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Abstract
Lactylation, a novel post-translational modification, has been implicated in various pathophysiological processes; however, 
its role in sepsis-associated acute kidney injury (SA-AKI) remains unclear. This study aimed to investigate the expression 
patterns and potential functional roles of lactylation-related genes (LRGs) in SA-AKI using transcriptomic data from the 
GSE232404 dataset. A total of 118 differentially expressed LRGs were identified, enriched in pathways related to RNA 
splicing, histone deacetylation, and carbon metabolism pathways. Immune infiltration analysis revealed significant alterations 
in macrophages M0, neutrophils, and T cell subtypes. Consensus clustering-based molecular subtyping stratified SA-AKI 
samples into two distinct clusters, each characterized by unique immune landscapes and enrichment in cytokine signaling 
pathways. Weighted gene co-expression network analysis (WGCNA) identified the darkseagreen3 module as highly correlated 
with these subtypes. Subsequent machine learning analyses, incorporating Lasso regression and random forest algorithms, 
identified PECR and TP53I3 as key LRGs. Transcription factor enrichment analysis further suggested motif cisbp__M1413 
as a potential upstream regulator. Single-cell RNA sequencing (scRNA-seq) analysis revealed PECR and TP53I3 were pre-
dominant expression in proximal tubule and Loop of Henle cells, with significant correlations to lactylation-related pathways. 
This comprehensive analysis finds the potential roles of LRGs in SA-AKI pathogenesis, particularly their association with 
immune regulation and cell-type specificity. The identified of PECR and TP53I3 provides new insights into the molecular 
mechanisms of SA-AKI and may inform the development of targeted therapeutic strategies.

Keywords  SA-AKI · Lactylation · Subtype analysis · Immune regulation · scRNA-seq · SA-AKI biomarkers

Introduction

SA-AKI is a complex and high-risk clinical condition that 
presents substantial challenges in treatment and manage-
ment [1, 2]. Currently, the therapeutic strategies primarily 
focus on controlling the underlying cause, preserving renal 

function and preventing further kidney injury. Clinical inter-
ventions include optimizing hemodynamic stability through 
appropriate fluid management and vasopressor support to 
enhance renal perfusion, maintaining strict glycemic con-
trol to avoid tubular cell injury caused by hyperglycemia or 
hypoglycemia; and regulating lipid levels to minimize vas-
cular endothelial injury [3]. Additionally, nephrotoxic drugs, 
such as certain antibiotics and non-steroidal anti-inflamma-
tory drugs, should be avoided [4]. Effective fluid manage-
ment is crucial to prevent both fluid overload, which can 
cause interstitial edema, and hypovolemia, which compro-
mises renal perfusion. Nutritional support, including mod-
erate protein intake and a balanced diet, may help reduce 
the renal burden. Targeted therapies such as antioxidants 
can alleviate oxidative stress by scavenging reactive oxygen 
species, while immunomodulators and anti-inflammatory 
agents may suppress excessive immune and inflammatory 
responses [5, 6]. For patients with severe SA-AKI, renal 

Kui Jiang, Shujuan Mai, and Jian Li have contributed equally to this 
work.

 *	 Leyuan Zou 
	 531362457@qq.com

 *	 Huixia Yu 
	 slobberfish@163.com

1	 Department of Nephrology, The First Affiliated Hospital 
of Jinan University, Guangzhou, Guangdong Province, China

2	 Intensive Care Unit, The First Affiliated Hospital of Jinan 
University, Guangzhou, Guangdong Province, China

http://crossmark.crossref.org/dialog/?doi=10.1007/s10238-025-01745-5&domain=pdf


	 Clinical and Experimental Medicine          (2025) 25:200   200   Page 2 of 18

replacement therapy (RRT) plays a vital role in removing 
toxins, maintaining fluid and electrolyte balance, and cor-
recting acid–base disturbances [7]. Prognosis management 
requires regular monitoring of renal biomarkers, including 
serum creatinine, blood urea nitrogen, and urinary clear-
ance, is essential for early detection and intervention of renal 
function decline. Lifestyle modifications, including smoking 
cessation, alcohol limitation, moderate exercise, and weight 
control, are essential for slowing disease progression. Ulti-
mately, individualized treatment plans and multidisciplinary 
collaboration, particularly for critically ill patients, are cru-
cial for improving the long-term outcomes of SA-AKI [8].

