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Abstract 14 

Background: Biochemical recurrence (BCR) remains a major clinical challenge after radical 15 

prostatectomy in prostate cancer (PCa). However, the prognostic value of tumor microenvironment 16 

(TME)-related genes in BCR has not been fully elucidated. This study aimed to construct and 17 

validate a TME-related prognostic model for BCR in PCa and to explore its associations with 18 

immune infiltration, immunotherapy response, and individualized prognosis assessment.  19 

Methods: Transcriptomic and clinical data from the TCGA and GEO cohorts were integrated. The 20 

ESTIMATE algorithm was applied to identify TME-related differentially expressed genes that were 21 

commonly associated with both ImmuneScore and StromalScore. Univariate Cox regression 22 

analysis was performed to screen candidate genes significantly correlated with BCR. An optimal 23 

prognostic model was then constructed using 117 machine learning algorithm combinations. Model 24 

performance was evaluated using Kaplan–Meier analysis, time-dependent ROC curves, the 25 

concordance index (C-index), and external validation cohorts. SHAP analysis was used to interpret 26 

the contribution of core genes. Additional analyses included immune profiling, somatic mutation 27 



 

landscape, drug sensitivity, weighted gene co‑expression network analysis (WGCNA), single‑cell 28 

sequencing, and in silico knockout experiments. 29 

Results: A total of 32 TME-related genes were significantly associated with BCR, and a robust 30 

optimal prediction model was established. SHAP analysis identified five core contributing genes. 31 

The high‑risk group exhibited higher immune scores, upregulation of immunosuppressive 32 

components and most immune modulatory molecules, as well as an elevated TIDE score, indicating 33 

a stronger propensity for immune escape. WGCNA revealed key modules primarily enriched in 34 

extracellular matrix organization and collagen metabolism. Drug sensitivity analysis suggested that 35 

the high‑risk group might be more sensitive to oxaliplatin and cyclophosphamide. 36 

Conclusion: A robust BCR prediction model based on TME-related genes was successfully 37 

constructed and validated for PCa. This model can be used for postoperative BCR risk stratification 38 

and individualized prognosis assessment, and provides a basis for elucidating immune regulatory 39 

mechanisms and optimizing treatment strategies. 40 

Keywords:Prostate cancer; biochemical recurrence; machine learning; prognostic model; 41 

tumor microenvironment; drug sensitivity 42 

Introduction 43 

PCa ranks among the most prevalent malignancies in middle-aged and elderly men[1]. For the 44 

majority of patients with localized PCa, radical prostatectomy (RP) remains the primary curative 45 

intervention[2]. However, due to the heterogeneous biological behavior of PCa—characterized by 46 

the coexistence of indolent and highly aggressive phenotypes—BCR occurs in approximately 25% 47 

of patients within four years following RP[3-4]. 48 

BCR represents a significant clinical challenge in the postoperative management of PCa. Once 49 



 

BCR develops, a substantial proportion of patients will inevitably progress to castration-resistant 50 

prostate cancer, a transition that markedly worsens prognosis[5-6]. Consequently, the establishment 51 

of reliable risk stratification tools for BCR and an in-depth exploration of the underlying molecular 52 

mechanisms are of paramount importance for optimizing individualized therapeutic strategies for 53 

patients with PCa 54 

.Accumulating evidence indicates that tumor initiation, progression, and therapeutic response 55 

are governed not solely by the genetic and epigenetic aberrations intrinsic to cancer cells but also 56 

by dynamic regulation within the TME. The interplay between malignant cells and surrounding 57 

supportive components fosters the acquisition of aggressive malignant traits, including invasive 58 

metastasis and immune evasion[7]. The TME is predominantly composed of resident stromal cells 59 

and recruited immune cells. Within this milieu, cancer-associated fibroblasts (CAFs), endothelial 60 

cells, and pericytes play pivotal roles in orchestrating tumor angiogenesis[8-10], while CAFs and 61 

adipocytes actively participate in extracellular matrix remodeling and the facilitation of epithelial-62 

mesenchymal transition[11-13]. Moreover, the immunomodulatory functions exerted by immune cells 63 

within the TME on tumor growth and progression have garnered considerable attention. In the 64 

context of PCa, the TME frequently manifests pronounced immunosuppressive features, typified by 65 

increased heterogeneity of immune cell infiltration, insufficient antigen presentation, and restricted 66 

recruitment and activation of cytotoxic T lymphocytes[14-16]. 67 

Prior investigations have corroborated a close association between the infiltration status of 68 

various immune cell subsets within the TME and BCR. Notably, tumor-associated macrophage 69 

infiltration has been identified as a predictive factor for BCR[17], and B cell infiltration in PCa has 70 

similarly been demonstrated to correlate positively with BCR occurrence[18]. Aberrant regulation of 71 

stromal and immune constituents within the TME may represent a critical precipitating factor 72 

driving the formation of micrometastatic foci that ultimately culminate in BCR. Accordingly, a 73 

focused examination of TME dynamics may facilitate the identification of potential molecular 74 

biomarkers for predicting BCR risk. 75 

With the advent of high-throughput sequencing technologies and integrative multi-omics 76 

analyses, numerous prognostic models predicated on gene expression profiles have been developed 77 

for predicting BCR in PCa patients[19-20]. Nonetheless, existing studies are constrained by a limited 78 

exploration of TME-relevant genes[21]. Although certain investigations have incorporated TME-79 

associated genes, they frequently rely on isolated algorithms or a restricted set of candidate 80 



 

molecules, thereby lacking a comprehensive, integrative analysis encompassing regulatory 81 

pathways, prognostic significance, and immune microenvironmental landscape. Furthermore, given 82 

that the selection of machine learning algorithms can profoundly influence model stability and 83 

generalizability, findings derived from a singular modeling approach are susceptible to inherent bias. 84 

Thus, a multi-algorithm integration strategy is imperative for identifying the optimal model to 85 

enhance the clinical applicability of prognostic prediction. 86 

In the present study, the ESTIMATE algorithm was employed to compute the immune and 87 

stromal scores of tumor samples, thereby facilitating the identification of differentially expressed 88 

genes within the TME. A large-scale machine learning-based computational framework was 89 

subsequently implemented to select the optimal prognostic model. Through SHAP-based 90 

interpretability analysis, characterization of clinical features across distinct risk subgroups, 91 

comprehensive dissection of the immune microenvironment composition, mutational landscape 92 

profiling, drug sensitivity prediction, single-cell sequencing analysis, and in silico gene perturbation 93 

experiments, the underlying mechanisms are elucidated from the perspective of immune-stromal 94 

crosstalk. This work provides a novel theoretical foundation for the precise prognostic assessment 95 

and the optimization of therapeutic strategies for patients with PCa. 96 

 97 

1. Methods 98 

1.1 Data acquisition and preprocessing 99 

The training cohort comprised PCa samples with complete BCR information obtained from 100 

