284559C>T 	– 	exon2 	c.G451A 	E151K 	non


 	g.54284560C>T 	– 	exon2 	c.G450A 	V150V 	syn


 	g.54284562C>T 	– 	exon2 	c.G448A 	V150M 	non


 	g.54284567C>T 	– 	exon2 	c.G443A 	C148Y 	non





syn refers to synonymous mutations, non for missense mutations and stop gain for premature termination. Loci: SNP mutation sites within the gene. Amino acid changes: Corresponding amino acid variations.
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FIGURE 1
 Frequency of SNP variation in BMP15 gene in different sheep populations. Only those populations with sample size >20 and MAF > 0.01 are displayed in figure; ALT, Altay sheep; BSB, Bashibai sheep; BYK, Bayinbuluke sheep; CLB, Cele Black sheep; LBB, Liangshan black sheep; DQS, Diqing sheep; DUL, Duolang sheep; HUS, Hu sheep; KAZ, Kazakh sheep; MON, Mongolian sheep; STH, Small Tail Han sheep; TAN, Tan sheep; TIB, Tibetan sheep; YSW, Yunnan semi-fine wool sheep; YNS, Yunnan sheep; IROA, Iran Local breed sheep; BFN, Baikal Fine-Fleeced sheep; CNM, Chinese Merino sheep; EFR, East Friesian Dairy sheep; FROA, France local populations sheep; DEM, German merino sheep; POD, Poll Dorset sheep; ROM, Romney sheep; TEX, Texel sheep; CAM, Cameroon; DMN, D’man; DOP, Dorper sheep; MAOA, Morocco local populations; SAD, Sardi sheep.


Notably, the SNPs g.54286137G>A, g.54288671G>A, and g.54288762G>A exhibited allele frequencies exceeding 0.5 in 75% of the studied populations. In contrast, g.54289877C>T was not detected (frequency = 0) in most breeds but was present at a frequency exceeding 0.1 in the Altay, Valley Tibetan, and Baikal Fine-Fleeced sheep.

Notably, 9 out of 10 exonic SNPs identified in this study are novel, with only g.54284258A>G having been previously reported (Table 3). The potential functional implications of these newly identified variants need further investigation.



3.2 Prediction of key mutation impact on protein structure

A high-frequency missense mutation (MAF > 0.05) was identified within the BMP15 gene. To evaluate its potential biological impact, the L251P amino acid substitution (leucine to proline at position 251) was modeled using PyMOL v7.0.1, and the resulting protein tertiary structure was compared to the wild-type (Figure 2). Structural predictions revealed detectable alterations in the three-dimensional arrangement of residues near the mutation site, suggesting that this substitution may affect BMP15 function through interference of local folding.

[image: Protein structure diagrams showing two variants: L251 at the top, 251P at the bottom. Each diagram includes a detailed inset highlighting specific molecular structures in green, with carbon atom arrangements varying between the two variants.]

FIGURE 2
 Three-dimensional protein structure changes of L251P before and after mutation. L251, leucine amino acid position at 251 of BMP15; 251P, proline amino acid position at 251 after mutation.




3.3 Haplotype analysis

Four SNPs in the BMP15 gene with MAF > 0.05 such as g.54284258A>G, g.54286137G>A, g.54288671G>A, and g.54288762G>A were used to reconstruct haplotypes. Analysis revealed nine haplotypes (H1–H9), with H6 exhibiting the highest global frequency (0.484) across domestic sheep populations (Table 4; Figure 3). The H1 haplotype was exclusively observed in wild sheep populations (e.g., Argali and Mouflon), strongly supporting its designation as the ancestral haplotype, while H2–H9 represent derived haplotypes arising through mutational events during domestication.


TABLE 4 Inferred haplotype frequency of BMP15 gene.


