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Abstract 

Background: Clear cell renal cell carcinoma (KIRC) represents the major malignant subtype of 

kidney cancer and shows pronounced biological heterogeneity. For patients with advanced 

disease, therapeutic resistance and the lack of stable prognostic markers continue to keep 5-year 

survival below 15%. Cancer driver genes (CDGs) participate in malignant transformation and 

tumor progression, but their combined prognostic value in KIRC has not been fully clarified. 

Methods: We assembled a catalogue of 6,291 CDGs and designed a machine-learning-based 

workflow to build a Cancer Driver Gene Prognostic Index (CDPI). The analysis integrated 

differential expression screening, consensus clustering, WGCNA, and four feature-selection 

algorithms, including Lasso, decision tree, random forest, and XGBoost. Model performance was 

examined in the TCGA-KIRC training set and then tested in the external E-MTAB-1980 cohort. 

Results: Differential expression screening yielded 5,243 DECDRGs and four recurrent core 

DECDRGs. Based on consensus clustering, KIRC samples were separated into two molecular 

groups, and the C1 group showed poorer survival. WGCNA selected the turquoise module as the 

cluster-associated module, from which 148 key DECDRGs were obtained; 105 of these genes 

were significant in univariate Cox analysis. Cross-model feature selection ultimately produced a 

CDPI composed of five genes: PLCL1, GABRB3, USP46, RNF152, and PFKP. Patients with 

higher CDPI values had shorter overall survival in both datasets. The CDPI-based nomogram 

achieved good prediction accuracy, including a 1-year AUC of 0.86, and showed a favorable 

decision-curve profile. High CDPI was also accompanied by stronger immune infiltration, lower 

tumor purity, and different mutation patterns. Drug-response prediction suggested increased 

sensitivity to gemcitabine, epirubicin, ULK1 inhibitors, docetaxel, and AZD7762, but reduced 

sensitivity to Daporinad, osimertinib, and cediranib. 



Conclusion: The CDPI may serve as a practical stratification index for KIRC and may help interpret 

immune escape and treatment vulnerability, although prospective clinical confirmation is still 

required. 
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Introduction 

Clear cell renal cell carcinoma (KIRC) accounts for approximately 70%-80% of renal cell 

carcinoma cases and is the most common pathological subtype. Its clinical behavior is shaped by 

marked molecular diversity and aggressive progression, both of which contribute to high 

mortality[2]. Although imaging and surgical techniques have improved, patients with advanced-

stage KIRC still have poor outcomes, with 5-year survival remaining below 15%[3]. Current 

treatment options include surgery, tyrosine kinase inhibitor-based targeted therapy, and immune 

checkpoint blockade directed at the PD-1/PD-L1 axis. However, many patients show primary or 

acquired resistance, and tumor immune evasion further limits therapeutic benefit. Reliable markers 

that can classify prognostic risk and anticipate treatment response are therefore needed for 

individualized KIRC management. 

Cancer development is driven by accumulated genomic alterations in genes that confer growth 

and survival advantages. In KIRC, loss or mutation of von Hippel-Lindau (VHL) is central to 

pathogenesis and strongly influences metabolic rewiring and the immune milieu. Other driver 

events, including alterations in PBRM1, may also shape responsiveness to immunotherapy. 

Although several individual CDGs have been investigated, the broader CDG expression program 

in KIRC remains incompletely characterized. Many published signatures do not explicitly 

incorporate driver-gene biology or its interaction with the tumor immune microenvironment. A 

systematic CDG-centered expression analysis may therefore provide a route to prognostic models 

that better reflect the oncogenic biology of clear cell renal cell carcinoma. 

To address this issue, we integrated multi-omics data with computational modeling. Transcriptomic 

and clinical information from TCGA and ArrayExpress were analyzed through a stepwise pipeline 

involving differential expression screening, PPI network analysis, molecular clustering, WGCNA, 

and machine-learning feature selection. Lasso, decision tree, random forest, and XGBoost were 

jointly used to refine candidate genes. This workflow led to a five-gene cancer driver gene 

prognostic index (CDPI) based on PLCL1, PFKP, GABRB3, USP46, and RNF152. 

This study had three aims. The first was to establish a measurable CDPI capable of separating 

KIRC patients into prognostically distinct risk groups. The second was to examine how the CDPI 

relates to immune infiltration, checkpoint expression, and immune escape. The third was to 

determine whether CDPI could help predict sensitivity to commonly used chemotherapeutic or 

targeted agents. Together, these analyses were intended to provide a CDG-based molecular tool 

for prognosis and treatment selection in KIRC. 



