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Abstract
Background  Clear cell renal cell carcinoma (ccRCC) is the most prevalent and highly aggressive subtype of kidney cancer. 
Despite the progress in research, the roles of lactate metabolism and immune-related genes (LMRGs) in its prognosis 
and immune microenvironment remain unclear. Until now, no studies have explored the potential impact of LMRGs on 
the prognosis of ccRCC and their relationship with the tumor immune microenvironment.
Methods  Transcriptomic analysis was carried out using the TCGA and GEO databases. Non-negative matrix factorization 
(NMF) was used to subtype ccRCC samples. The Cox proportional hazards regression model and the LASSO algorithm 
were combined to screen the core genes related to prognosis. The Kaplan–Meier survival analysis was used to assess the 
relationship between these genes and patient survival. The CIBERSORT and ESTIMATE algorithms were used to analyze 
the level of immune infiltration.
Results  Using NMF analysis, ccRCC samples were classified into two subtypes. Kaplan–Meier survival analysis revealed 
that patients in Cluster 2 exhibited a better prognosis than those in Cluster 1. LASSO regression analysis identified five key 
genes—STAT2, PDGFRL, APLNR, PRKCQ, and THRB—which were subsequently used to construct a prognostic model. The 
survival rate in the high‐risk group was significantly lower than that in the low‐risk group. Immune microenvironment 
analysis demonstrated that the high‐risk group exhibited higher immune cell infiltration, while the low‐risk group was 
enriched for metabolism‐related pathways. Tumor mutation burden (TMB) analysis indicated that TMB synergized with 
the risk score. Finally, the prognostic value of these key genes was validated using the K–M database.
Conclusion  Lactate metabolism and immune-related genes are of great significance in the prognostic evaluation of 
ccRCC. The core genes screened based on these mechanisms have the potential value as biomarkers.
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Abbreviations
ccRCC​	� Clear cell renal cell carcinoma
TAMs	� Tumor-associated macrophages
OS	� Overall survival
PFS	� Progression-free survival
TME	� Tumor microenvironment
DCA	� Decision curve analysis
GSEA	� Gene set enrichment analysis
TCIA	� The cancer immunome atlas
ICIs	� Immune checkpoint inhibitors
IPS	� Immune therapy scores
TMB	� Tumor mutational burden
NMF	� Non-negative matrix factorization
PCA	� Principal component analysis
Tregs	� Regulatory T cells
CAMs	� Cell adhesion molecules
CAF	� Cancer-associated fibroblasts

1  Introduction

Clear cell renal cell carcinoma (ccRCC) is the most common type of renal tumor, accounting for 70 to 80% of all renal 
cancer types [1]. Although early diagnosis and surgical intervention have significantly improved the survival rate 
of patients [2, 3], the recurrence and metastasis of ccRCC remain a major obstacle in the clinical treatment process 
[4]. However, issues such as the differences in the effectiveness of individualized treatment and the inaccuracy of 
prognostic assessment remain the focus of our attention [5]. Therefore, searching for new biomarkers and estab-
lishing accurate prognostic models is a crucial step in the clinical management of ccRCC.

In recent years, accumulating evidence has confirmed that clear cell renal cell carcinoma (ccRCC) is fundamen-
tally a metabolically reprogrammed tumor, characterized by enhanced glycolysis, mitochondrial dysfunction, and 
dysregulated lipid metabolism [6–8]. The accumulation of lactate resulting from enhanced aerobic glycolysis not 
only disrupts local pH homeostasis within the tumor microenvironment but also plays a crucial role in promoting 
immune evasion [9]. Meanwhile, previous studies have indicated that tryptophan metabolism—particularly activa-
tion of the kynurenine pathway—can influence angiogenesis and inflammatory responses in ccRCC through both 
immune and non-immune mechanisms, thereby shaping the immune microenvironment and promoting tumor 
progression [10]. Notably, ccRCC is among the most immune-infiltrated solid tumors known to date [11], and inter-
actions between metabolic factors and immune cells such as TAMs and T cells play a pivotal role in driving immune 
evasion and disease progression [12]. Therefore, elucidating the coupling mechanisms between lactate metabolism 
and immune function may deepen our understanding of the biological nature of ccRCC and provide novel insights 
for prognostic stratification and therapeutic decision-making.

Given that most existing prognostic models tend to focus on a single molecule or pathway, they often fail to effec-
tively integrate the metabolic and immune characteristics of tumors, thereby limiting their predictive performance 
[13]. In this study, we constructed a multidimensional prognostic model by integrating lactate metabolism-related 
genes (LMRGs) with immune-related differentially expressed genes, coupled with machine learning algorithms. This 
model not only enables more accurate prediction of patient outcomes but also reveals a potential coupling mecha-
nism between metabolic homeostasis and immune regulation, identifying several key biomarkers with potential 
clinical value. These findings may provide a novel theoretical basis for the development of personalized therapeutic 
strategies and improve clinical management and survival benefits for patients with ccRCC.
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2 � Methods

2.1 � Data collection sources

In this research, the ccRCC data were partitioned into a training set and a validation set. The training set data were derived 
from the TCGA database (https://​portal.​gdc.​cancer.​gov/), encompassing transcriptome sequencing, clinical, and muta-
tion data of 542 tumor patients and 72 normal individuals. The validation set was obtained from the GSE167573 dataset 
in the GEO database (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE16​7573), which included sequencing 
and survival information of patients. Immune-related genes were sourced from literature collection [14], and lactate 
metabolism-related genes were obtained from the MsigDB database [15] using the search keyword “Lactate.”