SA-AKI is a common and severe complication of sepsis, 
characterized by complex pathological mechanisms includ-
ing oxidative stress, inflammatory responses, and apoptosis 
[9, 10]. Oxidative stress in SA-AKI is driven by excessive 
production of reactive oxygen species (ROS) and peroxides, 
which disrupt the lipid bilayer structure of cell membranes 
and damage DNA and proteins. Additionally, dysfunction 
of antioxidant enzymes, such as superoxide dismutase and 
glutathione peroxidase exacerbates oxidative injury [11]. 
Inflammatory responses are marked by the overactivation of 
immune cells, including macrophages, monocytes, and lym-
phocytes, leading to the release of inflammatory mediators, 
such as tumor necrosis factor-alpha (TNF-α), interleukin-6 
(IL-6), and interleukin-1β (IL-1β). This leads to a cascade of 
inflammatory responses, resulting in both local and systemic 
tissue injury [12, 13]. In addition, Sepsis also promotes renal 
tubular epithelial cell apoptosis via caspase-dependent and 
-independent pathways, further impairing renal function [14, 
15]. Epidemiological studies indicate that the incidence of 
SA-AKI exceeds 50% among critically ill patients in inten-
sive care units [16], with risk factors including hypertension, 
diabetes, hyperlipidemia, chronic infections, drug toxicity, 
and advanced age or multi-organ dysfunction syndrome 
(MODS) [3, 17].-Despite extensive research into its mecha-
nisms, SA-AKI remains a major clinical challenge. A deeper 
understanding of its pathogenesis and risk factor–targeted 
interventions is critical to improving outcomes.

The rapid development of bioinformatics has provided 
powerful tools for exploring the pathogenesis of complex 
diseases and identifying potential therapeutic targets. Among 
high-throughput platforms, gene microarray technology ena-
bles comprehensive profiling of gene expression, offering 
molecular insights into disease pathophysiology [18]. In SA-
AKI, bioinformatics analyses have been extensively applied 
to analyze microarray data, identify key biomarkers, and 
reveal relevant signaling pathways [19, 20]. For instance, 
gene microarray technology has uncovered numerous genes 
implicated in inflammation, oxidative stress, and apoptosis, 
with subsequent validation studies clarifying their regula-
tory networks and roles in disease progression. Beyond 
transcriptomic analysis, the scope of bioinformatics now 

encompasses proteomics, metabolomics, and non-coding 
RNA studies, allowing for a systems-level understanding of 
disease mechanisms. Integration of multi-omics data facili-
tates the construction of more precise disease network mod-
els and supports the development of personalized treatment 
strategies and targeted drug discovery [21]. The combination 
of gene microarray and bioinformatics has become an essen-
tial approach for uncovering the mechanisms of complex 
diseases and optimizing therapeutic decision-making [22].

Lactylation, a recently discovered post-translational mod-
ification, involves the addition of a lactyl group to lysine res-
idues of proteins, and it has been shown to regulate immune 
responses. In inflammatory conditions such as sepsis, 
which is closely related to SA-AKI, metabolic reprogram-
ming occurs, including the upregulation of glycolysis and 
lactate production [23]. This shift in metabolism can lead 
to increased lactate accumulation, which may subsequently 
influence protein lactylation. Lactylation has been shown to 
modulate the function of immune cells, such as macrophages 
and T cells, potentially impacting inflammatory responses 
[24, 25]. Given the central role of inflammation in SA-AKI 
pathogenesis, lactylation offers a promising mechanism for 
modulating immune function and inflammation. Lactyla-
tion is also closely linked to cellular stress responses. Under 
conditions of oxidative stress and metabolic dysregulation, 
such as those seen in sepsis and acute kidney injury, lactyla-
tion may play a role in adapting cellular function to stress. 
Mitochondrial dysfunction is a key feature of SA-AKI, and 
lactylation has been implicated in regulating mitochondrial 
function. Lactylation can influence mitochondrial proteins, 
potentially altering mitochondrial metabolism and function 
[23]. Given these mechanisms, we believe that lactylation 
may be a novel and important post-translational modifica-
tion in the context of SA-AKI, with potential implications 
for immune modulation, cellular stress responses, and mito-
chondrial function.

In this study, single-cell sequencing combined with bulk 
transcriptome analysis was used to compare expression 
profiles between patients with SA-AKI injury and healthy 
controls. LRGs were analyzed to classify molecular sub-
types of the disease group, exploring immune cell infiltration 
and functional enrichment among different subtypes. Key 
genes were identified using weighted gene co-expression 
network analysis(WGCNA) networks and machine learning 
approaches. These findings enhance our understanding of 
the molecular mechanisms of SA-AKI and provide a foun-
dation for the development of novel diagnostic biomarkers 
and targeted therapies. The overall analysis workflow is pre-
sented in Supplementary Fig. 1.
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Materials and methods

Data download

The Gene Expression Omnibus (GEO) database (https://​
www.​ncbi.​nlm.​nih.​gov/​geo /info/datasets.html) is a com-
prehensive repository for gene expression data, developed 
and maintained by the National Center for Biotechnology 
Information (NCBI). For this study, the Series Matrix File 
of dataset GSE232404 was retrieved from the GEO data-
base, encompassing expression profile data from a total of 
10 patients, including 5 from the control group and 5 from 
the disease group. Additionally, single-cell expression data 
from dataset GSE174220 were downloaded, selecting sam-
ples from 2 cases with complete expression profiles for sub-
sequent analysis.

