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Abstract
Prostate cancer (PCa) remains a leading cause of cancer-related mortality, necessitating robust prognostic models and 
personalized therapeutic strategies. This study integrated bulk RNA sequencing, single-cell RNA sequencing (scRNA-seq), 
and spatial transcriptomics to construct a prognostic model based on genes shared between ferroptosis and fatty acid 
metabolism (FAM). Using the TCGA-PRAD dataset, we identified 73 differentially expressed genes (DEGs) at the intersec-
tion of ferroptosis and FAM, of which 19 were significantly associated with progression-free survival (PFS). A machine 
learning-based prognostic model, optimized using the Lasso + Random Survival Forest (RSF) algorithm, achieved a high 
C-index of 0.876 and demonstrated strong predictive accuracy (1-, 2-, and 3-year AUCs: 0.77, 0.75, and 0.78, respectively). 
The model, validated in the DFKZ cohort, stratified patients into high- and low-risk groups, with the high-risk group 
exhibiting worse PFS and higher tumor mutation burden (TMB). Functional enrichment analysis revealed distinct path-
way activities, with high-risk patients showing enrichment in immune-related and proliferative pathways, while low-risk 
patients were enriched in metabolic pathways. Immune microenvironment analysis revealed heightened immune activity 
in high-risk patients, characterized by increased infiltration of CD8 + T cells, regulatory T cells, and M2 macrophages, along-
side elevated TIDE scores, suggesting immune evasion and resistance to immunotherapy. In contrast, low-risk patients 
exhibited higher infiltration of plasma cells and neutrophils and demonstrated better responses to immune checkpoint 
inhibitors (ICIs). Spatial transcriptomics and scRNA-seq further elucidated the spatial distribution of model genes, high-
lighting the central role of macrophages in mediating risk stratification. Additionally, chemotherapy sensitivity analysis 
identified potential therapeutic agents, such as Erlotinib and Picolinic acid, for low-risk patients. In vitro experiments 
showed that overexpression of CD38 in the PC-3 cell line led to elevated lipid peroxidation (C11-BODIPY) and reactive 
oxygen species (ROS), suggesting increased cell ferroptosis. These findings provide a comprehensive framework for risk 
stratification and personalized treatment in PCa, bridging molecular mechanisms with clinical outcomes. 
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1  Introduction

Prostate cancer is one of the most common malignancies among men worldwide, with significant morbidity and mor-
tality. In 2022, prostate cancer accounted for 7.3% of all newly diagnosed tumors, ranking as the fourth most common 
cancer globally. Additionally, the disease was responsible for 396,792 deaths, making it the eighth leading cause of 
cancer-related mortality [1]. Advances in research have enhanced our understanding of its molecular underpinnings, 
including the role of androgen receptor signaling and genetic mutations. However, challenges persist in early detection 
due to the heterogeneity of the disease and the limitations of screening tools. Treatment strategies, such as surgery, 
radiotherapy, and androgen deprivation therapy, face difficulties with resistance development and balancing efficacy 
with quality of life. Novel therapies are under exploration to improve outcomes.

Fatty acid metabolism plays a critical role in cellular energy homeostasis, membrane biosynthesis, and signaling, 
making it a vital process for both normal and cancerous cells [2, 3]. In tumors, including prostate cancer, dysregulated 
fatty acid metabolism supports rapid proliferation, survival under stress, metastasis, and effects of immunotherapy [4, 
5]. Cancer cells often upregulate de novo lipogenesis through increased expression of enzymes like fatty acid synthase 
(FASN), stearoyl-CoA desaturase (SCD), and acetyl-CoA carboxylase (ACC) [6–8]. Concurrently, enhanced fatty acid uptake 
and beta-oxidation provide additional energy and biosynthetic precursors necessary for tumor growth [2]. In prostate 
cancer, androgen signaling heavily influences lipid metabolism, further promoting lipid accumulation and metabolic 
reprogramming [9]. This dependency on fatty acid metabolism is particularly evident in advanced, castration-resistant 
prostate cancer (CRPC), where alterations in lipid pathways correlate with aggressive behavior and therapeutic resistance 
[10]. Lipids also serve as signaling molecules, modulating pathways like PI3K/AKT/mTOR and inflammation, contribut-
ing to tumor progression [10]. The relevance of fatty acid metabolism to prostate cancer highlights its potential as a 
therapeutic target. Inhibitors of FASN, ACC, or fatty acid transport proteins are under investigation, aiming to disrupt the 
metabolic vulnerabilities of cancer cells. Understanding the interplay between fatty acid metabolism and tumor biology 
could pave the way for novel strategies to improve patient outcomes [11].

Ferroptosis is a regulated form of cell death characterized by iron-dependent lipid peroxidation and oxidative stress, 
distinct from apoptosis, necrosis, and autophagy. It occurs due to the imbalance between the production of reactive 
oxygen species (ROS) and the antioxidant defense system, primarily involving glutathione peroxidase 4 (GPX4), which 
detoxifies lipid peroxides [12]. In cancer, ferroptosis has garnered attention for its dual role: while cancer cells often 
develop mechanisms to evade ferroptosis, its induction represents a promising therapeutic strategy [12]. In prostate 
cancer, particularly in advanced and castration-resistant stages, ferroptosis is highly relevant. Prostate cancer cells fre-
quently exhibit alterations in lipid metabolism and oxidative stress pathways, creating vulnerabilities to ferroptosis. 
For instance, heightened iron accumulation and dysregulated lipid metabolism in these cells increases susceptibility 
to ferroptotic triggers [13]. Moreover, therapeutic resistance, a major challenge in prostate cancer treatment, has been 
linked to ferroptosis evasion mechanisms such as the upregulation of GPX4 and the cystine/glutamate antiporter (system 
Xc −). Targeting ferroptosis pathways holds promise for overcoming resistance and selectively killing prostate cancer 
cells. Agents like GPX4 inhibitors or drugs that enhance lipid peroxidation are under investigation. Understanding the 
complex role of ferroptosis in tumor biology may unlock novel approaches to improve outcomes in prostate cancer.

Fatty acid metabolism critically regulates ferroptosis by determining membrane lipid composition. PUFAs (e.g., ara-
chidonic acid) are highly prone to peroxidation due to their multiple double bonds. Acyl-CoA synthetase long-chain 
family member 4 (ACSL4) activates and incorporates PUFAs into phosphatidylethanolamine phospholipids, enhancing 
membrane susceptibility to oxidative damage [14, 15]. High ACSL4 expression correlates with ferroptosis sensitivity, 
while its suppression reduces PUFA levels and confers resistance. Conversely, monounsaturated fatty acids (MUFAs), 
such as oleic acid, antagonize ferroptosis by replacing PUFAs in membranes, lowering peroxidation risk. Stearoyl-CoA 
desaturase-1 (SCD1), which synthesizes MUFAs from saturated fatty acids, promotes this protective shift. Thus, the ACSL4/
SCD1 axis balances PUFA-MUFA ratios, acting as a metabolic checkpoint for ferroptosis [16]. Fatty acid uptake and storage 
further modulate susceptibility. CD36, a fatty acid transporter, increases PUFA influx, exacerbating peroxidation [17]. Lipid 
droplets sequester free fatty acids, limiting PUFA availability for membrane incorporation; their dysfunction elevates free 
PUFA pools, amplifying ferroptosis. Enzymes like lipoxygenases (LOXs) directly oxidize PUFAs, driving peroxidation [18]. 
Systemic metabolic pathways, such as fatty acid oxidation (FAO), may indirectly influence ferroptosis by altering redox 
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states or energy supplies, though mechanisms remain unclear. Therapeutically, this interplay offers promise. Cancers 
with high ACSL4 or PUFA uptake may be targeted with ferroptosis inducers, while neurodegenerative diseases marked 
by lipid peroxidation (e.g., Alzheimer’s) might benefit from MUFA-enhancing strategies. Targeting lipid metabolism 
enzymes (ACSL4, SCD1), transporters (CD36), or peroxidation pathways (LOXs) could fine-tune ferroptosis in disease 
contexts, underscoring its potential as a precision medicine tool. In this study, we aimed to investigate the relationship 
between fatty acid metabolism and ferroptosis in prostate cancer. To achieve this, we constructed a prognostic model 
using machine learning by identifying genes commonly associated with the prognosis of both processes. Through a 
series of multi-omics analyses, we identified a set of 12 shared genes in prostate cancer that are co-involved in fatty 
acid metabolism and iron death which provided mechanistic insights into its potential role in disease progression and 
therapeutic response.

