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Abstract: Background: Hepatocellular carcinoma (HCC) is characterized by profound metabolic reprogramming and an 

immunosuppressive tumor immune microenvironment (TIME). Lactate accumulation has recently been implicated in 

protein lactylation and tumor progression, but its role in reshaping the TIME in HCC remains incompletely understood. 

Objectives: To investigate how lactate-related metabolic reprogramming influences global protein lactylation and the 

TIME in HCC. Methods: We integrated high-throughput RNA sequencing, construction of a lactate metabolic process 

activity (LMPA) model, molecular subtyping, survival analysis and single-cell RNA sequencing to characterize lactate-

associated alterations in HCC. Tissue microarrays and in vitro functional assays were used to validate key findings. 

Results: Elevated expression of lactate dehydrogenase A (LDHA), a core enzyme in lactate metabolism, was significantly 

associated with altered transcriptional profiles, unfavorable survival and changes in TIME composition in patients with 

HCC. In vitro, LDHA overexpression promoted HCC cell proliferation, migration and invasion. Patients with high LMPA 

exhibited significantly poorer prognosis and distinct immune infiltration patterns, including altered proportions of B cells, 

CD4+ T cells, neutrophils, macrophages, and dendritic cells. Single-cell RNA sequencing further revealed heterogeneous 

LMPA patterns across cell populations and increased global protein lactylation, particularly in immune cells. In addition, 

LMPA-based molecular subtypes were closely associated with lactylation-related features. LDHA expression, HDAC2 

expression and metastasis were identified as significant prognostic factors. Conclusion: Lactate-related metabolic 

reprogramming may enhance global protein lactylation and remodel the TIME in HCC, thereby promoting tumor 

progression. These findings highlight the potential of targeting lactate metabolism and lactylation-associated pathways as 

novel therapeutic strategies for HCC. 
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INTRODUCTION 

 

Hepatocellular carcinoma (HCC) is a highly prevalent and 

lethal malignancy, ranking among the leading causes of 

cancer-related death both worldwide and in China (Xia et 

al., 2022). Despite the development of various treatment 

strategies, the prognosis for patients with HCC remains 

unsatisfactory due to its aggressive biological behavior, 

high recurrence rate and resistance to conventional 

therapies (Chen et al., 2020; Harding-Theobald et al., 

2021; Wang and Wei, 2020). 

 

In recent years, the tumor immune microenvironment 

(TIME) has gained increasing attention as a critical factor 

influencing HCC progression and treatment response (Lu 

et al., 2019; Oura et al., 2021). Various TIME-targeted 

therapeutic approaches, including immune checkpoint 

inhibitors, have shown encouraging results in some 

patients, yet overall clinical benefits remain limited (Sheng 

et al., 2020; Xu et al., 2018). One of the key reasons is that 

the TIME in HCC is often immunosuppressive and 

dynamically regulated by tumor metabolic pathways 

(Giannone et al., 2020).  

 

Among these pathways, lactate metabolism has been 

recognized as a central component of tumor metabolic 

reprogramming (Chen et al., 2025; Nguyen et al., 2025), 

especially in HCC (Pedretti et al., 2025). Aberrant lactate 

production and accumulation can reshape the TIME by 

affecting immune cell function and promoting an 

immunosuppressive environment (Llibre et al., 2025). 

Recent evidence suggests that histone lactylation can be 

catalyzed by enzymes such as p300, which functions as a 

lactyltransferase, while histone deacetylases (HDACs) can 

modulate its removal (Deng et al., 2025; Zhang and Zhang, 

2024). Accumulated lactate may enhance these 

modifications, leading to widespread transcriptional 

reprogramming in tumor and immune cells. However, the 

specific role of lactate metabolism, including its associated 

lactylation modifications, in modulating the TIME of HCC 

remains incompletely understood. 
  

A deeper understanding of how lactate-related metabolic 

reprogramming interacts with the TIME may provide new 

insights into HCC progression and offer potential avenues 

for more effective therapeutic strategies. 
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MATERIALS AND METHODS 
 

Cell culture and gene editing 

HepG2 cells were obtained from Procell (Cat. No.: CL-

0103; RRID: CVCL_0027). Huh7 cells were obtained from 

Procell (Cat. No.: CL-0120; RRID: CVCL_0336). HepG2 

and Huh7 cells were maintained in DMEM supplemented 

with fetal bovine serum (FBS). When the cells reached 

approximately 75% confluence, they were seeded into 6-

well plates and transfected using Lipofectamine 3000 

according to the manufacturer’s instructions. The culture 

medium was replaced 6-8 hours after transfection and cells 

were harvested after 48 hours. The experimental groups 

included NC (negative control siRNA), si-LDHA (LDHA-

targeting siRNA), vector (empty vector plasmid) and OE-

LDHA (LDHA overexpression plasmid). The transfected 

cells were then used for subsequent functional assays. 
 

CCK-8 proliferation assay 

HepG2 or Huh7 cells of each group were seeded in 96-well 

plates with three replicate wells per group. Cells were 

allowed to adhere overnight, then cultured for 24, 48, 72 

and 96 hours to assess proliferation. CCK-8 reagent (10 μL) 

was added to each well, mixed gently and incubated in the 

dark for 3 hours. Absorbance at 450 nm (Cai et al., 2024) 

was then measured using a SpectraMax i3x microplate 

reader (Molecular Devices, San Jose, CA, USA). Mean OD 

values for each group were calculated after subtracting 

blank well values. 
 