Functional enrichment analysis

To elucidate the biological functions and signaling path-
ways associated with the gene set, the R package Cluster-
Profiler was employed for functional annotation, enabling 
a comprehensive exploration of the functional relevance of 
these genes. Gene Ontology (GO) and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) analyses were performed 
to identify relevant functional categories and pathways. 
Pathways enriched in GO and KEGG analyses with both a 
p-value and q-value less than 0.05 were considered statisti-
cally significant.

Immune cell infiltration analysis

The CIBERSORT method is a widely utilized tool for evalu-
ating immune cell types within the tumor microenvironment. 
Based on support vector regression, this method performs 
deconvolution analysis on the expression matrix of immune 
cell subtypes. It includes 547 biomarkers that distinguish 
22 human immune cell phenotypes, encompassing various 
T cell, B cell, plasma cell, and myeloid cell subsets. In this 
study, the CIBERSORT algorithm was employed to analyze 
patient data, enabling the estimation of the relative propor-
tions of 22 immune infiltrating cell types. A subsequent cor-
relation analysis was conducted to assess the relationship 
between gene expression and immune cell composition.

Consensus clustering molecular typing

Based on the expression profiles of key LRGs, a consistent 
clustering method was employed to group the septic kidney 
injury samples. A total of 50 iterations were performed for 
clustering, with each iteration including 80% of the samples. 

The optimal number of clusters was determined by analyzing 
the cumulative distribution function curve of the consistency 
score, along with the characteristics observed in the consist-
ency matrix heatmap.

Differential expression analysis

The Limma package is an R software tool commonly used 
for differential expression analysis of gene expression pro-
files, enabling the identification of significantly differentially 
expressed genes between groups. In this study, the Limma 
package was utilized to analyze the molecular mechanisms 
underlying septic kidney injury, identifying differentially 
expressed genes between sample types. Differentially 
expressed genes were selected based on the criteria of an 
adjusted p-value (adj.P.Val) < 0.05 and |logFC|> 2. Subse-
quently, volcano plots and heatmaps were generated to visu-
alize the differential gene expression.

WGCNA analysis

By constructing a weighted gene co-expression network, we 
can identify co-expressed gene modules, investigate the cor-
relation between gene networks and diseases, and highlight 
key genes within the network. The WGCNA R package was 
employed to construct a co-expression network for all genes 
in the dataset. Genes exhibiting the top 10,000 variances 
were selected for further analysis. The soft threshold was set 
to 21. The weighted adjacency matrix was then transformed 
into a topological overlap matrix (TOM) to assess network 
connectivity, and hierarchical clustering was applied to con-
struct the clustering dendrogram of the TOM matrix. Differ-
ent branches of the dendrogram represent distinct gene mod-
ules, with various colors indicating separate modules. Genes 
were classified based on their expression patterns using the 
weighted correlation coefficient, with genes sharing similar 
expression profiles grouped into individual modules. Ulti-
mately, all genes were classified into multiple modules based 
on their expression patterns.

Machine learning algorithm identifies key genes

To identify key diagnostic genes associated with SA-
AKI, we applied two complementary machine learning 
approaches: Least Absolute Shrinkage and Selection Opera-
tor (LASSO) regression and the random forest (RF) algo-
rithm. LASSO was used to reduce model complexity and 
select the most informative features by penalizing the abso-
lute size of the regression coefficients. In parallel, the RF 
algorithm was employed to rank gene importance based on 
its classification accuracy across decision trees. Genes iden-
tified by both methods were considered robust candidates 

https://www.ncbi.nlm.nih.gov/geo
https://www.ncbi.nlm.nih.gov/geo
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for further analysis, ensuring consistency across linear and 
nonlinear models.

Transcriptional regulation analysis of key genes

Transcription factors (TFs) were predicted using the R pack-
age RcisTarget. All computations performed by RcisTarget 
are motif-based. The normalized enrichment score (NES) 
of a motif depends on the total number of motifs present 
in the reference database. In addition to motifs annotated 
in the original data, further annotation files were inferred 
based on motif similarity and gene sequence information. 
The first step in estimating the overrepresentation of each 
motif within a given gene set involves calculating the area 
under the curve (AUC) for each motif–gene set pair. This is 
performed by constructing a recovery curve based on the 
ranking of genes associated with each motif. The NES for 
each motif is then calculated based on the AUC distribution 
of all motifs within the gene set.

miRNA network construction

MicroRNAs (miRNAs) are small non-coding RNAs that 
regulate gene expression by either promoting mRNA deg-
radation or inhibiting mRNA translation. To explore whether 
miRNAs play a role in regulating the transcription or deg-
radation of critical genes associated with disease, we con-
ducted further analysis. Key gene-related miRNAs were 
identified using the miRcode database, and the miRNA-
gene interaction network was visualized using Cytoscape 
software.