2 � Methods and materials

2.1 � Acquisition and procession of public data

We obtained bulk RNA sequencing expression data and corresponding clinical information from the PRAD project in 
The Cancer Genome Atlas (TCGA) database (https://​portal.​gdc.​cancer.​gov/) and the DFKZ-PRAD project in the cBioPor-
tal database (https://​www.​cbiop​ortal.​org/). The single-cell RNA sequencing data (GSE141445) were retrieved from the 
Gene Expression Omnibus (GEO, https://​www.​ncbi.​nlm.​nih.​gov/​geo/). Immunotherapy cohort data were downloaded 
using the “IMvigor210CoreBiologies” package. Additionally, a total of 2,399 fatty acid metabolism-related genes were 
compiled from the MSigDB database (https://​www.​gsea-​msigdb.​org/​gsea/​msigdb) and relevant literature [19, 20]. 780 
Ferroptosis-related genes were sourced from the FerrDb V2 database (http://​www.​zhoun​an.​org/​ferrdb/​curre​nt/).

2.2 � Construction and evaluation of prognostic model via 113 combinations of machine learning algorithms

Differential expression analysis of tumor and adjacent tissue samples from the TCGA prostate cancer dataset was con-
ducted using the "limma" R package, identifying differentially expressed genes (DEGs) with an adjusted p < 0.05 and 
|log2 fold change (FC)|≥ 1. The intersection of DEGs with fatty acid metabolism and ferroptosis-related genes was then 
analyzed for their association with progression-free survival (PFS) prognosis using univariate regression analysis, with a 
threshold of p < 0.05, to identify prognosis-related genes. The identified genes were then evaluated through 113 combi-
nations of machine learning algorithms, including Partial Least Squares Regression (plsRcox), SuperPC, the least absolute 
shrinkage and selection operator (Lasso), ridge regression (Ridge), Gradient Boosting Machine (GBM), elastic net (Enet), 
stepwise Cox regression (StepCox), survival support vector machine (survivalSVM), Random Survival Forest (RSF), Cox-
Boost, and Linear Discriminant Analysis (LDA), using tenfold cross-validation to prevent overfitting and determine the 
optimal prognostic model in the training and testing cohorts. To evaluate the performance of the constructed model, 
its predictive ability was assessed using ROC curves generated by the “pROC” package. To determine whether the risk 
score could serve as an independent factor for PFS in PRAD, we performed univariate and multivariate Cox regression 
analyses. Kaplan–Meier (K-M) survival plots for the training and testing cohorts were analyzed using the “survminer” 
package. Additionally, a nomogram integrating clinical factors and risk scores was constructed using the “rms” package.

2.3 � Annotation of functional pathways and tumor mutation burden (TMB) analysis

The DEGs between the two groups were identified using the “limma” method. Subsequently, the “org.Hs.eg.db” and 
“clusterProfiler” packages were applied to annotate the enriched gene ontology and Kyoto Encylopedia of Genes and 
Genomes (KEGG) pathways associated with the DEGs. Additionally, somatic variation data from the TCGA-PRAD cohort 
were analyzed using the “maftools’” package to calculate the frequency of copy number variations (CNVs), as well as to 
identify the affected pathways and genes.

https://portal.gdc.cancer.gov/
https://www.cbioportal.org/
https://www.ncbi.nlm.nih.gov/geo/
https://www.gsea-msigdb.org/gsea/msigdb
http://www.zhounan.org/ferrdb/current/
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2.4 � Immune cell infiltration and prediction of immunotherapy response

The ESTIMATE algorithm was used to calculate stromal, immune, and ESTIMATE scores, assessing immune cell infiltration 
differences between groups. CIBERSORT evaluated infiltration scores for 28 immune cell types. Spearman’s correlation 
analyzed the relationship between immune infiltration and model gene expression. The risk score system was used to 
predict immunotherapy response. Data from the Tumor Immune Dysfunction and Exclusion (TIDE) (http://​tide.​dfci.​harva​
rd.​edu) assessed clinical efficacy across risk groups, including TIDE, microsatellite instability (MSI), dysfunction, and exclu-
sion scores. The IMvigor210 Cohort clinical trial evaluated atezolizumab (anti-PD-L1) in metastatic urothelial carcinoma. 
Risk scores were compared between patients with disease/stable disease (PD/SD) vs. complete response/partial response 
(CR/PR). The Chi-square test assessed PD/SD and CR/PR distributions across risk groups.

2.5 � Sensitivity of chemotherapy and screening of potential drugs

The prediction of chemotherapy response was performed using the R package "pRRophetic," which estimates the half-
maximal inhibitory concentration (IC50) values of drugs based on data from the Pharmacogenomics databases (https://​
www.​cance​rrxge​ne.​org/) and the NCI-60 CellMiner database (https://​disco​ver.​nci.​nih.​gov/​cellm​iner/). To identify therapies 
targeting gene-mediated tumor promotion, we performed a cMAP analysis using the cMAP_gene_signatures.RData file, 
containing 1,288 compound-associated signatures. A gene signature of 150 significantly upregulated and 150 downregu-
lated genes was derived from tumor expression data and compared to cMAP signatures using the XSum method. Com-
pounds with lower similarity scores may inhibit gene-mediated cancer promotion following established protocols [21].

2.6 � Analysis of single‑cell RNA sequencing GSE141445

The data of GSE141445 were processed by the “Seurat” software package (v4.3.0) as follow procedures. Quality Control 
(QC): Removed low-quality cells (fewer than 200 detected genes) and genes (expressed in fewer than 3 cells). Cells 
with > 10% mitochondrial content were excluded to filter out apoptotic/damaged cells. Normalization: Applied Log-
Normalize to the filtered expression matrix. Dimensionality Reduction & Clustering: Used Principal component analysis 
(PCA) for dimensionality reduction and Louvain clustering (resolution = 0.5). Cluster Identification: Identified markers 
via FindMarkers and annotated clusters using CellMarker. Cell–Cell Interactions: Predicted ligand-receptor interactions 
with CellChat (v1.6.1). Visualization: Mapped clusters with Uniform Manifold Approximation and Projection (UMAP), and 
visualized model gene scores using AUCell.