2.2 � Differential expression of LMRGs and NMF clustering analysis

The union of immune-related genes and lactate metabolism-related genes was determined through a union analysis. 
With the assistance of the "limma" package [16], we retrieved the expression data of immune genes and lactate metabo-
lism genes of tumor patients and conducted data cleansing and integration to eliminate any missing portions. To com-
pare the gene expression differences between normal and tumor patients, we set logFCfilter = 1 and fdrFilter = 0.05 as 
the screening criteria and presented the expression profiles of LMRGs via heatmaps and volcano plots. Based on patients’ 
survival data, we constructed a Cox regression model and conducted nonnegative matrix factorization (NMF) analysis 
on prognostically relevant LMRGs (p < 0.01). Using the Brunet method, we clustered the selected gene expression data 
by testing cluster numbers ranging from 2 to 10 and determined the optimal number of clusters using the cophenetic 
coefficient curve. On this basis, a survival analysis of the typing results was further carried out to compare the overall 
survival (OS) and progression-free survival (PFS) of different types. To explore the association between typing and the 
tumor microenvironment (TME), the "estimate" package was utilized to score different typing samples and display them 
in violin plots [17]. The "MCPcounter" package was employed to analyze the immune cell infiltration status of ccRCC 
patients [18]. Boxplots and heatmaps illustrated the distribution differences and significance of immune cell infiltration 
levels among different types, and the heatmap also incorporated the TME score among different types.

2.3 � Construction and validation of the prognostic model

To construct a ccRCC prognostic model based on LMRGs, TCGA samples were randomly divided into a training set (70%) 
and a testing set (30%). In the training set, candidate genes significantly associated with survival (p < 0.05) were identi-
fied using univariate Cox regression, and key genes with independent prognostic value were further selected via LASSO 
regression. A multivariate Cox regression model was then built based on these genes, with model parameters optimized 
through stepwise regression. Each patient’s risk score was calculated, and patients were classified into high-risk and low-
risk groups according to the median risk score. Additionally, the model’s survival prediction efficacy was validated in both 
the testing set and an independent GEO dataset, with ROC curves employed to evaluate prognostic performance. The 
risk model’s predictive ability was also explored across different clinical subgroups. The risk score formula of the model 
is: Risk_Score = Σ (Expression_Level of Gene_i × Coefficient_i). (Model coefficients are shown in Supplementary Table 1).

The prognostic model was further evaluated in terms of clinical relevance and practical application value. By com-
bining the risk score with clinical characteristics, a nomogram was constructed to quantify individualized prognostic 
prediction. The consistency between the prediction results and the actual survival data and the discrimination ability 
of the model were quantitatively evaluated by calibration curves and C-index. Decision curve analysis (DCA) and time-
dependent ROC curves were used to comprehensively evaluate the clinical practicability and accuracy of the nomogram 
model and various clinical characteristics in predicting survival outcomes at specific time points (such as advanced 
patients), providing more intuitive and reliable reference bases for clinical decision-making.

2.4 � Immune characteristics and functional enrichment analysis

The molecular mechanisms of the risk score and its relationship with immune-related features are of great significance 
for revealing the biological basis of tumors and enabling precision treatment. In this study, taking the association and 
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difference between the risk score and immune checkpoint-related genes as the entry point, the gene expression levels 
of the high-risk and low-risk groups were compared. From an immunological perspective, the interactive relationship 
between the risk score and the tumor immune microenvironment was analyzed, the interactions among immune cells 
and their connections with the risk score were clarified, and the distribution differences of immune cells in different risk 
groups were evaluated. Furthermore, the Gene Set Enrichment Analysis (GSEA) method was employed to focus on KEGG 
pathways and GO biological functions, and pathways and functional modules with significant enrichment (p < 0.05) were 
screened out.

2.5 � Immune therapy evaluation and tumor mutational burden analysis

Aiming to uncover the relationship between the risk score and the immune as well as mutation characteristics of tumors, 
this study analyzed the response patterns of patients at different risk levels to immune checkpoint inhibitor (ICI) treatment 
based on The Cancer Immunome Atlas (TCIA) database, with particular emphasis on four categories of immune treatment 
score (IPS), namely CTLA4-negative/PD1-negative, CTLA4-negative/PD1-positive, CTLA4-positive/PD1-negative, and 
CTLA4-positive/PD1-positive. In conjunction with the analysis of tumor mutation burden (TMB), patients were categorized 
into high-TMB and low-TMB groups by optimizing the cutoff value, and comprehensive groups (such as H-TMB + high-
risk group, L-TMB + low-risk group) were established based on the risk score. Survival analysis indicated that significant 
differences existed in the survival outcomes of patients in different groups, thereby revealing the synergistic role of TMB 
and the risk score in prognostic assessment. Furthermore, by integrating the risk score, TMB, microsatellite instability 
(MSI), and immune cell infiltration characteristics, the potential associations between these molecular characteristics 
and the risk score were quantified through correlation analysis.