Single‑cell data quality control

The expression profile was initially imported using the Seu-
rat package. Cells were filtered based on the total number of 
unique molecular identifiers (UMIs) per cell, the number of 
expressed genes, and the proportion of mitochondrial gene 
expression. The proportion of mitochondrial gene expression 
refers to the ratio of mitochondrial gene expression relative 
to the total gene expression within each cell. A high pro-
portion of mitochondrial gene expression is indicative of 
cells with reduced RNA expression, suggesting they may be 
undergoing apoptosis. Quality control was performed using 
the median absolute deviation (MAD) method. Typically, 
values that deviate more than 3 MAD from the median are 

considered outliers and were excluded from the analysis. To 
further refine the dataset, DoubletFinder (V2.0.4) was used 
to identify and filter doublets from each sample, completing 
the cell quality control process.

Dimensionality reduction clustering and cell annotation 
of single‑cell data

We applied the global normalization method, LogNormalize, 
to adjust the total gene expression of each cell to 10,000 by 
multiplying by a scaling factor (s0), followed by logarithmic 
transformation for normalization. Cell cycle scores were cal-
culated using the CellCycleScoring function. Hypervariable 
genes were identified using the FindVariableFeatures func-
tion. To account for gene expression fluctuations associated 
with mitochondrial gene expression, ribosomal gene expres-
sion, and cell cycle effects, we employed the ScaleData 
function. Linear dimensionality reduction was performed 
on the expression matrix using principal component analysis 
(PCA), and principal components were selected for subse-
quent analysis. To mitigate batch effects, we utilized Har-
mony for batch correction. Nonlinear dimensionality reduc-
tion was achieved using Uniform Manifold Approximation 
and Projection (UMAP) through the RunUMAP function. 
For cell-type annotation, we queried the CellMarker and 
PanglaoDB databases, supplemented by automated annota-
tion using SingleR software, to identify cell types and their 
corresponding marker genes in the tissue of interest.

Statistical analysis

All statistical analyzes were performed using R language 
(version 4.2.2), and p < 0.05 was considered statistically 
significant.

Results

Expression patterns and co‑expression analysis 
of LRGs in septic renal injury

In order to explore the expression pattern of LRGs in septic 
kidney injury, we downloaded the GSE232404 septic kidney 
injury-related data set from the GEO database and included 
a total of expression profile data of 10 patients, including the 
control group (n = 5), disease group (n = 5). Then, 332 LRGs 
were obtained from the literature [26]. By calculating the 
expression differences of LRGs between the control group 
and the disease group, it was found that 118 LRGs had sig-
nificant differences in expression (Fig. 1A, B), we used these 
118 significantly different LRGs as a candidate gene set for 
subsequent analysis. In addition, we displayed the expres-
sion of candidate gene sets in disease and control groups as 

Fig. 1   Expression Patterns and Co-Expression Analysis of LRGs. A, 
B Differential expression of LRGs between two patient groups. Blue 
represents control samples, while pink represents disease samples. C 
Heatmap of differentially expressed LRGs, where blue indicates low 
expression and red indicates high expression. D, E Correlation heat-
maps of LRGs, with blue representing negative correlations and red 
representing positive correlations. F Correlation circos plot of LRGs

◂
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a heat map (Fig. 1C), and analyzed the correlation of these 
candidate gene sets in disease groups and control groups 
(Fig. 1D, E). And analyze the co-expression of candidate 
gene sets in sepsis kidney injury data, and use the "corrplot" 
and "circlize" packages to draw lactation correlation analysis 
circle diagrams (Fig. 1F).

Pathway enrichment analysis

Subsequently, we performed Gene Set Enrichment Analy-
sis (GSEA) on the candidate gene sets, a widely employed 
tool for interpreting gene expression data at the gene set, 
genomic, or regulatory level, particularly for pathways with 
shared biological functions. Gene Ontology (GO) analysis 
revealed that the genes were primarily enriched in pathways 
associated with RNA splicing, regulation of RNA splicing, 
and histone deacetylation. Kyoto Encyclopedia of Genes and 
Genomes (KEGG) analysis indicated that the genes were 
predominantly enriched in pathways related to amino acid 
biosynthesis, carbon metabolism, and ATP-dependent chro-
matin remodeling (Fig. 2.A, B).

Immune infiltration analysis

The immune microenvironment consists of immune cells, 
extracellular matrix components, various growth factors, 
inflammatory mediators, and distinct physical and chemical 
characteristics, all of which play a critical role in disease 
diagnosis and the responsiveness to clinical treatments. We 
present the distribution of immune infiltration levels and the 

correlation heatmaps of immune cell types in different for-
mats (Fig. 3A, B). In addition, we observed significant dif-
ferences in the levels of several immune cell types, including 
M0 macrophages, neutrophils, resting NK cells, activated 
CD4 + memory T cells, and resting CD4 + memory T cells, 
between the disease and control groups (Fig. 3C).