2.7 � Spatial transcriptomic analysis

Data processing steps for human prostate acinar cell carcinoma were as follows (10 × Genomics Visium, Seurat v4.3.0). 
Quality Filtering: Removed low-quality spots and artifacts—spots with < 200 or > 6,000 detected genes, > 10% mito-
chondrial content, and genes detected in < 3 spots. Normalization & Dimensionality Reduction: Used SCTransform for 
normalization, performed PCA on highly variable genes (HVGs) and selected the top 30 principal components (PCs) 
based on the elbow plot & JackStraw method. Applied UMAP for visualization. Spatial Clustering & Annotation: Louvain 
clustering (resolution = 0.5) was performed on PCA-reduced space. Marker genes were identified via the Wilcoxon rank-
sum test (adjusted p < 0.05, log2FC > 0.25). Clusters were annotated using marker genes, spatial context, and Human 
Protein Atlas references. Visualization: H&E histology images were aligned with spatial transcriptomics data using Loupe 
Browser. Spatially variable genes were identified via SpatialDE, and AUC scores were used to assess gene set expression 
across microregions. SpatialFeaturePlot was applied for visualization.

2.8 � Detection the levels of C11‑BODIPY, Fe2+, and ROS in cells overexpressing CD38 via flow cytometry

PCa cell line of PC-3 cells (Procell, Wuhan, China) are cultured in RPMI-1640 medium (Thermofisher, Massachusetts, USA) 
with 10% FBS (Thermofisher, Massachusetts, USA) and 1% Penicillin–Streptomycin (#60162ES76, Yeasen, Shanghai, China) 
under 95% air and 5% CO₂ at 37 °C. When the cell confluence reached 80%, CD38 overexpression plasmid (NewHelix, 
Shanghai, China) carried by Lipo3000 liposomes (#L3000001, Thermofisher, Massachusetts, USA) was added and cultured 

http://tide.dfci.harvard.edu
http://tide.dfci.harvard.edu
https://www.cancerrxgene.org/
https://www.cancerrxgene.org/
https://discover.nci.nih.gov/cellminer/
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for another 48 h. The probe kit of C11-BODIPY (#HY-D1301, MCE), 2′,7′-dichlorofluorescin diacetate (H2DCFDA, #HY-
D0940, MCE), and FerroOrange (#GC19943, GLPBIO, Montclair, USA) were used to assess lipid peroxidation, ROS levels, 
and ferric ion content, respectively, following the manufacturer’s instructions.

2.9 � RNA extraction and reverse transcription real‑time quantitative polymerase chain reaction (qRT‑PCR)

Total RNA was isolated from the cells using an RNA extraction kit and then reverse-transcribed into cDNA with Reverse 
Transcriptase (#ENZ-KIT105-0050, Enzo, Shanghai, China) following the manufacturer’s protocol. The resulting cDNA 
was used as a template for quantitative real-time PCR with SYBR Green PCR Master Mix (#Q711-02, Vazyme, Nanjing, 
China) and specific primers (Table S1). The PCR reactions were performed in a thermal cycler under optimized condi-
tions, including an initial denaturation step, amplification, and melt curve analysis to verify product specificity. Each 
sample was analyzed in triplicate to ensure reproducibility and relative mRNA expression levels were determined using 
the 2^-ΔΔCt method. GAPDH served as the internal reference gene for normalization, ensuring accurate and reliable 
comparisons between samples.

2.10 � Statistical analysis

All statistical analyses were performed using the R package (version 4.3.1). Group comparisons were conducted using the 
Wilcoxon test, while associations between variables were assessed using the Spearman correlation test. Survival analysis 
was performed using the Kaplan–Meier method, with group differences evaluated by the log-rank test. Multivariate and 
univariate analyses were conducted using the Cox proportional hazards model. Statistical significance was defined as 
p < 0.05, with significance levels denoted as follows: *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.

3 � Results

3.1 � Machine learning guides the construction of prognostic models based on differential 
prognostic‑associated genes shared by ferroptosis and fatty acid metabolism

The “limma” method was used to analyze the differential genes between prostate cancer and normal tissues in the TCGA 
dataset, and 73 common genes were obtained after intersection with genes related to ferroptosis and fatty acid metabo-
lism (Fig. 1A). Subsequently, the univariate regression analysis method was used to identify genes related to biochemical 
recurrence of prostate cancer among the 73 genes. A total of 19 genes were identified, among which eight genes (PDK4, 
LTF, PTGS2, CD38, CAV1, LCN2, EGR1, P4HB) had a hazard ratio less than 1, which was a protective factor, and eleven genes 
(CYP4F8, RIPK3, AURKA, NOX4, TXN, CDKN2A, HPX, ALB, EZH2, APOE, APOC1) had a hazard ratio greater than 1, which was 
a risk factor (Fig. 1B). We then constructed a PPI network of genes. It showed that PTGS2 is closely related to other genes 
(Fig. 1C). Correlation analysis between genes found that APOE and APOC1 are most significantly correlated (Fig. 1D).

Based on the above 19 genes, we constructed a diagnostic model through 11 machine learning algorithms and 113 
combinations of R packages, set the TCGA dataset as the training model, and set the DFKZ dataset as the validation model. 
We found that the combined algorithm of Lasso + RSF could obtain the best C index of 0.876 (Fig. 2A). The model contains 
a total of 12 genes ALB, APOE, AURKA, CD38, CYP4FB, EZH2, HPX, LCN2, NOX4, P4HB, PTGS2, RIPK3, and their coefficients 
were 0.5058, 3.872, 1.026, −1.046, 0.9769, 0.7990, 0.2547, −0.4549, −0.2039, 0.5240, 0.1448, 1.2498, respectively. Survival 
analysis found that the prognosis of the high-risk group in our model was worse than that of the low-risk group (Fig. 2B). 
ROC curve analysis found that the 1-, 2-, and 3-year prediction efficiencies of the prediction model were 0.77, 0.75, and 
0.78, respectively (Fig. 2C). The results obtained from the validation cohort-DFKZ indicating the reliability of the model 
(Fig. 2D, E). Results of the independent analysis conducted by univariate and multivariate Cox regression showed that the 
risk model can predict biochemical recurrence of prostate cancer independently of other clinical characteristic indicators 
such as age, stage, and Gleason score (Fig. 2F, G). Similar results were obtained from the validation cohort (Fig. 2H, I). 
Subsequently, we compared the differences in risk scores among patients with different clinical characteristics. The risk 
score was higher in patients older than 65 years, higher in patients with a Gleason score greater than 7, and increased 
with increasing T stage (Fig. 3A). This indicates that the risk score is closely related to clinical characteristic factors. To 
increase the clinical translatability of the risk score, we constructed a nomogram scoring tool that includes risk score, TNM 
stage, age, and other factors (Fig. 3D). The calibration curves show that the nomogram can accurately predict 1, 2, and 



Vol:.(1234567890)

Analysis	  
Discover Oncology          (2025) 16:744  | https://doi.org/10.1007/s12672-025-02484-5

3-year PFS, and the and decision curves show that its combined decision performance is better than that of the individual 
risk score and clinical characteristic factors (Fig. 3B, C). These results indicated that the model built based on machine 
learning can reliably and stably predict PFS of prostate cancer, and could provide an effective tool for clinical practice.

