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Resistance Related Index Improves Prostate
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Purpose: This study aimed to establish a nomogram combining 31-gene signature (31-GS), radiosensitivity index (RSI), and radiation-
resistance-related gene index (RRRI) to predict recurrence in prostate cancer (PCa) patients.
Methods and Materials: Transcriptome data of PCa were obtained from gene expression omnibus and the cancer genome atlas to validate
the predictive potential of 3 sets of published biomarkers, namely, 31-GS, RSI, and RRRI. To adjust these markers for the characteristics of
PCa, we analyzed 4 PCa-associated radiosensitivity predictive indices based on 31-GS, RSI, and RRRI by the Cox analysis and least absolute
shrinkage and selection operator regression analysis. Time-dependent receiver operating characteristic curves, decision curve analyses,
integrated discrimination improvement, net reclassification improvement and decision tree model construction were used to compare the
radiosensitivity predictive ability of these 4 gene signatures. Key modules and associated functions were identified through a weighted gene co-
expression network analysis and gene function enrichment analysis. A nomogram was built to improve the recurrence-prediction capability.
Results: We validated and compared the predictive potential of 2 published predictive indices. Based on the 31-GS, RSI, and RRRI, we
analyzed 4 PCa-associated radiosensitivity predictive indices: 14Genes, RSI, RRRI, and 20Genes. Among them, 14Genes showed the most
promising predictive performance and discriminative capacity. Genes in the key module defined by the 14Genes model were significantly
enriched in radiation therapy-related cell death pathways. The area under receiver operating characteristic curve and decision tree variable
importance for 14Genes was the highest in the cancer genome atlas and Gene Expression Omnibus Series (GSE) cohorts.
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Conclusions: This study successfully established a radiosensitivity-related nomogram, which had excellent performance in predicting
recurrence in patients with PCa. For patients who received radiation therapy, the 20Genes and RRRI models can be used to predict
recurrence-free survival, whereas 20Genes is more radiation therapy-specific but needs further external validation.
© 2025 The Author(s). Published by Elsevier Inc. on behalf of American Society for Radiation Oncology. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction
Prostate cancer (PCa) is the second most common
cancer in men worldwide, with an estimated 288,300 new
cases diagnosed and 34,700 deaths in 2023.1 Radiation
therapy is one of the primary treatment options for PCa,
and it involves using high-energy radiation to kill cancer
cells.2 However, not all tumors respond equally to radia-
tion therapy, and some patients experience treatment fail-
ure despite receiving high doses of radiation. Accordingly,
the radiosensitivity index (RSI) has been developed. It is a
tool used to predict a patient’s response to radiation ther-
apy and is based on the idea that tumors with certain
genetic or molecular characteristics may be more sensitive
to radiation therapy.3,4 Therefore, by analyzing these
characteristics, predicting which PCa patients will
respond well to radiation therapy and have a better recur-
rence-free survival (RFS) may be possible.5

The RSI is a 10-gene model based on the radiation
survival at 2Gy (SF2) in 48 human cancer-cell lines.6

The prediction model is a linear regression algorithm
that is validated in esophageal cancer, head and neck
cancer, rectal cancer, breast cancer, and endometrial
cancer. However, the use of the radiation sensitivity
index in clinical practice remains limited, and more
research is needed to validate its effectiveness. Nolan
et al7 evaluated the association between RSI and the
related genomic-adjusted radiation dose (GARD)
model. They found that combining the GARD model
with sequencing transcriptomics data may have the
potential to provide information for the personalized
radiation therapy of PCa patients. A higher dosage
guided by the GARD model may have benefited half
of the patients in their research. Meanwhile, 31-gene
signature (31-GS) has been developed by Kim’s group.
They analyzed NCI-60 cancer-cell lines (including
PCa) for genes whose expression is correlated with
that of SF2.8 The radiation-resistance-related gene
index (RRRI) has been developed by Ke et al9 and val-
idated through the cancer genome atlas (TCGA) and
GSE cohort for its good biochemical recurrence pre-
dicting ability. Notably, no overlapping genes exist
between the 2 radiosensitivity predictive indices.
Exactly which genes play an important predictive role
in PCa also remains unknown.

