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Abstract
Aim: This study focused on developing a prognostic index model associated with ferroptosis for predicting prostate 
cancer (PCa) relapse and progression. The aim was to enhance clinical decision making and improve 
immunotherapy strategies for PCa patients, ultimately leading to better patient outcomes.

Methods: The study employed the least absolute shrinkage and selection operator to develop the Ferroptosis-
related gene (FRG) prognostic index model. This model's predictive power was validated across multiple PCa 
datasets, and its correlation with clinicopathological factors was investigated. Kyoto Encyclopedia of Genes and 

https://creativecommons.org/licenses/by/4.0/
https://www.oaepublish.com/jcmt
https://dx.doi.org/10.20517/2394-4722.2025.73
https://dx.doi.org/10.20517/2394-4722.2025.73
http://crossmark.crossref.org/dialog/?doi=10.20517/2394-4722.2025.73&domain=pdf


Page 2 of Wang et al. J Cancer Metastasis Treat. 2025;11:21 https://dx.doi.org/10.20517/2394-4722.2025.7321

Genomes pathway and Gene Ontology analyses were conducted to identify associated signaling pathways. 
Furthermore, the CIBERSORT algorithm was used to assess PCa patient outcomes based on the combination of the 
FRGs risk index and immune cell infiltration patterns.

Results: The FRG index model emerged as an independent predictor of PCa recurrence. It correlated with advanced 
pathological stages, higher prostate-specific antigen levels, and higher tumor grades. Notably, the FRG index was 
significantly associated with immune cell infiltration, particularly activated mast cells, which are crucial in PCa 
recurrence and progression. Furthermore, the response of the FRG index in PCa cell lines implies that doxorubicin 
may hold clinical efficacy for recurrent PCa.

Conclusion: The FRG index established here could serve as a valuable prognostic tool and clinical decision-making 
aid in PCa. It offers insights into the molecular mechanisms underlying PCa progression and suggests new avenues 
for immunotherapeutic strategies, potentially leading to improved patient outcomes and a better understanding of 
PCa biology.
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INTRODUCTION
Prostate cancer (PCa) is one of the most prevalent malignancies, representing the most frequently 
diagnosed cancer and the second leading cause of cancer-related deaths among men worldwide[1,2]. 
Advancing age is a notable risk factor for PCa, with the incidence of the disease significantly increasing in 
men over 50 years old. Moreover, factors such as diet, lifestyle, and family history also contribute to the risk 
of developing PCa[1]. Consequently, the global burden of this cancer is expected to rise amidst aging 
populations and economic prosperity.

Hormone therapy has traditionally been the primary clinical treatment option for PCa[3,4]. However, despite 
its widespread use, many patients unfortunately transition to a more metastatic and lethal stage within one 
to two years following treatment[5]. Notably, post-treatment recurrence is a pivotal factor that significantly 
contributes to the escalating metastasis and poor outcomes in PCa. Therefore, to effectively reduce the 
mortality rate of PCa, it is paramount to detect clinical progression or recurrence in its earliest stages, when 
the disease burden is relatively low, and the treatment remains highly responsive and effective[6]. Prostate-
specific antigen (PSA) testing is currently the most common approach for PCa detection, but it is subject to 
controversy, leading to overtesting and overdiagnosis[7]. Alternative biomarkers, including the 4Kscore and 
prostate health index (PHI) in serum, as well as SelectMDx, ExoDx Prostate Intelliscore, MyProstateScore 
(MPS), and PCa antigen 3 (PCA3) in urine, have primarily served as auxiliary diagnostic tools[6,8]. The 
prognosis index for PCa progression remains diverse and challenging, and there is still no good standard 
index to predict PCa progression[9,10]. Therefore, there is an urgent need for the identification of reliable 
prognostic biomarkers and a more comprehensive understanding of the underlying molecular mechanisms 
of PCa progression.

Ferroptosis, an iron-dependent type of programmed cell death characterized by the accumulation of lipid 
peroxides, is distinct from other types of cell death in terms of mechanisms and morphology aspects, such 
as its involvement in dysregulation of iron metabolism, unique morphological features like cell swelling and 
increased mitochondrial membrane density, as well as its sensitivity to specific inhibitors targeting lipid 
peroxidation[11]. Ferroptosis can serve as a natural barrier to tumor progression and has recently been 
recognized as a promising target for cancer therapy[12-14], including gastric cancer[15], colorectal cancer[16], 
breast cancer[14,17], and PCa[14]. It has been implicated in the sensitivity of cancer cells to chemotherapy, 
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radiotherapy, and immunotherapy[18]. Recent studies have linked the modulation of ferroptosis-related 
pathways to various cancer progression, specifically PCa[14]. Research demonstrated that PCa resistant to 
traditional treatments exhibited sensitivity to ferroptosis inducers, such as Erastin and RSL3[19]. However, 
despite the existence of some ferroptosis-related signatures linked to biochemical recurrence or overall 
survival of PCa[6,20], the potential of ferroptosis-related genes as relapse biomarkers for PCa remains largely 
unexplored.

In this study, we aimed to systematically identify and validate a ferroptosis-related prognostic index model 
for PCa recurrence. By analyzing RNA-seq data from prostate adenocarcinoma tissues, we identified a set of 
ferroptosis-related genes (FRGs) that were differentially expressed. Utilizing these FRGs, we successfully 
constructed a prognostic index model that exhibited remarkable predictive accuracy across multiple 
datasets. The identification and validation of this FRG prognostic index model may not only offer a valuable 
tool for personalized risk stratification and treatment planning, but also provide new insights into the 
underlying molecular mechanisms driving PCa progression. Moreover, it may serve as a valuable prognostic 
instrument for guiding clinical decision making. Furthermore, this study could open new avenues for future 
investigations, particularly in exploring the therapeutic targeting of ferroptosis-related pathways as a 
potential strategy to improve PCa outcomes.