Materials And Methods  

Data Collection 

The workflow is summarized in Figure S1. RNA-seq count data, survival information, and clinical 

annotations for 529 KIRC tumors and 59 normal kidney samples were downloaded from TCGA 

(https://portal.gdc.cancer.gov/) and used as the training cohort[6]. E-MTAB-1980 (N = 101), 

obtained from ArrayExpress (https://www.ebi.ac.uk/biostudies/ArrayExpress), served as the 

validation cohort[10]. A total of 6,291 CDGs were collected from GeneCards 

(https://www.genecards.org/) for downstream analyses[11]. 

Differential Expression and PPI Network Analysis 

The R package "limma"[12] was used for differential expression analysis. Genes meeting 

|log2FC| > 1 and adjusted P < 0.05 were retained as DECDRGs. Protein interactions for these 

genes were queried in STRING[13] and the resulting PPI network was displayed in Cytoscape 

(v3.9.0)[14]. MCODE was then applied to extract network modules using degree cutoff = 2, node 

score cutoff = 0.2, k-core = 2, and maximum depth = 100. Hub candidates were ranked with the 

EPC, BottleNeck, Degree, and MNC algorithms in Cytohubba[16]. NetworkAnalyst 3.0 and the 

JASPAR database were used to infer transcription factors for the core genes. GO[19] and 

KEGG[20] analyses were subsequently used for functional interpretation. 

Examination of the Tumor Immune Microenvironment 

Immune infiltration was quantified with the "IOBR" R package[21] by applying MCP-counter[22], 

EPIC[23], xCell[24], CIBERSORT[25], IPS[26], quanTIseq[27], ESTIMATE[28], TIMER[29], and 

ssGSEA[30]. The ssGSEA implementation used 29 immune-related gene sets covering immune 

cell subsets, immune functions, pathways, and checkpoints. TIDE was used to infer immune 

escape and potential benefit from immune checkpoint inhibitors[31]. IPS values from TCIA were 

used for additional assessment of anti-PD-1 and anti-CTLA-4 response potential[26]. 

Consensus Clustering  

The core DECDRG expression matrix was analyzed with "ConsensusClusterPlus"[32]. Candidate 

cluster numbers from k = 2 to k = 6 were tested, and molecular subtypes were assigned in the 

TCGA-KIRC cohort according to the expression of the four shared hub DECDRGs. Survival 

differences among clusters were evaluated with the "survival" R package. 

WGCNA is a systems-biology approach that organizes genes into co-expression modules and 

summarizes each module by an eigengene or hub-gene structure. Linking these modules to 

sample traits can reveal coordinated expression programs that may contain biomarkers or 

therapeutic targets. 

The "WGCNA" R package[33,34] was used to search for DECDRG modules related to the 



clusters. After selecting a suitable soft-thresholding power, we built a scale-free co-expression 

network[33]. The adjacency matrix was transformed into a topological overlap matrix, from which 

the TOM-based dissimilarity matrix was calculated[33]. Modules were defined with dynamic tree 

cutting[33]. Among the 13 modules, the turquoise module was selected for further study because it 

showed the strongest negative association with the clusters[33]. Genes with high GS and MM 

values were regarded as key DECDRGs[34]. 

Construction and Validation of the CDPI 

From the 105 DECDRGs associated with survival in univariate Cox analysis, candidate prognostic 

genes were filtered with four algorithms: Lasso Cox regression (glmnet; elastic net alpha = 0.2-0.3; 

lambda.min chosen by ten-fold cross-validation), XGBoost (xgboost; objective = 'survival cox'; 6:4 

split; max_depth = 5, eta = 0.01, subsample = 0.8, colsample_bytree = 0.8; early stopping after 30 

rounds; Gain metric), random forest (randomForestSRC; log-rank splitting; ntree = 1000-2000, 

mtry = sqrt(p), nodesize = 15; frequency ranking over 50 repetitions), and decision tree (rpart; 

method = 'exp', minsplit = 20, cp = 0.01, ten-fold cross-validation; variable importance). Feature 

scores were scaled by Min-Max normalization and combined with equal weights. The 15 highest-

ranked genes were entered into exhaustive multivariate Cox combination screening[39], which 

selected PLCL1, GABRB3, USP46, RNF152, and PFKP as independent predictors. The CDPI 

formula was then defined from the multivariate Cox coefficients: 

CDPI = (−0.3771) × expr(PLCL1) + (−0.2361) × expr(PFKP) + (−0.1743) × expr(GABRB3) + 
(0.3489) × expr(USP46) + (−0.2030) × expr(RNF152) 

where expr() denotes the gene expression value (log₂(TPM + 1)). 