In this study, we compared the ability of the above-
mentioned gene signatures to predict PCa RFS by using
the gene expression omnibus (GEO) and TCGA PCa
patient data sets. Four integrating radiosensitivity gene
signatures were established based on the 3 signatures and
adapted to PCa. Sensitivity and specificity were used to
assess the reliability and accuracy of these radiosensitivity
biomarkers. A nomogram involving optimum radiosensi-
tivity gene signature was built for PCa prognosis.
Methods and Materials
Acquisition of public data

The transcriptome data of 552 PCa samples were
downloaded from the TCGA database (https://portal.gdc.
cancer.gov/). We found 426 PCa cases with unabridged
data of RFS time after screening. The definition of recur-
rence encompassed biochemical recurrence (BCR) and
distant metastasis, recurrence status, and transcriptome
and Gleason score. GSE116918,10 which included 248
PCa patients having unabridged information (ie, metasta-
sis-free time, metastasis status, BCR-free time, BCR status,
and transcriptome and Gleason score) was downloaded
from the GEO database (https://www.ncbi.nlm.nih.gov/
geo/). For the training cohort, TCGA PCa (552 PCa sam-
ples) was used; for the validating cohort, GEO cohort
(248 PCa samples) was used. The stage of primary tumor
was referred to as T-stage.
Validating the 2 existing radiosensitivity
signatures

According to the expression profile of the 2 sets of
radiosensitivity-related signature, we categorized the
GSE116918 and TCGA data sets into 2 groups. We calcu-
lated, RSI as described by Eschrich et al.6 RRRI9 was cal-
culated and according to their median risk score, all
patients were categorized into high-risk and low-risk
score subgroups, accordingly.
Establishing improved radiosensitive models

The RSI and 31-GS are not specific for PCa. They are
also based on different cell lines. Accordingly, we used the
TCGA data set as a training cohort and the GSE cohort as
a validation cohort to identify precise PCa radiosensitivity
signatures. The PCa RFS was predicted through Cox and

http://creativecommons.org/licenses/by-nc-nd/4.0/
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/


Advances in Radiation Oncology: March 2025 14Genes model excels in PCa radiosensitivity prediction 3
least absolute shrinkage and selection operator (LASSO)
analyses, with the models reformulated as shown below:

N Gene Signature =
P

(Expk * Coek), k = 1, where
Expk is the expression value for each gene, Coek is the
coefficient of regression models, and n is the number of
selected genes. Four radiosensitivity predictive indices,
namely, RSI (involving genes in the RSI model), RRRI
(involving genes in the RRRI model), 20Genes (involving
genes from the RSI and RRRI models), and 14Genes
(involving the 14 genes identified via LASSO regression
analysis), were identified.
Identification of clinically significant
modules

The co-expression module is a collection of genes with
high topological overlap similarity. Genes in the same mod-
ule often have a higher degree of co-expression. The R
WGCNA package was used to calculate the correlation
coefficients between gene pairs by Pearson’s correlation
coefficient to construct the gene co-expression matrix.11 A
dendrogram was constructed using hierarchical clustering
to calculate the correlation between the module’s character-
istic genes and the disease phenotype, with the module
with the highest correlation coefficient and the smallest P
value being defined as the disease characteristic.
Gene function enrichment analysis

The R package (clusterProfiler, enrichplot)12 was used
to perform gene ontology (GO) (http://geneontology.org/,
accessed on 15 October 2024) and Kyoto Encyclopedia of
Genes and Genomes(KEGG) (http://www.genome.jp/
kegg/, accessed on 15 October 2024) enrichment analysis
of the intersecting genes (DEG, key module genes of the
WGCNA screen), with P < .05 considered to be a signifi-
cantly different level for the enrichment result.
Comparing and validating the prognostic
indices