Correlation between LRGs and immune factors

In addition, we examined the correlation between the can-
didate gene sets and various immune factors, including 
immunosuppressive factors, immunostimulatory factors, 
chemokines, and receptors. These analyses revealed that 
the genes are closely associated with immune cell infil-
tration levels and play a significant role in modulating the 
immune microenvironment (Fig. 4A–E). Notably, H3C15 
exhibited a significant negative correlation with the immune 
factor MTA2 (COR = -0.63), whereas PSMC1 showed a sig-
nificant positive correlation with the immune factor PGK1 
(COR = 0.99) (Fig. 4F, G).

Consistent clustering molecular typing 
and differential expression of immune 
characteristics across typing

We further employed the consistent clustering method to 
molecularly classify the disease group based on the expres-
sion profiles of the candidate gene sets (Fig. 5A–C). The 
results indicated that, at K = 2, the sample subtypes were 
distinctly delineated, thereby dividing septic renal injury 

Fig. 2   Enrichment Analysis. A, B GO and KEGG enrichment analysis based on ClusterProfiler
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into two distinct clusters. Additionally, we visualized the 
expression levels of LRGs across the two subtypes using a 
heatmap (Fig. 5D). In addition, we performed a differential 
expression analysis to compare immune factors, including 
immunosuppressive factors, immunostimulatory factors, 
chemokines, and receptors, between the different subtypes. 
These analyses revealed significant variations in immune 
cell infiltration levels across the subtypes (Fig. 6A–E).

Differential expression analysis and functional 
enrichment analysis across subtypes

To further investigate the expression differences between the 
subtypes, we utilized the "limma" package to perform dif-
ferential expression analysis (Fig. 7A,B), identifying genes 
that were differentially expressed between the subtypes 
(adj. P.Val < 0.05 and |logFC|> 2), yielding a total of 1,034 

subtype-specific differential genes. To better understand the 
functional roles of these differential genes, we conducted 
functional enrichment analysis. Gene Ontology (GO) analysis 
revealed that the subtype-specific differential genes were pre-
dominantly enriched in pathways related to T cell differentia-
tion, lymphocyte differentiation, and leukocyte cell–cell adhe-
sion (Fig. 7C). Kyoto Encyclopedia of Genes and Genomes 
(KEGG) analysis indicated that these genes were mainly 
enriched in pathways such as cytokine-cytokine-receptor inter-
actions, hematopoietic cell lineage, and viral protein interac-
tion with cytokines and their receptors (Fig. 7D).

WGCNA network analysis associated with subtype 
classification

To investigate the gene co-expression patterns related 
to subtype classification, we conducted a weighted gene 

Fig. 3   Immune Infiltration Analysis. A Relative proportions of 
immune cell subpopulations. B Correlation between immune cells, 
with blue indicating negative correlations and red indicating positive 

correlations. C Differences in immune cell composition between con-
trol and disease samples
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co-expression network analysis (WGCNA) based on the 
expression profiling data. The soft-thresholding power β 
was determined to be 21 (Fig. 8A, B), and gene modules 
were subsequently identified using the topological overlap 
matrix (TOM). This analysis identified a total of seven gene 
modules (Fig. 8C), among which the darkseagreen3 mod-
ule exhibited the strongest correlation with subtype clas-
sification (cor = 0.96, p = 1 × 10⁻5). To refine the analysis, 
we intersected the genes within the darkseagreen3 module 
with the 1,034 subtype-specific differential genes identified 
previously, yielding a set of 305 intersecting genes (Fig. 8D).

Machine learning identifies key genes

In order to further pinpoint the key genes influencing septic 
kidney injury, we utilized the intersecting genes identified 
in the previous step for feature selection using Lasso regres-
sion and random forest algorithms. Lasso regression analysis 

identified nine characteristic genes associated with septic 
kidney injury (Fig. 9A, B). Concurrently, the random forest 
algorithm was employed to screen and rank characteristic 
genes, yielding the top 10 genes implicated in septic kidney 
injury (Fig. 9C). Subsequently, we intersected the charac-
teristic genes identified by the Lasso regression and random 
forest algorithms, resulting in two overlapping genes, PECR 
and TP53I3 (Fig. 9D). These two genes are proposed as key 
targets for subsequent investigations into the pathophysiol-
ogy of septic kidney injury.

Analysis of lactation gene‑related transcriptional 
regulation and construction of miRNA‑mRNA 
network

Key genes were selected as the gene set for transcriptional 
regulation analysis, revealing their regulation by multiple 
shared transcription factors. To further investigate these 