The cohort was split into high- and low-CDPI groups at the median CDPI. Kaplan-Meier curves 

generated with the "survival" R package were used to compare survival in the TCGA-KIRC and E-

MTAB-1980 cohorts. The independent prognostic value of CDPI was examined by both univariate 

and multivariate Cox regression. 

Construction of the nomogram 

Age, sex, clinical stage, and CDPI were entered into multivariate Cox regression with stepwise 

selection to construct a prognostic nomogram. The "rms" package was used to draw the 

nomogram and calibration curves. Time-dependent ROC curves were calculated with 

"timeROC"[40]. CDPI-related correlation and stratified analyses were then performed according to 

available clinical variables, and DCA was used to compare the nomogram with a clinical-variable-

only model[41]. 

GSEA tests whether members of a predefined gene set tend to appear at the extremes of a 

ranked expression list more often than expected by chance. 

"clusterProfiler"[42] and "enrichplot" were used for GSEA. Enriched terms were screened with 

|NES| > 1 and adjusted P < 0.05. Hallmark (H) and ontology (C5) gene sets were used as the 

reference collections. 



Drug Sensitivity Analysis 

Drug response was inferred with "oncoPredict"[43], which maps patient expression profiles onto 

cancer cell-line pharmacogenomic data to estimate IC50 values. Wilcoxon tests were used to 

compare predicted drug sensitivity between CDPI groups. Associations between the five signature 

genes and drug sensitivity were further explored through GDSC and CTRP data in GSCALite[44]. 

Mutational Landscape Analysis 

TCGA somatic mutation data for KIRC were downloaded through "TCGAbiolinks"[45]. Mutation 

landscapes for the two CDPI groups were visualized as waterfall plots with "Maftools"[46]. Co-

occurrence and mutual-exclusivity patterns were compared for frequently mutated genes. 

Assessment of Immunotherapy Efficacy 

TCIA (https://tcia.at/home)[26] was used to approximate the likelihood of response to immune 

checkpoint blockade. The relationship between CDPI and IPS was then examined under anti-PD-1 

and anti-CTLA-4 therapy settings. 

Immunohistochemical Analysis 

Immunohistochemistry images from the Human Protein Atlas were reviewed to compare the 

protein-level expression of characteristic DECDRGs between KIRC and normal tissue. 

Statistical Analysis 

Kaplan-Meier plots were produced with "survminer", and log-rank tests were used to compare OS 

between CDPI groups. Wilcoxon tests were applied to two-group comparisons, and Kruskal-Wallis 

tests were used for comparisons involving more than two groups. Spearman analysis was 

performed for correlation testing. P <= 0.05 was considered statistically significant. All statistical 

analyses were performed with R v4.5.0. 

Result 

Identification of Differentially Expressed Cancer Driver-Related Genes 

Relative to normal kidney tissue, KIRC samples contained 5,243 DECDRGs, including 2,713 

upregulated and 2,530 downregulated genes (Figure 1A). Intersecting these genes with the CDG 

list identified 1,359 overlapping candidates (Figure 1B). The STRING-derived PPI network was 

visualized in Cytoscape (v3.9.0) and showed dense interactions among the DECDRGs (Figure 

S2). Four Cytohubba ranking methods (Degree, EPC, BottleNeck, and MNC) converged on five 

core DECDRGs (Figure 1C). Regulatory transcription factors for EGFR, CD44, MYC, and GAPDH 

were predicted through NetworkAnalyst 3.0 using JASPAR (Figure 1D). These four core genes 

showed higher mRNA expression in KIRC than in normal tissue (Figure S4B). GO terms were 



enriched for peptidyl-tyrosine phosphorylation, inflammatory-response regulation, leukocyte 

proliferation, and protein tyrosine kinase activity (Figure 1E-F). KEGG analysis highlighted 

pathways in cancer, cytokine-cytokine receptor interaction, central carbon metabolism in cancer, 

HIF-1 signaling, and PI3K-Akt signaling (Figure 1G). HPA staining patterns are shown in Figure 

S4A, and protein expression differences between normal and KIRC tissues were visually 

apparent. 