METHODS
Cell culture
Human prostate cancer cell lines PC3 (Cat: CL-0185), LNCaP (Cat: CL-0143), and VCaP (Cat: CL-0241) 
were obtained from Wuhan Procell Life Technology Co., LTD. DU145 (TCHu222) was from the Chinese 
Academy of Sciences Cell Bank (Shanghai, China). C4-2 were previously generated by our lab. All cell lines 
underwent standard authentication (STR profiling) and mycoplasma testing by the provider.

Human PCa cell lines (PC3, LNCaP, VCaP, DU145, C4-2) were cultured in RPMI 1640 (pH 7.4, Servicebio, 
Cat. G4531) or DMEM (pH 7.4, Servicebio, Cat. G4511) medium supplemented with 10% fetal bovine 
serum (FBS, TRAN, Cat. FS301-02) and 1% penicillin/streptomycin (P/S, HyClone, Cat. SV30010) at 37 °C 
with 5% CO2. Cells were treated with 0.5 µM doxorubicin (DOX, Selleck, Cat. S1208) or DMSO (control) for 
24 h.

Quantitative real-time PCR
Total RNA was extracted with TRIzol reagent (Invitrogen, Cat. 15596018), in accordance with the 
manufacturer’s instructions. Subsequently, 1 µg of total RNA was reverse transcribed into complementary 
DNA (cDNA) using the PrimeScript™ RT Master Mix kit (Takara, Cat. RR036A), following the 
manufacturer’s protocol. PCR amplification was performed using TB Green Premix Ex Taq II (Tli RNaseH 
Plus, Takara, Cat. RR820A) along with specific primers. The primer sequences (5' to 3') employed were as 
follows:

CDO1 - forward: ATGGAACAGACCGAAGTGCTG, reverse: CTTGGCGTACATTGCCCAC;

ANO6 - forward: AAATTGCCTCTGAAACCCAATGA, reverse: GCTTTCGTCTACACTGAGGACTT;

NUPR1 - forward: GCCTTGGTTACAGGAGGTGG, reverse: TAGTGTCCATGGTCTGGCCT;

KIF20A - forward: TTGAGGGTTAGGCCCTTGTTA, reverse: GTCCTTGGGTGCTTGTAGAAC;
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PTGS2 - forward: TAAGTGCGATTGTACCCGGAC, reverse: TTTGTAGCCATAGTCAGCATTGT;

EZH2 - forward: AATCAGAGTACATGCGACTGAGA, reverse: GCTGTATCCTTCGCTGTTTCC;

Actin - forward: GCTATCCAGGCTGTGCTATC, reverse: TGTCACGCACGATTTCC.

Real-time PCR reactions were performed using a CFX96 Real-Time System (Bio-Rad). Relative gene 
expression levels were calculated using the 2-∆∆CT method. The results were expressed as fold changes 
normalized to the Actin control group.

Bioinformatic data acquisition
To establish a ferroptosis-related prognostic gene model, we sourced transcriptome data in FPKM format 
and clinical information encompassing 51 normal and 492 prostate tumor tissues from The Cancer Genome 
Atlas (TCGA) database (https://portal.gdc.cancer.gov/). Furthermore, to validate our prognostic gene risk 
model, we delved into the PCa Data Base (PCaDB, http://bioinfo.jialab-ucr.org/PCaDB/)[21]. Specifically, we 
utilized transcriptome data and clinical information from eight studies: GSE21034 with 140 PCa patients[22], 
GSE94767 with 127 PCa patients[23], DKFZ2018 with 105 PCa patients[24], E-MTAB-6128 with 81 PCa 
patients[25], GSE70768 with 111 PCa patients[26], GSE116918 with 248 PCa patients[27], GSE54460 with 
100 PCa patients[28], and GSE107299 comprising 99 PCa patients[29]. The log2 (TPM+1) data of immortalized 
Prostate Epithelial Cells (PrEC-LH), Benign Prostatic Hyperplasia-1 cells (BPH-1), and the prostate 
adenocarcinoma cell lines such as PC3, LNCaP, and VCaP were derived from the Cancer Dependency Map 
(DepMap) portal.

Construction and validation of the FRG prognostic model
The differentially expressed genes (DEGs) between prostate tumor and normal control tissues were 
identified utilizing the R package “limma”, employing a cut-off criterion of |log2FoldChange| > 2 and 
adjusted P-value < 0.05. Ferroptosis-related genes (FRGs), comprising ferroptosis driver, suppressor, and 
marker, were retrieved from FerrDb (http://www.zhounan.org/ferrdb/current/)[30]. Subsequently, the 
overlapping genes between the DEGs and FRGs were selected for further in-depth analysis.

Utilizing clinical data, ferroptosis-related DEGs were filtered by univariate Cox regression analysis, with a 
threshold of P-value < 0.05. The least absolute shrinkage and selection operator (LASSO) Cox regression 
analysis was employed to construct the FRG prognostic model associated with survival and relapse 
outcomes of PCa. The risk score was calculated using a formula as “riskScore = Σ (expression of each gene × 
its corresponding coefficient)”.

Furthermore, the “survminer” R package was employed to generate Kaplan-Meier (K-M) survival curves. 
Moreover, to assess the independent prognostic value of our gene model, both univariate and multivariate 
Cox regression analyses were conducted, considering both the risk score and several clinicopathological 
features. Additionally, the “survivalROC” R package was applied to plot the time-dependent receiver 
operating characteristic (ROC) curve and quantify the predictive power of our risk model.