Analysis of time-dependent receiver operating charac-
teristic (ROC) curve was performed for comparing the
predictive power of our model. To evaluate the model’s
prognostic potential, we compared the areas under ROC
curves (AUCs). The improvement in the model’s predic-
tive power on risk-factor addition was estimated using the
net reclassification improvement (NRI) and integrated
discrimination improvement (IDI). The discriminative
ability of the selected risk models for predicting PCa out-
comes were evaluated using AUC, NRI, and IDI. Using
the R survIDINRI package, the IDI and NRI values of the
selected 4 predictors were calculated, with RSI serving as
the reference.
Predictive decision tree construction and
variable importance visualization

To explore the importance of the 4 different risk score
models and clinical factors, T-stage, Gleason score, were
extracted from the above analysis and used as input fea-
tures, and were used along with 4 risks core models to
construct the decision tree model using R package, rpart.
The variable importance of the decision tree model is ana-
lyzed and visualized to understand the impact of different
features. The most important feature (the one with the
highest importance value) is identified using the which.
maximum function. A bar plot is generated to visualize
the importance of each variable.
Analysis of the subgroups of selected gene
signatures

The PCa is characterized by diverse histologic types, so
the correlation of the 4 models with histologic/pathologic
features was further explored. One-way ANOVA was
used to test TCGA PCa cases, and results of subgroup
analysis are shown in violin plots. We performed sub-
group KM analysis to determine the discriminability of
each radiosensitivity predictor in the radiation therapy
(RT) and non-RT groups, and to identify patients who
can benefit specifically from RT. The findings of subgroup
analysis were analyzed using KM survival plots.
Results
Validation of the predictive capacity for RSI
and RRRI signatures

First, we validated the predictive capacity of the RRRI
and RSI in the TCGA cohort and GSE116918. According
to Eschrich et al,6 patients in the lower RSI quartile are
considered to be in the radiosensitive group, and the rest
are in the radio-resistant group. No survival difference
was observed between the radiosensitive and radio-resis-
tant groups (Fig. 1F, J, N). Then, the RRRI-defined low-
risk group was found to exhibit better survival relative to
the high-risk one (Fig. 1G) in the TCGA cohort. In the
GSE cohort, no survival difference was observed between
the low-risk and high-risk groups (Figs. 2G and 4O).
Integrating radiosensitive genes and
constructing the new risk model

Separately, the RRRI and RSI cannot robustly predict
RFS in training and validating groups. Considering that
31-GS and RSI gene signatures were developed from
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various cell lines and are not PCa specific, we rebuilt the
gene signatures based on PCa patients. First, the 50 genes
were analyzed by univariate Cox regression. Results
showed that not all genes were prognostic factors of PCa,
as shown in Fig. 2I. (PTPRCAP was ruled out because of
its absent expression in the TCGA cohort).

Correlation analysis further revealed a high correlation
between some of the genes (Fig. 4C), thereby highlighting
the difficulty of identifying significant genes through tra-
ditional statistical methods. Shrinking the number of
genes was necessary, so we used LASSO regression analy-
sis to identify important predictive genes (Fig. 4A). To
obtain a more accurate prognostic model, we defined λ as
the lambda.min (Fig. 4B). A total of 14 corresponding
gene numbers were found to be involved, and the
14Genes were calculated as follows:

Risk score ¼ 0:00456664 � ABL1ð Þ

� 0:5180618 � HCG4ð Þ

þ 0:33482162 � ZNF695ð Þ

� 0:0055657 � SCNN1Að Þ

� 0:0011904 � TSPAN1ð Þ

þ 0:03135555 � IRF7ð Þ

þ 0:00501407 � COMPð Þ

� 0:0026034 � CAPNS1ð Þ

þ 0:01273938 � HCLS1ð Þ

þ 0:00117237 � HTRA1ð Þ

þ 0:0319295 � ITGB5ð Þ

þ 0:08145763 � PIRð Þ

þ 0:00460972 � PKMð Þ

� 0:0085186 � PYGBð Þ:

All patients were categorized into high-risk and low-
risk score subgroups based on the median risk score.
Weighted co-expression network
construction and identification of key
modules

Twenty-one modules were identified based on average
hierarchical clustering and dynamic tree clipping
(Fig. 4E). The Tan module was highly related to the
14Gene defined risk group; thus, this module was selected
as radiosensitivity-related gene signature important mod-
ule for further analysis (Fig. 4F).
Enrichment analysis of KEGG and GO