2.6 � External database validation

To thoroughly explore the potential of biological markers of the key prognostic LMRGs, this study utilized the 
Kaplan–Meier Plotter database (https://​kmplot.​com/​analy​sis/) [19] to conduct survival analysis on the screened key 
prognostic genes (PDGFRL, APLNR, THRB, PRKCQ, STAT2), and evaluate the relationship between the expression levels 
of these genes and the overall survival (OS) of patients.

2.7 � Statistical analysis

All statistical analyses were completed in R software (version 4.2.1). The preliminary collation and cleansing of the raw 
data were accomplished by Perl scripts. The differences in gene expression were analyzed using the Wilcoxon rank-sum 
test, with the screening criteria set as logFC > 1 and FDR < 0.05. Survival analysis was conducted via the Kaplan–Meier 
method, and the log-rank test was employed to evaluate the differences between groups. The differences in immune 
cell infiltration between the high-risk and low-risk groups were analyzed by the Wilcoxon rank-sum test. The correla-
tion between the immune cell infiltration level and TMB was calculated through Pearson correlation analysis, with the 
significance level set at p < 0.05. All statistical tests were two-sided tests.

3 � Results

3.1 � Expression Trends of LMRGs and NMF Analysis

Figure 1A presents a Venn diagram illustrating the union of immune-related genes and lactate metabolism genes. Based 
on the determined screening thresholds, lactate metabolism and immune-related genes were screened, and a total of 
801 LMRGs were included (Supplementary Table 2). A heatmap presented the significantly differential expression of the 
top 50 LMRGs with the most significant differences in normal tissues and tumor tissues (Fig. 1B). A volcano plot identi-
fied the separation trend of up-regulated and down-regulated genes from non-significant genes, revealing the overall 
trend of gene expression changes (Fig. 1C). The results of the NMF clustering analysis showed that the consensus matrix 
effectively divided the samples into two tumor subtypes (Fig. 1D). By evaluating the consensus coefficient, residual, dis-
persion, and silhouette coefficient, the optimal decomposition rank (K = 2) was determined, validating the stability and 

https://kmplot.com/analysis/
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accuracy of the clustering (Fig. 1E). In addition, the consensus matrices at different ranks exhibited a clear block structure 
(Fig. 1F), further confirming the reliability of the classification of the two tumor subtypes.

3.2 � Tumor Subtype Identification and Tumor Microenvironment Characterization

To better disclose tumor heterogeneity and explore the expression patterns of LMRGs between the two typing sub-
types, a heatmap demonstrated that there were significant differential expressions of LMRGs in the two types (Fig. 2A). 
Kaplan–Meier survival curve analysis indicated that (Fig. 2B-C) the OS and PFS of patients in Cluster 2 were significantly 
higher than those of patients in Cluster 1 (p < 0.001). The results of principal component analysis (PCA) further confirmed 
that the two types exhibited significant separation in spatial distribution (Fig. 2D).

Tumor microenvironment (TME) score analysis revealed that the StromalScore, ImmuneScore, and ESTIMATEScore of 
Cluster 2 were all significantly lower than those of Cluster 1 (Fig. 2E). This suggests that there are significant differences 
in the composition of the TME between the two groups. The tumor microenvironment of Cluster 1 may possess richer 

Fig. 1   Comprehensive analysis of LMRGs in tumor and normal tissues. A Screening of the union of immune-related genes and lactate 
metabolism-related genes. B The heatmap presents the expression status of the top 50 LMRGs with the most significant differences in 
tumor tissues and normal tissues. C The volcano plot demonstrates the distribution of differentially expressed genes. D The NMF consensus 
matrix divides the tumor samples into two molecular subtypes. E The evaluation results of the NMF decomposition rank show that the opti-
mal decomposition rank is K = 2. F The consensus matrices under different decomposition rank further verify the classification reliability of 
K = 2
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stromal and immune components, thereby resulting in differences in the prognosis of patients between the two groups. 
The results of immune cell infiltration analysis found that the infiltration degrees of B lineage, CD8 T cells, cytotoxic lym-
phocytes, fibroblasts, and monocytic lineage in Cluster 1 were significantly higher than those in Cluster 2; conversely, 
the infiltration degrees of endothelial cells, neutrophils, and NK cells were higher in Cluster 2 (Fig. 2F). The heatmap of 

Fig. 2   Expression patterns, prognosis, and TME analysis between LMRG subtypes. A The heatmap displays the significant differential expres-
sions of LMRGs in the two subtypes. B, C The Kaplan–Meier survival analysis shows the OS and PFS of patients between the two subtypes. 
D PCA shows the differences in spatial distribution between the two subtypes. E The TME score analysis presents the distributions of Stro-
malScore, ImmuneScore, and ESTIMATEScore of the two subtypes. F The immune cell infiltration analysis demonstrates the differences in 
the infiltration levels of different immune cells in the two subtypes. G The heatmap shows the distributions of immune cell subsets and TME 
scores in patients of the two subtypes
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immune cell infiltration (Fig. 2G) further presented the distribution of different immune cell subsets and TME scores in 
the two groups of samples, comprehensively revealing the significant differences in the immune microenvironment 
between the tumor subtypes.

