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and an immunosuppressive niche
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1Department of Pharmacy, First Af�liated Hospital of Harbin Medical University, Harbin, China,
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3National Health Commission (NHC) Key Laboratory of Cell Transplantation, Harbin,
Heilongjiang, China
Background: The overall survival rate of acute myeloid leukemia (AML) remains
less than 30%. Metabolic reprogramming of leukemia cells, such as the Warburg
effect, enables them to adapt to the microenvironment and thereby develop.
Elucidating the landscape of lactate regulation in AML helps clarify the
pathogenesis from the perspective of metabolic reprogramming and identify
possibilities for optimizing current treatment modalities.
Methods: RNA and single-cell sequencing data for AML were obtained from the
Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA)
databases. Seurat, limma package algorithm and Weighted gene coexpression
network analysis (WGCNA) were conducted to identify candidate lactylation-
related genes (LRGs). Enrichment analyses and protein-to-protein interactions
were used to clarify the functions. Univariate COX regression and machine
learning algorithms (LASSO-logistic, SVM-RFE and Boruta) narrowed the range
of LRGs.The DALEX package employed four machine learning models for
validation. CIBERSORT analyzed the relationship between immune cell
in�ltration and key LRGs, while single-gene GSEA was utilized to evaluate the
functions of LRGs. We evaluated the associations between hub LRGs and AML
using a two-sample Mendelian randomization (MR) analysis. Molecular docking
was used to screen for feasible drugs targeting the hub genes. Western blotting
was performed to assess pan-lactylation levels in AML cell lines. qRT–PCR and
immunohistochemistry were performed to detect GZMB/LSP1 expression in
AML patients.
Results: Seven hub LRGs were identi�ed in the AML groups: LSP1, MPO, GZMB,
SPINK2, HLA-DRB1, HLA-DRA and POU2F2, of which GZMB and LSP1 passed MR
test. The seven hub genes were enriched in immune and in�ammatory pathways.
GLM ultimately emerged as the optimal model validated by GEO datasets.
Compared with healthy controls, Kasumi-1 cells exhibited elevated lactylation
levels, with exogenous lactate treatment further increasing lactylation levels,
whereas sodium oxamate administration had the opposite effect. Exogenous
lactate treatment signi�cantly upregulated the mRNA expression of GZMB and
LSP1. (-)-Gallocatechin gallate and indomethacin bound well to GZMB, while
benzo(a)pyrene and benzo(e)pyrene had good binding potential with LSP1.
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Conclusions: We established lactylation as a critical regulator of AML, and GZMB
and LSP1 were identi�ed as lactylation-related clinical modeling indicators,
which provides a foundation for choosing prognostic and therapeutic
strategies for AML.
KEYWORDS

acute myeloid leukemia, lactylation-related genes, leukemic microenvironment,
machine learning algorithms, prognostic marker
1 Introduction

Acute myeloid leukemia (AML) is a lethal hematopoietic
malignancy derived from abnormally proliferating stem cells,
which are also called leukemic stem cells (LSCs) (1). Despite the
development of chemotherapy, targeted therapy, immunotherapy
and hematopoietic stem cell transplantation (HSCT), only 30% of
AML patients can achieve �ve-year survival (2). The underlying
mechanisms of AML development and progression, including gene
mutations in LSCs, inordinate epigenetic regulation and the
leukemic microenvironment (3, 4), have not been fully elucidated.

The bone marrow microenvironment (BMME) plays a key role in
the regulation of hematopoiesis, but the molecular complexity and
interactions among LSCs and the BMME remain incompletely
understood (5). The BMME is composed of cells and molecules and
then induces different fates of hematopoietic stem cells (HSCs). The
main cellular components of the BMME include stromal cells,
immune cells, endothelial cells, osteoblasts and adipocytes. Crosstalk
between leukemic BMME and LSCs promotes the maintenance and
progression of AML (6). Hypoxia and the accumulation of lactate are
features of the malignant microenvironment (7, 8), and AML is no
exception (9). Malignancies tend to use glycolysis, thus leading to the
accumulation of lactate, which is also called the Warburg effect (10).
Metabolic reprogramming leads to the accumulation of lactate, which
not only promotes an acidic leukemic microenvironment but also acts
as a modulator and accelerates leukemia processes (11, 12). A study
found that lactate was the most signi�cantly different metabolite
between AML and normal human BMME (9). Lactate acid also
promotes PD-1 + Tregs accumulation in the bone marrow with
high tumor burden of acute myeloid leukemia (13).