The Cancer Genome Atlas (TCGA) database (n = 408). For external validation, the microarray 101 

datasets GSE70769 (n = 92), GSE46602 (n = 36), and GSE116918 (n = 248) were retrieved from 102 

the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). Microarray 103 

data were normalized using the normalizeBetweenArrays function within the R package limma, 104 

whereas RNA sequencing data underwent transcripts per million (TPM) transformation followed by 105 

log₂ transformation. Batch effects were corrected to ensure cross-platform data comparability. 106 

1.2 Calculation of TME-associated scores and screening of differentially expressed genes 107 

The ESTIMATE algorithm was employed to assess the abundance of immune and stromal 108 

components in TCGA-PCa samples, yielding ImmuneScore, StromalScore, and ESTIMATEScore 109 

for each specimen. Samples were subsequently stratified into high- and low-score groups based on 110 

the median values of ImmuneScore and StromalScore, respectively. Differential expression analysis 111 



 

between the high- and low-score groups was performed using the limma package, with the screening 112 

criteria set at an adjusted P-value < 0.05 and |log₂ fold change (FC)| > 1. The intersection of 113 

differentially expressed genes (DEGs) derived from the ImmuneScore and StromalScore 114 

comparisons was subsequently identified, generating a set of common DEGs designated as TME-115 

associated candidate genes. The overlap was visualized using a Venn diagram. Protein–protein 116 

interaction (PPI) networks were constructed utilizing the STRING database and visualized with 117 

Cytoscape. 118 

1.3 Functional enrichment analysis 119 

To elucidate the potential biological functions of the TME-associated DEGs, Gene Ontology 120 

(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were 121 

conducted using the R package clusterProfiler. The significance threshold was set at P < 0.05. 122 

Concurrently, single-sample gene set enrichment analysis (ssGSEA) was performed on the entire 123 

expression matrix to identify functional pathways associated with TME status. For ssGSEA of 124 

single-cell data, the mean expression profile of each cell type served as the input. Enrichment results 125 

were visualized employing ggplot2 and related visualization utilities. 126 

1.4 Identification of BCR-associated candidate genes 127 

Based on the TME-associated DEGs obtained above, univariate Cox proportional hazards 128 

regression analysis was performed in conjunction with the BCR follow-up data of TCGA-PCa 129 

patients to identify candidate genes significantly associated with BCR. The screening criterion was 130 

set at P < 0.05. Genes meeting this threshold were retained for the subsequent construction of 131 

machine learning-based prognostic models. 132 

1.5 Construction of the ensemble machine learning prognostic model 133 

To establish a robust predictive model for BCR, an integrative machine learning framework 134 

was constructed using the R package MIME[22]. Specifically, a total of 117 algorithm combinations 135 

were generated based on ten commonly employed survival analysis algorithms, including Lasso, 136 

Ridge, Elastic Net (Enet), CoxBoost, Stepwise Cox regression (StepCox), partial least squares Cox 137 

regression (plsRcox), supervised principal components analysis (SuperPC), generalized boosted 138 

regression modeling (GBM), random survival forest (RSF), and survival support vector machine 139 

(survival-SVM). Each model was fitted using the TCGA training cohort and subsequently evaluated 140 

in the external validation cohorts. The optimal model was identified by comparing the mean 141 



 

concordance index (C-index) across both training and validation sets. Ultimately, the combination 142 

of CoxBoost and forward StepCox was determined to be the optimal model. Risk scores were 143 

calculated for each patient based on this model, and patients were stratified into high- and low-risk 144 

groups using the optimal cutoff value or median risk score. 145 

1.6 Validation and performance assessment of the prognostic model 146 

Kaplan–Meier survival analysis was employed to compare BCR-free survival differences 147 

between the high- and low-risk groups, with statistical significance assessed using the log-rank test. 148 

Time-dependent receiver operating characteristic (ROC) curves at 1-, 3-, and 5-year intervals were 149 

generated using the timeROC package, and the area under the curve (AUC) was calculated to 150 

evaluate the predictive capacity of the model. The C-index was further computed to assess overall 151 

model discrimination. The performance of the present model was compared with that of previously 152 

published prognostic models to validate its robustness and superiority. 153 

1.7 SHAP-based interpretability analysis 154 

To enhance model interpretability, SHapley Additive exPlanations (SHAP) analysis was 155 

performed on the feature genes incorporated within the optimal model. SHAP values were 156 

calculated for each gene to quantify both the direction and magnitude of their contributions to 157 

individual risk predictions. Core contributing genes were identified based on mean absolute SHAP 158 

values, and their influence on risk score patterns was visualized using SHAP summary plots and 159 

dependence plots. 160 

1.8 Clinical correlation analysis and nomogram construction 161 

To assess the clinical relevance of the risk score, its distribution was compared across different 162 

clinicopathological subgroups, including BCR status, Gleason score, PSA,T stage, N stage, and M 163 

stage. Univariate and multivariate Cox regression analyses were subsequently performed to identify 164 

independent prognostic factors. On this basis, a nomogram integrating the risk score and relevant 165 

clinical parameters was constructed to predict the probability of BCR at 1, 3, and 5 years. Calibration 166 

curves were generated to evaluate the predictive accuracy of the nomogram. 167 

1.9 GSEA and immune infiltration analysis 168 

To investigate the biological discrepancies between the high- and low-risk groups, GSEA was 169 

conducted to examine functional pathway alterations. Subsequently, the ESTIMATE algorithm was 170 

employed via the corresponding R package to compare ImmuneScore, StromalScore, 171 



 

ESTIMATEScore, and tumor purity across the different risk strata[23]. The relative enrichment levels 172 

of various immune cell subpopulations in each risk group were assessed using ssGSEA. The 173 

CIBERSORT algorithm was utilized to estimate the relative proportions of 22 tumor-infiltrating 174 

immune cell types (TICs). Additionally, the xCell method was applied to further validate the 175 

compositional differences in immune and stromal cells between the risk groups. Finally, correlation 176 

analyses were performed between the expression of core model genes and immune cell infiltration 177 

levels to explore potential associations with the local immune milieu. 178 

1.10 Analysis of immune checkpoint molecule expression and TIP analysis 179 

To characterize immunotherapeutic features across different risk subgroups, the expression 180 

levels of multiple immune-regulatory molecules were compared between the high and low-risk 181 

groups. Visualizations were generated using the R packages ggplot2, ggpubr, and reshape2.          182 