3.3 � LASSO Regression for key gene selection and prognostic value analysis

Via LASSO regression analysis, we screened out five LMRGs (STAT2, PDGFRL, APLNR, PRKCQ, and THRB) that were signifi-
cantly associated with prognosis. The LASSO regression coefficient path diagram demonstrated that with the increase of 
the regularization parameter λ, the regression coefficients of most genes were gradually compressed to 0, leaving only 
the key genes (Fig. 3A). Cross-validation determined the optimal λ value, which balanced the complexity and prediction 
performance of the model (Fig. 3B). The bar chart presented the regression coefficients of each gene, among which STAT2 
and PDGFRL were associated with high risk, while APLNR, PRKCQ, and THRB were associated with low risk (Fig. 3C). The 
Kaplan–Meier survival curve further validated the effectiveness of the model. The results showed that the survival rate of 
patients in the high-risk group was significantly lower than that in the low-risk group, and the difference was statistically 
significant (p < 0.05, Fig. 3D–G). The ROC curve evaluated the prediction accuracy of the model. Except for the 5-year AUC 
value of the validation set being 0.676, the AUC values of the other datasets at 1 year, 3 years, and 5 years all exceeded 
0.7, indicating that the model had good prediction performance and robustness (Fig. 3H–J). The risk distribution map 
and survival status scatter plot (Fig. 3L, Supplementary Fig. 2) indicated that death events were mainly concentrated in 
high-risk patients, and the survival time shortened as the risk score increased. The gene expression heatmap disclosed 
the differences in molecular characteristics between the high-risk and low-risk groups. Among them, STAT2 and PDGFRL 
were highly expressed in the high-risk group, while APLNR, PRKCQ, and THRB were highly expressed in the low-risk group.

3.4 � Clinical evaluation of the prognostic model’s utility

The results of the Kaplan–Meier survival analysis demonstrated that the survival rate of patients in the high-risk group 
was significantly lower than that in the low-risk group, and this trend was manifested in both early-stage and late-stage 
patients (Fig. 4A, B). The nomogram constructed based on age, gender, risk score, and stage (Fig. 4C) could effectively 
predict the survival probabilities of patients at 1 year, 3 years, and 5 years, among which the risk score and stage had 
greater weights. The calibration curve revealed that the prediction results of the nomogram were highly consistent with 
the actual observations, with the C-index reaching 0.778 (Fig. 4D), indicating that the model had good prediction perfor-
mance. ROC curve analysis validated the superiority of the nomogram. Its AUC value was 0.769, which was significantly 
higher than that of a single variable, indicating that the model after integrating multiple factors had higher prediction 
accuracy (Fig. 4E). Decision curve analysis indicated that the nomogram had the highest clinical net benefit under dif-
ferent risk thresholds and was superior to other variables (Fig. 4F), further demonstrating its clinical practicability. The 
results of Cox regression analysis indicated that the risk score, stage, and age were important factors affecting survival. 
In the univariate analysis, the risk score and stage were significantly associated with survival risk (Fig. 4G). Multivariate 
analysis further confirmed that the risk score and stage were independent prognostic factors (Fig. 4H).

3.5 � Immune microenvironment and functional analysis

The correlation analysis of immune checkpoint genes revealed that the risk score was positively correlated with PDCD1, 
CTLA4, POLE2, FAP, and LOXL2, while negatively correlated with MSH2 and TAGLN (Fig. 5A). The box plot further vali-
dated the differential expression of genes. The results demonstrated that CTLA4, FEN1, and PDCD1 were significantly 
upregulated in the high-risk group, while MSH2 and MSH6 were significantly upregulated in the low-risk group (Sup-
plementary Fig. 2A-L).

The correlation analysis of immune cell infiltration indicated that the risk score was significantly positively corre-
lated with CD8 + T cells, B lineage, Monocytic lineage, and Fibroblasts, while negatively correlated with Neutrophils and 
Endothelial cells (Fig. 5B). The violin plot confirmed this result and further disclosed that Cytotoxic lymphocytes were 
significantly enriched in the high-risk group (Supplementary Fig. 3A-J).