EdU assay 

HepG2 or Huh7 cells from each group were seeded onto 

chamber slides. After allowing the cells to adhere, the EdU 

labeling medium was added and the cells were incubated 

for 3 hours. The cells were fixed and EdU incorporation 

was detected using fluorescent reaction solution according 

to the kit instructions. EdU-positive cells were visualized 

under a fluorescence microscope (Olympus Corporation, 

Tokyo, Japan) and the percentage of EdU-positive cells 

was calculated to assess cell proliferation. 
 

Transwell assay 

A total of 100 μL of Matrigel was added to 24-well 

Transwell inserts and allowed to solidify at 37 °C. Then, 

100 μL of a cell suspension from each HepG2 or Huh7 

group was seeded into the upper chamber, while the lower 

chamber was filled with culture medium supplemented 

with FBS. After 24 hours of incubation, the inserts were 

washed, stained and the number of invading cells was 

counted under an Olympus BX53 light microscope 

(Olympus Corporation, Tokyo, Japan). 
 

Wound healing assay 

HepG2 or Huh7 cells from each group were seeded into 6-

well plates. When the cells reached confluence, a linear 

scratch was created using a sterile pipette tip. The wells 

were gently washed to remove detached cells and then 

incubated for 24 hours. After incubation, the cells were 

rinsed and imaged under an Olympus BX53 light 

microscope (Olympus Corporation, Tokyo, Japan). The 

number of cells that migrated into the wound area was 

quantified to assess cell migration ability. 
 

Data acquisition 

RNA-seq data and clinical information for HCC samples 

were obtained from The Cancer Genome Atlas (TCGA) 

and International Cancer Genome Consortium (ICGC), 

with count data normalized to TPM and transformed using 

log2(TPM+1). Additionally, GSE140228 and GSE149614 

datasets were retrieved from Gene Expression Omnibus 

(GEO) for further analysis. 
 

Gene sets 

The lactate metabolic process gene set was obtained from 

Gene Ontology and downloaded from the Molecular 

Signatures Database (Liberzon et al., 2015). 
 

Differential expression analysis 

The R package limma was used to identify differentially 

expressed genes, applying thresholds of adjusted p-value < 

0.05 and |log2(fold change)| > 1. 
 

Enrichment analysis 

Enrichment analysis was conducted to explore the 

functions of differentially expressed genes. Gene Ontology 

(GO) annotations categorized genes into molecular 

function (MF), biological process (BP) and cellular 

component (CC). Kyoto Encyclopedia of Genes and 

Genomes (KEGG) analysis provided insights into 

functional pathways. The R ClusterProfiler package 

(v3.18.0) (Yu et al., 2012) was used for GO and KEGG 

analyses, while ggplot2 and pheatmap were used to create 

boxplots and heatmaps, respectively. 
 

Analysis of TIME composition 

To obtain a reliable immune score assessment, the xCell 

and TIMER algorithms from the R immuneeconv package 

were used (Aran et al., 2017; Li et al., 2020), both of which 

are benchmarked with unique advantages. Expression of 

immune checkpoint genes was extracted. 
 

Construction of LMPA model 

The log-rank test compared survival differences between 

groups. The timeROC package (Blanche et al., 2013) 

assessed predictive accuracy. Multivariate Cox regression 

constructed a prognostic model using the survival package. 

Stepwise iteration selected the optimal model. 
 

Molecular subtyping 

Consensus unsupervised clustering was performed using 

the ConsensusClusterPlus R package (Wilkerson and 

Hayes, 2010), clustering samples into 2-6 subgroups with 

80% resampling over 100 iterations using hierarchical 

clustering (clusterAlg = ’hc’, innerLinkage = ’ward.D2’). 

Heatmaps were generated by pheatmap. 
 

Analysis of single-cell RNA-seq data 

Single-cell RNA-seq datasets (GSE140228 and 

GSE149614) were downloaded from the GEO database. 

After initial quality control, cells with high mitochondrial 
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gene expression or low unique gene counts were excluded 

to remove low-quality cells. In total, 6582 cells for 

GSE140228 and 15493 cells for GSE149614 were retained 

for downstream analysis. All samples were renamed, 

merged and imported into R (v4.2.2) using the Seurat 

package (v5.0.3). Batch effects among samples were 

corrected using the Harmony algorithm. The data were 

then normalized, scaled and the top variable genes were 

identified for dimensionality reduction by principal 

component analysis (PCA) and visualized by uniform 

manifold approximation and projection (UMAP). To 

assess lactate metabolic process activity (LMPA) at the 

single-cell level, AUCell was used to calculate enrichment 

scores for each cell. For trajectory inference, pseudotime 

analysis was performed using Monocle (v2.26.0) (Trapnell 

et al., 2014). Cell-cell communication networks were 

analyzed with CellChat (v2.1.2) (Jin et al., 2021) to infer 

intercellular signaling interactions. The SCP package 

(v0.5.6) facilitated visualization of cell states and 

interactions. All single-cell analysis steps were performed 

according to standard protocols as described in the original 

dataset publications and related method references. 
 

Protein expression analysis 

The Human Protein Atlas provided immunohistochemistry 

images of key lactate metabolism proteins in normal liver 

tissue and HCC samples (Uhlén et al., 2015). 
 

