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Abstract
A substantial proportion of prostatic adenocarcinoma (PRAD) patients experience 
biochemical failure (BCF) after radical prostatectomy (RP). The immune microenvi-
ronment plays a vital role in carcinogenesis and the development of PRAD. This study 
aimed to identify a novel immune- related gene (IRG)- based signature for risk stratifi-
cation and prognosis of BCF in PRAD. Weighted gene coexpression network analysis 
was carried out to identify a BCF- related module in a discovery cohort of patients 
who underwent RP at the Massachusetts General Hospital. The median follow- up 
time was 70.32 months. Random forest and multivariate stepwise Cox regression 
analyses were used to identify an IRG- based signature from the specific module. Risk 
plot analyses, Kaplan- Meier curves, receiver operating characteristic curves, univari-
ate and multivariate Cox regression analyses, stratified analysis, and Harrell’s con-
cordance index were used to assess the prognostic value and predictive accuracy of 
the IRG- based signature in the internal discovery cohort; The Cancer Genome Atlas 
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1  | INTRODUC TION

According to the IARC, PRAD ranks second in the global incidence 
of malignancies in men, and the mortality rate of PRAD ranks fifth.1 
With the aging of the population and development of diagnostic 
techniques, PRAD incidence has been increasing worldwide with 
a growing trend in younger men. Radical prostatectomy currently 
remains the primary PRAD therapy.2 Rates of mortality and major 
complications have decreased with the improvement of radical pros-
tate surgery techniques. However, 15%- 40% of PRAD patients still 
experience BCF within 5 years after RP,3 even though most of them 
are young and have a longer life expectancy.

Currently, the prognostic evaluation of PRAD relies on common 
indicators, such as Gleason score, PSA level, TNM stage, and surgical 
margins.4 However, these existing indicators cannot be applied to 
accurately predict prognosis and to develop systematic therapeu-
tic strategies for PRAD patients.5 Postoperatively, the stratification 
of PRAD patients is of substantial benefit but remains challenging. 
Thus, identifying novel prognostic evaluation strategies is a critical 
unmet need to improve treatment outcomes. In this regard, ad-
vancements in sequencing technology have led to the growing use 
of prognostic genetic biomarkers.6

Recent studies suggest that the immune microenvironment plays 
a vital role in carcinogenesis and the development of PRAD7- 9 and is 
closely associated with their overall survival and DFS. Immunologic 
therapies for PRAD include chimeric antigen receptor- modified T 
cells, checkpoint inhibitors,10 and therapeutic cancer vaccines.11 
However, these therapies are not effective in all patients. Previous 
studies have suggested that PRAD is not sensitive to immune check-
point inhibitors, possibly due to the low expression of antigens that 
promote an immune response in PRAD, and a negative regulatory 
mechanism that inhibits the role of immune cells in PRAD might 
exist. However, clinical studies have shown that some prostate can-
cer patients still benefit from other immunotherapies. Therefore, 
undiscovered immune mechanisms could affect the prognosis of 
PRAD. The occurrence of these mechanisms might also be limited 

to some special sensitive groups. Indeed, genetic signatures have 
been proposed as useful tools to assess the BCF rate of PRAD pa-
tients. Nevertheless, the relationship between immunophenotype 
and prognosis in PRAD is relatively understudied. Consequently, 
there is an urgent need for more comprehensive studies focusing 
on IRGs, which could improve the prognostic value and predictive 
accuracy of the current assessment system. Risk stratification of 
patients using immune categories can more effectively screen out 
specific sensitive risk groups and uncover more significant immune 
molecular mechanisms, which can improve prospects and support 
immunotherapy for PRAD.

In this study, we used a cohort of 191 cases after RP with long- 
term clinical follow- up from the Massachusetts General Hospital 
and a cohort reported by TCGA to construct and to validate a novel 
IRG- based signature for predicting the prognosis of PRAD patients. 
We undertook a comprehensive bioinformatics analysis to assess 
the correlation between IRG- based signatures and clinical features 
and explored the potential mechanisms that could induce malignant 
transformation. In addition, the TIMER database and CIBERSORT al-
gorithm were used to clarify the infiltration of immune cells in PRAD 
to determine the individual immunophenotype of PRAD patients 
(Figure S1). Our novel risk signature could contribute to further elu-
cidate the immune- related pathogenesis of carcinogenesis and pro-
gression in PRAD patients, and provide new targets for subsequent 
personalized immunotherapy.