The GSEA analysis demonstrated that there were significant differences in functions and pathways among different 
risk groups. Based on the GO gene set, the high-risk group was enriched in immune-related functions such as anti-
gen recognition, immune receptor binding, and immune activation (Fig. 5C), while the low-risk group was enriched in 
metabolism-related functions such as transmembrane transport, metal ion transport, and enzyme activity regulation 
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Fig. 3   Screening of key genes by LASSO regression and their prognostic analysis. A The LASSO regression coefficient path diagram. B Cross-
validation determines the optimal λ value. C The bar chart of the five screened key genes and their regression coefficients. D–G The Kaplan–
Meier survival curves show the survival differences between patients in the high-risk and low-risk groups. H–J The ROC curves evaluate the 
survival prediction ability of the model. K The ROC curve of the validation set. L The risk score distribution map, survival status scatter plot, 
and gene expression heatmap show the characteristic differences between the high-risk and low-risk groups in the training set
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Fig. 4   Construction of the prognostic model and evaluation of its clinical value. A, B The survival curves of patients in the high-risk and low-
risk groups in the early and late stages. C The nomogram is constructed based on age, gender, stage, and risk score. D The calibration curve 
of the nomogram. E The ROC curve evaluates the prediction performance of the nomogram. F The decision curve analysis shows the clini-
cal net benefits of different variables and the nomogram under various risk thresholds. G, H The univariate and multivariate Cox regression 
analyses show the impacts of different variables on survival risk
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Fig. 5   Analysis of the immune microenvironment and functions. A The correlation heatmap between the risk score and immune checkpoint 
genes. B The correlation heatmap between the risk score and immune cell infiltration. C, D The GSEA based on the GO gene set shows the 
differences in functional enrichment between the high-risk and low-risk groups. E, F The GSEA based on the KEGG gene set shows the differ-
ences in pathway enrichment between the high-risk and low-risk groups
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(Fig. 5D). Based on the KEGG gene set, the high-risk group was enriched in immune pathways such as cytokine-receptor 
interaction and natural killer cell-mediated cytotoxicity (Fig. 5E). The low-risk group, on the other hand, was enriched in 
metabolism and signal transduction pathways such as oxidative phosphorylation, calcium signaling pathway, and cell 
adhesion molecules pathways (Fig. 5F).

3.6 � Combined analysis of immunotherapy and TMB

The TCIA analysis revealed that there were differences in the IPS between the high-risk and low-risk groups. The scores 
of CTLA4_neg_PD1_neg and CTLA4_pos_PD1_pos were significantly increased in the high-risk group (p < 0.05, Fig. 7A, 
D). However, the scores of CTLA4_neg_PD1_pos and CTLA4_pos_PD1_neg showed no significant differences between 
the two groups (Fig. 7B, C). The chord diagram indicated that the risk score was positively correlated with TMB, but TMB 
was negatively correlated with immune cell infiltration (Fig. 6E). Specifically, CD8 T cells were positively correlated with 
Cytotoxic lymphocytes but negatively correlated with TMB; meanwhile, Endothelial cell was also positively correlated 
with Neutrophils but negatively correlated with TMB. The results of the survival analysis demonstrated that the survival 

Fig. 6   Combined analysis of the IPS and TMB. A–D The differences of different IPS between the high-risk and low-risk groups. E The correla-
tions among the risk score, TMB, and immune cell infiltration. F The survival differences between patients in the high-TMB group and the 
low-TMB group. G The survival analysis combines TMB and the risk score
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rate of patients in the high-TMB group was significantly lower than that in the low-TMB group (p < 0.001, Fig. 6F). After the 
combined analysis of TMB and the risk score, the survival rate of the H-TMB + high-risk group was the lowest, while that 
of the L-TMB + low-risk group was the highest (Fig. 6G). This result indicates that TMB and the risk score have a synergistic 
effect and can evaluate the survival prognosis of patients more effectively.

3.7 � Prognostic validation of core LMRGs BASED on the Kaplan–Meier database

Survival analysis based on the Kaplan–Meier (K-M) database demonstrated that the high expression of APLNR, THRB, 
and PRKCQ significantly prolonged the survival time (with hazard ratios (HR) of 0.49, 0.42, and 0.66 respectively, p < 0.05), 
while the high expression of PDGFRL and STAT2 significantly shortened the survival time (with HRs of 2.63 and 2.55 
respectively, p < 0.001). These results validated the prognostic value of the core LMRGs.

4 � Discussion

In recent years, immunotherapy represented by immune checkpoint inhibitors (ICIs) has become a pivotal strategy for 
treating ccRCC, a tumor characterized by high immunogenicity but poor response to conventional chemotherapy [20]. 
ICIs restore T cell function and activate the anti-tumor immune response by blocking immune checkpoint pathways such 
as PD - 1/PD - L1 and CTLA - 4 [21, 22]. However, due to the immunosuppressive TME characteristic of ccRCC, the efficacy 
of ICIs remains limited in many patients. The immunosuppressive state in the TME is driven by multiple factors, including 
the high expression of immune checkpoint molecules, the remodeling of the tumor stroma, and the accumulation of 
metabolites, among which the enhancement of lactate metabolism is particularly crucial [23, 24]. Recent multi-omics 
and urine-based metabolomic studies have demonstrated that high-grade ccRCC exhibits enhanced glycolysis, impaired 