Genetic interaction network analysis
To conduct a thorough exploration of the intricate relationships among genes within the ferroptosis-
associated prognostic model, we utilized the "igraph" and "corrplot" R packages for comprehensive 
correlation analysis. Specifically, we employed both the "Spearman" and "Pearson" methods to accurately 
calculate the correlation coefficients for each pair of genes. To facilitate the interpretation of these 
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correlations, we designed the resulting visualizations in a manner that intuitively represented the 
relationships. Positive correlations were depicted using red lines or boxes, while negative correlations were 
visualized with blue lines or boxes. Additionally, the corresponding correlation values were also presented.

Furthermore, to gain a deeper understanding of the functional interactions between these genes, we 
generated a protein-protein interaction (PPI) network using the STRING database (http://string-db.org/). 
By integrating both correlation analysis and PPI network visualization, we were able to gain a 
comprehensive and multifaceted understanding of the relationships among genes within our prognostic 
model.

Function enrichment analysis
TCGA PCa patients were stratified into two distinct cohorts: a high-risk group and a low-risk group, based 
on their risk scores computed from the FRG model. To gain insights into the underlying biological 
differences between these two cohorts, we employed the "limma" package to identify DEGs that exhibited 
significant changes (|log2FoldChange| > 1 and adjusted P-value < 0.05) between the high-risk and low-risk 
groups. Subsequently, utilizing enrichGO and enrichKEGG modules in the "clusterProfiler" R package, 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were 
performed on these DEGs.

The GO analysis was conducted in three dimensions: biological processes (BP), cellular components (CC), 
and molecular functions (MF). In each GO category, we highlighted the top five most significant terms. For 
KEGG analysis, we displayed the top 10 most enriched pathways. The analyses of GO and KEGG were both 
in the human genome background, with the parameters set to P value cut-off = 0.05 and q value 
cut-off = 0.05.

Clinicopathological features and drug sensitivity analysis of the FRG index risk model in PCa
Guided by the 2019 International Society of Urological Pathology (ISUP) Consensus Conference on 
Grading of Prostatic Carcinoma[31] and the Eighth Edition of the AJCC Cancer Staging Manual[32], we 
categorized the TCGA PCa patients into distinct pathological grades: Grade I, II, III, IV, and V, as well as 
into four distinct stages: Stage I, II, III, and IV. This classification process ensured a thorough and 
comprehensive evaluation of the patients' disease status. Following this categorization, we further analyzed 
and compared the risk scores of these patients in different pathological T and N stages, PSA levels, grades, 
and stages. These comparisons were presented in boxplots, which were computed and generated using the 
"ggplot2" R package.

To identify the drug sensitivity profiles of TCGA PCa cohorts that were stratified by the FRG index risk 
model, we first sourced the drug response data from two repositories: the Cancer Therapeutics Response 
Portal[33] (CTRP, https://portals.broadinstitute.org/ctrp/) and CellMiner[34] (https://discover.nci.nih.gov/
cellminer/). These databases provide invaluable information on the response of diverse human cancer cell 
lines to Food and Drug Administration (FDA)-approved drugs. Subsequently, utilizing the “oncoPredict” R 
package and the above drug response data, the drug sensitivity of each TCGA PCa patient was predicted.

Specifically, we focused on two commonly used drugs in PCa hormonal therapy: Abiraterone and 
Enzalutamide. These drugs play a crucial role in managing PCa, particularly in advanced stages. By 
analyzing the predictions of drug sensitivity in TCGA PCa patients, we compared the response profiles of 
Abiraterone and Enzalutamide between high-risk and low-risk PCa cohorts.

http://string-db.org/
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Immune characteristics analysis of the FRG index risk model in PCa
Utilizing the CIBERSORT algorithm, the immune infiltration patterns of TCGA prostate cancer patients 
were calculated. To uncover potential immunological differences that might underlie PCa progression, the 
infiltration levels of various immune cells were compared in normal versus prostate tumor, as well as 
between high- and low-risk PCa cohorts. Specifically, the PCa patients were classified into four distinct 
groups, based on both the infiltration level of a specific immune cell type and their individual risk score 
derived from the FRG model. To assess the prognostic performance of these patient groups, the 
“survminer” R package was utilized to generate K-M survival curves. Furthermore, the "Spearman" method 
was employed to calculate the correlation coefficients between each immune cell infiltration level and the 
FRG index risk score.

Statistical analysis
The R platform, specifically version 4.4.0 (https://cran.r-project.org/), was utilized for the statistical analysis. 
Group differences were assessed using ANOVA and Student’s t-test. Furthermore, the log-rank tests were 
applied to determine the statistical significance of the Kaplan-Meier method. An adjusted P-value was set 
for all statistical tests, and a P-value < 0.05 was considered statistically significant.

RESULTS
Identification and validation of the FRG prognostic index model in prostate cancer
To identify ferroptosis-related DEGs in PCa, we initially analyzed RNA-seq datasets from prostate 
adenocarcinoma tissues in TCGA using the R package “limma”. DEGs were filtered at a threshold of 
|log2FoldChange| > 2 and adjusted P-value < 0.05 [Figure 1A], and the resulting 37 ferroptosis-related DEGs 
intersected between DEGs and FRGs were selected for further analysis. Utilizing univariate Cox regression 
analysis on FRGs, coupled with clinical recurrence and survival information, we identified 114 recurrence-
related and 41 overall survival-related prognostic genes. Furthermore, upon intersecting with ferroptosis-
related DEGs, we ultimately identified 13 recurrence-related prognostic DEGs and 8 overall survival-related 
prognostic DEGs. Among them, CDKN2A, CDCA3, RRM2, KIF20A, and EZH2 were significantly 
associated with both recurrence and overall survival of PCa patients. The upregulation of each of these five 
genes independently elevated the risk of recurrence and mortality in PCa patients [Figure 1B-D].