2  | MATERIAL S AND METHODS

2.1 | Data collection

Tissue samples for the discovery cohort (n = 210) were obtained 
from patients undergoing RP between September 1993 and 
December 1995 at the Massachusetts General Hospital. The clini-
cal data, including demographic information, Gleason score, surgical 
margin status, pT stage, time to BCF, metastasis status, and time to 
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Municipal Science and Technology Project 
(Grant/Award Number: '201803040001'), 
The Science Foundation of Guangzhou First 
People's Hospital (Grant/Award Number: 
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database was used as a validation cohort. Tumor immune estimation resource data-
base analysis and CIBERSORT algorithm were used to assess the immunophenotype 
of PRAD. A novel IRG- based signature was identified from the specific module. Five 
IRGs (BUB1B, NDN, NID1, COL4A6, and FLRT2) were verified as components of the 
risk signature. The IRG- based signature showed good prognostic value and predictive 
accuracy in both the discovery and validation cohorts. Infiltrations of various immune 
cells were significantly different between low- risk and high- risk groups in PRAD. We 
identified a novel IRG- based signature that could function as an index for assessing 
tumor immune status and risk stratification in PRAD.
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metastasis, were collected from patient medical records. Biochemical 
failure was defined as detectable serum PSA after RP. The detection 
threshold was based on the generally accepted standard at the time. 
From 1993 to 2001, the detection limit dropped from 0.5 to 0.1 ng/
mL. The majority of patients on record (87%) underwent a second 
confirmatory PSA examination. Metastasis events were determined 
by metastatic lesions observed on imaging. Exclusion criteria were as 
follows: adjuvant radiotherapy or neoadjuvant therapy before BCF 
or lymph node metastasis present during RP. Patients with miss-
ing follow- up clinical information and unavailability of tumor tissue 
were excluded. The median follow- up time was 70.32 months (range,   
1- 138 months), from 1994 to 2005. Based on relevant scientific 
reports and reviews, 1536 genes related to the initiation and pro-
gression of PRAD were selected for expression profile analysis.12 To 
identify a prognostic genetic signature for prostate cancer patients, 
we first undertook gene expression profiling on formalin- fixed and 
paraffin- embedded RP tissue samples from the discovery cohort 
using a customized 1536- gene DASL assay (Illumina). For the DASL 
bead microarray study, total RNA was isolated and purified using the 
High Pure RNA Isolation Kit (Roche), and cDNA was generated using 
the single- use cDNA Synthesis Kit (Illumina). cDNA sequences for 
the 1536 genes were generated, and a custom DASL assay panel 
was synthesized by Illumina. The DASL assay was carried out at the 
Mayo Clinic College of Medicine Genotyping Shared Resource. The 
DASL array dataset is available online (https://www.ncbi.nlm.nih.
gov/proje cts/geo; accession no. GSE44353). Of the 210 patients, 19 
were excluded due to quality control issues (insufficient RNA quan-
tity or quality) in DASL. This study was approved by the Institutional 
Review Boards of Massachusetts General Hospital. In the validation 
cohorts, RNA- seq data and clinical information of 494 PRAD cases 
were downloaded from the TCGA database (http://tcga- data.nci.nih.
gov). The data format was HTSeq- FPKM. Data preprocessing was 
carried out before executing the analyses. The R package “SVA” was 
used to correct for plate batch effects. The discovery cohort was 
used to construct a prognostic scoring system model, and the vali-
dation cohort (TCGA database) was used to validate the efficacy of 
this model.

2.2 | Weighted gene coexpression network analysis

Weighted gene coexpression network analysis was undertaken with 
the database from the discovery cohort using the WGCNA R pack-
age.13 The group samples were hierarchically clustered according 
to gene expression levels. Outlier samples were excluded to ensure 
the relative stability of the gene network. Scale- free gene coexpres-
sion networks were constructed with a min- Module Size of 30 and 
merge- Cut Height of 0.25. The network met the scale- free condi-
tion while R2 > .8. The soft- threshold power was set to six accord-
ing to the mean degree of connectivity and scale- free fit index. The 
TOM was computed using the adjacency matrix, which was subse-
quently clustered according to the dissimilarity of gene connectivity. 
Different gene modules were defined using the dynamic tree- cutting 

algorithm, and the correlations between principal components of 
different gene modules and clinical features (age, Gleason score, 
surgical margin status, pT stage, BCF status, and metastasis status) 
were calculated. The BCF- related modules were defined based on  
P values (P < .05), which were selected for further analysis.