Fig. 7   Survival analysis of the core LMRGs based on the K – M database. A–E The relationships between the expression levels of different 
core LMRGs (APLNR, THRB, PRKCQ, STAT2, PDGFRL) and the survival time of patients
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oxidative phosphorylation, and lipid metabolic shifts. Elevated urinary lactate and pyruvate levels, together with tran-
scriptomic changes in CD133⁺/CD24⁺ tumor stem cells, reflect a HIF-α–driven activation of glycolytic and acetyl-CoA 
biosynthetic pathways, in part mediated by NDUFA4L2-induced inhibition of mitochondrial Complex I and metabolic 
rerouting toward the pentose phosphate pathway [7, 25, 26]. Lactate, a central byproduct of this reprogramming, not 
only suppresses CD8⁺ T cell activity and promotes Treg and TAM differentiation, but also facilitates epithelial–mesen-
chymal transition via SIRT1/SMAD4-mediated epigenetic regulation [6]. Grade-stratified functional studies confirmed 
that metabolic dependencies in ccRCC differ by tumor grade, with high-grade tumors exhibiting enhanced reliance on 
glycolysis and fatty acid oxidation [27].

This investigation systematically explored the potential roles and prognostic values of LMRGs in ccRCC and disclosed 
the possible associations between lactate metabolism and immune regulation in tumor progression. Via NMF clustering 
analysis, ccRCC patients were divided into two subtypes based on the differential gene expression data of LMRGs. It is 
noteworthy that the term "cytotoxic lymphocytes" encompasses not only CD8⁺ T cells but also other cell types such as 
natural killer cells, which play a crucial role in tumor immune surveillance. Our study found that, although the C1 group 
exhibited higher infiltration levels of CD8⁺ T cells and CLs, these patients had poorer survival outcomes. Generally, CD8⁺ 
T cells are associated with antitumor activity; however, in an immunosuppressive microenvironment—shaped by various 
factors such as TGF-β signaling or complement-related inflammation—low-activity or dysfunctional CD8⁺ T cells, even 
when abundant, may fail to exert effective cytotoxic function [28–31]. This dysfunction is further reinforced by metabolic 
factors; lactate and succinate stabilize HIF-α and inhibit α-ketoglutarate-dependent dioxygenases, suppressing T cell 
activity and promoting immune evasion in ccRCC [32].

Furthermore, the role of regulatory T cells (Tregs) in the tumor microenvironment (TME) is significant. Tregs secrete 
immunosuppressive factors (e.g., IL-10 and TGF-β) that inhibit the activity of effector T cells, thereby exacerbating the 
immunosuppressive state and facilitating tumor immune evasion [33]. Additionally, the C1 group demonstrated higher 
levels of fibroblast infiltration. Research suggests that tumor-associated fibroblasts may secrete TGF-β and other par-
acrine signals to promote epithelial-mesenchymal transition (EMT) in tumor cells, potentially impacting both immune 
cell infiltration and cytotoxic function [34]. TGF-β also enhances ccRCC invasiveness by promoting ROS-mediated Abl2 
degradation and invadopodia maturation, thereby facilitating tumor cell migration and extracellular matrix degradation 
[35]. In contrast, although the C2 group showed lower levels of CD8⁺ T cells and CLs, it exhibited higher endothelial cell 
infiltration. This increased endothelial presence may enhance vascular permeability, thereby improving immune cell 
extravasation and strengthening local immune responses [36]. Moreover, the C2 group had elevated neutrophil levels. 
While neutrophils can promote immune suppression in some cancers, they may, under certain conditions, enhance 
immune cell activation through increased inflammation or the release of chemotactic factors, thus influencing patient 
prognosis [37]. Consequently, the tumor microenvironment in the C2 group may be more favorable for effective immune 
responses, which could explain the observed better survival outcomes.

Further analysis revealed that the StromalScore, ImmuneScore, and ESTIMATEScore in the C1 group were significantly 
higher than those in the C2 group, indicating a greater infiltration of immune cells and stromal components in the TME of 
the C1 group. However, higher infiltration does not necessarily correlate with effective antitumor immunity. The poorer 
prognosis observed in the C1 group may be attributed to an excessive presence of stromal elements (e.g., fibroblasts) 
that impair immune cell function, an uneven distribution of immune cells, or the altered expression of certain immu-
noregulatory factors [34].