3.2 � Functional annotation of potential biological pathways

To investigate the underlying reasons for the observed differences between the high-risk and low-risk groups, we 
employed the "clusterProfiler" package to analyze pathways enriched by differentially expressed genes (DEGs) in these 
groups. Gene Ontology (GO) analysis revealed that the DEGs were primarily associated with immune-related pathways, 

Fig. 1   Identification of prognostic common genes between the DEGs, FAMRGs, and FRGs. A Venn diagram displayed the common genes of 
DEGs, FAMRGs, and FRGs. B Identification of prognostic genes derived from the common genes via univariate Cox analysis. C Construction 
of a PPI network from the STRING database. D Correlation network of the generated prognostic genes. The bluer the color, the stronger the 
negative correlation, and the redder the color, the stronger the positive correlation
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including the production of immune response molecular mediators, immunoglobulin complexes, and antigen-binding 
(Fig. 4A). Similarly, Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis indicated that the DEGs 
were enriched in signaling pathways such as the cell cycle, cytokine-receptor interactions, TGFβ signaling, and NF-κB 
signaling (Fig. 4B). Furthermore, Gene Set Enrichment Analysis (GSEA) was conducted to examine pathways from the 
Hallmark collection. In the high-risk group, the top five enriched pathways included allograft rejection, E2F targets, G2M 
checkpoint, mitotic spindle formation, and spermatogenesis (Fig. 4C). In contrast, pathways such as androgen response, 

Fig. 2   Construction and validation of a prognostic model via machine learning methods. A Mean values of C-index values calculated by 
machine learning methods in the TCGA and DFKZ cohorts. B, D PFS survival curves of the high- and low-risk group in the TCGA and DFKZ 
cohorts, respectively. C, E ROC curves at 1-, 2-, and 3-years of TCGA and DFKZ cohorts, respectively. F, G Univariate and multivariate Cox 
regression analysis of Age, TNM stage, Gleason score, and risk score in the TCGA cohort. H, I Univariate and multivariate Cox regression 
analysis of Age, stage, Gleason score, PSA, and risk score in the DFKZ cohort
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apical surface, cholesterol homeostasis, protein secretion, and reactive oxygen species were predominantly enriched 
in the low-risk group (Fig. 4D). Correlation analysis demonstrated that several key model genes, including CD38, RIPK3, 
LCN2, PTGS2, APOE, and NOX4, exhibited significant positive correlations with the majority of the Hallmark pathways, 
indicating their potential involvement in various oncogenic and immunological processes (Fig. S1). These genes may 
contribute to critical cellular mechanisms such as inflammation, immune response regulation, metabolic pathways, and 
tumor progression. For instance, CD38 and RIPK3 have been linked to immune cell activation and programmed cell death, 
while LCN2 and PTGS2 play essential roles in inflammation and tumor microenvironment remodeling. Conversely, the 
remaining model genes demonstrated negative correlations with most Hallmark pathways, suggesting their potential 
roles in tumor suppression or resistance to specific signaling cascades. These negative associations may indicate their 
involvement in pathways that inhibit cancer progression or regulate immune evasion. Collectively, these findings provide 
valuable insights into the functional landscape of the model genes and their potential implications for tumor biology 
and therapeutic interventions.

3.3 � Analysis of tumor mutations in the two groups of PCa patients

Tumors are characterized by abnormal and uncontrolled cell growth caused by gene mutations, which can affect 
pathway changes leading to tumor progression [22]. Therefore, we analyzed the differences between high-risk and 
low-risk groups from the perspective of tumor mutation burden. We initially explored the mutation landscape of 
PCa, revealing distinct patterns of genetic alterations. Missense mutations constituted the largest proportion of 
observed mutations (Fig. S2A). Single nucleotide polymorphisms (SNPs) were more frequent than insertions and 
deletions (Fig. S2B), with C > T transitions being the most prevalent type of single nucleotide variant (SNV) (Fig. S2C). 
An analysis of the number of altered bases per patient showed a median mutation count of 21 (Fig. S2D). Box plots 
illustrated the occurrence frequency for each variant category and also suggested that missense mutations are most 
frequent in PCa (Fig. S2E). The oncoplot for the top ten genes with somatic nucleotide variations in PCa indicated 
that TTN (13%) had the highest mutation frequency, followed by TP53 (11%), SPOP (11%), KMT2D (6%), MUC16 (5%), 
SYNE1 (5%), FOXA1 (6%), KMT2C (4%), LRP1B (4%), and SPTA1 (4%) (Fig. S2F). Subsequently, we analyzed the Copy 
number variation (CNV) frequency of model genes, it indicated that the model genes were relatively stable in PCa, 

Fig. 3   Building and evaluating a nomogram integrated clinical factors and risk score. A Comparison of risk scores across different clinical 
characteristics. B, C The predicted ability of the nomogram was estimated by calibration curves (B) and decision curves (C). D Based on clini-
cal factors such as age, TNM stage, Gleason score, and risk score, a nomogram score table was constructed to predict the 1-, 2- and 3-year 
PFS of prostate cancer patients
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and the CNV frequency is low, not exceeding 4%. The top five genes with higher frequencies are EZH2, APOE, P4HB, 
LCN2, and PTGS2 (Fig. 5A). The TMB scores were calculated and compared, and it showed that the TMB scores in the 
high-risk group were much higher than that in the low-risk group (p < 0.0001, Fig. 5B), and showed strong positive 
association with risk scores (cor = 0.24, p < 0.0001, Fig. 5C). Gene mutations in tumors often cause pathway activa-
tion or inhibition, thereby affecting tumor progression and treatment outcomes [23, 24]. The top 10 most affected 
pathways are illustrated in Fig. 5D. Among these, the RTK-RAS pathway exhibited the highest proportion of affected 
samples in both high-risk and low-risk groups; however, the proportion was significantly higher in the high-risk group 
(57/85, the right panel). Similarly, other pathways, including NOTCH, WNT, and Hippo, showed a higher proportion 
of affected samples in the high-risk group. This trend was corroborated by the mutation landscape analysis, which 
revealed a substantially higher proportion of gene mutations in high-risk patients (67.76%, the right panel) compared 
to those in the low-risk group (48.54%, the left panel) (Fig. 5E). Additionally, the top 15 most frequently mutated genes 
were identified and compared between the two groups. In the low-risk group, TTN emerged as the most frequently 
mutated gene (10%), while its mutation frequency in the high-risk group was slightly lower (9%). Conversely, the 
mutation frequency of TP53 was markedly higher in the high-risk group (17%) compared to the low-risk group (3%). 

Fig. 4   Potential mechanisms were analyzed by functional enrichment. A GO enrichment analysis. B KEGG enrichment analysis. C, D Hall-
mark enrichment analysis in the high- and low-risk groups
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These findings underscore pronounced differences in the mutational landscape between high-risk and low-risk 
groups, further highlighting the molecular heterogeneity underlying these classifications.