Tissue microarray immunohistochemistry 

A tissue microarray of 50 HCC and matched normal 

samples was stained by IHC for LDHA and HDAC2 

(Maixin, China). Tissue samples were collected from 

patients who underwent surgical resection of HCC. All 

patients were pathologically diagnosed with HCC. Patients 

with complete clinicopathological data and available 

follow-up information were included, whereas those who 

had received preoperative anticancer therapy or had 

incomplete clinical data were excluded. Adjacent normal 

tissues were obtained from non-tumorous liver tissues and 

were pathologically confirmed to be free of tumor 

involvement. Staining intensity and the percentage of 

positive cells were assessed to calculate the staining index 

(SI), categorizing samples into low (SI ≤ 4) or high (SI ≥ 6) 

expression groups. 
 

Survival analysis 

Kaplan-Meier plots were used to analyze survival 

differences using the log-rank test (Kaplan-Meier Plotter). 

The survival and survminer R packages enabled other 

survival analyses. Alluvial plots were generated by 

ggalluvial (Brunson, 2020). 
 

Correlation analysis 

ggstatsplot visualized gene correlation maps. Pheatmap 

displayed multi-gene correlations. ggstatsplot plotted gene 

expression versus immune score correlations. Spearman 

correlation analysis was used for non-normal quantitative 

data. P < 0.05 indicated significance. 
 

Nomogram development 

Variables for nomogram construction were identified by 

univariate and multivariate Cox regression. Forest plots 

displayed the HR and 95% CI (forestplot package). A 

nomogram predicting survival was built by multivariate 

Cox regression (rms package). 
 

Statistical analysis 

SPSS 22.0 was used to perform statistical analysis. Data 

are expressed as mean ± SD. Group comparisons were 

performed using Student’s t-tests, the Wilcoxon test, one-

way ANOVA, or the Kruskal-Wallis tests, while 

categorical variables were analyzed with Chi-square tests. 

A p-value < 0.05 was considered statistically significant. 
 

RESULTS 
 

A core enzyme of lactate metabolism influences gene 

expression profile and composition of the TIME in HCC 

We investigated whether the core lactate metabolism 

enzyme LDHA influences the gene expression profile in 

HCC. The HCC cohort was stratified into LDHA high- and 

low-expression groups, which revealed distinct sets of 

differentially expressed genes (Fig. 1A, 1B). Notably, 

SPP1, CRP, SPINK1, CXCL1 and CA9 were significantly 

upregulated in the high-expression group, whereas SPP2, 

CYP7A1 and TTR were upregulated in the low-expression 

group. Gene Ontology (GO) and Kyoto Encyclopedia of 

Genes and Genomes (KEGG) enrichment analyses 

indicated significant activation of pathways related to 

cytokine–cytokine receptor interaction, response to 

hypoxia and decreased oxygen levels in the LDHA high-

expression group (Fig. 1C). LDHA expression levels also 

affected key biological processes, including cellular 

response to hypoxia, tumor proliferation and ferroptosis 

(Fig. S1). 
 

Based on these findings, we further examined changes in 

the HCC tumor immune microenvironment (TIME). 

Analysis of the TIME revealed significant differences 

between the two LDHA groups, particularly in the 

composition of immune cell populations (Fig. 1D, 1E), 

suggesting that LDHA expression substantially impacts the 

TIME. Correlation analysis demonstrated a significant 

relationship between LDHA levels and key TIME 

components in HCC (Fig. 1F). Moreover, LDHA 

expression was associated with differential expression of 

immune checkpoint genes between the high- and low-

expression groups (Fig. 1G). 
 

LDHA expression levels affect HCC cell proliferation, 

migration and invasion in vitro 

Subsequently, we evaluated the effects of LDHA 

expression on HCC cell functions in vitro. CCK-8 assays 

demonstrated that LDHA knockdown significantly 

reduced the proliferation of HepG2 and Huh7 cells (Fig. 

2A), whereas LDHA overexpression markedly increased 

their proliferative capacity (Fig. 2B). Consistently, EdU 

incorporation assays showed that LDHA knockdown 



Lactate related metabolic reprogramming increases global protein lactylation and remodels tumor immune microenvironment  

Pak. J. Pharm. Sci., Vol.39, No.7, July 2026, pp.2031-2047 2034 

significantly decreased proliferative activity in both cell 

lines (Fig. 2C), while LDHA overexpression enhanced it 

(Fig. 2D). 
 

Wound healing assays further revealed that silencing 

LDHA expression markedly suppressed the migratory 

ability of HepG2 and Huh7 cells (Fig. 3A), whereas LDHA 

overexpression promoted cell migration (Fig. 3B). 

Similarly, Transwell invasion assays indicated that LDHA 

knockdown significantly impaired the invasive potential of 

both cell lines (Fig. 3C), whereas LDHA overexpression 

enhanced their invasion capacity (Fig. 3D). 
 

Key lactate metabolism drivers are clinically correlated 

with clinical features of HCC 

To further clarify the relationship between lactate 

metabolism and HCC progression, we analyzed whether 

expression of the core lactate metabolism enzyme LDHA 

was associated with clinicopathological variables in HCC 

patients (Fig. 4A and Table 1). LDHA expression showed 

a significant correlation with patient survival status 

(p = 0.042), while age and TNM stage did not, suggesting 

that LDHA may independently influence HCC prognosis. 