Based on the above 13 recurrence-related prognostic DEGs and 8 overall survival-related prognostic DEGs, 
seven genes (NOX4, CDO1, ANO6, NUPR1, KIF20A, EZH2, PTGS2) for recurrence prediction and six 
genes (NOX1, CDKN2A, MIOX, AKR1C2, RRM2, EZH2) for overall survival were further selected by 
LASSO-penalized regression modeling. For each PCa case, we calculated a FRG prognostic index risk score 
based on the expression levels of the selected genes, weighted by their respective regression coefficients. 
Based on these risk scores, these PCa patients were next divided into high-risk and low-risk groups. As 
expected, the high-risk group exhibited significantly poorer relapse-free and overall survival probabilities 
than the low-risk group [Figure 2A and B]. Notably, as the FRG prognostic index risk score increases, both 
the number of relapsed cases [Figure 2C] and deaths [Figure 2D] among PCa patients rise markedly. 
Furthermore, the area under the ROC curve for 1-3-year relapse-free survival and overall survival was 
consistently above 0.65 [Figure 2E and F], indicating the promising predictive power of the FRG prognostic 
index.

As clinical recurrence is a critical factor for PCa progression, our subsequent focus was primarily on the risk 
model of the FRG prognostic index for PCa recurrence. We then validated the prognostic value of our FRG 
recurrence index model based on eight additional PCa datasets (GSE21034, GSE94767, DKFZ2018, 
E-MTAB-6128, GSE70768, GSE116918, GSE54460, and GSE107299). These datasets provided us with an 
opportunity to externally validate the FRG index risk model and assess its predictive reliability in an 

https://cran.r-project.org/
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Figure 1. Identification of FRG prognostic genes in prostate cancer. (A) Volcano plot showing differentially expressed genes (DEGs) 
between prostate tumor and normal tissues from the TCGA dataset. (B) Venn diagram showing the overlap between DEGs of FRGs and 
prognostic genes for recurrence/overall survival. (C and D) Univariate Cox regression analysis of FRGs associated with overall survival 
(C) and recurrence (D) in prostate cancer. Sample sizes: normal tissues (n = 51); prostate tumors (n = 492).

independent cohort. In consistency with the TCGA dataset, the relapse-free probabilities of high-risk
pat ients  were  both  poorer  than those  o f  the  low-r i sk  pat ients  in  these  datase t s
[Supplementary Figure 1A, B, E and F, Supplementary Figure 2A, B, E and F]. Meanwhile, as the FRG
recurrence index risk score rises, the recurrence rate of PCa cases becomes significantly higher
[Supplementary Figure 1C, D, G and H, Supplementary Figure 2C, D, G and H]. In conclusion, readouts of
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Figure 2. Analysis of relapse and survival patterns in TCGA prostate cancer patients based on the FRG prognostic index. (A and B) 
Kaplan-Meier curves show relapse-free probability (A) and overall survival (B) in high- and low-risk groups, classified according to the 
FRG prognostic model derived from LASSO Cox regression analysis. (C and D) Risk distribution plots visualize the risk scores and 
corresponding recurrence status (C) or survival status (D) of TCGA prostate cancer patients. (E and F) ROC curves illustrate the 
predictive performance of the FRG prognostic index for recurrence (E) and survival (F) at 1-, 2-, and 3-year intervals. n = 482.

these analyses highlighted the prognostic value of our FRG prognostic index for PCa recurrence, showing 
across multiple datasets that high-risk patients bore poorer relapse-free outcomes.
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Based on the established risk model of FRG prognostic index for PCa recurrence (NOX4, CDO1, ANO6, 
NUPR1, KIF20A, EZH2, PTGS2), we conducted an analytical and experimental validation on the expression 
of these model genes in PCa cell lines. Among these genes, CDO1, ANO6, and PTGS2 are linked to high 
recurrence risk when they are lowly expressed, whereas NOX4, KIF20A, EZH2, and NUPR1 are associated 
with high recurrence risk when they are highly expressed in PCa [Figure 1D]. Expression pattern validation 
through integrated analysis of cohorts containing normal tissues (GSE21034, E-MTAB-6128, GSE70768, 
and GSE35988; Supplementary Figure 3) further supports this: for the ferroptosis suppressors (high 
expression indicating high risk), NUPR1, KIF20A, EZH2, and NOX4 showed consistent upregulation in 
prostate tumors (both primary and CRPC); for the ferroptosis promoters (low expression indicating high 
risk), ANO6 and PTGS2 were uniformly downregulated in prostate cancer patients, while CDO1 exhibited a 
context-dependent pattern, not showing a consistent pattern in primary prostate cancer but being 
significantly downregulated in CRPC. These associations reflect distinct expression-risk patterns tied to 
ferroptosis regulation: NUPR1, KIF20A, EZH2, and NOX4 are ferroptosis suppressors, and their high 
expression suppresses ferroptosis to drive high recurrence risk and resistance, while low expression of 
CDO1, ANO6, and PTGS2 (ferroptosis promoters) impairs ferroptosis and similarly elevates recurrence 
risk.