Furthermore, the Tracking Tumor Immunophenotype (TIP) platform 183 

(http://biocc.hrbmu.edu.cn/TIP/) was utilized to evaluate the activity of the seven-step cancer-184 

immunity cycle across risk subgroups. Differences in the anti-tumor immune process were assessed 185 

by comparing the activity scores of each step. 186 

1.11 Mutational landscape analysis 187 

Somatic mutation data for PCa patients were retrieved from the TCGA database. The 188 

mutational landscapes of the distinct risk subgroups were visualized and compared using the R 189 

package maftools. Comparative analysis of mutational profiles was conducted to explore potential 190 

relationships between the risk model and underlying genomic alterations. 191 

1.12 Identification of key modules associated with risk and immunity via WGCNA 192 

To further identify key gene modules associated with risk stratification and immune 193 

characteristics, DEGs between the high- and low-risk groups were first identified. Weighted gene 194 

co-expression network analysis (WGCNA) was subsequently performed based on these DEGs. An 195 

appropriate soft-thresholding power was selected to construct an approximate scale-free network. 196 

Co-expression modules were identified, and the correlations between module eigengenes, risk 197 

grouping, and immune scores were calculated. The module exhibiting significant correlations with 198 

both risk and immunity was selected for further investigation. Hub genes within this key module 199 

were identified based on module membership (MM) and gene significance (GS). 200 

1.13 Functional enrichment and correlation analysis of hub genes 201 



 

GO functional enrichment analysis and PPI network construction were performed for the hub 202 

genes identified through WGCNA to elucidate their potential biological functions. Concurrently, 203 

Spearman correlation analysis was employed to evaluate the relationships between hub gene 204 

expression, ESTIMATE scores, and immune cell infiltration levels, thereby exploring their potential 205 

roles in immune regulation and stromal remodeling. 206 

1.14 Immunotherapy and drug sensitivity analysis 207 

The R package oncoPredict was utilized to predict the potential sensitivity of patients in 208 

different risk groups to various anti-tumor drugs. The half-maximal inhibitory concentration (IC₅₀) 209 

for candidate drugs was estimated for each sample based on gene expression profiles. The Tumor 210 

Immune Dysfunction and Exclusion (TIDE) algorithm was employed to assess the potential for 211 

tumor immune evasion. 212 

1.15 Single-cell RNA sequencing analysis 213 

Single-cell RNA sequencing (scRNA-seq) data of primary PCa samples (GSE157703) were 214 

obtained from the GEO database and processed using the R package Seurat. Batch effects between 215 

samples were mitigated using the harmony package, and data normalization was performed via the 216 

ScaleData function. Principal component analysis (PCA) was subsequently conducted on the 217 

normalized data, followed by dimensionality reduction using the RunUMAP function. Differentially 218 

expressed genes within each cluster were identified using the FindAllMarkers function. Cell type 219 

annotation was accomplished using the R package scMayoMap. Finally, in silico knockout analyses 220 

of DPT and MNDA were performed using the R package scTenifoldKnk [24]. 221 

1.16 Statistical analysis 222 

All statistical analyses were conducted using R software (version 4.4.3). Comparisons between 223 

groups were performed using the appropriate methods, including the *t*-test, Wilcoxon rank-sum 224 

test, or Kruskal–Wallis test, as dictated by the data distribution. Survival analyses were carried out 225 

using the Kaplan–Meier method and Cox proportional hazards regression models. Correlations were 226 

assessed using Spearman's rank correlation coefficient. A P-value < 0.05 was considered statistically 227 

significant. Statistical significance is indicated as follows: ns, not significant; *,P < 0.05, **,P < 228 

0.01,***, P < 0.001. 229 

2：Results 230 

2.1 Differentially expressed genes shared by ImmuneScore and StromalScore are 231 



 

predominantly enriched for immune-related functions 232 

To delineate the precise alterations in the gene expression profiles of immune and stromal 233 

components within the TME, differential expression analysis was performed between samples 234 

stratified into high- and low-score groups based on ImmuneScore and StromalScore, respectively. 235 

Based on ImmuneScore, a total of 1,142 DEGs were identified, comprising 1,097 up-regulated and 236 

45 down-regulated genes (Fig. 1A, C, D). Similarly, analysis based on StromalScore yielded 1,297 237 

DEGs, including 1,247 up-regulated and 50 down-regulated genes (Fig. 1B–D). Intersection 238 

analysis using a Venn diagram revealed 482 commonly up-regulated genes and 12 commonly down-239 

regulated genes shared between the ImmuneScore and StromalScore comparisons. These 494 240 

overlapping DEGs were considered to be intimately associated with TME status. To further explore 241 

the underlying biological mechanisms, a PPI network was constructed using the STRING database 242 

and visualized with Cytoscape (National Institute of General Medical Sciences, NIGMS), which 243 

demonstrated extensive interactions among these 494 genes (Fig. 1E). GO enrichment analysis 244 

indicated that these DEGs were predominantly enriched in immune-related biological processes, 245 

such as leukocyte proliferation and B cell activation (Fig. 1F). KEGG enrichment analysis revealed 246 

that these genes were primarily involved in pathways including cytokine–cytokine receptor 247 

interaction, viral protein interaction with cytokine and cytokine receptor, and hematopoietic cell 248 

lineage (Fig. 1G). GSEA further demonstrated significant enrichment of these genes in immune-249 

associated pathways, including innate immunity, leukocyte cell–cell adhesion, leukocyte-mediated 250 

immunity, regulation of lymphocyte activation, regulation of T cell activation, and T cell activation 251 

(Fig. 1H). Collectively, these findings suggest that the overall functional repertoire of TME-252 

associated DEGs is predominantly linked to immune regulation, and that immune factors may 253 

constitute a defining feature of the TME in PCa. 254 

Based on the 494 TME-associated genes described above, univariate Cox regression analysis was 255 

subsequently performed, identifying 32 genes significantly associated with BCR risk (P < 0.05). 256 

These genes were retained for the subsequent construction of the prognostic model (Fig.1I). 257 



 

 258 

Fig 1.Identification and functional annotation of TME-related genes shared by the ImmuneScore 259 

and StromalScore groups in PCa.(A, B) Differential expression analyses between the high- and low-260 

ImmuneScore groups and between the high- and low-StromalScore groups. DEGs were identified 261 

using the thresholds of adjusted P < 0.05 and |log2 fold change| > 1.(C, D) Venn diagrams showing 262 

the commonly upregulated and downregulated DEGs shared between the two comparisons, 263 

including 482 commonly upregulated genes and 12 commonly downregulated genes.(E) Protein-264 

protein interaction (PPI) network of the 494 shared DEGs constructed using the STRING database 265 

and visualized with Cytoscape.(F, G) GO and KEGG enrichment analyses of the 494 shared 266 

DEGs.(H) GSEA showing that the TME-related genes were mainly enriched in immune-related 267 

pathways, including innate immune response, leukocyte adhesion, leukocyte-mediated immunity, 268 

regulation of lymphocyte activation, and T-cell activation.(I) Univariate Cox regression analysis of 269 

the 494 shared DEGs identified 32 candidate genes significantly associated with BCR risk (P < 270 