The KEGG signaling pathway and GO analyses
showed that the signature genes were most enriched in
pathways related to the cell cycle, DNA replication, base
excision repair, and mismatch repair (Fig. 4H), and in
chromosome segregation, chromosomal region, and cata-
lytic activity on DNA (Fig. 4I). These findings align with
mechanisms involved in radiation therapy-induced DNA
damage.
Validation and comparison of prognostic
indices

We used TCGA as the training group and compared
the time-dependent ROCs to determine the prognostic
potential of these gene signature scores. The time-depen-
dent ROC curves for 1-year, 3-year, and 5-year survival in
the TCGA cohort are shown in Figs. 1A−3D. At all-time
points, the 14Genes score had the highest AUC, followed
by RRRI and 20Genes. To compare the predictive accu-
racy of the selected 4 sets of markers, we performed IDI
and NRI analyses. Given that RSI’s AUC was the lowest,
RSI was chosen as a referent marker. The other 3 predic-
tors exhibited significant capacity to predict survival (P ≤
.05). Consistent with the ROC curve results, 14Genes had
the highest IDI and NRI value at all time points, followed
by RRRI, then 20Genes (Figs.5 A-C). On addition, we
conducted a survival decision tree analysis using risk
scores alongside clinical features, such as Gleason score
and T-stage, to identify risk subgroups (Figs. 5G-I]). This
analysis showed that the 14Gene model had the highest
variable importance in the TCGA and GSE (Met) cohorts
and ranked second in the GSE (BCR) cohort (Figs. 5J-L).
The KM curve analyses were performed to display the
prognostic value of these prognostic indices. The results
showed that patients in the high-risk prognostic index
group tended to have shorter RFS (Figs. 1E-H).

Similar results were obtained from external validation
(Fig. 2). Time-dependent ROC curves for 1-, 3-, and 5-
year metastasis-free survival and biochemical RFS in the
GSE cohort are shown in Figs. 2A-D and Figs. 2I-L.
14Genes had the highest AUC for 1-year, 3-year, and 5-
year metastasis-free survival and biochemical RFS, fol-
lowed by RSI for 1-year, 3-year metastasis-free survival
and biochemical RFS, RRRI for the 5-year metastasis-free
survival and 5-year biochemical RFS; KM curve analyses
also showed that high-risk groups evaluated by all the
prognostic indices appeared to have a worse prognosis
than those with the low-level counterparts (Figs. 2E-H
and 2M-P).



Figure 1 (A-D) Time-ROC curves for 1-year, 3-year, and 5-year RFS prediction between different risk models in TCGA (train-
ing cohort); (E-H) KM analysis of different risk models for their RFS; (I-L) KM analysis of different risk models for their RFS in
patient group who received RT; and (M-P) KM analysis of different risk models for their RFS in patient group who did not
received RT. Abbreviations: ROC = receiver operating characteristic; RFS = recurrence-free survival; TCGA = the cancer genome
atlas; RT = radiation therapy.
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Construction of a nomogram for predicting
prostate cancer recurrence-free survival

As 14Genes exhibited significant superiority in sur-
vival prediction in both cohorts, we used it as a vari-
able in nomogram construction. After Cox regression
analysis of the TCGA data set (training cohort), T
stages, Gleason score, and risk scores remained
(Fig. 6B). A nomogram was then constructed based on
the selected variables to predict the 1-year, 3-year, and
5-year RFS rates (Fig. 6A). We then validated the
nomogram externally through the C-index (0.75), cali-
bration curve, and decision curve analyses of the vali-
dation cohort. Nomogram calibration plots showed
that the predicted 1-year, 3-year, and 5-year survival
probabilities in the validated cohort were almost iden-
tical to actual observations (Figs. 6C-E). Decision
curve analysis showed that the net benefits indicated
by the nomogram for 14Genes were higher than those
from RRRI, RSI, or 20Genes in TCGA and GEO
(BCR) (Figs. 5D-F). Conversely, RSI exhibited the best
net benefit for metastasis-free survival (Fig. 5E).