Via Cox regression analysis and machine learning algorithm (LASSO regression), five core genes significantly associated 
with patient prognosis were screened out based on the differential expression of LMRGs: STAT2, PDGFRL, APLNR, PRKCQ, 
and THRB. Notably, the gene set after NMF typing contained the key prognostic genes, indicating that the typing results 
not only revealed the molecular subtype characteristics of patients but also had a high degree of consistency with the 
screening results of the core genes in biological significance. Further functional analysis of the core genes demonstrated 
that these genes may play crucial roles in metabolism and immune regulation. STAT2 is a key transcription factor in 
the interferon signaling pathway that is significantly upregulated in ccRCC and closely associated with poor prognosis 
[38]. High STAT2 expression may promote immune evasion and tumor progression by activating downstream immune 
regulatory and cell proliferation-related genes, and it may also be involved in regulating drug resistance [38, 39]. These 
findings support STAT2 as a potential biomarker for ccRCC prognosis and suggest that its roles in tumor immunity and 
therapeutic resistance warrant further investigation. In ccRCC, our study found that PDGFRL is significantly upregulated 
and exhibits oncogenic properties. Although we have not performed separate immune and metabolic subgroup analyses 
for PDGFRL, the literature indicates that its function in different tumors is highly dependent on the microenvironment. 
For instance, in gastric cancer, PDGFRL upregulation is closely associated with tumor progression, suppression of T cell 
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antigen presentation, and reduced MHC I expression, thereby promoting immune evasion [40]. In contrast, in hepatocel-
lular carcinoma, PDGFRL acts as a tumor suppressor by inhibiting proliferation and inducing apoptosis, correlating with 
poor prognosis [41]. These discrepancies indicate that PDGFRL function is modulated by both the tumor microenviron-
ment and molecular context. Future research into the association between PDGFRL, tumor immunity, and metabolism 
will provide a robust molecular basis for elucidating its role in ccRCC and developing targeted therapies.

APLNR is significantly upregulated in low-risk ccRCC patients, potentially by maintaining metabolic homeostasis and 
reducing tumor cell reliance on aberrant metabolic pathways, thereby inhibiting tumor progression [42]. Furthermore, a 
stable metabolic state supports effective antitumor immune responses, leading to improved patient outcomes [43]. High 
THRB expression is associated with better prognosis in ccRCC patients. As thyroid hormone receptor β, THRB plays a crucial 
role in regulating cellular metabolism and mitochondrial function; its activation helps sustain oxidative phosphorylation, 
thereby inhibiting metabolic reprogramming and tumor cell proliferation [44, 45]. In addition, a stable metabolic state 
supplies immune cells with sufficient energy, supporting their antitumor activity [46]. Thus, high THRB expression not 
only enhances tumor cell metabolic balance but may also indirectly bolster antitumor immunity. Previous studies have 
indicated that PRKCQ is involved in regulating cell motility and proliferation, and it may also be closely linked to cellular 
metabolism and inflammatory responses. In our study, PRKCQ was upregulated in low-risk patients. Although its specific 
mechanisms in immune and metabolic regulation remain incompletely understood, some evidence suggests that PRKCQ 
may help maintain cellular homeostasis by coordinately modulating metabolism and inflammatory responses, thereby 
limiting tumor invasion and metastasis [47]. Overall, the functional characteristics of these core genes further elucidate 
the complex interplay between metabolic regulation and immune modulation in ccRCC, providing a robust molecular 
basis for constructing precise prognostic models and developing personalized therapeutic strategies.

In the high‐risk group, the tumor microenvironment exhibited significant activation of immune checkpoint molecules, 
with notably elevated expression of PDCD1, CTLA‐4, and FAP. The overexpression of PD‐1 and CTLA‐4 may inhibit T cell 
function, thereby weakening antitumor immune responses and facilitating tumor immune evasion. Co-expression of 
PD-1 with other inhibitory receptors such as TIM-3 has also been associated with more aggressive phenotypes and worse 
prognosis in ccRCC [48, 49]. Concurrently, FAP upregulation suggests enhanced tumor matrix remodeling and fibrosis; 
previous studies have demonstrated that interventions targeting FAP can not only improve the penetration of conven-
tional immunosuppressants into tumor tissues but also reduce the protumor effects of cancer‐associated fibroblasts 
[50]. Although the high‐risk group exhibited higher infiltration levels of cytotoxic lymphocytes and CD8⁺ T cells, these 
immune cells are often rendered functionally exhausted due to persistent activation by immunosuppressive factors and 
checkpoint molecules within the tumor microenvironment, impairing their ability to recognize and eliminate tumor cells. 
This phenomenon reflects a complex mechanism in which immune suppression coexists with functional exhaustion 
[12, 28]. Overexpression of MUC1 in ccRCC is associated with complement activation, enrichment of M2-type TAMs and 
IDO1⁺ cells, and reduced CD8⁺ T cell infiltration, indicating an immune-silent microenvironment with impaired cytotoxic 
activity [51, 52]. Notably, MUC1-associated PTX3 overexpression activates the complement cascade (C1q, C3aR, C5aR1) 
while upregulating CD59 to limit terminal cytolysis, thereby facilitating angiogenesis and immune escape [53]. It also 
contributes to metabolic reprogramming, including enhanced pentose phosphate pathway activity, glutathione accu-
mulation, and suppression of mitochondrial ROS, collectively facilitating immune evasion and chemoresistance [54–56]. 
Moreover, gene enrichment analyses revealed that pathways related to antigen recognition, immune receptor binding, 
and immune activation are enriched in the high‐risk group. Although these findings suggest that the immune system is 
activated to some extent, they more likely indicate an “activated yet inefficient” state, wherein compensatory immune 
activation is offset by the inhibitory effects of factors such as TGF‐β and IL‐10, as well as immune checkpoint molecules, 
ultimately limiting cytotoxic function and resulting in poor patient outcomes [30, 34]. In contrast, patients in the low-
risk group exhibited more balanced and effective immune and metabolic characteristics, potentially benefiting from a 
metabolically favorable tumor microenvironment. Previous studies have shown that glycolytic overactivation and TCA 
cycle suppression can impair T cell function and hinder immunotherapeutic efficacy [57]. In our study, low-risk patients 
also exhibited significantly downregulated immune checkpoint expression and upregulated DNA repair-related genes 
(e.g., MSH2 and MSH6), which may contribute to improved genomic stability and reduced tumor aggressiveness [58].