0.05). 271 

2.2 Construction and validation of the machine learning-based prognostic model 272 

Based on the 32 genes significantly associated with BCR, a total of 17 combinations of 273 

machine learning algorithms were constructed and evaluated. The results demonstrated that Lasso 274 

+ StepCox (forward), CoxBoost + StepCox (forward), CoxBoost + Ridge, and CoxBoost + Lasso 275 

were the four best-performing combinations. Ultimately, the CoxBoost + StepCox (forward) model 276 

was selected for subsequent analyses (Fig. 2A–B). This model comprised eight constituent genes: 277 

CCL17, CHI3L2, CSF2RA, CTHRC1, DPT, MNDA, SFRP2, and SPIB. The model exhibited stable 278 



 

predictive performance for BCR outcomes at 1, 3, and 5 years across the three datasets (Fig. 2C). 279 

Kaplan–Meier analysis revealed a significantly elevated incidence of BCR among patients in the 280 

high-risk group (Fig. 2D), and ROC analysis further corroborated the predictive capacity of the 281 

model (Fig. 2E). Compared with 13 previously published models, the present model demonstrated 282 

superior performance in terms of C-index as well as 3- and 5-year AUC values; however, the 1-year 283 

AUC in the test set was comparatively lower (Fig. 2F–J). 284 



 

 285 



 

Fig 2.Construction and validation of the machine learning-based prognostic model Construction 286 

and validation of a machine learning-based prognostic model for BCR.(A) Heatmap showing the 287 

mean C-index values of 117 machine learning algorithm combinations developed from 32 genes 288 

significantly associated with BCR in the training and validation cohorts.(B) Comparison of the 289 

predictive performance of the four best-performing algorithm combinations, with CoxBoost + 290 

StepCox[forward] ultimately selected as the optimal model for subsequent analyses.(C) Time-291 

dependent AUCs for predicting 1-, 3-, and 5-year BCR outcomes in three cohorts using the 292 

prognostic model composed of eight genes: CCL17, CHI3L2, CSF2RA, CTHRC1, DPT, MNDA, 293 

SFRP2, and SPIB.(D) Kaplan-Meier curves showing that patients in the high-risk group had a 294 

significantly higher probability of BCR than those in the low-risk group.(E) Time-dependent ROC 295 

curves for predicting 1-, 3-, and 5-year BCR, demonstrating the discriminative ability of the 296 

model.(F-J) Comparison of the predictive performance of the present model with 13 previously 297 

published models in terms of the C-index and AUCs at 1, 3, and 5 years. 298 

2.3 SHAP-based model interpretability analysis 299 

SHAP analysis was performed to interpret the contributions of the core genes. Based on mean 300 

absolute SHAP values, five core genes were identified: CHI3L2, DPT, MNDA, CCL17, and SFRP2 301 

(Fig. 3A-B). SHAP summary and dependence plots further delineated the direction and magnitude 302 

of each gene's influence on risk prediction (Fig. 3C-D). 303 



 

 304 

305 

Fig 3.SHAP-based interpretability analysis of the prognostic model.(A, B) Ranking of model genes 306 

according to the mean absolute SHAP values, identifying five core genes, including CHI3L2, DPT, 307 

MNDA, CCL17, and SFRP2.(C, D) SHAP plots further illustrate the direction and magnitude of the 308 

contribution of each core gene to risk prediction. Each dot represents one sample, the color indicates 309 

gene expression level, and the SHAP value reflects the positive or negative contribution of the gene 310 

to the model output. 311 



 

2.4 Clinical characterization of the risk score 312 

To evaluate the association between the prognostic risk score and clinicopathological features, 313 

the researchers conducted a correlation analysis. The results showed that patients who experienced 314 

BCR had significantly higher risk scores than those who did not (Fig. 4A). A higher risk score was 315 

significantly associated with several adverse clinicopathological characteristics, including advanced 316 

pathological T stage, advanced clinical T stage, advanced lymph node metastasis stage, advanced 317 

distant metastasis stage, higher Gleason score, PSA level, and age. (Fig. 4B–H) 318 

 319 

Fig 4.Correlation analysis of the risk score with clinicopathological characteristics.(A) Comparison 320 

of risk scores between patients with BCR and those without recurrence. Patients with BCR had 321 

significantly higher risk scores than non‑recurrent patients.(B–H) Association of the risk score with 322 

various clinicopathological parameters, including pathological T stage (B), clinical T stage (C), 323 

lymph node metastasis (N) stage (D), distant metastasis (M) stage (E), Gleason score (F), PSA level 324 

(G), and age (H). A higher risk score was significantly associated with advanced pathological T 325 

stage, advanced clinical T stage, advanced N stage, advanced M stage, higher Gleason score, 326 

elevated PSA level, and older age. 327 



 

2.5 Nomogram construction 328 

Subsequently, univariate and multivariate Cox regression analyses were performed to identify 329 

independent predictors of BCR (Fig. 5A). Based on these results, a nomogram was constructed by 330 

integrating the risk score, Gleason score, pathological T stage, pathological N stage, and PSA level 331 

(Fig. 5B). Moreover, our risk score demonstrated a higher AUC value compared with traditional 332 

prognostic scoring systems (Fig. 5C). Calibration curves showed that the nomogram exhibited good 333 

predictive consistency (Fig. 5D–F). 334 

 335 

Fig 5.Identification of independent prognostic factors for BCR and construction of a nomogram.(A) 336 

Univariate and multivariate Cox regression analyses for identifying independent predictors of 337 

BCR.(B) Nomogram integrating the risk score, Gleason score, pathological T stage, pathological N 338 

stage, and PSA level for predicting the probability of BCR at 1, 3, and 5 years. (C) The risk score 339 

achieved a higher AUC value compared with traditional prognostic scoring systems. (D–F) 340 

Calibration curves of the nomogram for 1, 3, and 5-year BCR-free prediction, showing good 341 

consistency between the predicted and observed outcomes. 342 



 

2.6 Comparison of immune infiltration between risk subgroups 343 

GSEA was performed on the DEGs to elucidate the functional discrepancies between the risk 344 

subgroups. The analysis revealed numerous immune-related pathways within the MSigDB 345 