	Haplotype names
	Haplotype types
	Haplotype frequencies
	Sample size

 

 	H1 	AAGA 	0.106 	254


 	H2 	GGAA 	0.013 	31


 	H3 	AGGG 	0.195 	467


 	H4 	AAGG 	0.098 	234


 	H5 	GGGG 	0.053 	127


 	H6 	AAAA 	0.484 	1,157


 	H7 	AGAA 	0.036 	86


 	H8 	AGGA 	0.008 	19


 	H9 	AAAG 	0.007 	17
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FIGURE 3
 Haplotype networks inferred from SNP mutations in the BMP15 gene, H1 = AAGA, H2 = GGAA, H3 = AGGG, H4 = AAGG, H5 = GGGG, H6 = AAAA, H7 = AGAA, H8 = AGGA, H9 = AAAG. The network connects the haplotypes with lines which indicate their relationship. On the other hand, size of circles indicates frequency of each haplotype.




3.4 Association analysis of BMP15 g.54284258A>G with lambing traits in Australian white sheep

Genotyping of the Australian White sheep population at the BMP15 locus g.54284258A>G was performed using fluorescence signal scanning. The three genotypes (AA, AG, and GG) formed three distinct clusters in the scatter plot (Figure 4), demonstrating high-resolution discrimination and validating the accuracy of the KASP assay.
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FIGURE 4
 The KASP genotyping results of the g.54284258A>G locus of the sheep BMP15 gene GG in red, AG in green and AA in blue color. Allele 1 at X-axis and Allele 2 at Y-axis represent fluorescence intensities corresponding to two different alleles for each sample. The clear separation between the three clusters indicates that the genotyping has successfully distinguished between the different genotypes.


The BMP15 g.54284258A>G locus showed a significant association of number of live lambs with first and second parities at (p < 0.01) and (p < 0.05), respectively (Table 3). For most parities, the G allele (in both AG and GG genotypes) results in a better number of live lambs than the A allele, except in the fourth parity (Supplementary Table S3). Therefore, the BMP15 g.54284258 A>G variant could be used as a marker for marker-assisted selection to improve the reproductive efficiency of sheep.




4 Discussion

This study identified 139 SNPs within the BMP15 locus in sheep, including 10 exonic variants which comprised 6 missense mutations, 2 synonymous mutations, and 2 premature termination codon (PTC)-introducing mutations. Notably, 9 out of 10 exonic SNPs were novel discoveries, with only g.54284258A>G (FecXG) having been previously reported. The PTC mutations g.54284551C>T (p.W153X) and g.54284552C>T (p.W153X) are predicted to result in complete loss of BMP15 function, analogous to the fertility-impairing effects of known FecX mutations (e.g., FecXI, FecXL) (18). However, these novel truncating mutations exhibited extremely low frequencies in domestic sheep (MAF < 0.005), suggesting potential negative impacts on reproductive efficiency and subsequent purging via natural or artificial selection.

The high-frequency missense mutation g.54284258A>G (p.L251P) was predicted to alter local protein conformation. This discrepancy may be due to two potential mechanisms. First, X-linked dosage effects could lead to partial compensation in heterozygous (AG) females compared to homozygous (AA/GG) individuals, a phenomenon mediated by X-chromosome inactivation (19). Second, indirect mechanisms might operate, where the mutation modulates follicular atresia to influence fetal survival rather than directly increasing ovulation rate—a hypothesis supported by its significant association with first-parity live lamb number (p < 0.01) (20).

Haplotype analysis of four high-frequency SNPs delineated nine haplotypes (H1–H9), with H6 (AAAA) dominating global domestic sheep populations (48.4% frequency), while wild mouflon sheep retained the ancestral haplotype H1 (AAGA). The prevalence of H6 likely reflected long-term artificial selection for enhanced fecundity: BMP15 in wild populations balances ovulation rates to avoid maternal energy depletion, whereas domestication favored haplotypes promoting higher prolificacy. Interestingly, H3 (AGGG) showed elevated frequency in East Asian breeds (19.5%), suggesting potential adaptive advantages in local environments, though functional validation is required.