However, LDHA expression was significantly associated 

with tumor stage (p < 0.005) (Fig. 4B), highlighting its 

potential role in HCC development. Kaplan–Meier 

survival analysis further demonstrated that patients with 

higher LDHA expression had significantly poorer overall 

survival (p < 0.001) (Fig. 4C). 
 

Next, we investigated whether the broader lactate 

metabolic process (LMP) was implicated in HCC 

progression. A gene set comprising lactate metabolism-

related genes (e.g., ACTN3, GATD1, HAGH, HIF1A, 

LDHA, LDHAL6B, LDHB, LDHC, LDHD, PARK7, 

PER2, PFKFB2, PNKD, SLC25A12, TIGAR and TP53) 

was analyzed. Survival analysis revealed that the 

expression levels of most LMP genes, excluding 

LDHAL6B, LDHC and PARK7, were significantly 

correlated with poorer prognosis and shorter overall 

survival (OS). In contrast, higher expression of HAGH, 

LDHD and TP53 was associated with better prognosis (Fig. 

4D). Immunohistochemistry further confirmed diverse 

expression profiles of these genes in HCC tissues 

compared to normal liver samples (Fig. 4E). 
 

LMPA is associated with poor prognosis and TIME 

remodeling in HCC patients 

Based on the above findings, we hypothesized that overall 

lactate metabolic process activity (LMPA) may influence 

HCC progression. To test this, we first evaluated the 

correlations among lactate metabolism-related genes (Fig. 

5A). Notably, LDHA showed a strong positive correlation 

with HIF1A (r = 0.53), suggesting a link between hypoxia 

and lactate metabolism in HCC. TIGAR was also 

positively correlated with HIF1A (r = 0.55), whereas TP53 

was negatively correlated with HAGH (r = –0.38), 

indicating potential internal regulatory relationships within 

the lactate metabolic process. 

Considering the potential impact of LMPA on TIME 

remodeling and patient prognosis, we constructed an 

LMPA prognostic model (Fig. 5B). The model’s Akaike 

information criterion (AIC) was 1302.97. Patients in the 

high-risk group had significantly shorter overall survival 

than those in the low-risk group (p < 0.001) (Fig. 5C), 

indicating poorer prognosis. The ROC curve and AUC 

values demonstrated that the LMPA model had strong 

predictive performance and accuracy (Fig. 5D). Analysis 

of key TIME components showed that B cells, CD4+ T 

cells, neutrophils, macrophages and myeloid dendritic cells 

were significantly correlated with the LMPA-based risk 

score (Fig. 5E). Additionally, a nomogram incorporating 

univariate and multivariate Cox regression analyses was 

developed to predict 1-, 3- and 5-year overall survival, with 

calibration curves indicating good predictive performance 

(Figs. 5F–H). 
 

LMPA-based molecular subtypes of HCC are associated 

with global protein lactylation 

Next, we investigated whether HCC molecular subtypes 

based on LMPA could influence global protein lactylation. 

Consensus clustering analysis demonstrated good stability 

at k = 3, identifying three distinct subtypes: C1, C2 and C3 

(Fig. 6A–B). Principal component analysis and heatmap 

visualization confirmed clear separation among these 

clusters (Fig. 6C–D). The subtypes were significantly 

associated with various clinicopathological features, 

including gender, grade and T stage (Fig. 6E). Survival 

analysis revealed significant differences in overall survival 

among the subtypes (p = 0.0089), with C1 exhibiting the 

best prognosis and C2 the worst (Fig. 6F). 
 

Further exploration of the relationship between LMPA-

based subtypes and global protein lactylation revealed that 

these subtypes significantly affected the expression of 

miR-210, a key regulator of lactate metabolism (Fig. 6G). 

Importantly, the subtypes also influenced the expression of 

HDACs, SIRTs and p300 (Fig. 6H–J), which are critical 

enzymes involved in histone lactylation, underscoring the 

relevance of LMPA to epigenetic regulation in HCC. 

Consistent with earlier enrichment analyses (Fig. S1), the 

LMPA-based subtypes were also linked to ferroptosis 

pathways (Fig. 6K). Differential gene expression analysis 

identified subtype-specific differences in AFP, CCL20, 

EPCAM, HPD and SLC27A5 expression (Fig. 6L), as well 

as pathways related to p53 signaling, steroid metabolism 

and retinol metabolism (Fig. 6M). 
 

scRNA-seq reveals diverse lactate-related metabolic 

reprogramming, lactylation and LMPA patterns in 

immune cells within the HCC TIME 

We next investigated whether immune cells within the 

HCC TIME exhibit distinct patterns of lactate-related 

metabolic reprogramming, histone lactylation and LMPA. 

Single-cell RNA-seq analysis of the tumor core TIME 

revealed clear clustering of T cells, B cells, macrophages 

and NK cells (Fig. 7A–B).  
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Fig. 1: A core enzyme of lactate metabolism was relevant to component of tumor immune microenvironment (TIME) in HCC. 
(A) The volcano plot was constructed using the fold change values and adjusted P values. Red dots indicate upregulated genes in LDHA high group; 
blue dots indicate downregulated genes in LDHA high group; grey dots indicate not significant; (B) The heatmap of differential gene expression, with 

different colors indicating the trend of gene expression across tissues. The top 50 up-regulated genes and top 50 down-regulated genes in LDHA high 

group were shown; (C) The enriched KEGG signaling pathways were selected to demonstrate the primary biological actions of major potential mRNA. 
The abscissa indicates gene ratio and the enriched pathways were presented in the ordinate. Gene ontology (GO) analysis of potential targets of mRNAs. 