3.4 � Immune cell infiltration and immunotherapy response among the two groups

To further explore the differences between the high-risk and low-risk groups, we conducted an in-depth analysis of 
the immune microenvironment. Comparisons of the stromal score, immune score, and ESTIMATE score revealed that 
all three scores were significantly higher in the high-risk group than in the low-risk group, suggesting heightened 

Fig. 5   Differences in tumor mutation burden between high- and low-risk groups. A The difference in TMB score among the two groups. B 
The CNV frequency of model genes. C The top 10 pathways most significantly affected by mutations in the low- (left) and high-risk (right) 
groups. D The top 15 most frequent genes in the low- (left) and high-risk (right) groups. ****p < 0.0001. E The top 15 genes with thehighest 
mutation frequencies in the high-risk and low-risk groups
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immune-related activity in the high-risk group (Fig. 6A). Immune cell population analysis, as shown in Fig. 6B, revealed 
distinct infiltration patterns between the groups. Specifically, CD8 + T cells, activated memory CD4 + T cells, regulatory 
T cells, and macrophages (M1 and M2) exhibited higher levels of infiltration in the high-risk group. In contrast, plasma 
cells, monocytes, and neutrophils were more prominently infiltrated in the low-risk group. We also observed that key 
immune checkpoints—including PDCD1LG2 (CD273), CTLA-4, HAVCR2, and LGALS9—were significantly upregulated 
in the high-risk group. This heightened expression likely contributes to fostering an immunosuppressive tumor micro-
environment, which may facilitate immune evasion (Fig. 6C). Additionally, the model genes demonstrated significant 
correlations with various immune cell types. It showed that APOE was strongly associated with M2 macrophages, while 
RIPK3 showed significant correlations with quiescent memory CD4 + T cells and CD8 + T cells. Interestingly, CD38 was 
negatively correlated with M2 macrophages and positively correlated with M1 macrophages (Fig. 6D). These findings 
indicate that immune microenvironmental differences may contribute to the observed disparities in PFS between the 
high-risk and low-risk groups of PCa patients.

Immunotherapy treated by immune checkpoint inhibitors (ICI) has emerged as a promising treatment modality for a 
variety of cancers, including PCa, but its efficacy against this malignancy has been more difficult to determine, and we 
explored whether models could provide guidance for personalized treatment. The high-risk group exhibited significantly 

Fig. 6   Estimation of immune cell infiltration among the two groups. A Differences of Estimate, immune, and stromal scores calculated by 
ESTIMATE method. B Differences in different immune cell populations between the two groups were evaluated via the CIBERSORT algo-
rithm. C Differences in different immune checkpoints between the two groups. D Correlation analysis between model genes and infiltration 
levels of different immune cell subsets. The bluer the color, the stronger the negative correlation, and the redder the color, the stronger the 
positive correlation. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001
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higher TIDE scores (p < 0.01), MSI scores (p < 0.001), exclusion scores (p < 0.05), and dysfunction scores (p < 0.01), while a 
higher TIDE score correlates with a poorer response to immunotherapy, suggesting a greater likelihood of immune eva-
sion and resistance to ICI therapy (Fig. 7A). In the Imvigor210 dataset, we observed that the risk scores of patients who 
responded to ICI therapy, including those with complete response (CR) and partial response (PR), were lower than those 
of non-responsive patients, categorized as having stable disease (SD) or progressive disease (PD) (p < 0.0001, Fig. 7B). 
In the high-risk group, 16% of patients responded to treatment, while in the low-risk group, 30% of patients responded 
to treatment (Fig. 7C). Furthermore, regardless of whether patients were in the early or late stages of the disease, those 
patients with lower risk scores demonstrated a longer survival tiem (Fig. 7D). These results further suggest that patients in 
the low-risk group are more likely to benefit from immunotherapy, which also provides a basis for personalized treatment.

3.5 � Prediction of chemotherapy and discovery of potential small molecules

Chemotherapy is also a conventional method for treating PCa, but it is not effective for all patients, so it is necessary to 
classify and screen patients who may respond to treatment. Our analysis revealed that the IC50 values of 5-Fluorouracil, 

Fig. 7   Prediction of immunotherapy response and chemotherapy drug sensitivity. A Differences in TIDE, MSI, dysfunction, and exclusion 
scores were calculated by the TIDE method. B Differences in scores between responding and non-responding patients. C Distribution of the 
proportion of responding and non-responding patients between high-risk and low-risk groups. D Survival analysis of patients with early 
(stages of I + II, the left panel) and advanced (stages of III + IV, the right panel) stages in the two groups. E Differences in drug sensitivity 
between the two groups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001
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Savolitinib, Axitinib, and WEHI-539 were significantly higher in the low-risk group, suggesting that patients in this group 
may exhibit reduced sensitivity to these four drugs. Conversely, the lower IC50 values observed for Erlotinib, ERK_6604, 
JAK1_8709, and Picolinic acid in the low-risk group indicate a potentially heightened sensitivity to these agents (Fig. 7E). 
The analysis of the CellMiner dataset provided valuable insights into the relationship between gene expression and 
drug sensitivity, highlighting potential therapeutic implications. Specifically, CD38 expression levels were positively 
correlated with the IC50 values of multiple drugs, including Nelarabine, Fluphenazine, XK-469, and Ifosfamide, suggest-
ing that higher CD38 expression may be associated with reduced sensitivity to these agents. In contrast, CD38 expres-
sion exhibited a negative correlation with the IC50 of Irofulven, indicating that tumors with elevated CD38 expression 
might be more responsive to this drug. Additionally, PTGS2 expression showed an inverse correlation with the IC50 of 
Vincristine, implying that higher PTGS2 levels could enhance sensitivity to this chemotherapeutic agent. Meanwhile, HPX 
expression was positively correlated with the IC50 of SR16157, suggesting a potential role in modulating drug resistance 
(Fig. S3A). The XSum algorithm, leveraging the cMAP database, identifies potential small molecules and drugs capable 
of mitigating the biological effects arising from dysregulated target gene expression [21]. According to this analysis, the 
small molecule X4.5-dianilinophthalimide was identified as a potential therapeutic agent for PCA, as it may regulate the 
biological effects associated with the dysregulated expression of AURKA, CD38, and EZH2. Additionally, PHA.00816795 
was suggested to counteract the effects induced by the dysregulated expression of LCN2 and RIPK3 (Fig. S3B).

3.6 � Exploring the relationship between risk score and cell distribution via sc‑RNA and spatial 
transcriptomics

Single-cell technology offers a powerful tool to elucidate the spatial distribution of genes and the intricate communica-
tion networks between different cell types. To gain deeper insights into the relationship between the established scoring 
model and prostate cancer, we conducted an in-depth analysis of the GSE141445 dataset. This approach allowed us to 
explore the molecular and cellular dynamics associated with the disease, further bridging the scoring model to under-
lying biological mechanisms. After dimensionality reduction processing with the Seurat package, 8 types of cells were 
annotated, including B cells, exhausted CD8 T cells (CD8 Tex), endothelial cells, epithelial cells, fibroblasts, malignant cells, 
mast cells, and macrophage. The malignant cells were the most abundant group (Fig. 8B). The three most significantly up-
regulated and down-regulated genes in each cell type are shown in fan-shaped graphs (Fig. 8A). The number and intensity 
of interactions among all cell types in PCa samples were comprehensively analyzed and systematically summarized via 
Cellchat, providing an in-depth overview of the cellular communication landscape within the tumor microenvironment 
(Fig. 8C). Each type of cell is shown separately, and it is found that epithelial cells and macrophages have relatively strong 
communication with other cells (Fig. 8D). It highlights the intricate network of cell–cell interactions and their potential 
roles in shaping tumor progression. The primary outgoing and incoming signaling patterns of each cell group were 
illustrated in Fig. 8E, macrophages had higher intensities in both input and output signaling models, suggesting that 
they may play a major role in the PCa microenvironment. We applied the AUCell method to calculate the distribution 
of the risk scores. We found that stromal cells and malignant cells scored higher than immune cells and higher immune 
cell risk scores were mainly distributed in macrophages, followed by epithelial cells and malignant cells (Fig. 8F–H). The 
expression profiles of the model genes were thoroughly examined, revealing distinct patterns across various cell types. 
Specifically, AURKA, ALB, RIPK3, EZH2, NOX4, and CD38 were expressed at relatively low levels, whereas P4HB exhibited 
widespread expression across multiple cell types. Notably, APOE was predominantly localized in macrophages, while 
PTGS2 was primarily expressed in mast cells (Fig. 8I). These findings provide valuable insights into the cell-type-specific 
roles of these genes within the tumor microenvironment.