Collection (c5.cp.v7.0.symbols.gmt), including adaptive immune response, leukocyte 346 

differentiation, lymphocyte differentiation, regulation of lymphocyte activation, regulation of T cell 347 

activation, and T cell activation (Fig. 6A). To further characterize the immune microenvironmental 348 

features across risk subgroups, ESTIMATE, ssGSEA, CIBERSORT, and xCell analyses were 349 

conducted. ESTIMATE analysis demonstrated that the high-risk group exhibited significantly 350 

elevated stromal, immune, and ESTIMATE scores, whereas tumor purity was correspondingly 351 

lower compared with the low-risk group (Fig. 6B–E). ssGSEA results indicated that 25 immune cell 352 

subtypes—including activated CD4 T cells, central memory CD8 T cells, effector memory CD4 T 353 

cells, effector memory CD8 T cells, immature B cells, memory B cells, and regulatory T cells—354 

were enriched at higher levels in the high-risk group (Fig. 6F). CIBERSORT analysis further 355 

revealed that the high-risk group harbored a greater proportion of M2 macrophages and a lower 356 

proportion of plasma cells and activated dendritic cells (Fig. 6G). xCell analysis yielded largely 357 

concordant findings, showing elevated proportions of chondrocytes, dendritic cells, hematopoietic 358 

stem cells, immature dendritic cells, macrophages, M1 macrophages, M2 macrophages, pericytes, 359 

and type 2 helper T cells in the high-risk group (Fig. 6H). Furthermore, correlation analysis 360 

confirmed significant associations between the expression of key model genes and the abundance 361 

of various immune cell types, thereby reinforcing the biological link between the BCR signature 362 

and the local immune milieu (Fig. 6I). 363 



 

 364 

Fig 6.Functional enrichment and immune microenvironment characteristics in different risk 365 

subgroups.(A) GSEA showing that the differentially expressed genes between the high- and low-366 

risk groups were mainly enriched in immune-related pathways, including adaptive immune response, 367 

leukocyte differentiation, lymphocyte differentiation, regulation of lymphocyte activation, 368 

regulation of T-cell activation, and T-cell activation.(B-E) ESTIMATE analysis comparing stromal 369 

score, immune score, ESTIMATE score, and tumor purity between the two risk groups. The high-370 

risk group exhibited higher stromal, immune, and ESTIMATE scores, but lower tumor purity.(F) 371 

ssGSEA showing significant enrichment of multiple immune cell subtypes in the high-risk group, 372 

including activated CD4 T cells, central memory CD8 T cells, effector memory CD4 T cells, effector 373 

memory CD8 T cells, immature B cells, memory B cells, and regulatory T cells.(G) CIBERSORT 374 

analysis showing that the high-risk group had a higher proportion of M2 macrophages but lower 375 

proportions of plasma cells and activated dendritic cells.(H) xCell analysis further confirmed the 376 

differential immune infiltration patterns between the risk groups, with higher proportions of 377 

chondrocytes, dendritic cells, hematopoietic stem cells, immature dendritic cells, macrophages, M1 378 

macrophages, M2 macrophages, pericytes, and type 2 helper T cells in the high-risk group.(I) 379 

Correlation analysis between key model genes and the abundance of multiple immune cell types. 380 

2.7 Assessment of immunotherapeutic sensitivity and TIP analysis across risk subgroups 381 

To evaluate potential differences in response to immunotherapy between risk subgroups, the 382 

expression levels of immune-regulatory targets were compared. The results demonstrated that the 383 



 

majority of immune-regulatory molecules were significantly up-regulated in the high-risk group, 384 

including PDCD1LG2, CTLA4, CD80, CD86, TIM3, HAVCR2, TIGIT, TNFSF4, TNFSF9, ICOS, 385 

CD27, ICOSLG, TNFSF18, and CD70 (Fig. 7A–D), suggesting that the high- and low-risk groups 386 

may exhibit distinct patterns of response to immune checkpoint inhibitors. The TIP platform was 387 

further employed to evaluate the activity of the seven steps of the cancer-immunity cycle. The 388 

analysis revealed that the high-risk group displayed higher activity in Steps 1 and 4—namely, 389 

immune priming and immune cell recruitment—whereas no pronounced differences were observed 390 

in the subsequent effector phases (Fig. 7E). Collectively, these findings suggest that although the 391 

high-risk group exhibits more active immune recruitment and immunomodulatory signaling, anti-392 

tumor immune effector functions may remain constrained, reflecting an immunologically inflamed 393 

yet functionally restricted microenvironment. 394 

 395 

 396 

Fig 7.Comparison of immunomodulatory target expression and cancer-immunity cycle activity 397 

between different risk subgroups.(A-D) Differential expression of immunomodulatory molecules 398 

between the high-risk and low-risk groups, including PDCD1LG2, CTLA4, CD80, CD86, HAVCR2, 399 

TIGIT, TNFSF4, TNFSF9, ICOS, CD27, TNFSF18, and CD70.(E) Activity of the seven steps of 400 



 

the cancer-immunity cycle evaluated using the TIP platform in the high-risk and low-risk groups. 401 

2.8 Comparison of mutational landscapes between risk subgroups 402 

Distinct gene mutations exert differential effects on the efficacy of immunotherapy; therefore, 403 

the mutational landscape of PCa was assessed. The mutational profiles of the risk subgroups are 404 

illustrated in Fig. 8A and 8B. TP53 mutations predominated in the high-risk group, whereas TTN 405 

mutations were more prevalent in the low-risk group. 406 

 407 

 408 

Fig 8.Comparison of the somatic mutation landscape between different risk subgroups.(A, B) 409 

Somatic mutation profiles of the high-risk and low-risk groups. Waterfall plots show the distribution 410 

patterns and mutation frequencies of mutated genes in each subgroup. 411 

2.9 Identification of hub genes associated with risk subgroups and immunity via WGCNA 412 

A total of 441 DEGs were identified between the two risk subgroups, comprising 263 up-413 

regulated and 178 down-regulated genes (Fig. 9A), and these genes were utilized for WGCNA (Fig. 414 

9B–C). Module–trait correlation analysis revealed that the blue module exhibited significant 415 



 

correlations with both risk subgroup (R = 0.59, P = 3 × 10⁻⁴⁰) and immune characteristics (R = 0.47, 416 

P = 4 × 10⁻²⁴), and was therefore designated as the key module (Fig. 9D). Within this module, 16 417 

hub genes were identified based on the criteria of MM > 0.7 and GS > 0.35, including INHBA, 418 

CTHRC1, NOX4, ADAMTS2, ITGA11, COL1A1, FAP, POSTN, COL8A1, HTR2B, BGN, 419 

COL5A2, COL3A1, VCAN, TMEM130, and FAM180A (Fig. 9E). 420 

 421 

Fig 9. Identification of key modules and hub genes associated with risk subgroups and immune 422 



 

features by WGCNA.(A) Volcano plot of differentially expressed genes between the high-risk and 423 

low-risk groups.(B) Soft-thresholding power analysis for construction of the scale-free co-424 

expression network in WGCNA.(C)Gene dendrogram and module color assignment.(D) Heatmap 425 

of module-trait relationships showing the correlations of each module with the risk subgroup and 426 

immune features, with the blue module exhibiting significant associations with both traits.(E) 427 