The biological process (BP), cellular component (CC), and molecular function (MF) of potential targets were clustered based on the ClusterProfiler 

package in R software (version: 3.18.0). Colors represent the significance of differential enrichment and the size of the circles represents the number of 
genes, the larger the circle, the greater the number of genes. In the enrichment results, p < 0.05 or FDR < 0.05 is considered a meaningful pathway 

(enrichment score with −log10(P)> 1.3); (D) Immune cell score heatmap, different colors represent different expression distribution in different samples. 

*p < 0.05, **p < 0.01, ***p < 0.001, asterisks (*) stand for significance levels. The statistical difference between the two groups was compared through 
the Wilcoxon test; (E) The percentage abundance of tumor infiltrating immune cells in each sample. Different colors represent different types of immune 

cells. The abscissa represents the sample, and the ordinate represents the percentage of immune cell content in a single sample; (F) The correlations 
between gene expression and immune score were analyzed with Spearman. The abscissa represents the distribution of the gene expression or the score, 

and the ordinate represents the distribution of the immune score. The density curve on the right represents the trend in distribution of the immune score; 

the upper density curve represents the trend in distribution of the gene expression or the score. The value on the top represents the correlation p-value, 
correlation coefficient and correlation calculation method. (G) The heatmap of immune-checkpoint-related gene expression in LDHA high group and 

LDHA low group of ICGC HCC patients. The different colors represent the trend of gene expression in different samples. *p < 0.05, **p < 0.01, 

***p < 0.001, asterisks (*) stand for significance levels. The statistical difference of two groups was compared through the Wilcoxon test. 
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Fig. 2: Effects of LDHA expression on HCC cell proliferation. 
(A) CCK8 assays of knockdown of LDHA in HCC cell lines HepG2 and Huh7; (B) CCK8 assays of overexpression of LDHA in HCC 

cell lines HepG2 and Huh7; (C) EdU assays of knockdown of LDHA in HCC cell lines HepG2 and Huh7; (D) EdU assays of 

overexpression of LDHA in HCC cell lines HepG2 and Huh7. * p<0.05, ** p<0.01. 

 

Table 1: Relationship between LDHA expression level and clinicopathological variables in HCC patients. 

 

 LDHA low (n=185) LDHA high(n=186) p-value 

Alive 130 111 0.042 

Dead 55 75  

Mean age, year (SD) 59.9 (12.6) 59 (14.4) 0.514 

Female 54 67 0.196 

Male 131 119  

T1 98 83 0.237 

T2 48 47  

T3 35 45  

T4 3 10  

TX 1 1  

N0 121 131 0.323 

N1 1 3  

NX 62 52  

M0 130 136 0.445 

M1 1 3  

MX 54 47  
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Fig. 3: Effects of LDHA expression on HCC cell migration and invasion. 
(A) Wound healing assays of knockdown of LDHA in HCC cell lines HepG2 and Huh7. (B) Wound healing assays of overexpression 

of LDHA in HCC cell lines HepG2 and Huh7. (C) Transwell assays of knockdown of LDHA in HCC cell lines HepG2 and Huh7. 

(D) Transwell assays of overexpression of LDHA in HCC cell lines HepG2 and Huh7. * p<0.05, ** p<0.01. 
 

Table 2: Cox univariable and multivariable analysis of clinicopathological variables with LDHA and HDAC2 expression 

in relation to OS in HCC patients. 
 

Clinical factor 
Univariable analysis  Multivariable analysis 

HR    95%CI p-value    

Gender (male vs. female)  1.042 0.872-1.274 0.127    

Age ( >=60 vs. <60 years) 0.973 0.683-1.171 0.218    

Tumor size  (vs. 0-5 cm)       

< 10, > 5 cm 1.436 0.783-1.983 0.081    

> 10 cm 1.921 1.394-2.204 0.056    

Vascular invasion (Positive vs. Negative) 1.084 0.753-1.393 0.108    

Metastasis (Positive vs. Negative) 2.284 1.693-4.385 ＜0.001 2.432 1.218-4.233 ＜0.001 

Stage (III-IV vs. I-II)  1.520 0.922-2.013 0.064    

LDHA expression (High vs. Low)  3.084 2.094-5.274 ＜0.001 3.201 2.132-5.341 ＜0.001 