 

Figure 1. Differentially expressed cancer driver-related genes (DECDRGs). (A) Volcano plot 

comparing KIRC tumor samples with normal tissues; red and blue points indicate upregulated and 

downregulated genes, respectively. (B) Venn plot showing overlap between KIRC differentially 

expressed genes (DRG-KIRC) and the CD database. (C) Shared core DECDRGs selected by 

Degree, EPC, BottleNeck, and MNC in Cytohubba. (D) JASPAR-based transcription factor 

network generated in NetworkAnalyst 3.0. Red nodes denote core genes and blue nodes denote 

transcription factors. (E) GO biological process results. (F) GO molecular function results. (G) 

KEGG pathway enrichment results. Bubble size denotes gene count, and color indicates FDR. 

Identification of Cancer Driver Gene-Related Subgroups 

Using the expression profiles of four core differentially expressed genes, consensus clustering 

was applied to 529 KIRC samples across k = 2-6. The CDF curves supported k = 2 as the most 

stable solution, with high within-cluster consistency and limited overlap between clusters (Figure 



2A-C). Clinical features of C1 and C2 are summarized in Table 1. The C1 subgroup had 

significantly shorter OS than C2 (P = 0.00011; Figure 2D). Immune-related scoring showed higher 

T cell dysfunction and TIDE scores in C2, whereas C1 had higher MSI scores and tumor purity. T 

cell exclusion, ESTIMATE, and stromal scores did not differ significantly between clusters. 

ssGSEA revealed broader immune-cell infiltration in C1 than in C2 (Figure 2M-N). To test the 

robustness of these immune findings, six additional algorithms, MCP-counter, EPIC, xCell, 

CIBERSORT, quanTIseq, and TIMER, were used for validation (Figure S5). 

 

Figure 2. Cancer driver gene-related molecular subgroups. (A) Consensus matrix for five core 

DECDRGs in the TCGA-KIRC cohort at k = 2. (B) CDF curves for different k values. (C) Relative 

change in the CDF area. (D) OS curves for C1 and C2 (P = 0.00011). (E-L) Violin plots comparing 

T cell dysfunction, TIDE, MSI, immune score, tumor purity, ESTIMATE score, and stromal score 



between clusters. ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001. (M) ssGSEA-based 

distribution of 28 immune cell subsets. (N) Heatmap of ssGSEA immune infiltration with survival 

status, age, sex, stage, and subgroup annotations. 

 

Table 1. Baseline clinical features of patients assigned to the C1 and C2 clusters. 

Identification of Key Modules and Hub Genes 

WGCNA was performed in the TCGA-KIRC training cohort to identify cluster-associated gene 

modules. A soft-thresholding power of beta = 7 was chosen for approximate scale-free topology 

(Figure 3A). Thirteen co-expression modules were detected (Figure 3B, E). The MEturquoise 

module correlated positively with C2 (cor = 0.50, P = 6e-33) and negatively with C1 (cor = -0.50, P 

= 6e-33) (Figure 3C). Network and adjacency heatmaps supported the module structure (Figure 

3D-E). Within the turquoise module, GS and MM were strongly correlated (cor = 0.75, P < 1e-200; 

Figure 3F). Applying GS > 0.1 and MM > 0.4 identified 2,751 module hub genes. Intersecting 

these genes with DECDRGs produced 148 key DECDRGs, among which 105 were associated 

with prognosis in univariate Cox analysis (Figure S3). 



 

Figure 3. Key WGCNA modules and hub-gene screening. (A) Scale-free topology fit and mean 

connectivity across candidate soft-thresholding powers. (B) WGCNA dendrogram with module 

colors. (C) Module-trait correlation heatmap; MEturquoise was most closely related to C2 (cor = 

0.50, P = 6e-33). (D) Network heatmap for selected genes. (E) Module eigengene adjacency 

heatmap. (F) GS-MM scatter plot in the turquoise module (cor = 0.75, P < 1e-200). The Venn 

diagram shows 148 DECDRGs shared by the turquoise module and the DECDRG list. 