Figure 2 (A-D) Time-ROC curves for 1-year, 3-year, and 5-year metastasis-free survival prediction between different risk mod-
els in GSE116918 (validating cohort); (E-H) KM analysis of different risk models for their metastasis-free survival; (I-L) Time-
ROC curves for 1-year, 3-year, and 5-year biochemical recurrence-free survival prediction between different risk models in
GSE116918 (validating cohort); (M-P) KM analysis of different risk models for their biochemical recurrence-free survival.
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Comparing the discrimination capability of
selected radiosensitivity predictors

In the TCGA cohort, we built 14Genes and investi-
gated the association of 14Genes score with pathologic
characteristics. In the training cohort, the 14Genes score
increased with increased T-stage (Fig. 3A). The high-risk
group defined by the Gleason score also showed higher
14Genes scores than the low-risk group (Fig. 3B). We
tested the discrimination capability of the 4 models by
KM analysis of the RT and non-RT groups. Promising
radiosensitivity predictive index was expected to
distinguish between survival outcomes in the RT popula-
tion without influencing the outcome of the non-RT
patients. We found that RRRI and 20Genes revealed prog-
nostic potential on outcome in the RT groups (Figs. 1K-
L), whereas using 20Genes in the non-RT group did not
reveal its significance.
Discussion
In recent years, more studies are focusing on the radio-
sensitivity gene signature of various cancers and their



Figure 3 (A) 14Genes expression between difference Stages; (B) 14Genes expression between difference Gleason Scores;
(C) RSI expression between difference Stages; (D) RSI expression between difference Gleason Scores; (E) RRRI expression
between difference Stages; (F) RRRI expression between difference Gleason Scores; (G) 20Genes expression between difference
Stages; (H) 20Genes expression between difference Gleason Scores (*P < .05; **P < .01; ***P < .001.); (I) Univariate Cox Regres-
sion Forrest plot of the 50 genes. (I) Univariate Cox regression of 50 genes. Abbreviation: RRRI = radiation-resistance-related
gene index.
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tumor microenvironments.13 The results can be useful in
predicting survival outcome or in guiding a more person-
alized treatment plan. A very promising future of these
studies is that some patients can receive reduced radiation
doses according to their gene expression or even have
postsurgical radiation therapy waived. For example, the
21-gene recurrence score14 in breast cancer has been
shown to correlate closely with Ki-67 expression levels,15

facilitating the identification of low-risk recurrence score
groups. This enables the selection of patients who may
safely omit their postsurgical radiation therapy.16 Further-
more, the recurrence score classification can also be
referred for decision-making on adjuvant chemotherapy
in the current National Comprehensive Cancer Network
treatment guidelines.14 Similarly, our study demonstrated
that the 14-gene signature was the only model that exhib-
ited significant variation across different Gleason score
groups (Fig. 3B). This finding has substantial clinical
implications, particularly given the large proportion of
elderly prostate cancer patients with comorbidities that
may preclude RT. Genetic profiling from biopsy tissue in
the definitive treatment setting could identify patients
who may either avoid RT or receive lower doses that
would minimize adverse effects on quality of life. In addi-
tion, the model may help stratify high-risk patients, for
whom dose escalation could improve recurrence



Figure 4 (A) Construction of lasso-Cox model and 14Genes (B) Log (lambda) value of the 50 genes in LASSO regression analy-
sis; (C) correlation heatmap between 31-GS, RSI and RRRI genes; (D) Soft threshold (power = 10) and scale-free topology fit
index (R2 = 0.90) (E) Gene hierarchy tree-clustering diagram. The graph indicates different genes horizontally and the uncorre-
latedness between genes vertically, the lower the branch, the less uncorrelated the genes within the branch, ie, the stronger the
correlation; (F) Heatmap showing the relations between the module and the 14Genes defined high- and low- risk group, the Tan
module was highly related to 14Gene defined risk group (as shown in the red border); (H) Functional annotation of the KEGG
signaling pathway of signature genes; and (I) GO functional annotation of signature genes. For all enriched GO and KEGG
terms, P < .05.
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control. The 14-gene signature can add to established
prognostic factors, such as Gleason score, T-stage, PSA,
and the 22-gene genomic classifier (eg, Decipher),17,18 to
identify patients who are suitable candidates for active
surveillance.