Spatial transcriptomics technology offers a critical spatial context for gene expression, enabling a deeper understand-
ing of the spatial organization within tissues [25]. Using this advanced approach, we further investigated the spatial 
distribution of model genes and their associated scores. The location of 11 cell types including plasma cells, CD4 T cells, 
CD8 T cells, dendritic cells (DCs), endothelial cells, epithelial cells, fibroblasts, macrophages, neutrophil, natural killer cells 
(NK cells), and tumor cells was depicted. The estimated scores were major found in the macrophage, but not tumor cells, it 
was consistent with the results from the single-cell results (Fig. 9). Furthermore, the localization of model genes and their 
associations with specific cell subpopulations were examined in detail. P4HB was found to be broadly expressed across 
the entire tissue section, showing a strong positive correlation with tumor cells. APOE was detected at low expression 
levels across the tissue sections, with its distribution showing a positive correlation with CD4 + T cells, natural killer (NK) 
cells, and macrophages. In contrast, a negative correlation was observed between APOE expression and DCs. Interest-
ingly, in contrast to the single-cell analysis results, LCN2 exhibited high expression levels in macrophages, endothelial 
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cells, and DCs (Fig. S4). These findings offer valuable insights into the spatial expression patterns and potential functional 
roles of these genes within the prostate cancer microenvironment, highlighting their contributions to the complexity 
of tumor biology.

3.7 � Overexpression of CD38 induces ferroptosis in prostate cancer cells

CD38 plays a crucial role in tumors by regulating immune responses and tumor microenvironment. It enhances immu-
nosuppressive pathways, promotes tumor growth, and inhibits immune surveillance [26, 27]. CD38 is involved in the 
metabolism of NAD + and modulates cellular processes critical for prostate cancer progression, such as proliferation and 
DNA repair [28, 29]. Targeting CD38 has emerged as a promising strategy in cancer therapy, influencing immune cell 
function and tumor viability. Interestingly, we observed a decrease in CD38 expression in prostate cancer tissues, and 
its association with ferroptosis and fatty acid metabolism has not been previously reported, which piqued our interest. 
The plasmid was successfully delivered using Lipo3000 liposomes, leading to increased CD38 expression in PC-3 cells 

Fig. 8   Exploring the relationship between risk score and cell distribution via sc-RNA analysis. A Identifying specific markers for different cell 
types. B Different cell types in the GSE141445 dataset are shown in the UMAP plot. C Weight and count of cell chat network. D The com-
munication network of each cell type with other cells. E The incoming and outgoing pathways. F Explore the distribution of model scores 
across different cell populations via the AUCell function shown by UMAP. G Distribution of model scores in the main cell types. H Distribu-
tion of model scores inthe various specific cell types. I Distribution of model genes in the sc-RNA sequencing
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(Fig. 10A). However, the analysis revealed that while CD38 overexpression did not affect fatty acid metabolism (data 
not shown), it significantly altered ferroptosis-related indicators. The ferroptosis inhibitors glutathione peroxidase 4 
(GPX4) and solute carrier family 7 member 11 (SLC7A11) were significantly downregulated, while the ferroptosis marker 
prostaglandin synthase 2 (PTGS2) was markedly upregulated, indicating that the cells underwent ferroptosis (Fig. 10B). 
Additionally, intracellular lipid peroxidation (C11-BODIPY) and ROS levels were elevated in CD38-overexpressing cells, 
while the FerroOrange probe indicated an increase in intracellular iron content (Fig. 10C). These findings further support 
that CD38 overexpression induces ferroptosis.

4 � Discussion

This study integrated ferroptosis and fatty acid metabolism (FAM)-associated genes to construct a robust prognostic 
model for PCa using machine learning. A Lasso + RSF-based model achieved a high C-index of 0.876 and demonstrated 
reliable 1-, 2-, and 3-year predictive accuracy (AUCs: 0.75–0.78). The model’s risk score correlated with clinical char-
acteristics (age, Gleason score, T stage) and was validated in an independent cohort. Functional annotation revealed 
distinct pathway activities: high-risk groups were enriched in immune and proliferative pathways (G2M checkpoint), 
while low-risk groups showed metabolic stability (androgen response, cholesterol homeostasis). Tumor mutation burden 

Fig. 9   Exploring the relationship between risk score and cell distribution via spatial transcriptomics. Visualizing risk scores through spatial 
transcriptome, distribution of different cells, and risk scores in the slice
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was significantly higher in high-risk groups, with TP53 mutations more prevalent. Immune cell infiltration analysis indi-
cated heightened immune activity in high-risk groups, particularly CD8 + T cells and macrophages, while low-risk groups 
exhibited higher plasma cell infiltration. Immunotherapy response analysis suggested low-risk patients were more likely 
to benefit from immune checkpoint inhibitors. Additionally, chemotherapy sensitivity and potential small-molecule 
therapeutics were identified, with drugs like Erlotinib showing promise for low-risk patients. Single-cell and spatial 
transcriptomics revealed cell-type-specific gene expression patterns, highlighting macrophages and epithelial cells as 
key players in the tumor microenvironment. These findings underscore the model’s potential for guiding personalized 
treatment and improving PCa prognosis.

The integration of ferroptosis- and FAM-related genes into prostate cancer prognostic models represents a significant 
departure from existing approaches, which typically focus on single pathways or universal genomic signatures. Our 
model, constructed using 19 differentially expressed genes shared between ferroptosis and FAM, demonstrated robust 
predictive performance (C-index = 0.876), outperforming traditional models reliant on clinical parameters like Gleason 
score or PSA levels, which typically yield C-indexes of 0.65–0.75 [30, 31]. Furthermore, our model’s time-dependent 
AUCs (0.75–0.78) surpass those of recent multi-gene panels, such as the Decipher genomic classifier, which reports 
AUCs of 0.68–0.72 for biochemical recurrence prediction [32]. This highlights the advantage of incorporating pathway-
specific insights into prognostic modeling. We employed 113 combinations of 11 machine learning methods to identify 
the optimal model, concluding that our framework (Lasso + RSF) represents a significant advancement over previous 
approaches. While earlier studies employed single algorithms like Cox regression or random survival forests, our com-
binatorial approach optimized feature selection and non-linear risk estimation, achieving higher predictive accuracy 

Fig. 10   CD38 contributes to ferroptosis of PC-3 cells. A Relative mRNA level of CD38. B Relative mRNA level of ferroptosis markers GPX4, 
PTGS2, and SLC7A11, respectively. C Detection of C11-BODIPY, Fe2+, and ROS, respectively. **p < 0.01, ***p < 0.001, ****p < 0.0001
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compared to traditional models [33]. The nomogram’s superior clinical utility over standalone risk scores or clinical factors 
echoes trends in precision oncology, where integrative tools like the CAPRA-S score have shown value but lack pathway-
specific insights [34]. While our model’s performance is promising, limitations exist. The overlap with prior multi-gene 
signatures remains unexamined, and external validation in ethnically diverse cohorts is needed [35]. Nevertheless, our 
findings bridge ferroptosis, FAM, and immune dysregulation—a triad increasingly recognized in cancer metabolism but 
rarely modeled cohesively. This work expands the translational potential of pathway-based machine learning models in 
prostate cancer, offering a template for other malignancies driven by metabolic-immune interplay. Despite the boom in 
machine learning, significant challenges remain in medical practice. Processing sensitive health data creates data privacy 
risks, and anonymization is often insufficient to prevent re-identification. Informed consent is complicated by data reuse 
beyond the scope of the initial patient agreement. Algorithmic bias stems from non-representative datasets and can 
lead to misdiagnosis or unequal care (e.g., racial disparities in diagnosis). Future directions prioritize privacy-preserving 
techniques (e.g., federated learning), dynamic consent models, bias mitigation through diverse data management, and 
explainable AI (XAI) for clinical transparency. Integrating ethics into ML development ensures fair, patient-centered 
innovation.