2.3 | Extraction of IRGs

The list of IRGs was downloaded from the InnateDB database14 
(https://www.innat edb.com/). Overlapping 152 IRGs from BCF- 
related modules and the InnateDB database were selected for fur-
ther analyses.

2.4 | Gene Ontology and KEGG analyses

To determine the function of IRGs in the BCF- related modules, GO 
and KEGG analyses were carried out. The KEGG pathway and GO 
terms with P < .05 were considered significant pathway enrichments.

2.5 | Construction and validation of an IRG- based 
signature from BCF- related modules

The association between BCF and the expression of 152 IRGs was 
assessed using univariate Cox regression in PRAD patients. The IRGs 
in the selected module with P values less than .05 were identified as 
BCF- related IRGs. Among them, 50 IRGS were correlated with recur-
rence at P < .05. Random survival forest analysis was used to deter-
mine the variable importance factors distinguishing gene expression 
associated with patient survival using the randomForestSRC pack-
age in R. Multivariate stepwise Cox regression analysis was used to 
establish the IRG- based signature in PRAD. Each patient’s risk score 
in both cohorts was calculated using the formula:

where expgene, i, and βi represent the gene expression level, the num-
ber of signature genes, and the coefficient index, respectively. In total, 
191 samples from the discovery cohort were used as the internal set, 
and 494 samples from the validation cohort were used as the external 
set. Based on the risk score (median cut- off value), all patients were 
further divided into low- risk and high- risk groups in both cohorts. 
Disease- free survival was calculated using the Kaplan- Meier method. 
The associations between the IRG- based signature and clinical param-
eters were evaluated with a χ2 test. Univariate Cox regression analysis 
was used to identify the parameters related to the BCF of PRAD. In 
order to further explore whether the prognostic impact of the IRG- 
based signature was independent of other clinical parameters, mul-
tivariate Cox regression and stratified analyses were carried out. In 
order to determine the predictive accuracy of the IRG- based signature, 
the AUC was applied to validate the performance of the classifier.

risk score = Σexpgenei ∗ βi.

https://www.ncbi.nlm.nih.gov/projects/geo
https://www.ncbi.nlm.nih.gov/projects/geo
info:refseq/GSE44353
http://tcga-data.nci.nih.gov
http://tcga-data.nci.nih.gov
https://www.innatedb.com/
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2.6 | Construction and validation of nomogram

In the discovery and validation cohort, Harrell’s C- index was used 
to assess the accuracy of the prognostic model based on signature- 
based risk scores and other clinical prognostic factors.15 The estab-
lishment of the nomogram was integrated with signature- based risk 
scores and other clinical prognostic factors to predict the patients’ 
prognosis using the “rms” package in R.16 Calibration curves were 
used to evaluate the discrimination and accuracy of the nomogram.

2.7 | Tumor Immune Estimation Resource 
database analysis

The TIMER database17,18 was utilized with TCGA RNA- seq data to 
assess TIICs in PRAD patients. Tumor- infiltrating immune cells in-
cluded CD8+ T cells, neutrophils, B cells, CD4+ T cells, macrophages, 
and dendritic cells.

2.8 | Human leukocyte antigen- related 
gene analysis

RNA sequencing data of HLA- related genes of 494 PRAD cases were 
downloaded from the TCGA database (http://tcga- data.nci.nih.gov). 
The database was used to evaluate the expression of HLA- related 
genes between different risk groups. Variables between groups 
were compared using the Wilcoxon test.