 

Construction and Validation of the CDPI 

Four algorithms, Lasso, decision tree, random forest, and XGBoost, were combined to rank the 

105 prognosis-related genes and select the 15 strongest candidates (Figure 4). Multivariate Cox 

modeling then reduced the set to five genes: PLCL1, GABRB3, USP46, RNF152, and PFKP. CDPI 

values were calculated from the expression levels of these genes weighted by their regression 

coefficients. 

CDPI = (−0.37709761) × expression(PLCL1) + (−0.23607091) × expression(PFKP) + 

(−0.17429854) × expression(GABRB3) + (0.34885099) × expression(USP46) + (−0.20304284) × 



expression(RNF152) 

The median CDPI value was used as the cutoff for assigning patients to low- or high-CDPI groups. 

Baseline clinical characteristics for these groups are listed in Table 2. 

Survival analysis showed that the high-CDPI group had worse OS than the low-CDPI group in 

both TCGA (P < 0.0001; Figure 5A) and E-MTAB-1980 (P < 0.0001; Figure 5B). A prognostic 

nomogram incorporating CDPI, age, sex, and stage was built (Figure 5C). Univariate and 

multivariate Cox models both supported CDPI as an independent survival predictor (Figure 5D, E). 

Calibration plots showed close agreement between predicted and observed survival at 1, 3, and 5 

years (Figure 5F). Compared with CDPI alone and individual clinical variables, the nomogram 

achieved a higher C-index (Figure 5G), and DCA showed greater net clinical benefit (Figure 5H). 

These findings indicate that the CDPI nomogram may provide quantitative support for 

personalized KIRC risk assessment. 

In TCGA-KIRC, time-dependent ROC curves produced AUCs of 0.86, 0.83, and 0.78 for 1-, 3-, 

and 5-year OS, respectively (Figure 6A). In E-MTAB-1980, the corresponding AUCs were 0.74, 

0.76, and 0.78 (Figure 6B), indicating stable discrimination across datasets. As CDPI increased, 

PLCL1, GABRB3, PFKP, and RNF152 showed a gradual shift toward lower expression, visible as 

a red-to-blue transition on the heatmap. USP46 showed a less uniform pattern, with mild 

enrichment in the high-CDPI group, consistent with its positive Cox coefficient. The validation 

cohort showed a comparable distribution (Figure 6C-D). 



 

Figure 4. CDPI construction. (A) Ten-fold cross-validation for lambda selection in Lasso Cox 

regression. (B) Lasso coefficient trajectories for 105 prognostic DECDRGs. (C) XGBoost 



importance ranking of the top 20 features. (D) Top 20 genes ranked by the decision-tree model. 

(E) Frequency of the top 20 genes across 20 repeated random-forest runs. (F) Composite feature-

score decomposition for the top 15 genes across the four machine-learning approaches. 

 

Figure 5. CDPI validation. (A) OS comparison between the two CDPI strata in TCGA-KIRC (P < 

0.0001). (B) OS comparison in E-MTAB-1980 (P < 0.0001). (C) Nomogram using CDPI, age, sex, 

and stage to estimate 1-, 3-, and 5-year OS. (D) Univariate Cox forest plot for CDPI and clinical 

factors. (E) Multivariate Cox forest plot showing the independent contribution of CDPI. (F) 

Calibration of predicted OS at 1, 3, and 5 years. (H) Time-dependent C-index comparison for the 

nomogram and individual predictors. (G) DCA comparing clinical net benefit among models. 



 

Table 2. Clinicopathological features of TCGA patients stratified by CDPI group. 



 

Table 3. Clinicopathological features of E-MTAB-1980 patients stratified by CDPI group. 



 

Figure 6. Prognostic performance and CDPI distribution. (A) Time-dependent ROC curves for 1-, 

3-, and 5-year OS in TCGA-KIRC, with AUCs of 0.86, 0.83, and 0.78. (B) ROC curves in E-MTAB-

1980. (C) CDPI ranking, survival status, and five-gene expression heatmap in TCGA-KIRC. (D) 

Corresponding plots for E-MTAB-1980. The dashed line marks the median CDPI cutoff. 

Evaluation of the CDPI's clinical significance 

To evaluate whether the CDPI retained prognostic relevance across clinical contexts, patients 

were grouped by age, sex, pathological stage, and cluster subtype. Higher CDPI values were 

observed in patients who died, belonged to C1, were classified as high risk, were male, or had 

stage IV disease (Figure 7A-F). Within sex and age strata, high CDPI consistently predicted 

poorer survival (all P < 0.0001; Figure 7G-J). CDPI also remained unfavorable in stage III-IV 

disease (P < 0.0001), whereas the difference was not significant in stage I-II disease (P = 0.34; 

Figure 7K-L). Because 65% of the validation cohort consisted of stage I cases, the survival 

advantage of early disease may have weakened CDPI separation. Overall, these results support 

the clinical utility of CDPI for KIRC prognosis. 