Several of these 14 genes have been proven to partici-
pate in developing various cancers. Larkin et al,19 con-
structed a model using ANPEP (Alanyl Aminopeptidase,
Membrane) and ABL1 (C-Abl Oncogene 1, Non-Receptor
Tyrosine Kinase) as predictors of Gleason grouping and
INMT (Indolethylamine N-Methyltransferase) as a pre-
dictor of PCa recurrence. In our study, we further indi-
cated the application of ABL1 as a radiosensitivity-related
survival predictor. Zhang et al20 demonstrated that
ZNF695 with Gleason score can be used for the diagnosis
and prognosis prediction of PCa. Takahashi T et al21

believed that ZNF695 methylation was significantly corre-
lated with definitive chemoradiotherapy and can be used
to predict the response to definitive chemoradiotherapy.
Cai et al22 reported that SCNN1A expression can acceler-
ate ovarian cancer-cell proliferation and migration. Wu et
al23 showed that TSPAN1 can mediate the PI3K/AKT
pathway to suppress the growth and motility of breast
cancer. Munkley J et al24 also reported that TSPAN1 can
be considered as an androgen-driven contributor to cell
survival and motility in PCa. Englund E et al25 demon-
strated that COMP (Cartilage Oligomeric Matrix Protein)
can promote PCa progression by acting in an antiapopto-
sis fashion by interfering with the Ca2+ homeostasis of
cancer cells. The CAPNS1 has been studied as a hyperac-
tivated molecule in PCa tumor cells and associated with
chemotherapy sensitization. However, its role in PCa
patients’ biologic behavior and radiosensitivity remains
unknown.26 In high-grade primary PCa, tumor with high
plasma HCLS1 content is reportedly associated with
increased predicted response to immunotherapy and



Figure 5 (A-C) Integrated discrimination improvement (IDI) and Net reclassification improvement (NRI) were calculated to
compare the predictive accuracy of the 4 selected markers for 1-year, 3-year, and 5- year (* P < .05); (D-F) Decision curve analy-
sis from the training and validating group for recurrence-free survival. (G-I) Decision Tree construction for TCGA and its sub-
group, GSE(Met), GSE(BCR); (J-L) The variable importance bar plot shows that the 14Gene model ranked highest in the TCGA
and GSE (Met) cohorts and second in the GSE (BCR) cohort (highlighted in the red border).
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decreased response to androgen-deprivation therapy.27

Our study further indicated that it was associated with the
RFS of PCa patients. Yang et al28 found that the inhibition
of ITGB5 suppresses PCa by affecting the proliferation,
invasion, and migration capabilities of cancer cells. A
study29 revealed that the miR-455-5p/PIR (Pirin) axis
contributed to PCa cancer-cell aggressiveness, suggesting
that PIR may be a promising diagnostic marker for hor-
mone-sensitive PCa and castration-resistant PCa. A high
expression of PKM (Pyruvate Kinase M1/2) is reportedly
correlated significantly with shorter PFS (Progression
Free Survival) in PCa.30 A previous study has indicated
that PYGB (Glycogen Phosphorylase B) is upregulated in
PCa tissues and associated with disease progression, 31 in
accordance with our results.

Our study had a few limitations. First, samples were
downloaded from the TCGA and GEO databases, and
information on the extent of tumor nodal stage and radia-
tion status in the GEO cohort was unavailable. In radiation-
status-related analysis, we used TCGA to test if the RT-



Figure 6 Construction and validation of a Nomogram (A) The nomogram predicting 1-year, 3-year, and 5-year year survival;
(B) forest plot of Cox regression model; (C) calibration plots of the nomogram showed that the predicted 1-year, 3-year, and
5-year survival probabilities of the RFS almost identical to the actual observations.
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related survival outcome was correlated with the different
risk groups defined by 14Genes, RRRI, RSI, and 20Genes.
Further analysis with more detailed clinical information is
needed. Further prospective research and multicenter clini-
cal trials are needed to validate and refine the model.
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