The lactylation of proteins is a gradually elucidated
posttranslational modi�cation (PTM) that depends on the binding of
lactate groups to lysine residues and thus impacts physiological
processes (14, 15). Abnormal lactylation modulation occurs in both
tumors and the microenvironment, resulting in the remodeling of
immune cells to support immune evasion and tumor aggressiveness
(16). Lactate accumulation and the modulation of lactylation have been
con�rmed to participate in AML progression and treatment failure (9,
17). Currently, there are exploratory studies on gene-related models
(such as LMNA, RETN and HK1) regulating lactate metabolism in
AML (18�20). However, no research has been conducted on the
comprehensive regulatory network of genes directly in�uencing
prognosis. Clarifying the roles of lactylation and its regulation in
AML occurrence and progression is helpful for elucidating the
mechanism of AML and providing a means of intervention.
02
Given the pivotal role of lactylation modulation in AML,
identifying LRGs helps provide new insights into AML
pathogenesis, potential risk strati�cation markers and treatment
targets. In this study, we utilized multiple bioinformatic algorithms,
machine learning techniques and molecular docking tools to analyze
single-cell sequencing and transcriptome data from AML samples,
with the goal of identifying LRGs closely associated with the MHC
class II protein complex and immune modulation; of these LRGs,
GZMB and LSP1 were validated to have causal relationships with
AML through a Mendelian randomization analysis. Interestingly,
common drugs such as indomethacin, dronabinol and dichlorvos
might in�uence GZMB, thus inhibiting antitumor immune responses.
Our �ndings provide novel insights into �lactate-lactylation-LRGs�
molecular mechanisms in AML thus developing personalized
therapeutic strategies.
2 Materials and methods

2.1 Ethics

Ethical approval for this study was provided by the Ethics
Committee of the First Af�liated Hospital of Harbin Medical University.
2.2 Data acquisition

Single-cell data: The AML single-cell dataset (GSE116256) was
downloaded from the NCBI GEO (http://www.ncbi.nlm.nih.gov/
geo/) database. This dataset contains single-cell RNA sequencing
(scRNA-seq) data from 16 AML patients and 4 healthy donors.

Transcriptome data: RNA-seq expression data from 173 AML
patients from The Cancer Genome Atlas (TCGA) database (TCGA-
LAML) and 70 normal bone marrow samples from the Genotype-
Tissue Expression (GTEx) database were downloaded from the UCSC
Xena database (https://xenabrowser.net/datapages/). TCGA data was
used as the training set. The downloaded expression data were
normalized by log2(tpm + 0.001). A total of 149 of these samples
had prognostic information available (Supplementary Table 1).
Moreover, datasets containing overall survival (OS) prognostic
information were screened from the NCBI GEO database (http://
www.ncbi.nlm.nih.gov/geo/) using �acute myeloid leukemia� as the
keyword. The GSE71014, GSE12417, and GSE37642 datasets were
selected for validation set, and samples with prognostic information
were retained (Supplementary Table 2).
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2.3 Cluster annotation and analysis of
differentially expressed genes using single-
cell data

Seurat (version 5.1.0, https://cran.r-project.org/web/packages/
Seurat/index.html) was used to analyze the AML single-cell
dataset GSE116256. Quality control (QC) was performed with the
following criteria: nFeature_RNA > 200, nFeature_RNA < 3000 and
mitochondrial genes < 20%. Principal component analysis (PCA)
was used for dimensionality reduction, and Harmony (https://
github.com/immunogenomics/harmony) was employed for batch
correction. The �FindVariableFeatures� function identi�ed the top
2000 variable genes. ElbowPlot was used to determine the optimal
number of PCAs, and 30 principal components were selected by
performing clustering analysis with a cutoff of 0.5. Cell type
annotations were determined based on AML single-cell data using
the �SingleR� package (21) (version 2.4.1, https://bioconductor.org/
packages/release/bioc/html/SingleR.html).

Using the FindAllMarkers function from the Seurat package, we
performed a differential expression analysis between different cell
types and between the AML and normal groups. The criteria for
identifying DEGs were |log2FC| > 0.5 and p.adj < 0.05, resulting in
the identi�cation of disease-related differentially expressed genes,
and denoted as DEGs1.

2.4 DEG identi�cation and functional
annotation of transcriptome data

The l imma package (22) (vers ion 3.56.2 ; https : / /
bioconductor.org/packages/release/bioc/html/limma.html) in R
was used to screen for genes that were signi�cantly differentially
expressed between the patient group and the control group in
TCGA dataset. The P value for a signi�cant difference was
calculated, and we evaluated it from two aspects: the fold change
and the signi�cance. The differential expression threshold was set as
follows: p.adj < 0.05 and |log2FC| > 1. The genes that met these
criteria were identi�ed as differentially expressed genes, denoted
as DEGs2.