Scatter plot of module membership (MM) versus gene significance (GS) in the blue module for 428 

identification of hub genes. 429 

2.10 Functional enrichment of hub genes and their correlation with immune infiltration 430 

To elucidate the potential functions of the aforementioned hub genes, GO enrichment analysis 431 

was performed. The results demonstrated that these genes were predominantly enriched in processes 432 

such as extracellular matrix organization, collagen fibril organization, and collagen metabolism (Fig. 433 

10A). These findings suggest that the immunological differences between risk subgroups may not 434 

be directly driven by immune-related genes per se but are more likely mediated indirectly through 435 

stromal remodeling, collagen metabolism, and extracellular structural reorganization, which in turn 436 

influence immune cell infiltration and activation. PPI network and gene correlation analyses further 437 

revealed close interactions among these hub genes (Fig. 10B). Spearman correlation analysis 438 

demonstrated that the majority of hub genes were significantly associated with immune infiltration 439 

characteristics (Fig. 10C–E). 440 

 441 



 

 442 

Fig 10.Functional enrichment, interaction network, and immune correlation analyses of hub 443 

genes.(A) Gene Ontology (GO) enrichment analysis of the hub genes.(B) Protein-protein interaction 444 

(PPI) network of the hub genes.(C) Spearman correlation analysis among the hub genes.(D) 445 

Correlation analysis between the hub genes and ESTIMATE-related features. (E) Correlation 446 

analysis between the hub genes and immune cell infiltration characteristics. 447 

2.11 Comparison of drug sensitivity and TIDE scores between risk subgroups 448 

In silico drug sensitivity analysis was performed to identify compounds with significantly 449 

differential efficacy between risk subgroups. The results indicated that patients in the high-risk 450 

group exhibited significantly greater sensitivity to commonly used chemotherapeutic agents such as 451 

oxaliplatin and cyclophosphamide (Fig. 11A–B). To evaluate immunotherapeutic response 452 

characteristics, TIDE scores were calculated. The high-risk group exhibited significantly elevated 453 

TIDE scores (Fig. 11C), suggesting a greater propensity for immune evasion and potential resistance 454 

to immune checkpoint inhibitors. 455 



 

 456 

Fig 11. Drug sensitivity and immunotherapy response characteristics in different risk subgroups.(A, 457 

B) Comparison of the predicted sensitivity to chemotherapeutic agents between the high-risk and 458 

low-risk groups.(C)Comparison of TIDE scores between the two groups for evaluating potential 459 

immune evasion and response to immune checkpoint blockade therapy.Statistical significance is 460 

indicated as follows: ns, not significant; P < 0.05, P < 0.01, P < 0.001. 461 

2.12 Annotation of cell subpopulations and identification of predominant subpopulations 462 



 

expressing risk genes 463 

To further enhance the biological interpretability of the model, single-cell RNA sequencing 464 

data of PCa were normalized and subjected to dimensionality reduction using uniform manifold 465 

approximation and projection (UMAP). A total of 5,822 cells were clustered (Fig. 12A–B). Cell 466 

type annotation was performed using the scMayoMap function, which identified seven major cell 467 

types: common myeloid progenitors, endothelial cells, epithelial cells, macrophages, smooth muscle 468 

cells, T lymphocytes, and tissue stem cells (Fig. 12C). Differential expression analysis further 469 

elucidated the expression patterns of DPT, MNDA, SFRP2, CSF2RA, and CTHRC1 across these 470 

cell types. The results revealed that DPT, SFRP2, and CTHRC1 were highly expressed in epithelial 471 

cells, whereas MNDA and CSF2RA were predominantly expressed in macrophages (Fig. 12D–E). 472 

These observations suggest that distinct risk genes may participate in the regulation of the PCa 473 

microenvironment through different cellular components. 474 

 475 

Fig 12.Single-cell transcriptomic analysis reveals the expression patterns of prognostic genes across 476 

different cell types.(A, B)UMAP visualization of the PCa single-cell transcriptomic dataset after 477 



 

normalization, dimensionality reduction, and clustering.(C) Cell type annotation using scMayoMap 478 

identified seven major cell types, including common myeloid progenitors, endothelial cells, 479 

epithelial cells, macrophages, smooth muscle cells, T lymphocytes, and tissue stem cells.(D, E) 480 

Expression distributions of key model genes across different cell types. DPT, SFRP2, and CTHRC1 481 

were mainly expressed in epithelial cells, whereas MNDA and CSF2RA were predominantly 482 

expressed in macrophages. 483 

2.13 Pathway analysis of risk genes at the single-cell level 484 

To delineate the potential pathogenic pathways in which the risk genes may participate within 485 

their predominant subpopulations, pathway activity profiling was performed using scGSVA. 486 

Hallmark pathway enrichment analysis revealed that CHI3L2 in tissue stem cells was primarily 487 

enriched in the apical junction pathway, which is closely associated with cell adhesion, polarity 488 

maintenance, and stemness regulation (Fig. 13A). In smooth muscle cells, DPT, SPIB, SFRP2, and 489 

CTHRC1 exhibited significant pathway enrichment, participating in the remodeling of the PCa 490 

stromal microenvironment through pathways related to hormone response, metabolic 491 

reprogramming, inflammatory regulation, cell adhesion, and invasion. Specifically, DPT was 492 

enriched in multiple pathways, including early estrogen response, coagulation, reactive oxygen 493 

species, Wnt/β-catenin signaling, glycolysis, and fatty acid metabolism. SPIB was primarily 494 

enriched in heme metabolism and p53 signaling. SFRP2 was enriched in pathways associated with 495 

inflammatory immune response, angiogenesis, epithelial-mesenchymal transition, and hormone and 496 

lipid metabolism. CTHRC1 was primarily enriched in apical junction, epithelial-mesenchymal 497 

transition, glycolysis, IL6-JAK-STAT3 signaling, and TGF-β signaling pathways (Fig. 13B, 13D, 498 

13E, 13G). In macrophages, MNDA exhibited significant positive correlations with the interferon-499 

α response pathway and pancreatic beta cell-related pathways, whereas CSF2RA was significantly 500 

negatively correlated with the coagulation pathway and late estrogen response pathway. Both genes 501 

are involved in the functional regulation of tumor-associated macrophages and the maintenance of 502 

immune microenvironmental homeostasis in PCa (Fig. 13C, 13F). 503 



 

 504 

Fig 13.scGSVA analysis of pathway activities of prognostic genes in dominant cell 505 

subpopulations.(A) CHI3L2 in tissue stem cells was mainly enriched in the apical junction 506 

pathway.(B, D, E, G) In smooth muscle cells, DPT, SPIB, SFRP2, and CTHRC1 were enriched in 507 

pathways related to hormone response, metabolic reprogramming, inflammatory regulation, cell 508 

adhesion, and invasion.(C, F) In macrophages, MNDA was positively associated with the interferon-509 