2.9 | Calculation of relative abundance of immune 
cell subtypes

The abundance of 22 subtypes of TIICs in PRAD cases from the TCGA da-
tabase was calculated using the CIBERSORT algorithm. The CIBERSORT 
algorithm is a deconvolution algorithm that can infer 22 subtypes of 
TIICs and harnesses the characteristics of specific gene expression to 
calculate the relative score of each immune cell subtype.19,20 Data with 
a P value less than .05 after CIBERSORT were selected for subsequent 
analysis to increase the accuracy of the deconvolution algorithm. Data 
analysis was undertaken using the CIBERSORT package in R software. 
The Wilcox test was utilized to compare the relative abundance of the 
TIICs between high- risk and low- risk groups.

2.10 | Statistical analyses

All statistical analyses were carried out using R software. 
Comparison of Kaplan- Meier survival curves between low- risk and 
high- risk groups was undertaken with log- rank tests using the “sur-
vminer” package. Random forest analysis was carried out using the 
“randomForestSRC” package. Univariate and multivariate Cox re-
gression analyses were used to ascertain independent prognostic 

factors. The associations of clinicopathologic factors between low- 
risk and high- risk groups were assessed using χ2 tests. Variables be-
tween groups were compared using the Wilcoxon test. P values less 
than .05 were considered statistically significant.

3  | RESULTS

3.1 | Identification of BCF- related modules by 
construction of WGCNA

Weighted gene coexpression network analysis was undertaken on 
191 cases after RP from the discovery cohort (Figure 1A). Weighted 
gene coexpression network analysis is a systematic biological 
method that uses gene expression data to establish a scale- free 
network. The scale- free R2 (R2 = .84) in WGCNA was determined 
to build the network to ensure that the coexpressed network was 
consistent with the scale- free network. The expression matrix was 
transformed into an adjacency matrix, and the adjacency matrix was 
subsequently transformed into a TOM. Eight gene modules were 
identified. The gray module represents the genes that were not as-
signed to any of the modules (Figure 1B). To investigate the relation-
ships between modules and clinical traits, a module- trait analysis 
was carried out to select the key modules that were significantly 
associated with BCF (Figure 1C). The turquoise module, which con-
tained 422 genes, showed the strongest correlation with BCF. The 
genes in the turquoise module were sorted for further analysis.

3.2 | Identification of IRGs from the BCF- related  
module

In total, 152 overlapping IRGs were extracted from the turquoise 
module and the InnateDB database. The GO analysis revealed that 
these IRGs were predominantly concentrated in biological processes 
such as the cell cycle, cell adhesion, and immune responses. The 
KEGG analysis revealed that the most significant enrichment path-
ways included focal adhesion, extracellular matrix- receptor interac-
tion, and a p53 signaling pathway (Figure S2). The protein- protein 
interaction network of 152 IRGs was constructed using STRING, and 
presented with Cytoscape software21 (Figure 1D).

3.3 | Construction and validation of prognostic IRG- 
based signature

Univariate Cox regression was carried out on 152 IRGs, and 50 
IRGs were identified as BCF- related IRGs in PRAD (P < .05 as the 
criterion). Random forest and multivariate stepwise Cox regression 
analyses were used to identify the best gene- set for the prediction 
of BCF. In total, five IRGs were selected as the most significant gene- 
set associated with BCF, namely BUB1B, COL4A6, FLRT2, NDN, and 
NID1. The full gene names and functions of the five IRGs are shown 

http://tcga-data.nci.nih.gov
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in Table S1. Before building a risk score model, the “SVA” software 
package was applied to normalize and remove batch effects from the 
discovery cohort and validation set. Each patient’s risk score in both 
cohorts was calculated using the formula:

After the risk scores were calculated, PRAD patients in both co-
horts were separated into low- risk and high- risk groups based on the 
median cut- off point of the risk score. The risk score distribution of 

patients, BCF status in different risk groups, and expression profiles 
of five IRGs in both cohorts are shown in Figure 2A. Patients in the 
high- risk group had a higher BCF rate than patients in the low- risk 
group (Figure 2A). Kaplan- Meier analysis revealed that the high- risk 
group had a poorer DFS rate relative to that of the low- risk group 
(P < .01; Figure 2B). Time- dependent ROC curve analyses revealed 
that the IRG- based signature had strong predictive ability in both 
cohorts. In the discovery cohort, the values of 1- year, 3- year, and 
5- year AUCs were 0.777, 0.730, and 0.726, respectively. In the val-
idation cohort, the values of 1- year, 3- year, and 5- year AUCs were 
0.716, 0.690, and 0.633, respectively (Figure 2C).