2.5 Lactylation scores

A lactylated gene set consisting of 332 genes was obtained from
the literature (23). The ssGSEA algorithm was applied, and the R
package �GSVA� (24) (version: 1.50.0, http://bioconductor.org/
packages/release/bioc/html/GSVA.html) was used to calculate the
ssGSEA scores, thereby determining the lactylation scores for all the
samples. The Wilcoxon test was used to examine the expression
levels in the samples and the differences in scores between AML
samples and control samples.

2.6 Weighted gene coexpression network
analysis

WGCNA was performed on the top 2000 genes with the
greatest absolute median differences in gene expression to screen
for module genes related to the lactylation score. We used the R
package �WGCNA� (25) (Version 1.72, https://cran.r-project.org/
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web/packages/WGCNA/) with the lactylation score as the
phenotypic trait to screen for modules that were strongly
correlated with the lactylation score. The intersection of these
modules with the single-cell DEGs1 and the transcriptome
DEGs2 yielded lactylation-related genes (LRGs).

2.7 Enrichment analysis and protein–
protein interaction network

The �clusterPro�ler� package (26) (version 3.14.3; http://
bioconductor.org/packages/release/bioc/html/clusterPro�ler.html)
was used to perform a GO (Gene Ontology) analysis on key genes to
determine the enrichment of BP (biological process), CC (cellular
component), and MF (molecular function) terms and to conduct a
KEGG (Kyoto Encyclopedia of Genes and Genomes) enrichment
analysis, with a threshold screening p value < 0.05.

The STRING (version 12) database (27) (https://string-db.org)
was used to predict and analyze the interactions among the proteins
encoded by key genes. The PPI score was set to 0.4.

2.8 Univariate prognostic analysis

The �survminer� package (28) (version 0.4.9; https://
cran.rstudio.com/web/packages/survminer/index.html) in R was
used to perform univariate Cox regression analysis to calculate
the relationships between the key genes and the prognosis of cancer,
thereby yielding univariate prognostic genes.

2.9 Machine learning methods and clinical
nomogram model

We employed multiple methods (29) for feature selection of
univariate prognostic genes (1). The �e1071� package (version 1.6�8,
https://cran.r-project.org/web/packages/e1071) was used to perform
SVM-RFE feature selection with 10-fold cross-validation (https://
github.com/johncolby/SVM-RFE). (2) The �glmnet� package
provided by R (version 4.1-7; https://glmnet.stanford.edu) was
used with 10-fold cross-validation, and the family was set to
�binomial� for �tting. (3) The �Boruta� package provided by R
(30) (version 8.0.0; https://gitlab.com/mbq/Boruta/) was used, with
the maximum number of iterations for the algorithm set to 500.
Finally, the feature genes selected by the different algorithms were
compared, and the overlapping portion was retained as the
lactylation feature genes.

2.10 Identi�cation of hub genes as
biomarkers

The expression of key genes in the training set (TCGA-LAML)
was analyzed between the disease group and the control group to
clarify the expression of lactylation signature genes in tumor
samples and control samples. The ROC curves of each lactylation
signature genes in the training set were constructed. Genes whose
expression was signi�cantly altered and whose AUC was > 0.7 were
selected as biomarkers. The correlations between biomarkers were
calculated, and a correlation heatmap was drawn. The KM curve of
biomarkers was constructed.
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2.11 AUCell scoring of single-cell data

The distribution of the expression of biomarkers identi�ed in
the single-cell data was visualized in UMAP plots. The
PercentageFeatureSet function and AddModuleScore function
were used to quantify the proportion of biomarker-related
differentially expressed genes in each cellular subpopulation. The
results of AddModuleScore were statistically analyzed separately for
the disease and normal groups. Cells with signi�cant differences and
the highest expression levels were de�ned as key cells.

Using the biomarkers, we applied AUCell (version 1.24.0,
https://bioconductor.org/packages/release/bioc/html/AUCell.html)
to perform AUCell scor ing on al l tumor ce l l s . The
�AUCell_exploreThresholds� function was used to determine the
AUC scoring threshold and identify active cells within the gene set.
Based on the AUC scoring threshold, the cells were classi�ed into
high-activity and low-activity groups.

2.12 Cell communication analysis

CellChat (31) (version 1.6.1; https://github.com/sqjin/CellChat)
was used to analyze intercellular communication among all
annotated cells using the single-cell datasets. CellChat contains a
database of human ligand�receptor interactions and can analyze the
intercellular communication network based on single-cell
sequencing data.