α response and pancreas beta cells-related pathways, whereas CSF2RA was negatively associated 510 

with coagulation and late estrogen response pathways. 511 

2.14 In silico knockout analysis of MNDA and DPT 512 



 

To further resolve the roles of MNDA and DPT—two risk genes whose functions in BCR 513 

remain poorly characterized—in silico knockout analyses were performed. Using an adjusted P-514 

value < 0.05 as the threshold, 8 and 16 stable knockout-responsive genes were identified for MNDA 515 

and DPT, respectively (Fig. 14A–B, 14D–E). GO enrichment analysis revealed that the knockout-516 

responsive genes of MNDA were significantly enriched in extracellular matrix assembly, 517 

extracellular structure organization, and external encapsulating structure organization (Fig. 14C). 518 

The knockout-responsive genes of DPT were significantly enriched in lipoprotein metabolic 519 

processes (Fig. 14F). These genes may represent key regulatory factors through which MNDA and 520 

DPT mediate BCR, TME remodeling, and malignant progression in PCa. 521 

 522 

Fig 14.In silico knockout simulation and functional enrichment analyses of MNDA and DPT. (A, 523 

B) Stable KO-responsive genes identified after in silico knockout of MNDA.(C)GO enrichment 524 

analysis of the MNDA KO-responsive genes, showing significant enrichment in extracellular matrix 525 

assembly, extracellular structure organization, and external encapsulating structure organization.(D, 526 

E) Stable KO-responsive genes identified after in silico knockout of DPT.(F) GO enrichment 527 

analysis of the DPT KO-responsive genes, showing significant enrichment in lipoprotein metabolic 528 

processes.These findings suggest that MNDA and DPT may contribute to BCR, tumor 529 

microenvironment remodeling, and malignant progression in PCa through regulation of 530 



 

extracellular matrix remodeling- or metabolism-related pathways. 531 

3. Discussion 532 

Substantial evidence has accrued indicating that BCR exerts a profound impact on the long-533 

term prognosis of patients with PCa[25]. Once BCR occurs, radiotherapy represents the principal 534 

therapeutic option[26]. Studies have demonstrated that the initiation of salvage radiotherapy at a 535 

prostate-specific antigen (PSA) level below 0.5 ng/mL is significantly associated with prolonged 536 

metastasis-free survival[27]. However, the paucity of reliable biomarkers may result in the 537 

overtreatment of patients with radiotherapy, thereby increasing the risk of unnecessary adverse 538 

effects[28]. Follow-up imaging frequently fails to detect recurrent disease, and serial serum PSA 539 

monitoring remains the primary modality for detecting BCR following primary treatment[29]
. This 540 

underscores an unmet clinical need for biomarkers capable of refining risk stratification for BCR in 541 

patients with PCa. Furthermore, the role of the TME in PCa initiation, progression, immune evasion, 542 

and therapeutic response has garnered widespread attention. Consequently, a detailed 543 

characterization of BCR risk from the perspective of TME-associated genes is of critical importance. 544 

In the present study, a multi-algorithm machine learning integration strategy was employed to 545 

construct and validate an eight-gene prognostic model for predicting BCR following RP in patients 546 

with PCa, based on TME-associated genes. The eight genes comprising the model are CCL17, 547 

CHI3L2, CSF2RA, CTHRC1, DPT, MNDA, SFRP2, and SPIB. Among these, SPIB, CHI3L2, DPT, 548 

and CSF2RA were negatively correlated with BCR risk, whereas the expression of CCL17, 549 

CTHRC1, MNDA, and SFRP2 exhibited positive correlations with BCR risk. Notably, DPT was 550 

expressed at lower levels in patients who experienced BCR. The model demonstrated robust 551 

discriminatory capacity in both the training cohort and external validation datasets, achieving a C-552 

index superior to that of multiple previously published prognostic models for PCa. The risk score 553 

was significantly associated with adverse clinicopathological features, including elevated Gleason 554 

score, lymph node metastasis, and distant metastasis, suggesting that the model captures not merely 555 



 

recurrence risk but rather a more aggressive tumor biological state with a pronounced propensity 556 

for progression. 557 

A noteworthy paradoxical phenomenon was observed: although the high-risk group exhibited 558 

elevated immune scores and more abundant immune cell infiltration, this was accompanied by a 559 

poorer prognosis. Specifically, subpopulations including activated CD4⁺ T cells, central memory 560 

CD8⁺ T cells, effector memory T cells, B cells, dendritic cells, and macrophages were significantly 561 

increased in the high-risk group. This phenomenon is not unique to PCa and has been similarly 562 

documented in various other solid tumors, including breast cancer and lung cancer [30-31]. 563 

Within the high-risk group, the proportions of M2 macrophages and regulatory T cells (Tregs) 564 

were significantly elevated, whereas the proportions of plasma cells and activated dendritic cells 565 

were diminished. CIBERSORT analysis revealed a higher abundance of M2 macrophages in the 566 

high-risk group. Previous studies have indicated that M2 macrophages in PCa are generally 567 

associated with immunosuppression, tissue remodeling, and adverse prognosis[32-33]. The reduction 568 

of activated dendritic cells, which serve as key antigen-presenting cells, may impair the initiation 569 

and maintenance of effective T cell responses. Concurrently, ssGSEA indicated a relative increase 570 

in Tregs within the high-risk group, and xCell analysis further corroborated an expansion of Th2 571 

cells and various myeloid cell components. Collectively, these observations suggest that although 572 

the high-risk group is enriched for immune cells, this infiltration does not equate to effective anti-573 

tumor immunity; rather, it may reflect a paradoxical state characterized by the coexistence of 574 

immune activation and immunosuppression. 575 

TIP analysis demonstrated that the high-risk group exhibited greater activity in the early steps 576 

of the cancer-immunity cycle, particularly immune cell recruitment, whereas subsequent effector 577 

phases showed limited enhancement. This pattern implies that the immune response may be 578 

functionally impeded following recruitment or infiltration. TIDE analysis further revealed that the 579 

high-risk group had significantly elevated TIDE scores, indicative of more pronounced immune 580 



 

dysfunction, a greater propensity for immune exclusion, and a potential risk of resistance to immune 581 

checkpoint inhibitors (ICIs). Taken together, the integrated findings from immune checkpoint 582 

expression, TIP, and TIDE analyses indicate that while the high-risk group manifests stronger 583 

immune-related signals and richer immune infiltration, this inflammatory state likely represents a 584 

TME phenotype accompanied by concurrent immunosuppression and functional impairment. 585 

Through WGCNA, a module of stromal remodeling genes significantly associated with the risk 586 

subgroups was identified. This module predominantly comprised genes such as INHBA, CTHRC1, 587 