 

Figure 7. Clinical associations of CDPI. (A-F) CDPI levels according to survival event, cluster 

subtype, risk group, sex, age, and stage. (G-L) Stratified OS analyses comparing high- and low-

CDPI patients in male, female, age > 60 years, age <= 60 years, stage I-II, and stage III-IV 

subgroups. P values were calculated with log-rank tests. 

Functional Enrichment Analysis 

GSEA was used to investigate biological programs associated with CDPI-defined risk. GO results 

linked DECDRGs to leukocyte proliferation, inflammatory-response regulation, and leukocyte 

adhesion (Figure 8A). KEGG analysis emphasized cytokine-cytokine receptor interaction, Th17 

cell differentiation, and viral protein interactions with cytokines and cytokine receptors (Figure 8B). 

Transporter-related GO terms, including sodium ion transmembrane transporter activity and 

symporter activity, were enriched in the low-CDPI group (Figure 8C). The high-CDPI group instead 

showed enrichment for leukocyte differentiation, hematopoiesis, and monocyte differentiation 

(Figure 8D). 



 

Figure 8. GSEA results. (A) Top GO terms across biological process, cellular component, and 

molecular function categories among DECDRGs. (B) Top KEGG pathways among DECDRGs. (C) 

Enrichment curves for transporter activity-related GO terms in the low-CDPI group. (D) Enrichment 

curves for leukocyte differentiation, hematopoiesis, and monocyte differentiation in the high-CDPI 

group. NES, normalized enrichment score. 

Characterization of the Tumor Immune Microenvironment 

Immune and stromal features were estimated with nine computational approaches. ESTIMATE 

showed higher immune and ESTIMATE scores but lower tumor purity in the high-CDPI group, 

while stromal scores were similar between groups (Figure 9A-D). ssGSEA indicated a broad 

increase in immune-cell infiltration in high-CDPI tumors (Figure 9E). The five signature genes 

showed only weak correlations with most infiltrating immune cell types, and significant positive or 

negative associations were uncommon (Figure 9F). This suggests that the prognostic effect of the 

CDPI genes may be mediated more by intrinsic tumor biology than by direct control of immune-cell 

abundance. The ssGSEA findings were checked with MCP-counter, EPIC, xCell, CIBERSORT, 

quanTIseq, and TIMER to reduce method-specific bias (Figures S6 and S7). 



 

Figure 9. Tumor immune microenvironment analysis. (A-D) Stromal score, immune score, 

ESTIMATE score, and tumor purity in high- and low-CDPI tumors. ns, not significant; P < 0.001. 

(E) ssGSEA-based abundance of 28 immune cell subsets in the two groups. (F) Spearman 

correlation heatmap for the five characteristic DECDRGs and tumor-infiltrating immune cell types. 

Mutational Landscape Analysis 

Mutation profiles differed between CDPI groups, particularly for VHL, PBRM1, TTN, and SETD2 

(Figure 10A-B). Most frequently mutated genes tended to co-occur, whereas mutually exclusive 

pairs were less common. In the high-CDPI group, SETD2-PBRM1 showed significant co-

occurrence (Figure 10C). In the low-CDPI group, BAP1-SETD2 was a representative co-occurring 

pair (Figure 10D). Mutations in the five signature DECDRGs were infrequent and were mainly 

missense variants (Figure 10E). 



 

Figure 10. Mutation profiles by CDPI group. (A) Waterfall plot for high-CDPI tumors. (B) Waterfall 

plot for low-CDPI tumors. (C) Co-occurrence and mutual-exclusivity heatmap for the high-CDPI 

group. (D) Corresponding heatmap for the low-CDPI group. *P < 0.05; dot, P < 0.1. (E) Mutation 

frequency and variant types for the five characteristic DECDRGs. 