2.13 Construction of predictive models
based on multiple machine learning
methods

Diagnostic models were constructed using the biomarkers in
validation set (GEO data mentioned above). The machine learning
prediction models included the support vector machine (SVM),
random forest (RF), generalized linear model (GLM), and extreme
gradient boosting (XGB) models. The �DALEX� package (version
2.4.3, https://modeloriented.github.io/DALEX/) was used to
interpret the four machine learning models and visualize the
residual distribution and feature importance among the models.

Based on the normalized data from key cells (noncount data),
the disease samples and control samples of key cells were randomly
divided into 50 groups. After the mean of each group was taken,
pseudobulk data were obtained for machine learning validation to
determine the ability of the machine learning models to distinguish
the disease and nondisease status of key cells. The AUCs of the
diagnostic ROC curves from the four machine learning algorithms
in the training cohort and single-cell pseudobulk data cohort were
evaluated and visualized using the �pROC� R package.

2.14 GSEA of cellular components of the
BMME

The CIBERSORT algorithm (32) was used to evaluate the levels
of 22 immune cells in all the samples in the training cohort as a
method to understand the BMME in AML. The difference in the
abundance of immune cell in�ltration in the training cohort was
analyzed. Spearman�s correlation analysis was performed to analyze
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the correlations between differentially abundant immune cells and
biomarkers in the training cohort to explore the correlation between
the BMME and biomarkers in AML.

KEGG and HALLMARK were selected as the reference gene set
for the MSigDB database to investigate the molecular pathways
related to biomarkers. Single genes were sorted according to their
correlations with other genes. The GSEA software R package
�ClusterPro�ler� was used for the enrichment analysis.

2.15 Mendelian randomization analysis

We utilized seven sets of expression quantitative trait loci
(eQTLs) data as exposures to investigate the causal relationship
between genetic variants and AML. All eQTL data were obtained
from the IEU Open GWAS Project (https://opengwas.io/datasets).
For each eQTL dataset, single nucleotide polymorphisms (SNPs)
exhibiting signi�cant associations (SNP p value < 5x10-8) were
selected as instrumental variables (IVs). Linkage disequilibrium
(LD) was removed by applying thresholds of r� < 0.001 and kb =
10,000, and weak instruments were excluded based on the F
statistic. These SNPs were subsequently extracted from AML
GWAS summary statistics and harmonized using the harmonize
function from the TwoSampleMR R package.

The AML GWAS summary statistics were sourced from the
European Bioinformatics Institute (EMBL-EBI) GWAS Catalog
(https://www.ebi.ac.uk/gwas/), with the dataset identi�er
GCST90043912. This dataset includes 220 AML patients and
456,128 controls.

2.16 Identi�cation of candidate small-
molecule drugs

The DGIdb database (33) (Drug�Gene Interaction database,
http://dgidb.org/) was used to browse, search, and �lter information
on drug�gene interactions and druggable genes, predicting all drug�
gene relationship pairs related to the biomarkers. Using the
PubChem database (34) (https://pubchem.ncbi.nlm.nih.gov/), the
3D structures of the higher-ranked drug components were
subsequently identi�ed, and the 3D structures of the target
proteins were identi�ed in the PDB database (https://
www.rcsb.org/). The PDB data for the corresponding complexes
were downloaded, and PyMOL (35) (version 2.4.0, https://
www.lfd.uci.edu/~gohlke/pythonlibs/) was used to remove the
water molecules from the complexes and remove all other
molecules, after which only the PDB data for the target proteins
were retained. Then, AutoDock (36, 37) (version 4.2.6, https://
vina.scripps.edu/) was used for molecular docking of active drugs
and target proteins, and LigPlot+ (38) (v.2.2, https://www.ebi.ac.uk/
thornton-srv/software/LigPlus/) software was used to visualize the
docking results.

2.17 Cell culture and drug preparation

Peripheral blood mononuclear cells (PBMCs) were isolated
from healthy donors using Ficoll�Paque density gradient
centrifugation (GE Healthcare, Chicago, IL, USA). The human
AML cell lines Kasumi-1 and THP-1 were obtained from the
frontiersin.org
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ATCC (Manassas, VA, USA; CRL-2724 and TIB-202, respectively).
All cells were cultured in RPMI-1640 medium (Gibco, Thermo
Fisher Scienti�c, Waltham, MA, USA) supplemented with 10% fetal
bovine serum (FBS, Gibco), 100 U/mL penicillin/streptomycin
(Gibco), and 2 mM L-glutamine (Gibco) at 37 °C in a 5% CO2

humidi�ed incubator (Thermo Fisher Scienti�c).