While g.54284258A>G showed no association with total litter size, its significant effect on number of live lambs (1.29 vs. 1.12 lambs for AG vs. AA genotypes in first parity, p < 0.01) (Table 5) suggested BMP15’s regulatory role in embryonic survival. This dual functionality might originate from two mechanisms. First, BMP15-mediated inhibition of granulosa cell apoptosis, which promotes follicular maturation (21). Second, BMP15 signaling optimization of placental angiogenesis, thereby enhancing fetal nutrient supply and postnatal viability (22). Thus, AG/GG genotypes may improve lamb survival through enhanced placental efficiency rather than direct increases in ovulation. Notably, the enhancing effect of AG/GG genotypes on number live lambs was confined to early parities, with no statistically significant differences observed in subsequent parities. This divergence might be explained by two combined mechanisms. First, maternal life-history trade-offs between reproductive efficiency and survival may lead primiparous individuals to prioritize nutrient allocation to fetal development over self-maintenance, adopting a ‘high-care strategy’ to maximize offspring survival (23). Second, diminished statistical power caused by reduced sample sizes in later parities likely obscured subtle genotypic effect. Therefore, future research should employ large-scale, age-stratified cohort designs with sufficient sample sizes to elucidate the complex interactions among genetic, epigenetic, and environmental factors driving parity-specific phenotypic outcomes.


TABLE 5 Association analysis between the g.54284258A>G locus of the BMP15 gene and the number of live lambs in Australian white sheep.


	Traits
	Observed values (Mean ± SE)
	p values



	AA
	AG
	GG

 

 	1st Parity 	1.12 b ± 0.04 (n = 169) 	1.29 a ± 0.03 (n = 269) 	1.25 ab±0.05 (n = 138) 	0.008**


 	2nd Parity 	1.18 b ± 0.04 (n = 143) 	1.33 a ± 0.04 (n = 210) 	1.33 a ± 0.06 (n = 108) 	0.036*


 	3rd Parity 	1.21 ± 0.06 (n = 92) 	1.37 ± 0.05 (n = 144) 	1.39 ± 0.06 (n = 80) 	0.099


 	4th Parity 	1.45 ± 0.08 (n = 44) 	1.41 ± 0.08 (n = 71) 	1.30 ± 0.09 (n = 50) 	0.466


 	5th Parity 	1.29 ± 0.11 (n = 28) 	1.49 ± 0.11 (n = 37) 	1.35 ± 0.12 (n = 26) 	0.419





Data are presented as mean ± SE. Different superscript letters (a, b) within a row indicate significant differences between genotypes (p < 0.05, Tukey’s post-hoc test). Shared letters (e.g., ab) denote no significant difference from groups with the respective letters. No superscripts indicate no significant differences among groups. **p < 0.01, *p < 0.05.
 

These findings underscore that functional variants in highly conserved reproductive genes like BMP15 may exist as rare alleles, necessitating large-scale cross-breed meta-analyses for detection. On the other hand, the current research limitations and due attention for future related study included the sample size should be as large as possible, a lack of functional validations like in vitro assays for p.W153X effects on protein secretion, and unable to address epigenetic factors.



5 Conclusion

This comprehensive study elucidates the significant genetic variation landscape within the BMP15 gene across 75 global sheep breeds and its pivotal role in lambing performance, particularly live lamb number. Whole-genome sequencing revealed 139 SNPs, including novel functional variants (6 missense, 2 synonymous, and 2 stop-gain).

Haplotype analysis demonstrated a pronounced divergence between domestic sheep and their wild ancestors, with the H6 (AAAA) haplotype dominating global domestic populations (48.4%), suggesting strong artificial selection for enhanced reproductive efficiency during domestication. Critically, the association analysis established the missense mutation g.54284258A>G (L251P) as a significant genetic marker, specifically linked to increased number of live lambs in both first (p < 0.01) and second (p < 0.05) parities. Ewes carrying the AG genotype produced significantly more live lambs (1.29 vs. 1.12) compared to the AA genotype in the first parity.