Key genes in our model, such as PTGS2, APOE, and APOC1, align with emerging evidence linking inflammation, lipid 
metabolism, and prostate cancer progression. PTGS2 (COX-2), a known mediator of ferroptosis and inflammation, has 
been implicated in prostate cancer aggressiveness, consistent with its protective role here (HR < 1) [36]. Conversely, 
APOE/APOC1, central to lipid transport, were identified as risk factors (HR > 1), corroborating studies linking dysregu-
lated cholesterol metabolism to prostate cancer recurrence [37]. The strong correlation between APOE and APOC1 
further supports their cooperative role in lipid signaling, as observed in Alzheimer’s, though their interaction in cancer 
remains underexplored [38]. Functional analyses revealed distinct immune and proliferative pathway activities between 
risk groups. The enrichment of allograft rejection, E2F targets, and G2M checkpoint pathways in high-risk patients mir-
rors findings in immunogenic tumors, suggesting a paradoxical interplay between immune activation and treatment 
resistance [39]. Conversely, low-risk group pathways (androgen response, cholesterol homeostasis) align with studies 
showing favorable outcomes in tumors retaining hormonal sensitivity and metabolic stability [40]. The integration of 
single-cell RNA sequencing and spatial transcriptomics has provided unprecedented insights into the cellular hetero-
geneity and spatial organization of the PCa microenvironment. Our analysis of the GSE141445 dataset revealed distinct 
cell-type-specific gene expression patterns and intercellular communication networks, which are critical for understand-
ing the molecular mechanisms underlying PCa progression and treatment resistance. Our study identified eight major 
cell types, with malignant cells being the most abundant, consistent with previous findings that luminal epithelial cells 
are the primary origin of PCa [41, 42]. Notably, macrophages exhibited strong communication with other cell types, 
particularly epithelial cells, highlighting their central role in shaping the TME. This aligns with recent studies showing 
that tumor-associated macrophages (TAMs) promote immunosuppression and therapy resistance in PCa [43]. The spatial 
transcriptomics analysis further validated these findings, revealing that risk scores were predominantly associated with 
macrophages rather than tumor cells. This suggests that macrophages may serve as key mediators of risk stratification 
in PCa, potentially through their interactions with other immune and stromal cells [43, 44]. The Cellchat analysis revealed 
intricate communication networks, with macrophages playing a pivotal role in both incoming and outgoing signal-
ing. This aligns with recent studies demonstrating that macrophages mediate immunosuppression through pathways 
such as adenosine signaling, which can be targeted to enhance immunotherapy efficacy [43]. Additionally, the strong 
interaction between epithelial cells and macrophages suggests that targeting these interactions could disrupt tumor 
progression and improve treatment outcomes. Our findings are consistent with recent advancements in single-cell and 
spatial transcriptomics. For example, studies have highlighted the role of club-like cells in mediating immunosuppression 
and therapy resistance in PCa, further emphasizing the importance of epithelial-immune interactions [45]. Additionally, 
the identification of APOE + TAMs as key mediators of immunotherapy resistance in metastatic castration-resistant PCa 
(mCRPC) supports our observation that macrophages are central to risk stratification and treatment response [46, 47]. 
In tumor microenvironments, APOE can paradoxically support immunosuppression by skewing macrophages toward 
an M2-like phenotype. M2 macrophages are known to secrete factors like TGF-β and CXCL1, which dampen cytotoxic 
T-cell responses and promote angiogenesis [48]. APOE’s lipid-shuttling function may further fuel tumor-associated 
macrophages (TAMs) to adopt a pro-tumorigenic state, facilitating immune evasion and metastasis. This mirrors the 
pathogen-driven metabolic hijacking described in macrophage polarization. Using COG133TFA to inhibit APOE in TAMs 
can induce a reduction in their transformation into M2 macrophages, leading to the release of CD8 + T cell inhibition. 
Combined blockade of PD-1 and TIGIT inhibitors can improve the efficiency of tumor regression [49]. This dual role of 
APOE in lipid metabolism and immune modulation underscores its significance in shaping the tumor immune landscape, 
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highlighting potential therapeutic avenues targeting APOE-mediated pathways to modulate macrophage polarization 
and enhance anti-tumor immunity. CD38 is a multifunctional transmembrane glycoprotein that plays a significant role 
in cancer biology through its enzymatic and signaling activities. As a nicotinamide adenine dinucleotide (NAD +) glyco-
hydrolase and ADP-ribosyl cyclase, CD38 catalyzes the metabolism of NAD + to produce calcium-mobilizing metabolites 
like cyclic ADP-ribose (cADPR) and adenosine diphosphate ribose (ADPR) [26]. These metabolites regulate intracellular 
calcium signaling, which influences cell proliferation, apoptosis, and immune responses. In cancer, CD38 is often overex-
pressed in malignancies such as multiple myeloma and chronic lymphocytic leukemia (CLL), where its high expression 
correlates with aggressive disease progression, enhanced cell survival, and resistance to therapy [26, 50]. Recent studies 
have also emphasized its role in glioma progression. CD38 is mainly expressed in M1 cells, but is less expressed in M2 
cells, becoming a reliable surface marker for M1 macrophages, where CD38 deficiency in tumor-associated microglia/
macrophages attenuates tumor growth, indicating its involvement in tumor-immune crosstalk [51]. This is also consistent 
with our results, as correlation analysis found that CD38 was positively correlated with M1 macrophages and negatively 
correlated with M2 cells. CD38-mediated NAD metabolism can also increase the cell’s sensitivity to ferroptosis, and our 
in vitro experiments have also demonstrated that CD38 is a ferroptosis promoter, because overexpression of CD38 can 
induce an increase in ferroptosis-related indicators in PC-3 cells [51]. This suggests that CD38 is a promising target for 
synthetically inducing tumor cell death, but the specific mechanism still needs further exploration.