Risk score= (0.51871×expBUB1B)+ (0.54655×expNDN)+ (0.41306×expNID1)

+ (−0.35744×expCOL4A6)+ (−1.37699×expFLRT2)

F I G U R E  1   Network construction of weighted coexpressed genes and associations with clinical traits in prostatic adenocarcinoma. A, 
Hierarchical clustering tree of the discovery cohort; dendrogram tips are labeled with the discovery cohort unique name. In the hierarchical 
dendrogram, lower branches correspond to higher coexpression. Among them: biochemical failure (BCF) (no, 0; yes, 1), Gleason score (5- 10), 
pT stage (≤pT2, 1; >pT2, 2), age (45- 78 years), surgical margin (no, 0; yes, 1), metastasis (no, 0; yes, 1), The level of color increases as the 
value grows. B, The branches of the cluster dendrogram correspond to eight different gene modules based on topological overlaps. Each 
piece of the leaves on the cluster dendrogram represents a gene. C, Relationships between modules and clinical traits. Shading behind the 
number represents the strength of the correlation between the gene modules and clinical traits, which varies from blue to red. Each column 
corresponds to a clinical trait. D, Visualization of the coexpression network of the immune genes in the turquoise module. The more edges, 
the more significant the gene is. Based on weight, not all genes are represented
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3.4 | Associations between the IRG- based 
signature and clinical characteristics

To evaluate the predictive power of the IRG- based signature, univari-
ate and multivariate Cox regression analyses were undertaken in both 
cohorts (Figure 3). Univariate Cox regression analysis revealed that 
the Gleason score, pT stage, and risk score were strongly correlated 
with BCF in discovery and validation cohorts (P < .05). In multivari-
ate Cox regression analysis, the Gleason score and risk score retained 
their prognostic value in the discovery cohort (P < .05). However, in 
the validation cohort, risk score was not evidently associated with 
BCF (P = .378). The associations between signature- based risk score 
and patients’ clinical characteristics are shown in Table 1. The Gleason 
score (P < .01), metastasis status (P < .05), and pT stage (P < .01) were 
significantly associated with risk score in both the discovery and vali-
dation cohorts. Patients with high Gleason score, advanced stage, and 
metastasis tended to have higher risk scores.

A stratified analysis was carried out to evaluate the prognostic 
value of the IRG- based signature in different subgroups in PRAD 

(Figure S3). Stratified analysis suggested that the IRG- based sig-
nature was a powerful tool to predict BCF in elderly patients 
(age >60 years), patients with a low (<8) or high Gleason score 
(≥8), early (≤pT2) or advanced stage (>pT2) patients, and patients 
with negative or positive surgical margins in the discovery co-
hort (P < .05). However, in the validation cohort, the IRG- based 
signature only showed prognostic efficacy in young patients 
(age ≤60 years), patients with a low Gleason score (<8), advanced 
stage (>pT2) patients, and patients with a negative surgical mar-
gin (P < .05). Collectively, the IRG- based signature demonstrated 
satisfactory prognostic values for BCF for specific clinical factors 
in PRAD.

The C- index was computed to assess the prognostic value of 
selected parameters (age, Gleason score, pT stage, surgical margin, 
and risk score). Compared with signature- based risk scores or certain 
clinicopathologic parameters, the prognostic model integrating risk 
score with clinical parameters had the best C- index in both cohorts 
(discovery cohort: 0.749, 95% CI, 0.688- 0.809; validation cohort: 
0.743, 95% CI, 0.674- 0.812) (Table S2).

F I G U R E  2   Validation of the immune- related gene (IRG)- based signature in prostatic adenocarcinoma. A, Risk score distribution of IRG- 
based signature; patients’ biochemical failure (BCF) status in different risk groups and heatmap of five IRG expression profiles. B, Kaplan- 
Meier curve plots to assess patient prognosis in different cohorts. C, Time- dependent receiver operating characteristic (ROC) curves to 
evaluate the accuracy of the IRG- based signature in different cohorts

F I G U R E  3   Univariate and multivariate 
Cox regression analyses in (A) discovery 
and (B) validation cohorts of patients 
with prostatic adenocarcinoma. In the 
univariate and multivariate Cox regression 
analyses, risk score, age, Gleason score, 
pT stage, and metastasis status are 
evaluated as continuous variables. P < .05 
is considered statistically significant in all 
analyses
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To provide a quantitative method to predict the probability of 
BCF in PRAD after RP for clinicians, we constructed a nomogram in-
tegrating the signature- based risk score with classical prognostic pa-
rameters. Calibration plots revealed that the nomogram performed 
well for predicting 1- year, 3- year, and 5- year BCF (Figure S4).