According to the DepMap portal database [Figure 3A], compared to normal epithelial cells PRECLH and 
benign cells BPH1, CDO1 is obviously downregulated in PC3 and LNCAP, aligning with its low expression-
high risk profile, but is notably upregulated in VCAP. Similarly, ANO6 and PTGS2 are markedly decreased 
in BPH1, PC3, LNCAP, and VCAP compared to PRECLH, consistent with their low expression-high risk 
status. NUPR1, KIF20A, and EZH2 exhibit upregulated trends in both LNCAP and VCAP, corroborating 
their high expression-high risk associations. NOX4 is notably downregulated in LNCAP and PC3 but shows 
no significant difference in VCAP, which contradicts its high expression-low risk classification. Further 
validation using RT-PCR across different PCa cell lines (PC3, DU145, LNCAP, C4-2 and VCAP) revealed 
that NOX4 expression is extremely low in various PCa cell lines, explaining the discrepancy observed in the 
model. Consistent with previous findings, the RT-PCR results of CDO1 showed exceptionally high 
expression in VCAP [Figure 3B]. Moreover, the expression patterns of ANO6, PTGS2, NUPR1, KIF20A, 
and EZH2 in LNCAP and VCAP cells align with the trends observed in the DepMap portal database 
[Figure 3A and B]. Therefore, we selected LNCAP and VCAP for subsequent analytical validation.

To functionally validate the FRG model, we used doxorubicin (DOX) treatment as a ferroptotic stress 
challenge, given that DOX induces ferroptosis by increasing lipid peroxidation[35]. Experimental results 
showed that CDO1, which was less expressed in LNCAP than VCAP cells, was significantly more 
upregulated in LNCAP upon DOX treatment (Fold Change [FC] = 3.8 in LNCAP vs. 1.9 in VCAP) 
[Figure 3C]. Conversely, PTGS2, which was relatively lower in VCAP than LNCAP, displayed a more 
marked upregulation in VCAP in response to DOX (FC = 2.0 in LNCAP vs. 3.9 in VCAP). NUPR1, which 
was relatively higher in LNCAP than VCAP, showed a more evident upregulation in LNCAP upon DOX 
exposure (FC = 3.2 in LNCAP vs. 1.4 in VCAP). For KIF20A and EZH2, both of which were expressed at 
higher levels in VCAP than LNCAP, were significantly upregulated in VCAP upon DOX treatment, while 
strikingly downregulated in LNCAP cells (KIF20A, FC = 0.5 in LNCAP vs. 1.6 in VCAP; EZH2, FC = 0.7 in 
LNCAP vs. 1.4 in VCAP). ANO6 exhibited similar upregulation in both lines in response to DOX treatment 
(FC = 1.6). These amplified gene expression responses in high-risk cells reflect underlying ferroptosis 
dysregulation, which is consistent with their recurrence-prone phenotype and suggests ferroptosis inducers 
like DOX may target recurrence-driven vulnerabilities. Collectively, VCAP, characterized by low PTGS2 
and high KIF20A and EZH2 expression, showed a more pronounced response of these three genes to DOX, 
while LNCAP, with low CDO1 and high NUPR1 expression, exhibited a more evident response of these two 

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202508/jcmt5073-SupplementaryMaterials.pdf
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Figure 3. Validation of the FRG recurrence prognostic index for the ferroptosis-induced response in PCa cells. (A) Expression profiles of 
genes in the FRG-based prognostic risk index for PCa recurrence, measured in two benign prostate cell types: immortalized Prostate 
Epithelial Cells (PrEC-LH) and Benign Prostatic Hyperplasia-1 cells (BPH-1), and in prostate adenocarcinoma cell lines: PC3, LNCAP, and 
VCAP. (B) RT-PCR verification of endogenous expression levels of the FRG risk model genes in PCa cell lines: PC3, DU145, C4-2, 
LNCAP, and VCAP. (C) Relative expression levels of FRG risk model genes in LNCAP and VCAP cells after exposure to DOX (0.5 μM) 
for 24 h. Actin was used as the reference gene for normalization, and the DMSO-treated group served as the control. *P < 0.05, 
**P < 0.01, ***P < 0.001, ****P < 0.0001.

genes to DOX, both conform to the pattern that higher recurrence risk corresponds to a more pronounced 
response to DOX.

CDO1, ANO6, and PTGS2, as ferroptosis drivers or markers, have been reported to promote ferroptosis. 
Conversely, NUPR1, KIF20A, and EZH2 act as ferroptosis inhibitors, suppressing ferroptosis[30]. By 
integrating our experimental and analytical results, we found that low expression of ferroptosis drivers/
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markers and high expression of ferroptosis inhibitors in PCa predict a higher recurrence risk, suggesting 
that the blockade of ferroptosis may contribute to a notable increase in PCa recurrence rates. Furthermore, 
the previously observed more pronounced response to DOX in the context of high recurrence risk implies 
that DOX may hold clinical efficacy in the treatment of recurrent PCa, thereby reinforcing the validity of 
our FRG recurrence index.

The FRG prognostic index could serve as an independent predictor of relapse for clinical PCa
Based on the prognostic value of our FRG recurrence index in PCa, we delved deeper into their expression 
profiles and co-expression patterns to uncover their intricate correlations. Among the 13 recurrence-related 
prognostic DEGs, two distinct expression profiles emerged. Notably, CDO1, TP63, ANO6, CAV1, PDK4, 
and PTGS2 displayed significant upregulation, whereas NUPR1, EZH2, CDCA3, RRM2, KIF20A, NOX4, 
and CDKN2A exhibited marked downregulation in prostate tumor tissues compared to normal tissues 
[Figure 4A]. Our correlation analysis using the “Spearman” [Figure 4B] and “Pearson” [Figure 4C] methods 
both revealed that genes within each of the above two profiles exhibited internally positive correlation, but 
negative correlations with genes in the other profile. The seven FRG recurrence index (CDO1, ANO6, 
PTGS2, NOX4, NUPR1, KIF20A, EZH2) identified through Lasso regression models encompassed both the 
above two distinct expression profiles. Utilizing the STRING database, we predicted protein interactions 
and found that only four of these lasso genes (PTGS2, NOX4, EZH2, KIF20A) exhibited interaction 
[Figure 4D]. The differential expression patterns suggested that these genes may function interrelatedly as a 
network that can be linked to the prognosis of PCa recurrence.