NOX4, ADAMTS2, ITGA11, COL1A1, FAP, POSTN, COL8A1, BGN, COL5A2, COL3A1, and 588 

VCAN. The majority of these genes are intimately linked to extracellular matrix (ECM) remodeling, 589 

collagen deposition, fibroblast activation, and stromal reaction. GO enrichment analysis further 590 

confirmed that these genes were significantly enriched in processes including ECM organization, 591 

collagen fibril organization, and collagen metabolism. Evidence suggests that excessive ECM 592 

deposition and stromal remodeling not only facilitate tumor cell migration and invasion but also 593 

restrict effective immune cell infiltration and effector function through physical barriers and altered 594 

biochemical signaling, thereby fostering immune exclusion or a state of functional 595 

immunosuppression[34-36]. Hence, stromal remodeling within the high-risk group may constitute a 596 

key mechanistic link between the high immune infiltration phenotype and the adverse clinical 597 

outcomes observed. 598 

Analysis of the cellular origins of the model genes revealed that DPT, SFRP2, and CTHRC1 599 

were predominantly expressed in epithelial cells, whereas MNDA and CSF2RA were primarily 600 

expressed in macrophages. These findings, derived from single-cell transcriptomic data, support the 601 

notion that the risk model reflects not merely intrinsic alterations within tumor cells but rather a 602 

broader process of microenvironmental reprogramming involving the coordinated participation of 603 

tumor cells, immune components, and stromal elements. Further scGSVA indicated that distinct key 604 

genes were enriched for different functional pathways within specific cell populations: CHI3L2 in 605 

tissue stem cells was associated with apical junction-related pathways; DPT, SFRP2, and CTHRC1 606 

in smooth muscle cells were linked to pathways involving hormone response, inflammatory 607 



 

regulation, glycolysis, epithelial-mesenchymal transition, and TGF-β/IL6-JAK-STAT3 signaling; 608 

and MNDA and CSF2RA in macrophages were correlated with interferon response, coagulation, 609 

and metabolism-related signals. In silico knockout analyses suggested that MNDA knockout-610 

responsive genes were predominantly enriched in processes such as ECM assembly and 611 

extracellular structure organization, whereas DPT knockout-responsive genes were primarily 612 

enriched in lipoprotein metabolic processes. These findings provide clear directions for subsequent 613 

functional investigations, although further validation in both in vitro and in vivo models is warranted. 614 

From a therapeutic perspective, the high-risk group exhibited higher predicted sensitivity to 615 

agents such as oxaliplatin and cyclophosphamide, and the expression of the majority of immune-616 

regulatory targets—including PDCD1LG2, CTLA4, CD80, CD86, HAVCR2, TIGIT, ICOS, CD27, 617 

TNFSF4, TNFSF9, TNFSF18, and CD70—was significantly elevated. The upregulation of immune 618 

checkpoints may, on the one hand, indicate a more active background immune response in the high-619 

risk group; on the other hand, it may reflect T cell exhaustion, enhanced immune negative feedback, 620 

and the emergence of tumor immune evasion under persistent antigen stimulation. However, the 621 

elevated TIDE scores suggest that ICI monotherapy may yield limited efficacy. Particularly for PCa, 622 

which is generally considered to exhibit low immunogenicity, reliance solely on elevated immune 623 

checkpoint molecule expression to infer ICI benefit remains subject to considerable limitations[37]. 624 

Given the prominent stromal remodeling features of the high-risk group and the advances in the 625 

application of stromal modifying agents in the treatment of solid tumors such as pancreatic and lung 626 

cancers, future strategies may warrant exploration of combination therapies integrating 627 

chemotherapy with FAK inhibitors, TGF-β inhibitors, and ICIs[38-39]. It is important to emphasize 628 

that these predictions of drug sensitivity and immunotherapeutic response are computationally 629 

derived and require validation in prospective clinical cohorts. 630 

The precise functions of MNDA and DPT among the model genes in the context of BCR have 631 

yet to be fully elucidated. Myeloid nuclear differentiation antigen (MNDA) belongs to the human 632 

PYHIN (pyrin and hematopoietic interferon-inducible nuclear domain) protein family and is 633 

implicated in mediating inflammatory responses, cellular senescence, and the recognition of foreign 634 



 

double-stranded DNA[40-42]. A study in hepatocellular carcinoma (HCC) indicated that MNDA may 635 

accelerate HCC metastasis by promoting M2 macrophage polarization and the secretion of pro-636 

metastatic proteins. Within the immune microenvironment of colorectal cancer, MNDA has also 637 

been shown to mediate H3K18 lactylation via the MNDA/EP300-CXCR2 regulatory axis, thereby 638 

facilitating the infiltration of polymorphonuclear myeloid-derived suppressor cells and the 639 

establishment of an immunosuppressive microenvironment. Additionally, MNDA has been 640 

proposed as a potential diagnostic marker for marginal zone lymphoma[43]. Collectively, this 641 

evidence suggests that MNDA may contribute to immune evasion within the PCa TME. 642 

Dermatopontin (DPT), a non-collagenous ECM protein initially identified in dermal tissue, 643 

functions in regulating ECM structure and modulates the activity of decorin and transforming 644 

growth factor-beta (TGF-β)[44]. Studies in breast cancer, colorectal cancer, and cholangiocarcinoma 645 

have demonstrated that DPT may influence the immunosuppressive state of the TME by regulating 646 

ECM remodeling, mediating immune cell infiltration, and modulating chemokine secretion, and low 647 

DPT expression has been significantly associated with poor patient prognosis[45-47]. 648 

The present study has several limitations. First, the data were derived from TCGA and public 649 

databases, constituting a retrospective analysis that may be subject to inherent selection bias. Second, 650 

the biological functions of the model genes and their causal relationship with BCR lack 651 

experimental validation in vitro and in vivo. Although single-cell transcriptomic data were 652 

incorporated to provide complementary analysis of cell-type-specific expression of the model genes, 653 

not all model genes could be robustly identified at the single-cell level due to limitations in 654 

sequencing depth, capture efficiency of low-abundance transcripts, and cell annotation accuracy. 655 

Third, assessments pertaining to immunotherapy were based on indirect evidence from TIDE and 656 

TIP analyses, lacking clinical response data from real-world PCa immunotherapy cohorts. Fourth, 657 

drug sensitivity predictions were inferred from transcriptomic profiling and do not equate to actual 658 

therapeutic efficacy. Future investigations should integrate prospective cohorts, spatial 659 

transcriptomics, and functional experiments to systematically validate these findings. 660 

In conclusion, the present study provides a TME-based risk stratification tool for predicting 661 



 

BCR following RP in patients with PCa. It reveals a paradoxical phenotype in the high-risk group 662 

characterized by immune inflammation coupled with functional restriction, and proposes stromal 663 

remodeling as a key mechanistic explanation for this phenomenon. This model holds promise as a 664 

novel theoretical foundation for individualized prognostic assessment and the optimization of 665 

therapeutic strategies in patients with PCa. 666 
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