In our study, tumors from low‐risk patients demonstrated enrichment of oxidative phosphorylation, calcium signaling 
pathways, and cell adhesion molecules, among other metabolic and signal transduction pathways [59, 60]. Although 
numerous studies have reported that these pathways can enhance tumor cell proliferation, migration, and metastasis 
in certain contexts [61, 62], our data show that the upregulation of these pathways coexists with higher expression of 
DNA repair‐related genes, suggesting that the low‐risk group may maintain a relatively stable and well‐differentiated 
metabolic state. In other words, within the specific context of ccRCC, the activation of these metabolic pathways may 
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reflect more complete metabolic regulation and lower genomic instability in tumor cells, thereby delaying malignant 
progression [63]. We propose that the impact of metabolic activity is highly dependent on the tumor microenvironment 
and its overall molecular characteristics. Therefore, in this study, the metabolic advantages observed in the low‐risk group 
are closely associated with favorable prognosis, whereas the high‐risk group is characterized primarily by immune sup-
pression and exhaustion, providing a basis for the development of precise therapeutic strategies.

The results of TMB analysis demonstrated that CD8 + T cells and cytotoxic lymphocytes were negatively correlated in 
patients with high TMB, suggesting that a high mutation burden might limit the functional anti-tumor effect of T cells 
by inducing an immunosuppressive tumor microenvironment [64]. Conversely, endothelial cells and Neutrophils were 
positively correlated with TMB, which might reflect that high mutation burden promoted the enhancement of angio-
genesis and inflammatory response [65]. The results of survival analysis further indicated that the overall survival rate of 
patients in the high-TMB group was significantly lower than that in the low-TMB group, suggesting that a high mutation 
burden might be closely associated with a poorer prognosis.

The results of the ROC curve and DCA demonstrated that the risk score model exhibited good performance in survival 
prediction at 1 year, 3 years, and 5 years, reflecting its robustness in short-term and long-term prognostic assessment. 
In addition, the nomogram constructed by combining the risk score with clinical features (such as stage and age) effec-
tively quantified the individualized survival probability, further highlighting the potential value of the model in clinical 
application.

Although this study employed multi-omics analysis using public databases from TCGA and GEO to construct a prog-
nostic risk scoring model and elucidate the critical roles of lactate metabolism and immune regulation in ccRCC, several 
limitations remain. First, our data were primarily derived from public databases and lack validation from an independent 
external cohort, potentially limiting the generalizability of the model across diverse populations. Second, although key 
genes in the high-risk group were identified through NMF subtyping and LASSO regression, the specific biological mecha-
nisms underlying their roles in lactate metabolism and immune evasion have not been thoroughly investigated in vitro or 
in vivo. Third, our functional enrichment analysis relied mainly on transcriptomic data without integrating proteomic or 
metabolomic information, which may be insufficient to fully capture the dynamic interplay between lactate metabolism 
and immune regulation. Additionally, our analysis of immunotherapy response patterns was based primarily on data 
from The Cancer Imaging Archive (TCIA), which might not fully reflect the actual clinical outcomes of immunotherapy. 
Future studies should integrate multi-omics data and validate our risk model in larger, multicenter cohorts, while also 
exploring combination therapeutic strategies targeting both lactate metabolism and immune regulation to provide a 
more robust theoretical foundation and practical guidance for precision treatment in ccRCC.

5 � Conclusion

This research revealed the molecular heterogeneity of patients with ccRCC through NMF typing. Moreover, combined 
with machine learning algorithms, five LMRGs with independent prognostic values were screened out, and a risk score 
model was constructed. Thereby, the significant differences in the tumor microenvironment, immune regulation, and 
metabolic pathways between patients in the high-risk and low-risk groups were systematically elucidated. These results 
deepened the understanding of the roles of lactate metabolism and immune regulation in the tumor progression of 
ccRCC, provided a new theoretical basis for the stratified management and precise treatment of patients, and simultane-
ously offered an important direction for the exploration of combined treatment strategies based on the targets of lactate 
metabolism and immune regulation.
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