2.18 Drug reconstitution

Sodium oxamate and sodium lactate (MCE; Monmouth
Junction, NJ, USA) were dissolved in sterile phosphate-buffered
saline (PBS) to prepare 20 mM stock solutions. Working
concentrations (0.5�20 mM) were prepared fresh daily and �lter-
sterilized (0.22 mm, Millipore, MA, USA).

2.19 Cell viability assay (CCK-8)

Cell proliferation was evaluated using a Cell Counting Kit-8
(CCK-8; Dojindo Molecular Technologies, Kumamoto, Japan).
Brie�y, 5×103 cells/well were seeded in 96-well plates and treated
with gradient concentrations of the test compounds. After 24 h of
incubation, 10 mL of CCK-8 reagent was added, and the samples
were incubated for 1�4 h at 37 °C. The absorbance at 450 nm was
measured using a microplate reader (BioTek Synergy H1, Winooski,
VT, USA). Cell viability was calculated as follows:

% �Viability� = �½OD(test)� � �OD(blank)�=½OD(control)�

� �OD(blank)�� � �100

The data are presented as the means – SDs of three independent
experiments (n=3).

2.20 RNA extraction and quantitative RT–
PCR

Total RNA was extracted using TRIzol reagent (Invitrogen, CA,
USA) according to the manufacturer�s protocol. Exosomal RNA
was isolated using the Total Exosome RNA & Protein Isolation Kit
(Invitrogen), as previously described. RNA integrity was veri�ed
using a Nanodrop ND-1000 (A260/A280 � 1.8; Thermo Fisher).
First-strand cDNA was synthesized using BeyoRT II M-MLV
Reverse Transcriptase (Beyotime, CN) for mRNA or the miRcute
Plus miRNA First-Strand cDNA Synthesis Kit (Tiangen, Beijing,
CN) for miRNA, according to the suppliers� instructions.
Quantitative PCR was performed on an Applied Biosystems 7500
Real-Time PCR System using SYBR® Premix Ex Taq™ II (Takara,
JP). The primer sequences are listed in Table 1. The cycling
conditions were 95 °C for 30 s (initial denaturation), followed by
40 cycles of 95 °C for 5 s and 60 °C for 30 s. b-Actin served as an
endogenous control. Relative expression levels were calculated
using the 2-DDCt method.
2.21 Western blot analysis

Proteins were extracted using RIPA lysis buffer (Beyotime)
supplemented with protease inhibitors (Roche, Basel, CH). The
total protein concentration was quanti�ed using a BCA assay
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(Thermo Fisher). Equal amounts of proteins (20 mg) were
separated on 10% SDS�PAGE gels and transferred to PVDF
membranes (Millipore) using a Trans-Blot Turbo system (Bio-
Rad). The membranes were blocked with 5% nonfat milk in TBS-
T for 1 h at room temperature. Primary antibodies against L-lactyl
lysine rabbit mAb (1:1000, PTM-1401, PTM Bio, China) and b-
actin (1:5000, Sigma, MO, USA) were incubated with the
membranes overnight at 4 °C. Horseradish peroxidase-conjugated
secondary antibodies (1:5000; Jackson ImmunoResearch, PA, USA)
were applied and incubated for 1 h. The signals were detected using
enhanced chemiluminescence (ECL; Thermo Fisher) and quanti�ed
by densitometry (Image Lab 6.0; Bio-Rad, CA, USA).

2.22 Immunohistochemistry

Bone marrow biopsies from AML patients and healthy controls
were �xed with 10% neutral-buffered formalin (Leica Biosystems,
Nussloch, DE) for 24�48 h, embedded in paraf�n, and sectioned at a
4 mm thickness. Deparaf�nized sections underwent antigen retrieval
using citrate buffer (pH 6.0) in a pressure cooker (121 °C, 20 min).
Endogenous peroxidase activity was blocked with 3% H2O2 for 10
min. Primary antibodies against GZMB (1:200; Abcam, UK) and
LSP1 (1:150; Santa Cruz Biotechnology, TX, USA) were applied for
1 h at room temperature. Signals were ampli�ed using the EnVision
+ System (Dako, Glostrup, DK) with diaminobenzidine (DAB) as
the chromogen. The sections were counterstained with
hematoxylin, dehydrated, and mounted.

2.23 Statistical analysis

The data are presented as the means – SDs. GraphPad Prism 8.0
(GraphPad Software, La Jolla, CA, USA) was used to perform the
analyses. Student�s t tests were used to estimate differences between
two groups. One-way analysis of variance (ANOVA) was used to
compare three or more groups. Pearson�s correlation analysis was
conducted to analyze the associations between the hub genes and
immune cells. A p value<0.05 was considered to indicate
statistical signi�cance.