Assessment of Immunotherapy Effectiveness and Immune Function 

Immune checkpoint blockade is clinically beneficial in several tumor types. Here, high-CDPI 

tumors showed higher TIDE, T cell dysfunction, and T cell exclusion scores, but lower MSI scores, 

pointing to stronger immune-escape potential (Figure 11A). IPS did not separate the two CDPI 

groups for most ICI combinations, although several comparisons reached nominal significance 

(Figure 11B), suggesting that CDPI alone may not be sufficient for predicting ICI efficacy. Pathway-

level ssGSEA showed higher activity of type II IFN response, MHC class I, APC co-stimulation, 

HLA, cytolytic activity, inflammation promotion, T cell co-inhibition, checkpoints, and CCR 

pathways in the high-CDPI group (Figure 11C). The five signature genes were positively related to 

many immune checkpoints, and CD276, LAG3, PD-L1, CTLA4, and PD-1 were more highly 

expressed in high-CDPI tumors (Figure 11D-E). 



 

Figure 11. Immunotherapy-related prediction and immune function. (A) TIDE, T cell dysfunction, T 

cell exclusion, and MSI scores across CDPI strata. P < 0.001; P < 0.05. (B) IPS comparisons for 

anti-PD-1 and anti-CTLA-4 treatment combinations. NS, not significant. (C) ssGSEA heatmap of 

immune pathway activity by CDPI group. (D) Correlations between the five characteristic 

DECDRGs and common immune checkpoints. (E) Immune checkpoint expression by CDPI 

category. P < 0.05; *P < 0.01; P < 0.001. 

Drug Sensitivity Analysis 

Predicted drug-response profiles were compared to explore the treatment implications of CDPI in 

KIRC. High-CDPI patients had higher predicted IC50 values for Daporinad, osimertinib, and 

cediranib, indicating lower sensitivity, but lower IC50 values for gemcitabine, epirubicin, docetaxel, 

and AZD7762, indicating greater sensitivity (Figure 12A). These findings suggest that CDPI may 

contribute to chemotherapy selection. CellMiner analysis was then used to connect the five 

signature genes with drug response. Higher RNF152 and PLCL1 expression correlated with 

sensitivity to multiple drugs, whereas higher USP46, PFKP, and GABRB3 expression correlated 

with resistance (Figure 12B). CTRP/GDSC analyses further showed positive associations between 

GABRB3 and PFKP expression and drug sensitivity, while RNF152, PLCL1, and USP46 showed 

negative associations (Figure 12C). 



 

Figure 12. Drug-response analysis by CDPI group. (A) Predicted IC50 values for Daporinad, 

osimertinib, cediranib, ULK1 inhibitor, gemcitabine, epirubicin, docetaxel, and AZD7762 across 

CDPI strata. (B) Correlations between the five characteristic DECDRGs and drug sensitivity, 

showing the top five drugs for each gene. (C) CTRP-based dot plot linking gene expression with 

drug sensitivity. Dot size indicates correlation magnitude, and color indicates direction. 

Discussion 

KIRC shows substantial molecular heterogeneity[49], and alterations in driver genes such as VHL, 

PBRM1, and SETD2 are important for its initiation and progression[6]. Rather than evaluating 

individual genes in isolation, we developed a composite CDG-based index, the CDPI, 

incorporating PLCL1, GABRB3, USP46, RNF152, and PFKP. USP46 had a positive coefficient and 

therefore contributed to risk, whereas the other four genes had negative coefficients. This 

bidirectional structure may reflect the mixed biological functions of the driver-gene network, in 

which some nodes support tumor growth through glycolysis, ubiquitination, or ion channel 

signaling, while others may constrain progression through metabolic or apoptotic pathways. 

Starting from dysregulated CDGs, consensus clustering identified two KIRC molecular subtypes 

with clear survival differences. C1 had poorer OS despite higher tumor purity and greater immune-

cell infiltration, a pattern reproduced across six deconvolution methods. This counterintuitive result 

is compatible with an immune-rich but suppressed tumor microenvironment[50,51]. Exhausted 

cytotoxic T cells, regulatory T cells, or myeloid-derived suppressor cells may contribute to this pro-

tumor immune state despite abundant immune cells[31]. C2 showed better survival and higher 

TIDE scores but lower infiltration of most immune cell subsets[31], implying that these tumors may 

evade immune surveillance through intrinsic suppressive programs or mechanisms other than cell 

exclusion. Similar interactions between genomic alterations and immune context have been 



described in renal cancer[52,52]. The stable k = 2 structure therefore provides a CDG-centered 

stratification that complements existing ccA/ccB classifications. 