HDAC2 expression (High vs. Low)  2.809 1.342-3.427 ＜0.001 2.941 1.532-3.353 ＜0.001 
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Fig. 4: Key drivers of the lactate metabolic process are clinically associated with HCC. 
(A) Sankey plot of the relationship between LDHA expression and clinical features of HCC. Each row represented a feature variable, a different color 

represented a different type or stage and lines represented the distribution of the same sample in different feature variables; (B) Violin plot of relationship 

of LDHA expression and HCC clinical stage; (C) Kaplan-Meier survival analysis of the different groups of HCC patients, comparison among different 
groups was made by log-rank test. HR (95%Cl) for high and low relative LDHA gene expression groups; (D) Kaplan-Meier survival analysis of the 

different groups of HCC patients, comparison among different groups was made by log-rank test. HR (95%Cl) for high and low relative gene expression 

groups; (E) Immunohistochemistry (IHC) of given gene expression in normal liver (N) sample and HCC tissue (T). 
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Fig. 5: LMPA is associated with poor prognosis and TIME remodeling in HCC patients. 
(A) The correlations among lactate metabolic process genes in HCC are exhibited by a heatmap. The abscissa and ordinate represent genes, different 

colors represent different correlation coefficients (blue represents positive correlation, whereas red represents negative correlation) and the darker the 
color, the stronger the relation; (B) The risk score, survival time and survival status of LMPA model in HCC. The top scatterplot represents the risk 

score from low to high. Different colors represent different groups. The scatter plot distribution represents the risk score of different HCC patients 

corresponding to the survival time and survival status. The bottom heatmap is the gene expression from the LMPA model; (C) Kaplan-Meier survival 
analysis of the LMPA model of HCC patients, comparison among different groups was made by log-rank test. HR (High exp) represents the hazard 

ratio of the low-expression sample relatives to the high-expression sample. HR> 1 indicates the gene is a risk factor, and HR<1 indicates the gene is a 

protective factor. HR (95%Cl), the median survival time (LT50) for different groups, in years. (D) The ROC curve and AUC of the LMPA model. 
Higher AUC values correspond to greater predictive power; (E) The correlations between LMPA risk score and immune score were analyzed with 

Spearman. The abscissa represents the distribution of the gene expression or the score, and the ordinate represents the distribution of the immune score. 

The density curve on the right represents the trend in distribution of the immune score; the upper density curve represents the trend in distribution of 
the gene expression or the score. The value on the top represents the correlation p-value, correlation coefficient and correlation calculation method; (F) 

The p-value, HR and confidence interval were analyzed by univariate Cox regression; (G) The p-value, HR and confidence interval analyzed by 

multivariate Cox regression; (H) Nomogram predicting the 1-year，3-year and 5-year overall survival of HCC patients; (I) Calibration curve for the 

overall survival nomogram model. The dashed diagonal line represents the ideal nomogram, and the blue line, red line and orange line represent the 1-

year，3-year and 5-year of the observed nomogram. 
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Fig. 6: LMPA-based molecular subtypes of HCC are associated with global protein lactylation. 
(A) Consensus clustering cumulative distribution function (CDF) of molecular subtypes of HCC patients. (B) relative change in the area under the CDF 

curve (CDF Delta area). The relative change in area under the cumulative distribution function (CDF) curves when cluster number varying from k-1 to 

k. The abscissa represents category number k, and the ordinate represents the relative change in the area. (C) Principal component analysis (PCA) of 
HCC patients in subgroups. (D) Consistency of clustering results heatmap (k = 3), Rows and columns represent samples, the different colors represent 

different types. And the expression heatmap of genes in different subgroups, red represents high expression, and blue represents low expression. (E) 

The distribution of clinical characteristics in the samples from different groups. The abscissa represents samples from different groups, and the ordinate 
represents the percentage of clinical sample information in corresponding group, different colors represent different clinical information. The above 

table represents the distribution of a clinical feature between arbitrary two groups, and the significance p-value was analyzed by chi-square test, where 

the value is displayed as -log10 (p-value). Marked with * indicated a significant difference in the distribution of the clinical features between the two 
groups (p <0.05). (F) Survival analysis of C1, C2 and C3 groups. (G) The expression distribution of miR-210-3p in different groups. (H) The expression 

distribution of SIRTs family in different groups. (I) The expression distribution of HDACs family in different groups. (J) The expression distribution 

of p300 in different groups. (K) The expression distribution of ferroptosis family in different groups. (L) The volcano plot was constructed using the 
fold change values and P-adjust. Red dots indicate upregulated genes in C1 group; blue dots indicate downregulated genes in C2 group; grey dots 

indicate not significant. (M) GO and KEGG enrichment analyses of differentially expressed genes between the C1 and C2 groups. 
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Fig. 7: Single-cell RNA-seq (scRNA-seq) revealed diverse lactate related metabolic reprogramming, lactylation 

modification and LMPA patterns of immune cells in TIME of HCC. 
(A) UMAP of scRNA-seq of HCC core tumor TIME in GSE140228; (B) Heatmap plot of different expressed genes and enrichment pathways in each 
cell type; (C) LDHA and HDAC2 expression in HCC TIME shown on the UMAP; (D) Correlation between LDHA and HDAC2 expression in single 

cells; (E) Lactylation modification related gene expression in each cell type is shown in the UMAP; (F) Violin plot of LDHA expression in each cell 

type; (G) Violin plot of LDHA expression in each cell type; (H) LMPA score in HCC TIME showing in the UMAP. 
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Each immune cell type displayed unique LDHA and 

HDAC2 expression profiles (Fig. 7C). Notably, LDHA and 

HDAC2 expression levels were significantly correlated 

(Fig. 7D), whereas other lactylation-related genes showed 

relatively low expression (Fig. 7E), suggesting that 

HDAC2 may play a key role in regulating lactylation 

within the TIME. Among the immune cell types, NK cells 

exhibited the highest LDHA expression (Fig. 7F), while 

macrophages showed the highest HDAC2 levels (Fig. 7G). 