Fig. 4   Correlation Between LRGs and Various Immune Factors. A–E 
Correlation analysis between LRGs and immune factors, including 
chemokines, immunoinhibitors, immunostimulators, MHC mole-

cules, and receptors. F Scatter plot of the correlation between H3C15 
and the immune factor MTA2. G Scatter plot of the correlation 
between PSMC1 and the immune factor PGK1
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Fig. 5   Subtype Clustering. A Consensus clustering of LRGs. B CDF 
curve of LRGs. C Delta area plot. D Heatmap showing the expression 
patterns of differentially expressed LRGs across two molecular sub-
types of SA-AKI identified via consensus clustering. The color scale 
represents the standardized Z-score of gene expression, with red indi-
cating higher expression and blue indicating lower expression across 

samples. Each row represents an individual LRG, and each col-
umn corresponds to a SA-AKI sample. Gene expression differences 
between the clusters were assessed using the Wilcoxon rank-sum test, 
and genes included in the heatmap met the cutoff criteria of adjusted 
p < 0.05 and |log2 fold change|> 1
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regulatory mechanisms, we performed enrichment analysis 
of transcription factors using cumulative recovery curves 
and motif-TF annotation. Among the identified motifs, 
cisbp__M1413 exhibited the highest normalized enrich-
ment score (NSE = 14). A comprehensive visualization of 
all enriched motifs and their corresponding transcription fac-
tors regulating LRGs is provided (Fig. 10B). Additionally, 
reverse prediction of the two key genes was conducted using 
the miRcode database, identifying 40 miRNAs and uncov-
ering a total of 47 mRNA-miRNA regulatory pairs. These 
interactions were visualized using Cytoscape to construct 
a miRNA-mRNA regulatory network, providing insights 

into the post-transcriptional regulatory landscape of the key 
genes (Fig. 10A-C).

Single‑cell quality control and data standardization

To ensure high data quality across multiple samples, cells 
with fewer than 200 detected genes were excluded from fur-
ther analysis. The filtering criteria applied were as follows: 
(nFeature_RNA > 200 & percent.mt <  = median + 3MAD 
& nFeature_RNA <  = median + 3MAD & nCount_
RNA <  = median + 3MAD), where nFeature_RNA repre-
sents the number of genes, nCount_RNA represents the 

Fig. 6   Differential Expression of Immune Factors Among Sub-
types. A–E Expression differences of chemokines, immunoinhibi-
tors, immunostimulators, MHC molecules, and receptors between 
SA-AKI molecular subtypes. The y-axis represents normalized gene 
expression levels, and the x-axis lists individual immune checkpoint 
genes. Each box shows the interquartile range (IQR), with the median 

indicated by a horizontal line, while the violin shape reflects the dis-
tribution density. Group comparisons were performed using the Wil-
coxon rank-sum test. Statistical significance is denoted as follows: * 
p < 0.05, ** p < 0.01,*** p < 0.001,“ns” indicates no statistically sig-
nificant difference (p ≥ 0.05)
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total number of UMIs of the cell, and percent.mt repre-
sents the percentage of mitochondrial reads. To further 
eliminate potential doublets, the DoubletFinder package 
was employed, resulting in the retention of 16,323 high-
quality cells. Quality control results, including violin and 
scatter plots, are presented in Supplemental Fig. 2A-B. 

Subsequently, 2,000 highly variable genes were identified 
for downstream analysis (Supplemental Fig. 2C). Stand-
ardization and normalization were performed, followed 
by principal component analysis (PCA) and batch correc-
tion using harmony analysis to mitigate batch effects and 
ensure data consistency (Supplemental Fig. 2D-F).

Fig. 7   Differential and Enrichment Analysis of Subtypes. A Volcano 
plot of differentially expressed genes (DEGs) between subtypes, with 
blue indicating downregulated genes and pink indicating upregu-
lated genes. B Heatmap of differentially expressed genes among sub-

types, where blue represents low expression and pink represents high 
expression. C, D GO and KEGG enrichment analysis based on Clus-
terProfiler
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Cell Annotation and expression abundance of key genes

Using UMAP for dimensionality reduction, nine distinct cell 
subgroups were identified (Fig. 11A). Further annotation of 
these subgroups classified them into seven major cell types: 
proximal tubule cells, epithelial cells, loop of Henle cells, 
intercalated cells, endothelial cells, monocytes, and mesan-
gial cells (Fig. 11B). A bubble chart depicting the classic 
markers for these seven cell types (Fig. 11C) and a histogram 
illustrating the cell-type proportions across different groups 
(Fig. 11D) were generated to provide a comprehensive over-
view of cell classification. To investigate the expression pat-
terns of key genes, we utilized the DotPlot and FeaturePlot 
functions in the Seurat R package to visualize their distribu-
tion across single-cell data (Fig. 11E,F). Additionally, LRGs 
expressed in the single-cell dataset were selected to explore 
their co-expression networks with key genes via correlation 
analysis. Notably, TP53I3 showed a significant positive cor-
relation with HDAC2 (COR = 0.58) (Supplemental Fig. 3A-
C), while PECR and HDAC3 exhibited a significant negative 
correlation (COR = -0.79) (Supplemental Fig. 4A-C).