To further solidify the significance of the FRG recurrence index risk score as an indicator of PCa 
progression, we next grouped TCGA PCa patients into five Grades according to their Gleason scores, 
referencing the 2019 International Society of Urological Pathology (ISUP) Consensus Conference on 
Grading of Prostatic Carcinoma[31]. Additionally, the cancer stage of each case was also assigned in 
accordance with the Eighth Edition of the AJCC Cancer Staging Manual[32].

Furthermore, to substantiate the potential of our FRG recurrence index risk model as an independent PCa 
prognostic factor, we conducted comprehensive univariate and multivariate Cox regression analyses. These 
analyses encompassed diverse factors such as age, clinicopathological parameters (including pathological T 
and N stage, PSA level, Grade, and Stage), and the risk score derived from our FRG recurrence index model. 
Since the Stage was determined by factors such as pathological T stage, pathological N stage, PSA level, and 
Gleason score, we excluded it from the multivariate Cox regression analysis to avoid redundancy. The 
univariate analysis showed that pathological T stage, N stage, PSA level, Grade, Stage, and FRG recurrence 
index risk scores were all significant predictors for PCa relapse [Figure 4E]. However, the multivariate 
analysis revealed that only the T stage and FRG recurrence index risk score emerged as independent 
predictors of relapse for PCa patients [Figure 4F]. Our comprehensive Cox regression analyses 
demonstrated that, among multiple factors underlying PCa relapse, the risk score derived from our FRG 
recurrence index model stood out as an independent predictor for PCa recurrence.

The FRG recurrence index effectively reflects PCa progression
Based on the clinicopathological categorization of PCa patients, our investigation into the correlation 
between the FRG recurrence index risk score and clinicopathological features has yielded intriguing 
insights. Our comprehensive analysis revealed that patients with advanced pathological T and N stages 
exhibited significantly higher FRG recurrence index risk scores, indicating a greater likelihood of relapse 
[Figure 5A and B]. Specifically, the PCa patients in more aggressive pathological T3 (n = 282) and T4 
(n = 10) stages presented significantly higher FRG recurrence index risk scores than in T2 (n = 184) stages 
[Figure 5A]. The patients with lymph node metastasis (N1, n = 77) displayed obviously higher FRG 
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Figure 4. Expression patterns and prognostic value of the FRG recurrence index in TCGA prostate cancer. (A) Heatmap showing the 
expression profiles of 13 relapse-associated FRGs in TCGA prostate cancer samples. (B) Spearman correlation network of the selected 
FRGs. (C) Lower left panel: Pearson correlation coefficients between the selected relapse-associated FRGs. Upper right panel: results of 
statistical significance tests, with asterisks indicating significance levels (*P < 0.05, **P < 0.01, ***P < 0.001). (D) Interaction network of 
the selected FRGs retrieved from the STRING database. (E and F) Univariate (E) and multivariate (F) analyses of the prognostic value of 
the FRG recurrence risk score in TCGA prostate cancer patients, along with clinicopathological parameters. N: Normal tissue. T: tumor 
tissue. n (Normal) = 51, n (Prostate tumor) = 492.
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Figure 5. Clinicopathological and biological characteristics of TCGA prostate cancer patients according to the FRG recurrence index risk 
group. (A-E) Associations between the FRG recurrence index risk score and clinicopathological features, including pathological T stage 
(A), pathological N stage (B), PSA level (C), overall stage (D), and tumor grade (E). (F and G) Positive correlations between drug 
sensitivity to Abiraterone (F) or Enzalutamide (G) and the FRG recurrence index risk score in prostate cancer patients. (H) The top five 
enriched terms in the Biological Process (BP), Cellular Component (CC), and Molecular Function (MF) categories from Gene Ontology 
(GO) analysis. (I) The top 10 enriched terms from the KEGG pathway analysis. GO and KEGG enrichment analyses were performed by 
comparing the high- and low-risk groups of TCGA prostate cancer patients. *P < 0.05, ***P < 0.001, ****P < 0.0001. The term “risk 
score” refers to scores calculated from our FRGs-based model.
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recurrence index risk scores than those patients without node involvement (N0, n = 334) [Figure 5B].

Furthermore, we also observed that patients with PSA levels exceeding 20 ng/mL (PSA >= 20, n = 53) had 
significantly higher FRG recurrence index risk scores compared to those with PSA levels below 10 ng/mL 
(PSA < 10, n = 315) [Figure 5C]. PSA is an androgen receptor (AR)-driven gene that is widely used as a PCa 
biomarker, and its elevated expression often correlates with disease progression. Our findings suggested that 
the higher FRG recurrence index risk score could serve as a significant predictive indicator for the elevated 
PSA level of PCa patients.