By combining WGCNA with four machine-learning methods, we constructed a five-gene CDPI with 

independent prognostic value. The consensus modeling strategy helped reduce dependence on 

any single algorithm and improved the robustness of the selected signature. Lower PLCL1, PFKP, 

GABRB3, and RNF152 expression in high-risk patients suggests possible tumor-suppressive 

roles. PFKP, for example, is a glycolytic enzyme; its reduced expression may reflect metabolic 

remodeling related to HIF stabilization in KIRC[53], although its prognostic connection through 

metabolic vulnerability remains to be defined. In contrast, increased USP46 expression in high-risk 

tumors implicates dysregulated protein stability control[54]. Validation in two cohorts supports 

CDPI as an independent risk marker beyond conventional clinicopathological variables. 

CDPI was also closely connected with immune microenvironment features. High CDPI scores 

were associated with higher immune and ESTIMATE scores, lower tumor purity, and increased 

TIDE, dysfunction, and exclusion scores. These findings describe an immune-rich state that is 

nevertheless functionally impaired and does not provide a survival advantage[31,51]. The higher 

expression of PD-L1, CTLA-4, and LAG3 in high-CDPI tumors is consistent with checkpoint 

activation in dysfunctional immune contexts[51]. Correlations between these checkpoints and 

CDPI genes suggest that the signature may mark a tumor program that attracts immune cells 

while simultaneously promoting suppressive counter-regulation[52]. This provides a possible 

explanation for the immune-escape phenotype and supports further evaluation of CDPI as a 

biomarker for immune checkpoint blockade response. The convergence of nine immune-infiltration 

algorithms strengthens this interpretation. 

The predicted drug-response results suggest additional clinical relevance. High-CDPI tumors were 

more sensitive to agents such as gemcitabine and docetaxel but more resistant to cediranib[9]. 

These differences may be related to the biology of the signature genes. Reduced PFKP 

expression in high-risk tumors could indicate a metabolic state that creates vulnerability to 

selected cytotoxic drugs, consistent with the role of metabolic reprogramming in treatment 

response[53]. Higher RNF152 and PLCL1 expression, in contrast, may contribute to multidrug 

resistance through effects on pro-survival proteins or drug-efflux pathways, a possibility that 

requires experimental testing. Because these predictions were generated from resources such as 

GDSC, they should be interpreted as hypothesis-generating evidence[55]. Patient-derived 

experimental models will be needed to determine whether the predicted sensitivities translate into 

actual treatment responses[56]. 

The enriched pathways, including PI3K-Akt and HIF-1 signaling, provide a broader biological 

context for the hub DECDRGs, while the final CDPI condenses this information into five genes 

with independent survival relevance. EGFR, MYC, and GAPDH may connect the driver-gene 

program to PI3K-Akt and HIF-1 signaling, thereby offering a mechanistic link to KIRC 

pathogenesis[57,58]. EGFR and MYC are well-established proliferation and survival drivers and 

may cooperate with the VHL-HIF axis in KIRC[58,59]. GAPDH, beyond its glycolytic housekeeping 

role, is a HIF target and participates in metabolic rewiring in KIRC[53]. The PI3K-Akt enrichment 



also emphasizes growth factor and nutrient-sensing pathways that interact with hypoxic signaling 

to support survival and apoptosis resistance[57]. These convergent pathways indicate that KIRC 

progression is shaped by coordinated driver networks rather than isolated genetic events[58]. 

Limitations 

Several limitations should be noted. First, the model and mechanistic inferences were derived 

from retrospective public transcriptomic datasets, mainly TCGA and ArrayExpress, and may 

therefore be influenced by selection bias or batch effects. Independent prospective cohorts, 

particularly cohorts including diverse ethnic populations such as Asian patients, are needed to test 

generalizability. Second, the study lacks functional validation, so the roles of USP46 in immune 

escape and RNF152 in drug resistance remain correlative. In vitro and in vivo perturbation 

experiments are required to establish causality. In addition, TIDE provides an indirect estimate of 

immunotherapy response because paired pre- and post-treatment samples from ICI-treated 

patients were not available. These limitations mean that experimental and clinical validation is 

necessary before clinical translation. 

Conclusion 

This study established a CDG-based CDPI that independently predicts KIRC prognosis while 

integrating driver-gene expression, immune context, and predicted drug response. The index 

offers a quantitative basis for risk assessment and treatment exploration, but prospective 

validation remains essential. 
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