3.5 | Correlation between signature- based risk 
score and TIIC

To explore whether the signature- based risk score could precisely 
assess the immune status of the tumor microenvironment, a TIMER 

Variable

Risk score (discovery 
cohort)

P value

Risk score (validation 
cohort)

P valueLow (%) High (%) Low (%) High (%)

Age, years .030 .145

<60 27 (39.7) 41 (60.3) 114 (57.0) 86 (43.0)

≥60 69 (56.1) 54 (43.9) 148 (50.3) 146 (49.7)

Gleason score .008 <.000

<8 88 (54.3) 74 (45.7) 201 (69.3) 89 (30.7)

≥8 8 (27.6) 21 (72.4) 61 (29.9) 143 (70.1)

pT stage .001 <.000

=T2 82 (56.9) 62 (43.1) 130 (69.9) 56 (30.1)

>T2 14 (29.8) 33 (70.2) 127 (42.2) 174 (57.8)

Metastasis .017 <.000

No 91 (53.2) 80 (46.8) 240 (58.0) 174 (42.0)

Yes 5 (25.0) 15 (75.0) 22 (27.5) 58 (72.5)

TA B L E  1   Associations between 
signature- based risk score and clinical 
characteristics of patients with prostatic 
adenocarcinoma

F I G U R E  4   Infiltration of immune 
cells and expression of human leukocyte 
antigen (HLA)- related genes in low- 
risk and high- risk groups of prostatic 
adenocarcinoma (PRAD) samples. A, Violin 
plot shows the differential abundance 
of six infiltrative immune cells by TIMER 
database between high- risk (red) and 
low- risk (blue) groups of PRAD samples. 
B, Differential abundance of HLA- related 
genes between high-  and low- risk 
groups in PRAD. Group differences were 
assessed by the Wilcoxon test. ns, not 
significant. **P <0.01; ***P < 0.001
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database analysis was carried out to evaluate the correlation be-
tween signature- based risk score and infiltration of immune cells. 
Results indicated that the infiltration rates of five types of immune 
cells between the high- risk and low- risk groups were significantly 
different, including neutrophils, CD8+ T cells, macrophages, CD4+ 
T cells, and dendritic cells (P < .05) (Figure 4A). The relationship be-
tween the signature- based risk score and expression of HLA- related 
genes was also assessed. The expression of main HLA I- related 
genes (including HLA- A, HLA- B, and HLA- C) between high- risk and 
low- risk groups was significantly different in PRAD. The risk score 
was negatively correlated with the expression of HLA I- related 
genes (P < .05, Figure 4B).

In order to further explore the specific immunophenotype of 
PRAD, the mRNA expression of PRAD patients in the TCGA data-
base was used to infer the infiltration of 22 subtypes of immune 
cells using the CIBERSORT algorithm, and the differences between 
high- risk and low- risk groups were investigated. In the TCGA data-
base, 123 PRAD cases were enrolled with CIBERSORT (P < .05). CD4 
naive T cells were excluded after estimation, as they were almost ab-
sent in the prostate tissue. As shown in Figure 5A, macrophages M0 
and M2, CD8+ T cells, CD4+ T cells, and naive B cells accounted for 
the majority of infiltrating immune cells in PRAD. The proportion of 
immune cell subtypes was substantially different between the high- 
risk and low- risk groups (Figure 5C). Among 123 PRAD patients, the 
infiltration levels of CD4+ memory- activated T cells and regulatory 
T cells were higher in the high- risk group than in the low- risk group 
(P < .05). Compared with the low- risk group, the infiltration levels of 
plasma cells, monocytes, activated mast cells, and neutrophils were 
significantly decreased in the high- risk group (P < .05). The infiltra-
tion level of CD8+ T cells tended to be higher in the high- risk group 
than in the low- risk group; however, it did not reach significance 
(P = .075).