Additionally, we found that the patients in the more aggressive stage (Stage III-IV, n = 303) also had 
markedly higher FRG recurrence index risk scores than those in Stages I-II (n = 129) [Figure 5D]. 
Furthermore, compared with the PCa patients in Grade I (n = 45) and II (n = 145), the patients in advanced 
tumor grades (Grade III, n = 99; Grade IV, n = 59; and Grade V, n = 134) showed higher FRG recurrence 
index risk scores [Figure 5E]. These clinicopathological parameters are known indicators of tumor 
aggressiveness and disease progression. Our results indicated that the FRG recurrence index risk score can 
be a valuable prognostic instrument, given that patients with higher risk scores tend to exhibit poorer 
clinicopathological characteristics. Notably, PCa patients in the higher FRG recurrence index risk score 
group exhibited higher sensitivity to Abiraterone [Figure 5F] and Enzalutamide [Figure 5G], two commonly 
administered AR antagonists in hormonal therapy. These findings implied that, apart from the prognostic 
significance, our FRG recurrence index model could also serve as a reference for therapeutic interventions.

The convergence of the FRG recurrence index risk model with the PCa cell cycle pathway and tumor 
immune microenvironment
Based on the risk scores derived from our FRG recurrence index risk model, we categorized PCa patients 
into two cohorts: the high- and low-risk groups. To explore the underlying molecular mechanisms, we next 
employed the “limma” package to perform differential transcriptome analysis between these two cohorts. As 
a result, a total of 595 genes were filtered. To gain further insights into the linked biological functions and 
pathways, we subsequently conducted GO [Figure 5H] and KEGG [Figure 5I] enrichment analyses. The 
results indicated that these genes were significantly enriched in the cell cycle pathway, which drives cell 
growth and division. Aberrations of the cell cycle are linked to cancer progression and evasion from 
immune surveillance[36,37]. Consistently, we have confirmed a positive correlation between our FRG 
recurrence index risk scores and PCa progression [Figure 5A-E].

Next, we pursued the correlation between the FRG recurrence index risk scores and immune response in 
PCa patients. To explore the immune landscape in the PCa context, we employed the CIBERSORT 
algorithm to analyze TCGA PCa RNA-seq datasets. Our results indicated that prostate tumor tissues were 
infiltrated with a relatively higher proportion of M0/M1/M2 macrophages and regulatory T cells (Tregs), 
but a lower fraction of resting mast cells, monocytes, and naïve B cells [Figure 6A]. The distinct PCa 
immune infiltration profiles, particularly macrophages and mast cells, provide insights into the immune 
landscape of the PCa tumor immune microenvironment (TME). Further analysis revealed that in PCa, the 
risk score derived from our FRG recurrence index model was significantly positively correlated with the 
distributions of eosinophils, M0/M2 macrophages, monocytes, memory/naïve B cells, and neutrophils. 
Conversely, a significant negative correlation was noted between the FRG recurrence index risk scores and 
resting/activated mast cells [Figure 6B]. These findings indicated that our FRG recurrence index risk model, 
coupled with immune cell infiltration analysis, holds promise as a more predictive tool for forecasting PCa 
recurrence.
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Figure 6. Immune landscape of the prostate tumor microenvironment. (A) Using the CIBERSORT algorithm, the differences in the 
infiltration of various immune cell types between prostate tumor and normal tissues are shown. (B) The correlations between the FRG 
recurrence index risk score and the infiltration levels of specific immune cell types are illustrated. **P < 0.01, ***P < 0.001, 
****P < 0.0001. abs(cor) denotes the absolute correlation coefficient. n (Normal) = 51, n (Prostate tumor) = 492.

The activated state of mast cells significantly affects the recurrence of prostate cancer patients
Next, we embarked on comprehensive analyses of the relapse-free probability in clinical PCa, by 
incorporating both the FRG recurrence index risk score and the infiltration patterns of various immune 
cells. Based on the result of the CIBERSORT algorithm analysis, we further conducted systematic profiling 
of immune infiltration in the TCGA PCa cohort of high and low FRG recurrence index risk, respectively. 
The results showed a significant association between the FRG recurrence index risk scores and the 
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infiltration statuses of monocytes, M0/M2 macrophages, eosinophils, and activated mast cells. More 
specifically, the high FRG recurrence index risk cohort exhibited markedly increased infiltration of 
eosinophils, monocytes, and M0/M2 macrophages, whereas infiltration of activated mast cells was 
significantly reduced [Figure 7A].

We subsequently performed relapse probability analysis to evaluate the prognostic value of our FRG 
recurrence index risk model, in conjunction with immune populations that exhibited significant differences 
between high and low FRG recurrence index risk of PCa cohorts. The PCa patients were categorized into 
four groups based on their FRG recurrence index risk score and immune cell infiltration status: (1) high 
FRG recurrence index risk and high immune cell infiltration; (2) high FRG recurrence index risk and low 
immune cell infiltration; (3) low FRG recurrence index risk and high immune cell infiltration; and (4) low 
FRG recurrence index risk and low immune cell infiltration.

The results showed that, independent of immune cell infiltration, our FRG index risk model alone remained 
predictive for PCa recurrence [Figure 7B-G]. Specifically, PCa patients with a high FRG index risk 
consistently exhibited poorer relapse outcomes compared to those with a low index risk, regardless of the 
level of immune cell infiltration. Among both the high and low FRG index risk groups, the infiltration levels 
of monocytes [Figure 7B], eosinophils [Figure 7C], macrophages M0/M2 [Figure 7D and E], and resting 
mast cells [Figure 7F] did not yield significant differences in terms of PCa recurrence. Notably, the status 
(resting or activated) of mast cells exerted diametrically opposed effects on both high and low FRG index 
risk groups [Figure 7F and G]. However, only the infiltration level of activated mast cells exhibited 
significant differences within both the high and low FRG index risk groups [Figure 7G]. This observation 
underscores the potential prognostic and therapeutic relevance of mast cell transition from a resting to an 
activated state in PCa. Critically, high FRG risk consistently predicts poorer outcomes regardless of mast cell 
state [Figure 7B-G]. Collectively, these findings emphasize the pivotal role of activated mast cells in the 
interplay between ferroptosis, cancer progression, and immune response, thereby necessitating the 
repositioning of mast cells in novel PCa immunotherapeutic strategies.