For the MR analysis, �ve methods were employed to assess the
causal effect of exposures on the outcome: inverse variance weighted
(IVW), MR�Egger, weighted median, simple mode, and weighted
mode. Among these, the IVW method served as the primary
analytical approach, while the others were used for supplementary
analyses. Pleiotropy was assessed using the MR�Egger intercept and
the MR Pleiotropy Residual Sum and Outlier (MR-PRESSO) test. A
TABLE 1 Primers for circRNAs, miRNAs and mRNAs measured by
qRT– PCR.

RNA Sequence

GZMB-F CGACAGTACCATTGAGTTGTGCG

GZMB-R TTCGTCCATAGGAGACAATGCCC

LSP1-F TGAAGTCCACCTGGAGGAGTTG

LSP1-R TGGGCTGCTGACATTTCTGGTG

b-actin-F GGGAAATCGTGCGTGACATT

b-actin-R GGAACCGCTCATTGCCAAT
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P value > 0.05 indicated the absence of pleiotropic effects.
Heterogeneity was evaluated using Cochran�s Q statistic derived
from both MR�Egger and IVW analyses, with a P value > 0.05
suggesting no signi�cant heterogeneity. The causal effects are
reported as odds ratios (ORs) along with their 95% con�dence
intervals (CIs). All the statistical analyses were conducted in R, and
a P value < 0.05 was considered to indicate statistical signi�cance.
3 Results

3.1 Cellular heterogeneity in AML based on
a single-cell atlas

We conducted a UMAP analysis of the AML single-cell dataset
(GSE116256) to elucidate the cellular composition in the leukemic
microenvironment and the functional characteristics of AML.
Fifteen cell clusters were obtained, and the cell clusters were
annotated using recognized cell markers Finally, merge them into
nine cell types based on the expression of standardized markers
(Figures 1A, B): granulocyte�monocyte progenitor (GMP) cells,
monocytes, T cells, NK cells, megakaryocyte�erythroid progenitor
(MEP) cells, mast cells, B cells, plasma cells, and plasmacytoid
dendritic cells (pDCs). The GMP cells exhibited high expression of
CD34 and CD38. MEP cells expressed GATA1 and ANK1.
Monocytes speci�cally expressed high levels of CD14, S100A9,
S100A8 and CD68. NK cells were identi�ed based on their
expression of speci�c markers, including FGFBP2, CX3CR1 and
KLRB1. Mast cells were identi�ed by TPSAB1 and TPSB2
expression. pDCs expressed CLEC4C, IRF7, TCF4 and GZMB.
Additionally, three major lineage populations were recognized
based on the gene expression patterns: T cells (CD3D, CD3E, and
CD3G), B cells (CD19, CD79A, CD79B and MS4A1), and plasma
cells (MZB1 and SDC1).

Signi�cant differences in the cellular composition were observed
between AML patients and healthy donors (ID: BM1-4). The
percentage of cells was visualized according to cell type and
sample ID (Figures 1C, D), which indicated that AML was highly
heterogeneous and characterized by patient-speci�c expression
(Figure 1E). In most AML samples, the number of GMP cells was
signi�cantly greater than that in healthy donors, which indicated
that the numbers of LSCs and blasts were relatively high in
AML patients.

3.2 Identi�cation of DEGs based on single-
cell and transcriptome data

To identify the key targets, we �rst conducted an analysis of
disease-related DEGs. A differential expression analysis was
performed for the AML vs. normal groups based on the single-
cell and TCGA LAML datasets, resulting in the identi�cation of
3984 differentially expressed genes, called DEGs1 (Figure 2A), and
11,136 differentially expressed genes (Figure 2B), called DEGs2
(Supplementary Tables 3, 4), respectively.
Frontiers in Immunology 06
3.3 Identi�cation of key module genes
associated with lactylation in AML

To further explore the role of lactylation in AML, we conducted
lactation scoring and then identifying key lactation-related module
genes. In the ssGSEA algorithm, the �GSVA� package was used to
calculate the lactylation scores for all samples in the training cohort,
and the differences in scores between disease samples and control
samples were compared. The lactylation score of AML was
relatively high (Figure 2C).

WGCNA was performed in the top 2000 genes with absolute
median expression in the training set to further identify key module
genes associated with AML. Sample clustering indicated the absence
of outliers in the analysis. A soft threshold power of 14 was selected
as optimal, achieving a signed R� of 0.85, which supported a scale-
free network topology as the average connectivity approached zero
(Figures 3A, B). Using a dynamic tree-cutting algorithm with
subsequent merging of similar modules, 3 distinct modules were
identi�ed (Figure 3C). Among these modules, MEbrown was
signi�cantly correlated with AML (|cor| > 0.6, p value<0.05)
(Figure 3D). Modules highly correlated with lactylation scores
were intersected with differentially expressed genes from the
single-cell and transcriptome to obtain the �nal differentially
expressed lactylation-related genes. A total of 73 genes were
identi�ed in AML by overlapping the key module genes of
DEGs1, DEGs2 and WGCNA and then referred to as LRGs
(Figure 3E, Supplementary Table 5).