While not associated with total litter size, this finding underscores BMP15’s crucial role in influencing postnatal viability, potentially through mechanisms supporting embryonic/placental development. Collectively, the identified genetic variation, ancestral haplotype shift, and the validated association of the L251P variant with key lambing traits highlight BMP15’s considerable potential as a candidate gene for marker-assisted selection to augment reproductive efficiency and live lamb output in sheep breeding programs. Future studies should focus on functional validation of novel variants, expanding association analyses with larger cohorts encompassing diverse breeds and parities, and exploring potential epistatic or epigenetic interactions.
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Indicator® Term

LnVar(Ave) BP GO:0031334, positive regulation of protein complex assembly 003
BP GO:0033138, positive regulation of peptidyl-serine phosphorylation 007

LnVar(Med) BP GO:0007155, cell adhesion 000
BP GO:0050918, positive chemotaxis 001
BP GO:0050930, induction of positive chemotaxis 001
BP GO:0006310, DNA recombination 002
BP GO:0006302, double-strand break repair 002
BP GO:0050731, positive regulation of peptidyl-tyrosine phosphorylation 002
BP GO:0001501, skeletal system development 003
BP GO:0007417, central nervous system development 003
BP GO:0033138, positive regulation of peptidyl-serine phosphorylation 004
ME GO:0005540, hyaluronic acid binding 000
ME GO:0042056, chemoattractant activity 002
ME GO:0005509, calcium ion binding oo
cc GO:0005576, extracellular region 006

Nor_avevar BP GO:0009086, methionine biosynthetic process 001
BP | Goostol, positive regulation of protein modification process 002
BP GO:0051403, stress-activated MAPK cascade 002
BP GO:0070613, regulation of protein processing 003
BP GO:0010762, regulation of fibroblast migration 003
BP GO:0006357, regulation of transcription from RNA polymerase 1T promoter 003
MF GO:0047150, betaine-homocysteine S-methyltransferase activity 001
o GO:0005829, eytosol 000
cc GO:0005769, early endosome 002
cc GO:0008021, synaptic vesicle 003
cc GO:0098978, glutamatergic synapse 004

HSU, BP GO:0015711, organic anion transport 000
BP GO:0015732, prostaglandin transport oo
BP GO:0005975, carbohydrate metabolic process 002
MF GO:0022857, transmembrane transporter activity 000
cc GO:0016323, basolateral plasma membrane 002
cc GO:0005654, nucleoplasm 003

“Indicators: LnVar(Ave): log-transformed variance of the deviations between each observation and the average values from moving windows that contains six continuous observations with 10-
mins interval in between; LnVar(Med), log-transformed variance of the deviations betsween the median values from moving windows that contains six continuous observations with 10-mins
interval in between; Nor_avevar, normalized average Ty, multiplies the normalized Ty, variance; HSU x: sum of Tv values above the HS, threshold during the whole data collection period.
bCategory: BP, biological process; MF, molecular function; CC, cellular component.
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Indicator®

LnVar(Ave) ‘ 55¢04659, Th17 cell differentiation 002
LaVar(Med) [ $5c05207, Chemical carcinogenesis - receptor activation o

‘ ssc04151, PI3K-Akt signaling pathway 003
Nor_avevar ‘ 55¢04724, Glutamatergic synapse 004

‘Indicators: LnVar (Ave), log:transformed variance of the deviations between each observation and the average values from moving windows that contains six continuous observations with 10-
mins interval in between; LnVar (Med), log-transformed variance of the deviations between the median values from moving windows that contains six continuous observations with 10-mins
interval in between; Nor_avevar, normalized average Ty, multiplies the normalized T, variance.
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SSE Position Freq' P-value Indicator Bonferroni Chromosome:

ise level Suggestive level

2 8,775,302 047 108 x10° | HSU, Significant
6 [ 16,323,291 | 028 | 204x10°  HSUg [ | Significant [ Significant
6 16,390,288 027 293x10° | HSUg Significant |
6 16,449,770 0.14 | 152x10° | HSUg | Significant
9 15,692,376 0.18 152x10° | HSUy Significant
9 72,539,075 042 178 x 10°  HSUg Significant
9 15,692,376 0.18 181 x107 | HSD Significant Significant Significant
1 57,981,015 047 [ 531x10°  Nor_medvar [ | [ Significant
3 18,088,863 038 186 x 10° | Nor_avevar Significant Significant
2 88,631,882 040 7.03x10°  Nor_avevar Significant Significant
2 88,327,932 0.19 848 x 10 Nor_avevar | | Significant Significant
2 25247,173 0.14 215%10°  Nor_avevar Significant
7 39,254,889 026 548 x 10 LnVar(Ave) Significant
6 [ 16,449,770 0.14 | 9.97 x 10 [ LnVar(Ave) [ [ Significant
2 100913257 | 0.12 1.65x10° | LnVar(Ave) Significant |
3 141,963,034 015 168 x 10°  LnVar(Ave) Significant
15 135,366,143 0.14 175 x10° | Autocor (Ave) Significant Significant
13 186,420,881 041 0.000718 Skew (Ave) Significant
6 16,449,770 0.14 354x10°  LnVar(Med) Significant Significant
7 39,254,889 026 L12x10°  LnVar(Med) Significant
16 29,568,619 028 145x 10° | LnVar(Med) Significant
16 29,287,377 028 160 x 10 LnVar(Med) [ Significant
2 91,661,760 013 165 x 10° | LnVar(Med) Significant
6 16,435,748 0.16 177 x 10° | LnVar(Med) Significant
16 29,837,397 027 177 x10° | LnVar(Med) Significant
16 29,102,419 028 178 x 10° | LnVar(Med) Significant
16 28,947,227 027 178 x10° | LnVar(Med) Significant |
16 29,107,832 028 190 x 10° | LnVar(Med) Significant
16 29,645,155 028 201 x10% | LnVar(Med) Significant
16 29,513,888 028 207 x10° | LnVar(Med) Significant
16 29,092,396 028 213x10° | LnVar(Med) Significant

'SSC, Sus scrofa chromosome.
bFreq, allele frequency.
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Indicator® sscP QTL type© Tr:
LnVar(Ave) 6 Meat_and_Carcass Bone weight
B Exterior Maternal infanticide
7 Production Body weight
7 Production Average daily gain
7 Production Average daily gain
7 Meat_and_Carcass Skin weight
Skew (Ave) 13 Meat_and_Carcass Acid flavor
Hsu, T2 Meat_and_Carcass  Muscle conductivity
2 Meat_and_Carcass Average chain length
2 Reproduction Number of stillborn
2 Reproduction uterine horn weight
HSUy 6 Meat_and_Carcass Bone weight
6 Exterior Maternal infanticide
6 Meat_and_Carcass Bone weight
6 Exterior Maternal infanticide
9 Meat_and_Carcass Carcass length
Nor_avevar B Health Insulin-like growth factor 1 level
2 Health Hemolytic complement activity (classical pathway)
2 ' Meat_and Carcass Shear force
2 Meat_and_Carcass tenderness score
2 Reproduction Teat number
3 Meat_and_Carcass Fat androstenone level
LnVar(Med) 2 Meat_and_Carcass Shear force
6 Meat_and_Carcass Bone weight
6 Exterior Maternal infanticide
7 Production Body weight
7 Production Average daily gain
7 Production Average daily gain
7 Meat_and_Carcass Skin weight
16 Reproduction Teat number
16 Exterior Lumbar vertebra number
16 Exterior Lumbar vertebra number

‘Indicators: LnVar(Ave), log-transformed variance of the deviations between each observation and the average values from moving windows that contains six continuous observations with 10-
mins interval in between; Skew (Ave), skewness of the deviations between each observation and the average values from moving windows that contains six continuous observations with 10-mins
interval in between; LnVar(Med), log-transformed variance of the deviations between the median values from moving windows that contains six continuous observations with 10-mins interval
in between; Nor_avevar, normalized average Ty, multiplies the normalized Ty, variance; HSU,: sum of Tv values above the HS, threshold during the whole data collection period; HSUy: sum of
Tv values below the HS, threshold during the whole data collection period.

"SSC, sus scrofa chromosome.

‘QTL, type: main type of QTL, trait group previously identified.
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