Additionally, each immune cell subset demonstrated 

distinct LMPA patterns in the HCC TIME (Fig. 7H). 
 

LDHA and HDAC2 expression are clinically correlated 

in HCC patients 

We further examined the correlation between LDHA and 

HDAC2 expression and HCC patient clinicopathological 

characteristics using immunohistochemistry on tissue 

microarrays (Fig. 8). Univariate analysis showed that 

LDHA expression (p < 0.001), HDAC2 expression 

(p < 0.001) and metastasis (p < 0.001) were significantly 

associated with overall survival (OS) in HCC patients 

(Table 2). Subsequent multivariate analysis confirmed that 

LDHA expression, HDAC2 expression and metastasis 

remained independent risk factors for OS (all p < 0.001). 
 

scRNA-seq reveals diverse protein lactylation and 

LMPA patterns in lymphoid T cell subtypes during HCC 

progression 

Finally, we explored whether global protein lactylation and 

LMPA patterns differ across lymphoid T cell subtypes 

during HCC progression. Dimensionality reduction 

analysis of the HCC TIME revealed a complex 

composition of T cell subsets (Fig. 9A). Cell–cell 

communication analysis demonstrated intricate 

interactions among the T cell subtypes, primarily mediated 

by CCL and PARs signaling pathways (Fig. 9B–E). 

Pseudotime trajectory analysis further showed continuous 

evolutionary trajectories for each subtype, accompanied by 

distinct global protein lactylation and LMPA patterns (Fig. 

9F–H). 

 

DISCUSSION 

 

HCC is among the most prevalent and fatal malignancies 

worldwide, characterized by rapid disease progression, 

high recurrence rates and poor prognosis for most patients 

(Sartoris et al., 2021; Yeh et al., 2021). Despite significant 

advances in surgical resection, locoregional therapies, and 

systemic treatments, including the multi-kinase inhibitor 

sorafenib and anti-PD-1-based combination 

immunotherapy (Huang et al., 2020; Xu et al., 2018), 

overall survival benefits remain modest and many patients 

still have limited treatment options once resistance 

develops. These limitations highlight an urgent need for 

innovative therapeutic strategies that go beyond 

conventional approaches and tackle the underlying 

biological processes driving tumor progression and 

immune evasion (Yeo et al., 2025; Zheng et al., 2025). In 

this context, our study identifies lactate metabolism as a 

critical and potentially actionable metabolic pathway that 

may be exploited to develop more effective and 

personalized treatments for HCC. By focusing on the role 

of lactate as both a metabolic byproduct and a key regulator 

of the tumor microenvironment, our findings provide new 

insights into how targeting lactate-related metabolic 

reprogramming could complement existing therapies and 

improve patient outcomes. 

 
 

Fig. 8: IHC of (A) LDHA and (B) HDAC2 protein staining in tissue microarray in HCC tissue and matched adjacent 

normal tissue. 
 



Taiyu Xia et al. 

Pak. J. Pharm. Sci., Vol.39, No.7, July 2026, pp.2031-2047 2043 

 

 
 

Fig. 9: scRNA-seq revealed diverse protein lactylation and LMPA patterns of lymphoid T cell during progression of 

HCC. 
(A) UMAP of scRNA-seq of HCC TIME in GSE149614. (B) CCL signaling pathway network analysis of lymphoid T cell in HCC 

TIME. (C) Outgoing pattern analysis of lymphoid T cell. (D) Cell patterns and incoming communication patterns of lymphoid T cell. 

(E) Cell patterns and outgoing communication patterns of lymphoid T cell. (F) Pseudotime analysis of lymphoid T cell by cell 

subtypes (color) and LDHA expression (size of points). (G) Pseudotime analysis of lymphoid T cell by pseudotime. (H) Pseudotime 

analysis of lymphoid T cell by LMPA score. 

 



Lactate related metabolic reprogramming increases global protein lactylation and remodels tumor immune microenvironment  

Pak. J. Pharm. Sci., Vol.39, No.7, July 2026, pp.2031-2047 2044 

Lactate, traditionally regarded as the end product of 

anaerobic glycolysis, is now recognized as a circulating 

energy source and signaling molecule within the tumor 

microenvironment (Cui et al., 2025; Rabinowitz and 

Enerback, 2020). In the context of tumorigenesis and 

metastasis, accumulating evidence suggests that aberrant 

lactate production and accumulation can profoundly 

influence cancer cell behavior and intercellular 

communication (Bergers and Fendt, 2021). Metabolic 

reprogramming, including enhanced lactate metabolism, is 

particularly prevalent during HCC initiation and 

progression, providing multiple metabolic nodes that could 

serve as promising therapeutic entry points (Du et al., 

2022).  

 

Recent evidence suggests that excessive lactate 

accumulation in the tumor microenvironment can serve as 

a substrate for histone lactylation, a novel epigenetic 

modification mediated by the lactyltransferase activity of 

p300 (Ziogas et al., 2025). In our study, we demonstrate 

that variations in LMPA are closely linked to differences 

in gene expression profiles, survival outcomes and the 

immune contexture of HCC patients. This underscores the 

notion that lactate metabolism is not merely a bystander but 

an active contributor to tumor growth and immune evasion. 