4  | DISCUSSION

The prostate is an organ with multiple tumor- related antigens as po-
tential therapeutic targets. As such, PRAD is regarded as an ideal 
tumor model for immunotherapy. In addition, PRAD is typically a tor-
pid disease that provides abundant time for the appearance of an an-
titumor immune response.22 However, HLA I may be downregulated 
in PRAD, rendering antigen presentation ineffective for immune es-
cape by the growth in the number of regulatory T cells, generation 
of immunosuppressive cytokines, or induction of T- cell apoptosis by 
false expressions.23 Previous clinical trials have reported that pa-
tients with advanced prostate cancer show overwhelming resistance 
to immune checkpoint inhibitors such as programmed cell death pro-
tein 1, cytotoxic T- lymphocyte antigen 4, and lymphocyte activation 
gene- 3, which could be attributed to the rare expression of immune 
checkpoint markers on prostate tumor cells. Nevertheless, recent 
clinical tests have confirmed that immunotherapy plays a vital role in 
PRAD. Therefore, novel IRGs hold potential for risk stratification and 
prognosis. Immune- related genes have been verified as independent 

predictors in several malignant tumors,24- 27 indicating that the IRG- 
based signatures could expound local immune responses and im-
mune status.

In this study, a BCF- related module was identified in a cohort 
of RP patients with long- term follow- up (discovery cohort) using 
WGCNA. In total, 152 IRGs were identified from this specific mod-
ule. Five IRGs (BUB1B, NDN, NID1, COL4A6, and FLRT2) were veri-
fied as components of a risk signature to divide PRAD patients into 
high- risk and low- risk groups. The IRG- based signature showed 
good performance in the risk stratification of PRAD patients in the 
internal (discovery) and external (validation) cohorts. Moreover, a 
univariate Cox regression analysis revealed that Gleason score, pT 
stage, and risk score showed prognostic value regarding BCF in 
PRAD. Furthermore, in the multivariate Cox regression analysis, the 
Gleason score and risk score maintained their prognostic value in 
the discovery cohort. Nevertheless, the risk score did not show the 
desired result in the validation cohort. Compared with the afore-
mentioned clinicopathologic predictors, the risk score still showed 
independent prognostic value based on the univariate and multivari-
ate Cox regression analyses. Furthermore, we also observed that the 
IRG- based signature showed satisfactory accuracy regarding the 1- , 
3- , and 5- year DFS of PRAD patients in both cohorts.

Our results suggest that the IRG- based signature could be used 
as an appropriate index in the stratification of PRAD. Patients in the 
high- risk group showed a higher incidence of BCF. The expression 
of the five IRGs was significantly different between low- risk and 
high- risk groups. Among these IRGs, BUB1B, NDN, and NID1 were 
identified as risk- associated genes. Conversely, COL4A6 and FLRT2 
were identified as protective genes. Association analyses between 
the signature- based risk score and clinicopathologic factors revealed 
that patients with a high- risk score had a stronger correlation with 
high Gleason score, advanced stage, high incidence of metastasis, 
and poor prognosis. This reflected the contribution of an immu-
nosuppressive tumor microenvironment to tumor progression and 
recurrence in the high- risk group. Furthermore, stratified analysis 
revealed that the IRG- based signature had better stratification ef-
ficacy for low Gleason score groups (<8), advanced stage groups 
(>pT2), and negative surgical margin groups in both cohorts. Harrell’s 
C- index revealed that the prognostic model integrating risk score 
with clinical parameters had the best C- index in both cohorts. This 
suggested that the signature- based risk score combined with clinical 
parameters could enhance the predictive accuracy for BCF in PRAD.

This study identified five IRGs as a novel risk signature for PRAD. 
These genes have been reported to participate in immune response 
regulation. BUB1B is a mitotic checkpoint that contributes to the fi-
delity of chromosome segregation during the proliferation of primary 
T cells.28 Precise regulation of the cell cycle is crucial for maintain-
ing T cell homeostasis and preventing lymphoproliferative diseases. 
High BUB1B expression has been reported in several malignancies, 
and is correlated with poor outcomes, including PRAD.29 NDN is a 
well characterized member of the MAGE protein family. During the 
process of tumor transformation, genes of this family may be reac-
tivated, expressed, and turned into antigenic targets for immune 



4374  |     ZHAO et Al.