The analysis of tumor mutation burden and mutational landscape in PCa revealed significant differences between 
high-risk and low-risk groups, providing insights into the molecular heterogeneity driving disease progression. High-risk 
patients exhibited a substantially higher TMB (p < 0.0001), consistent with studies linking increased TMB to aggressive 
tumor behavior and poorer prognosis [52]. Notably, TP53 mutations were significantly more prevalent in the high-risk 
group (17% vs. 3%), aligning with its established role in promoting genomic instability and treatment resistance [53]. TP53 
loss of function disrupts genomic stability, enhances tumor cell survival, and promotes resistance to standard therapies, 
which may explain the poorer prognosis in these patients [54]. This aligns with the increased prevalence of mutations in 
oncogenic pathways such as RTK-RAS, NOTCH, WNT, and Hippo, which are known to drive tumor proliferation, invasion, 
and metastasis. Additionally, TP53-mutated tumors may benefit from therapeutic strategies aimed at restoring p53 func-
tion or exploiting synthetic lethality, such as PARP inhibitors [54]. Further functional studies are necessary to delineate 
the precise roles of these mutations in prostate cancer and to develop effective personalized treatment strategies. In 
contrast, TTN was the most frequently mutated gene in the low-risk group, suggesting its potential role in less aggressive 
disease phenotypes. Pathway analysis further highlighted the molecular divergence between groups, with the RTK-RAS, 
NOTCH, WNT, and Hippo pathways more frequently altered in high-risk patients. These findings are consistent with prior 
studies implicating these pathways in PCa progression and metastasis [55, 56]. Interestingly, the model genes such as 
EZH2, APOE, and PTGS2 showed low CNV frequencies, indicating their stability and potential utility as reliable biomarkers. 
The higher mutation burden and pathway dysregulation in high-risk patients underscore the importance of genomic 
instability in driving aggressive disease, while the distinct mutational profiles of low-risk patients suggest a more stable 
genomic landscape. These findings align with emerging evidence that TMB and specific pathway alterations can stratify 
PCa patients for targeted therapies and immunotherapy [57]. Future studies should explore the functional impact of 
these mutations and their potential as therapeutic targets to improve outcomes in high-risk PCa patients.

The immune microenvironment plays a pivotal role in PCa progression and treatment response, as highlighted by 
our findings. The high-risk group exhibited significantly higher stromal, immune, and ESTIMATE scores, indicating a 
more active yet immunosuppressive tumor microenvironment (TME). This aligns with previous studies showing that 
increased immune infiltration, particularly of regulatory T cells (Tregs) and TAMs, is associated with poor prognosis and 
therapy resistance [58, 59]. Specifically, the elevated infiltration of CD8 + T cells and M2 macrophages in the high-risk 
group suggests a paradoxical immune landscape where cytotoxic activity is counterbalanced by immunosuppressive 
mechanisms, such as Treg-mediated suppression and M2 macrophage-driven immune evasion [41, 60]. In addition, we 
also analyzed the expression differences of immune checkpoints between high-risk and low-risk groups and found that 
most immune checkpoints were elevated in the high-risk group, which helps to explain the paradoxical phenomenon that 
elevated immune checkpoints hinder the anti-tumor effect of CD8 + T cells. In contrast, the low-risk group showed higher 
infiltration of plasma cells and neutrophils, which have been linked to better outcomes in some cancers due to their 
roles in antibody production and anti-tumor immunity [58, 61]. The strong association of APOE with M2 macrophages 
further underscores the role of lipid metabolism in shaping immunosuppressive TME, as APOE is known to promote M2 
polarization and tumor progression [61]. Similarly, RIPK3’s correlation with memory T cells highlights its potential role in 
modulating T cell exhaustion and immune surveillance [41]. The differential response to ICI therapy between high- and 
low-risk groups underscores the need for personalized treatment strategies. The low-risk group’s higher response rate 
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(30% vs. 16%) and longer survival suggest that these patients may benefit more from immunotherapy, particularly ICIs 
targeting PD-1/PD-L1 or CTLA-4 [62]. Conversely, the high-risk group’s resistance to ICI therapy, as indicated by higher 
TIDE and dysfunction scores, highlights the need for combination therapies that address immune evasion mechanisms, 
such as TAM-targeting agents or metabolic modulators [61]. It has been reported that modulating ferroptosis can signifi-
cantly impact immunotherapy outcomes by altering the tumor microenvironment and enhancing immune responses. 
Strategies to induce ferroptosis include targeting lipid peroxidation with small-molecule inducers (e.g., erastin, RSL3), 
inhibiting GPX4, or modulating iron metabolism via transferrin receptor upregulation [63]. Ferroptosis can enhance 
immunotherapy efficacy by increasing tumor antigen release, promoting dendritic cell activation, and improving T-cell 
infiltration. Additionally, ferroptotic tumor cells release damage-associated molecular patterns (DAMPs), which enhance 
anti-tumor immunity [64]. However, some tumors develop resistance by upregulating antioxidant defenses or ferroptosis-
suppressing pathways. Combining ferroptosis inducers with immune checkpoint inhibitors could overcome resistance, 
enhancing tumor immunogenicity and response rates. Future research should focus on identifying biomarkers to predict 
ferroptosis sensitivity and optimizing combination strategies to maximize therapeutic benefits while minimizing toxic-
ity. Additionally, our model also helps predict sensitivity to chemotherapy drugs, such as Erlotinib and Picolinic acid, 
which may benefit low-risk patients, but their side effects also need to be noted. Erlotinib, an EGFR inhibitor targeting 
the RTK-RAS pathway, has shown efficacy in cancers with EGFR/RAS dysregulation. However, in PCa, its clinical utility 
remains underexplored. Common side effects include rash, diarrhea, and fatigue, while rare but severe toxicities include 
interstitial lung disease. Early-phase trials in PCa (e.g., NCT00443235) reported limited efficacy, possibly due to compen-
satory signaling or low EGFR dependence in unselected cohorts [65, 66]. Picolinic acid, a metal ion chelator, exhibits 
preclinical anti-tumor activity by modulating NOTCH/WNT pathways and immune responses [67]. While well-tolerated 
in animal studies, its human safety profile remains unvalidated, and no PCa-specific clinical trials are registered. Both 
agents require biomarker-driven trials to identify responsive subsets. For instance, combining Erlotinib with RAS/MAPK 
pathway inhibitors or pairing Picolinic acid with immunotherapy may overcome resistance.

Despite the promising findings of our study, several limitations should be acknowledged. First, our prognostic model 
was developed and validated using publicly available datasets, which may introduce selection bias and limit its gen-
eralizability to broader patient populations. Prospective, multi-center studies are needed to further validate its clinical 
applicability. Second, although our analysis suggests significant differences in immune infiltration and immunotherapy 
response between risk groups, these findings are based on computational predictions rather than direct clinical vali-
dation. Experimental studies, including functional assays and patient-derived models, are necessary to confirm these 
associations. Additionally, while our drug sensitivity analysis identified potential therapeutic agents, in vitro and in vivo 
experiments are required to verify their efficacy in high- and low-risk patients. Finally, the complexity of tumor hetero-
geneity and microenvironmental interactions may not be fully captured by bulk transcriptomic data, highlighting the 
need for single-cell and spatial transcriptomic studies to provide deeper insights into the molecular mechanisms driving 
disease progression and treatment response.

In conclusion, our study highlights the critical role of the immune microenvironment in PCa risk stratification and 
treatment response. By elucidating the molecular and cellular mechanisms underlying these differences, we provide a 
foundation for developing precision immunotherapy strategies tailored to individual patient risk profiles. Future research 
should focus on validating these findings in larger, multi-center cohorts and exploring therapeutic strategies to repro-
gram the immunosuppressive TME in high-risk PCa. For instance, targeting APOE-mediated lipid metabolism or RIPK3-
regulated T-cell exhaustion could enhance ICI efficacy. Additionally, integrating single-cell and spatial transcriptomics 
could provide deeper insights into the spatial organization of immune cells and their interactions within the TME.
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