DISCUSSION
In this study, we established a FRG prognostic index for PCa recurrence. The model highlights that low 
expression of ferroptosis drivers (CDO1, ANO6, PTGS2) and high expression of inhibitors (NUPR1, 
KIF20A, EZH2) predict recurrence and correlate with DOX sensitivity. This suggests that blocking 
ferroptosis may contribute to increased PCa recurrence, and DOX may be effective in treating recurrent 
PCa, validating our FRG recurrence index.

Although some ferroptosis-related signatures have been reported in PCa[6,20], our FRG recurrence index 
stands out as a more systematically developed and rigorously validated model, having undergone exact 
scrutiny across eight PCa datasets. Our data revealed that our FRG index risk model could serve as an 
independent predictor of recurrence for PCa patients. The comprehensive univariate and multivariate Cox 
regression analyses showed that the risk score derived from our FRG index risk model is an independent 
predictor for recurrence of PCa patients, even when considering other clinicopathological factors such as 
age, pathological stage, and PSA level. Moreover, the FRG recurrence index could effectively reflect the 
progression of PCa. The PCa patients with higher FRG recurrence index risk scores always exhibited 
advanced pathological T and N stages, higher PSA levels, and higher tumor grades and stages, indicating a 
greater likelihood of relapse. These findings suggest that the FRG recurrence index may serve as a valuable 
prognostic instrument for predicting PCa progression.
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Figure 7. Outcomes of immuno-infiltration analysis combined with the FRG recurrence index risk score in TCGA prostate cancer 
patients. (A) Differences in immune infiltration between high- and low-risk FRG index prostate cancer cohorts. (B-G) Based on the FRG 
recurrence index risk score and the infiltration levels of specific immune cell types, TCGA prostate cancer patients were divided into 
four cohorts: 1. high FRG index risk and high immune cell infiltration; 2. high FRG index risk and low immune cell infiltration; 3. low FRG 
index risk and high immune cell infiltration; 4. low FRG index risk and low immune cell infiltration. Kaplan-Meier analyses comparing 
relapse-free survival probabilities among the four groups are presented. *P < 0.05, ***P < 0.001.

Extensive investigations have definitively pinpointed cell cycle aberration as a hallmark of cancer, crucially 
involved in its initiation, progression, malignant transformation, and evasion from immune 
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surveillance[36,37]. In our study, through enrichment analyses of differentially expressed genes between PCa 
cohorts with high and low FRG index risk, we discovered that these genes were significantly enriched in the 
cell cycle pathway. Based on the positive correlation we have confirmed between the FRG recurrence index 
risk scores and PCa progression, along with the crucial role of cell cycle in cancer progression, our findings 
indicate that our FRG recurrence index likely contributes to cancer progression by influencing cell cycle 
functions. Targeted investigations of ferroptosis-driven cell cycle dysregulation, including single-gene 
functional studies and cyclin network analyses, will be addressed in subsequent work.

On the other hand, given the pivotal role that the cell cycle plays in immunotherapy, we next investigated 
the correlation between our FRG recurrence index and the immune microenvironment of PCa. Previous 
studies have revealed that both macrophages and mast cells hold critical roles in cancer progression at least 
within recurrence[38]. Specifically, M2 macrophages are known to promote angiogenesis and tumor cell 
invasion, whereas M1 macrophages generally exhibit antitumor effects[39,40]. Mast cells, meanwhile, may have 
either pro-tumorigenic or anti-tumorigenic functions depending on the tumor type[41-43]. Research in PCa 
has demonstrated that patients with high levels of M2 macrophages face increased risk of mortality and 
biochemical recurrence[43-45], while the role of mast cells remains controversial[41,43]. In this study, we found 
that the FRG recurrence index risk score was significantly correlated with various immune cell infiltration 
levels in PCa patients. Notably, the status of mast cells showed opposite effects in high-risk vs. low-risk FRG 
recurrence index cohorts. Among these, only the infiltration levels of activated mast cells significantly 
influenced PCa recurrence in both risk groups. Interestingly, we observed that the transition of mast cells 
from a resting to an activated state may offer new insights into the interplay between immune responses and 
ferroptosis in cancer progression. This finding could potentially inform the development of novel 
immunotherapeutic strategies for PCa.

While these findings support the utility of our FRG recurrence index, key limitations include reliance on 
retrospective datasets (needing prospective validation), transcriptomics-only basis (requiring multi-omics 
integration), in vitro-only validation (needing in vivo/primary samples), computational dependency in 
immune analyses (needing spatial/multiplex methods for mast cells), and the need for clinical trials to 
confirm predicted drug sensitivity.

In summary, our study successfully established a FRG index risk model for predicting recurrence status in 
PCa patients. This FRG recurrence index risk model may serve as a valuable prognostic tool for clinical 
decision making and may provide insights into the underlying molecular mechanisms of PCa progression. 
Further studies are warranted to validate the prognostic value of this index in larger cohorts and to 
investigate the potential therapeutic implications of targeting these genes in PCa.

Conclusion
This study successfully identifies and validates a FRG index risk model for predicting PCa recurrence. The 
FRG index serves as an independent predictor of recurrence and correlates with clinicopathological 
characteristics and immune cell infiltration levels in PCa. These findings may provide insights into the 
mechanisms driving PCa progression and guide clinical decision making. Further studies are needed to 
validate its prognostic value and explore therapeutic implications.
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