Discussion

Acute kidney injury (AKI) is a common and severe clinical 
syndrome with high incidence and mortality rates, represent-
ing a significant global public health challenge. Epidemio-
logical data indicate that more than 40% of sepsis patients 
develop AKI, a complication that markedly increases hos-
pitalization duration, treatment costs, and the risk of long-
term adverse outcomes[27, 28]. Despite advancements in the 
diagnosis and treatment of sepsis-associated AKI (SA-AKI), 
the complex pathophysiological mechanisms and substantial 
inter-individual heterogeneity present significant challenges 
for precise management[29, 30]. Consequently, exploring 
the molecular mechanisms of SA-AKI and identifying key 
regulatory genes are crucial for optimizing diagnosis and 
promoting individualized treatment.

The rapid development of molecular biology and genom-
ics has created new opportunities for the early diagnosis 
and targeted therapy of SA-AKI. By analyzing key genes 
and their regulatory networks, it is possible to elucidate the 
mechanisms underlying SA-AKI and provide a theoretical 
basis for precision medical interventions[19, 31]. In this 
study, the pathway enrichment analysis revealed significant 

involvement of RNA splicing, histone deacetylation, and 
carbon metabolism in SA-AKI. These biological processes 
may contribute to the pathophysiological mechanisms under-
lying sepsis-induced kidney injury. Aberrant RNA splicing 
has been implicated in modulating inflammatory responses 
and apoptosis, two hallmark features of SA-AKI. Non-
coding RNAs such as miRNAs and lncRNAs can regulate 
splicing machinery and influence the expression of genes 
related to cell death and immune activation[32]. Histone 
deacetylation, particularly via SIRT1, has been shown to 
exert protective effects in SA-AKI by deacetylating HMGB1 
and suppressing its pro-inflammatory activity. This epige-
netic regulation attenuates renal inflammation and cellular 
damage[33]. Furthermore, carbon metabolism undergoes a 
profound shift during SA-AKI. Renal tubular epithelial cells 
switch from oxidative phosphorylation to glycolysis, result-
ing in increased lactate accumulation[34]. Elevated lactate 
levels can promote protein lactylation, a newly recognized 
post-translational modification that may modulate gene 
expression involved in immune responses and metabolic 
stress. These findings collectively suggest that the enriched 
pathways are not only involved in SA-AKI pathogenesis but 
may also intersect with lactylation-related regulatory net-
works, warranting further investigation.

Lactylation, as an emerging form of epigenetic modifica-
tion, is closely associated with metabolic reprogramming 
and inflammatory responses, both of which play pivotal 
roles in the pathogenesis of SA-AKI[35–37]. By perform-
ing differential analysis of bulk expression profiles, we 
identified 118 lactylation-related differentially expressed 
genes (DEGs) and used consensus clustering to stratify 
patient samples. The results revealed two distinct subtypes 
with significant differences in lactylation gene expression 
and immune microenvironment characteristics. Subtype 1 
exhibited higher levels of immune infiltration, while Sub-
type 2 showed relatively lower immune activity, suggest-
ing that lactylation modifications may influence disease 
progression by modulating differential patterns of immune 
cell infiltration. Enrichment analysis further indicated 
that DEGs between the two subtypes were predominantly 
enriched in immune- and inflammation-related pathways, 
such as cytokine-receptor interactions and T cell differentia-
tion pathways. The activation of these pathways is closely 
associated with the inflammatory response in SA-AKI and 
plays a critical role in disease progression.

Immune infiltration plays a key role in the onset and pro-
gression of SA-AKI and has become a hot topic in recent 
research. The inflammatory response triggered by sepsis can 
lead to excessive activation and dysregulation of the immune 
system, resulting in kidney tissue damage[29, 38]. The 
CIBERSORT-based immune infiltration analysis revealed 
a significant increase in M0 macrophages, neutrophils, and 
activated CD4 memory T cells in SA-AKI kidney tissue, 

Fig. 8   WGCNA Analysis of Subtypes. A Scale-free index and aver-
age connectivity for each soft threshold. B Gene clustering dendro-
gram, with different colors representing distinct modules. C Corre-
lation between module characteristic genes and subtypes, with blue 
indicating negative correlations and red indicating positive correla-
tions. D Venn diagram showing the intersection of differential genes 
and key module genes

◂
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highlighting an immunologically active microenvironment. 
M0 macrophages, as unpolarized precursors, are pivotal 
regulators of immune responses. Their expansion in SA-AKI 
may reflect either a delayed or dysfunctional polarization 
toward M1/M2 phenotypes. This dysregulation could impair 
the resolution of inflammation and contribute to prolonged 
tissue injury. Studies have shown that in sepsis, the balance 
between M1 (pro-inflammatory) and M2 (pro-repair) mac-
rophages is often disrupted, potentially leading to persistent 

renal damage and maladaptive repair [39]. Neutrophils are 
among the first responders in sepsis and are known to aggra-
vate acute kidney injury through degranulation, release of 
ROS, and formation of neutrophil extracellular traps (NETs), 
which can damage endothelial and epithelial barriers [40]. 
Activated CD4 memory T cells may contribute to immune 
dysregulation by producing pro-inflammatory cytokines and 
perpetuating renal inflammation. Their presence in SA-AKI 
suggests the involvement of adaptive immune memory in 