3.4 Functional enrichment analysis of key
module genes

KEGG and GO functional enrichment analyses revealed 73
LRGs, and a total of 27 KEGG pathways (Figure 4A) and 172 GO
BP terms (Figure 4B) were coenriched. The KEGG pathway analysis
revealed enrichment in pathways related to immunity and
in�ammation. Antigen presentation and other immune responses
mediated by MHC class II molecules might play key roles in the
regulation of lactylation in AML. The GO analysis indicated that the
DEGs were associated mainly with �MHC class II protein complex�,
�MHC class II protein complex binding� and �MHC class II protein
complex assembly�. The PPI network is presented in Figure 4C,
with 58 genes and 247 interactions. The top 10 genes with the most
interactions were IRF8, CYBB, FCER1G, MNDA, TLR4, MS4A6A,
HLA-DRA, GZMB, LY86 and CN1.

3.5 Machine learning to screen and identify
lactylation signature genes in AML

Univariate Cox regression analysis was used to identify
signi�cantly differentially expressed prognosis-related genes as
hub genes, resulting in the identi�cation of a total of 22 genes
(Figure 5A, Supplementary Table 6). The LASSO-logistic, SVM-
RFE, and Boruta algorithms (Figures 5B�D) were used to obtain the
respective features of the 22 single-factor prognostic genes. A Venn
diagram was subsequently generated to extract the intersections of
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FIGURE 1

AML single-cell atlas. (A) Fifteen cell clusters were obtained, resulting in the identi�cation of nine cell types: granulocyte–monocyte progenitor cells
progenitor cells (MEPs), mast cells, B cells, plasma cells, and plasmacytoid dendritic cells (pDCs). Left: UMAP map classi�ed by sample type; right: UM
markers for nine cell types. (C, D) The percentage clusters are based on cell types and patient IDs. (E) UMAP plots of all cells colored according to no
components of the bone marrow microenvironment clustered by cell type.
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the features screened using the aforementioned methods, resulting
in the identi�cation of 7 genes as subsequent lactylation signature
genes, including LSP1, MPO, GZMB, SPINK2, HLA-DRB1, HLA-
DRA and POU2F2 (Figure 5E).

Based on transcriptome data, the expression of key genes in the
training set was compared between the disease and control groups
to clarify the expression of lactylation signature genes in disease
samples and control samples, as shown in Figure 6A. The ROC
curves of the lactylation signature genes in the training set were
calculated, and the AUCs of all the genes except for SPINK2 were
greater than 0.99, indicating high accuracy and robustness
(Figure 6B). The correlations between biomarkers were calculated,
and a correlation heatmap is shown in Figure 6C. The KM curve of
biomarkers was constructed (Figure 6D). The above results suggest
that the prognostic model based on the 7 genes has good
predictability and was further veri�ed in the validation set.
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3.6 Analysis of lactylation signature genes
in the BMME

Based on the single-cell data, the distribution of the expression
of biomarkers was visualized in UMAP plots (Figure 7A). The
proportion of biomarker-related differentially expressed genes in
each cell subpopulation was quanti�ed, and the differences between
the AML and normal groups were compared. The GMP cells
showing signi�cant differences in expression and the highest
expression were de�ned as key cells (Figure 7B).

By performing an AUCell analysis, we calculated the AUC for
each cell. Based on the AUC threshold of 0.18 determined by the
AUCell_exploreThresholds function (Figure 7C), all cells were
divided into a high-activity scoring group and a low-activity
scoring group (Figures 7D, E). A comparison of the composition
of various cell types between the high- and low-scoring groups in
FIGURE 2

Identi�cation of DEGs based on single-cell and transcriptome data. (A) A total of 3984 differentially expressed genes were identi�ed based on single-
cell data and referred to as DEGs1 (cutoff: |log2FC|>=0.5, p value<0.05). (B) Volcano plot of the 6120 upregulated genes and 5016 downregulated
genes identi�ed in AML samples compared with normal samples and referred to as DEGs2 (cutoff: |log2FC|>=1, p value<0.05). (C) Box plot of
lactylation scores for AML and normal samples. ****p value < 0.0001.
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the disease group revealed signi�cant differences in the expression
of the key gene GMP (Figure 7F).