F I G U R E  5   Correlation between the risk score and 22 subtypes of tumor- infiltrating immune cells (TIICs) in prostatic adenocarcinoma 
(PRAD) samples. A, Relative proportions of 22 subtypes of TIICs in high-  and low- risk groups. B, Bar plot shows the percentages of 22 
subtypes of TIICs calculated by CIBERSORT algorithm between high-  and low- risk groups in PRAD patients from The Cancer Genome Atlas 
database (high risk, 55 samples; low risk, 68 samples). C, Violin plot shows the different proportions of 21 subtypes of TIICs between low-  
and high- risk groups in PRAD samples. Horizontal and vertical axes represent 21 subtypes of TIICs and relative percentages, respectively. 
Blue and red represent low-  and high- risk groups, respectively, in PRAD samples. Data were assessed by the Wilcoxon test. NK, natural killer
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system recognition and attack.30 NDN may be involved in the pro-
cess of immune destruction against several early tumor cells.31 NDN 
hypermethylation is associated with better survival in head and neck 
squamous cell carcinoma patients.32 NID1 is a mesenchymal- related 
gene strongly linked to poor prognosis in ovarian cancer patients. 
NID1 facilitates the invasion, migration, and chemoresistance of 
ovarian cancer by epithelial- mesenchymal transition through the ac-
tivation of ERK/MAPK signaling.33 COL4A6 encodes one of the six 
subunits of type IV collagen. The downregulation of COL4A6 may 
promote the progression and invasion of PRAD by activating the 
p- FAK/MMP- 9 signaling pathway.34 FLRT2 is a typical member of 
the FLRT family, and encodes cell adhesion molecules. The diverse 
methylation of the FLRT2 transcription start site could contribute to 
modulating the expression and the interaction of FLRT2 and FGFR2, 
thereby regulating PRAD progression.35 These five IRGs have shown 
prognostic value in various cancers. However, the mechanistic un-
derpinnings of their involvement in immune modulation remain to be 
elucidated. Therefore, further exploration is necessary to expound 
the correlations between risk stratification and infiltration of im-
mune cells in PRAD.

In this study, the infiltration of immune cells in PRAD patients 
was analyzed with the TIMER database. Patients in the low- risk 
group showed higher infiltration rates of immune cells when com-
pared to patients in the high- risk group, including CD8+ T cells, CD4+ 
T cells, macrophages, dendritic cells, and neutrophils. The expres-
sion of HLA I- related genes (including HLA- A, HLA- B, and HLA- C) 
was also significantly increased in low- risk PRAD patients. The BCF 
of PRAD could be closely related to the infiltration level of immune 
cells, expression of immune components, and immune status. A 
higher immune status predicts a lower risk of BCF in PRAD. Previous 
studies have verified that immune cells differentiate into diverse 
subsets with inverse functions.36,37 The infiltration of 22 subtypes of 
immune cells was also analyzed using the CIBERSORT algorithm with 
the TCGA database. In 123 PRAD patients, risk score was positively 
related to activated CD4+ memory T cells and regulatory T cells, and 
was negatively related to plasma cells, monocytes, activated mast 
cells, and neutrophils. These results indicate that PRAD differs from 
other tumors and could have a specific immunophenotype and indi-
vidual immune prognostic factors. Consequently, further research is 
necessary to determine possible molecular mechanisms linking the 
IRGs in the novel risk signature and tumor immune status of PRAD.

Limitations of this research include its retrospective nature and 
the need to explore the molecular mechanisms by which IRGs in the 
special module affect the occurrence, progression, and prognosis in 
PRAD. As a result of limitations associated with the experimental 
conditions, the specific molecular mechanisms were not explored 
further. Nevertheless, in addition to improving the present prog-
nostic efficacy, we expect that this novel IRG- based signature will 
facilitate clinical research with the purpose of developing novel ther-
apeutic strategies for PRAD.

In summary, we have identified a BCF- related module with a 
long- term follow- up database (discovery cohort) using WGCNA. An 
IRG- based signature was identified from the specific module, which 

could function as an index for assessing tumor immune status and 
risk stratification in PRAD.
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