Fig. 9   Construction of Lasso and Random Forest Models. A Distribu-
tion of LASSO coefficients and gene combinations at the minimum 
lambda value. B Ten-fold cross-validation for the selection of tuning 
parameters in the LASSO model to determine the minimum lambda 

value. C Visualization of feature genes selected by the random forest 
model. D Intersection of feature genes identified by Lasso regression 
and random forest models
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sustaining injury, even after the initial septic insult. Col-
lectively, these immune alterations suggest not merely 
bystander activation, but a coordinated dysregulation of 
innate and adaptive immune responses actively shaping the 
course of SA-AKI. In this study, immune cell characteristic 
analysis revealed significant upregulation of Macrophages 
M0, Neutrophils, and T cells CD4 memory activated in the 
disease group. In addition, the expression of LRGs was sig-
nificantly correlated with immune factors, such as a negative 
correlation between H3C15 and the immune-suppressive 
factor MTA2, and a positive correlation between PSMC1 
and the immune-stimulatory factor PGK1. These findings 
suggest that lactylation modifications may influence the 
immune microenvironment by regulating the expression of 
immune factors, thereby mediating the pathological pro-
cesses of kidney injury.

The identification of PECR and TP53I3 as key genes 
through consensus clustering and machine learning tech-
niques further elucidates the molecular regulatory mecha-
nisms of SA-AKI. PECR plays a critical role in lipid metabo-
lism, particularly in peroxisomal β-oxidation. Its expression 
is involved in regulating fatty acid metabolism, which can 
modulate inflammatory processes. Recent studies suggest 
that PECR expression is altered in various inflammatory dis-
eases, highlighting its potential role in regulating immune 
responses and contributing to tissue damage in conditions 
such as sepsis and acute kidney injury. Increased expression 
of PECR has been linked to oxidative stress and inflamma-
tion, which are key mechanisms in SA-AKI pathogenesis.
TP53I3 is a p53-inducible gene that is involved in regulating 
apoptosis and cellular stress responses. It is known to be 
upregulated under conditions of DNA damage and oxidative 

Fig. 10   Transcriptional Regulation and miRNA Network of Key 
Genes. A Transcriptional regulation network of key genes, with red 
representing key genes and gray representing transcription factors. B 

Motifs enriched by key genes and their corresponding transcription 
factors are displayed. C miRNA network of key genes, with red repre-
senting mRNA and gray representing miRNA
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Fig. 11   Cell annotation and expression of key genes in single cells. A 
Cell clustering using the UMAP algorithm, based on important com-
ponents from PCA, dividing cells into 9 clusters. B Cell annotations 
of the 9 clusters, where the 9 clusters are annotated into 7 cell types: 
Proximal tubule cells, Epithelial cells, Loop of Henle cells, Interca-
lated cells, Endothelial cells, Monocytes, and Mesangial cells. C Dot-

plot bubble plot showing the 7 cell types and their corresponding cell 
markers. D Differences in the proportion of each of the 7 cell types 
between the two sample groups. E Scatter plot of key gene expression 
profiles in single cells. F Bubble plot of key gene expression profiles 
in single cells, where blue indicates low expression and red indicates 
high expression
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stress, and its role in inflammation is becoming increasingly 
recognized. TP53I3 has been shown to influence cell sur-
vival in response to injury, suggesting its involvement in 
inflammatory pathways. Evidence from various studies indi-
cates that TP53I3 expression may be upregulated in inflam-
matory diseases, supporting its potential as a therapeutic 
target in conditions like SA-AKI.

In conclusion, this study highlights the crucial role of 
LRGs in SA-AKI and, through molecular subtyping, key 
gene identification, and immune infiltration analysis, pro-
vides valuable insights into the molecular mechanisms and 
personalized diagnosis and treatment of SA-AKI. PECR 
and TP53I3, as potential lactylation targets, may offer new 
therapeutic avenues to improve clinical outcomes for SA-
AKI. However, several limitations of this study should 
be acknowledged. First, the transcriptomic analysis and 
molecular subtyping were based on a single publicly avail-
able dataset, which may limit the generalizability and robust-
ness of the findings. Although internal validation analyses, 
such as chi-square tests and ROC curve assessments, were 
performed to support the reliability of the consensus clus-
tering, external validation using independent cohorts is still 
warranted. Second, due to the limited metadata provided in 
the original dataset, critical clinical information—such as 
AKI staging, treatment response, and long-term outcomes—
was unavailable. As a result, we were unable to assess the 
correlation between molecular subtypes and clinical char-
acteristics. Future studies incorporating larger sample sizes 
and detailed clinical annotations are needed to validate and 
extend our findings. The regulatory mechanisms of target 
genes in sepsis-associated kidney injury need to be further 
validated through basic experiments.
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