3.7 In�uence of lactylation signature genes
on BMME cell components in AML

Considering the link between AML pathophysiology and the
BMME, we further investigated cellular communication and
immune cell distributions in AML using single-cell sequence data.
CellChat was used to construct interaction network diagrams
between each cell type and the other cell types. A cell
communication analysis could help us understand the
interactions between cells, parse the intercellular communication
network, and reveal the interactions of various cells during
development. As shown in the diagrams, only the interactions
among GMPs, monocytes, plasma cells, B cells, and pDCs were
relatively strong (Figure 8A). In the single-cell analysis, ligand�
receptor interactions are key to studying intercellular
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communication. CellChat calculates the communication
probability at the signaling pathway level by summarizing the
communication probabilities for all ligand�receptor interactions
associated with each signaling pathway (Figure 8B).

The CIBERSORT algorithm and ssGSEA were used to analyze
the immune cell composition (Figure 8C). Notably, the abundances
of 17 immune cell types, including naïve and memory B cells, plasma
cells, CD8+ T cells, naïve CD4+ T cells, resting and activated memory
CD4+ T cells, follicular helper T cells, regulatory T cells, resting and
activated NK cells, monocytes, M0 macrophages, activated dendritic
cells, and resting and activated eosinophils, differed signi�cantly
between the AML samples (Figures 8D, E). Further analysis
revealed strong correlations between key biomarkers (LSP1, MPO,
GZMB, SPINK2, HLA-DRB1, HLA-DRA, and POU2F2) and speci�c
immune cells: in addition to monocytes, which might be responsible
for AML, memory T cells were strongly positively correlated, whereas
eosinophils, follicular T cells and naïve CD4+ T cells were
signi�cantly negatively correlated (Figure 8F).
FIGURE 3

WGCNA and identi�cation of key module genes. (A-D) WGCNA revealed that the most relevant module associated with AML, the MEbrown module,
positively correlated with AML. (E) Seventy-three key LRGs associated with AML.
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3.8 Signi�cance of the hub genes in the
prediction models and enriched pathways

Four machine learning models were used to verify diagnostic
models based on the biomarkers in validation set, and the residual
distributions and feature importance among the models were
visualized (Figure 9A). The AUC values of the diagnostic ROC
curves in the training cohort and the single-cell pseudobulk data
cohort are shown in Figures 9B, C. Ultimately, GLM was identi�ed
as the best-performing machine learning model.

[KEGG, HALLMARK] was selected as the reference gene set,
and the single genes were ranked according to their correlation with
other genes using MSigDB to study the molecular pathways related
to the biomarkers in a targeted manner. We divided the samples
into high and low groups based on the median expression of the
seven biomarkers according to the methods described above. A
differential expression analysis was then performed, followed by
GSEA (KEGG). The signi�cance threshold was set at P < 0.05.
Using the function �gseaplot2�, GSEA enrichment plots were
generated for the top three pathways ranked by the NES
(Figure 9D). GSEA for HALLMARKS indicated that MPO and
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SPINK2 were related to the epithelial�mesenchymal transition;
LSP1 and GZMB were related to in�ammation and IFN-gamma
pathways; POU2F2 was related to cytokines and in�ammation;
LSP1, HLA-DRA and GZMB were related to allograft rejection; and
HLA-DRB1 was related to immunity and antigen presentation
(Figure 9D, Supplementary Figure 1). The results of the GSEA for
KEGG pathways were similar to those of HALLMARKS and are
shown in Supplementary Figure 2.

3.9 MR analysis revealed positive causal
associations among GZMB expression,
LSP1 expression and the risk of AML

To further narrow down the range of key LRGs, we conducted
MR analysis on 7 genes to explore the causal relationship with
AML. The results of the MR analysis indicated a positive causal
association between GZMB and the risk of AML (IVW: P< 0.05; OR
= 1.739, 95% CI: 1.214�2.490; all SNPs with P< 5x10-8)
(Supplementary Figure 3A, Table 2). The number of SNPs was
insuf�cient to perform an MR-PRESSO analysis. Nevertheless, all
other sensitivity analyses suggested that the above �ndings were free
FIGURE 4

Functional enrichment analysis of key LRGs. (A) KEGG pathway enrichment analysis of key LRGs in AML. The top 10 enriched pathways are displayed.
The nodes are the enriched genes, and the node color corresponds to the up- or downregulation of these genes. (B) Go, Gene Ontology
enrichment analysis of key LRGs in AML. The top 10 progresses are displayed. (C) PPI, Protein–protein interaction network of key LRGs. The size of
the node and the depth of the color represent the degree value.
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