A deeper understanding of the specific mechanisms by 

which lactate metabolism shapes HCC biology may 

ultimately guide the development of novel treatment 

strategies that disrupt these metabolic-immune interactions 

and improve patient prognosis. Prognostic models are 

important tools for predicting survival in patients with 

HCC. A TP53-associated immune model identified 

low/high risk subgroups (Long et al., 2019). Ferroptosis 

and iron metabolism signatures predicted HCC prognosis 

and the TIME (Tang et al., 2020). A CTNNB1-associated 

model efficiently predicted survival (Huo et al., 2021). We 

found differential LMPA significantly associated with 

patient survival time. Our LMPA-based model showed a 

strong correlation with survival, potentially enabling 

earlier intervention. 

 

Metabolic reprogramming provides the energy for the 

progression of HCC (Liu et al., 2024). Comparative 

analyses between HCC patients with low and high LMPA 

revealed substantial differences in the composition and 

distribution of key immune cell populations within the 

TIME, including B cells, CD4+ T cells, neutrophils, 

macrophages and dendritic cells. These shifts suggest that 

heightened lactate metabolism may actively shape an 

immunosuppressive or dysfunctional TIME by modulating 

the recruitment, activation, or suppression of specific 

immune cell subsets. Furthermore, our single-cell RNA 

sequencing results provide additional resolution by 

demonstrating that distinct LMPA patterns exist across 

different immune cell types, highlighting the heterogeneity 

of metabolic reprogramming at the single-cell level. 

Together, these findings support the notion that lactate-

related metabolic reprogramming directly contributes to 

TIME remodeling in HCC, which is consistent with prior 

evidence indicating that dysregulated immunometabolism 

and elevated lactate are central drivers of immune evasion 

and tumor progression (Ding et al., 2025; Giannone et al., 

2020). Prior work has shown that PIWIL1 governs the 

interplay between cancer cell fatty acid metabolism and the 

immunosuppressive microenvironment in HCC (Wang et 

al., 2021), whereas our study extends this concept by 

demonstrating how lactate-related metabolic 

reprogramming and histone lactylation similarly reshape 

immune cell function and TIME composition. A better 

understanding of these lactate-driven metabolic-immune 

interactions, especially the role of histone lactylation in 

regulating immune cell phenotypes, may guide the rational 

development of novel TIME-targeting immunotherapies. 

Importantly, our findings suggest that combining 

metabolic interventions, such as LDHA inhibition, with 

immune checkpoint blockade could be a promising 

approach for HCC treatment. However, further preclinical 

studies and clinical trials will be needed to evaluate the 

safety, feasibility and potential challenges of translating 

this strategy into effective therapies. 
 

Distinct molecular subtypes have important implications 

for the treatment of HCC (Cappuyns et al., 2025; Chen et 

al., 2024). Our identification of distinct HCC molecular 

subtypes based on LMPA further underscores the 

biological significance of lactate-related metabolic 

reprogramming. These subtypes were strongly associated 

with differential global protein lactylation, suggesting that 

elevated LMPA may promote epigenetic modifications that 

impact gene expression not only in tumor cells but also in 

various immune cell populations within the TIME. This 

link suggests that aberrant lactylation may serve as an 

additional layer of immunometabolic regulation that 

contributes to immune cell dysfunction and tumor immune 

escape. Therefore, therapeutically targeting LMPA holds 

promise not only for disrupting metabolic pathways fueling 

tumor growth but also for reducing pathological lactylation 

within the TIME, potentially restoring a more favorable 

immune landscape. This dual effect highlights the potential 

of LMPA modulation as a novel strategy to complement 

current immunotherapies and enhance their efficacy in 

patients with HCC. 
 

Limitations of this study include the absence of in-vivo 

experiments, which restricts the physiological validation of 

our findings. Although our multi-omics analyses provide 

important preliminary evidence, further animal studies, 

such as murine HCC models or patient-derived xenografts, 

are necessary to confirm the causal impact of lactate 

metabolism and lactylation on tumor progression and 

immune remodeling. Additionally, although our study 

shows a potential association between LMPA and 

lactylation, the precise mechanisms by which this 

epigenetic modification regulates immune cell gene 

expression and function within the TIME remain to be 
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elucidated through functional assays. We also 

acknowledge the potential biases inherent in public bulk 

and single-cell datasets, including sample heterogeneity, 

batch effects and limited patient diversity, which may 

affect generalizability. Moreover, while our single-cell 

analysis provides valuable insight into cell-specific 

metabolic patterns, further studies are needed to 

functionally validate immune cell phenotypes, particularly 

using direct in-situ or ex-vivo experiments. Future work 

addressing these limitations will help to translate our 

findings into clinically meaningful applications. 
 

CONCLUSION 
 

In summary, our study reveals that lactate-related 

metabolic reprogramming actively increases global protein 

lactylation and reshapes the TIME in HCC, thereby 

potentially promoting immune evasion and tumor 

progression. By integrating bulk and single-cell 

transcriptomic analyses with in vitro functional validation, 

we identify LDHA and LMPA as promising biomarkers 

and therapeutic targets. These findings provide new 

insights into the epigenetic and immunometabolic crosstalk 

in HCC. Future research should focus on functional 

validation of specific lactylation targets in immune cells, in 

vivo testing of LDHA inhibition strategies and evaluation 

of combination therapies that target lactate metabolism 

alongside immune checkpoint blockade. Such efforts may 

help translate these mechanistic insights into more 

effective immunotherapeutic approaches for HCC patients. 
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