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Abstract
Background. The prognosis for prostate cancer patients remains poor. High-throughput sequencing data
provide a solid basis for identifying genes associated with cancer prognosis, but genetic markers are
needed to predict the clinical outcome of prostate cancer.

Methods. The Cancer Genome Atlas (TCGA) database (N = 551) was adopted to estimate the prognostic
value of immune genes. RNA-seq and clinical follow-up data were downloaded from TCGA. The samples
were randomly divided into training and test. Cox regression analyses and least absolute shrinkage and
selection operator (LASSO) were conducted to develop an immune risk score. Gene Ontology (GO), Kyoto
Encyclopedia of Genes and Genomes (KEGG) and single sample Gene Set Enrichment Analysis (ssGSEA)
were used for functional Analysis. Tumor Immune Estimation Resource (TIMER) is used to analyze the
immune score, and RMS curve and clinical decision curve analysis is used to analyze the superiority of
the comparison with published models.

Results. Survival analyses revealed that 19 genes signi�cantly associated with the overall survival (OS).
10-genes signature was ultimately obtained through random forest feature selection. Riskscore
effectively strati�ed samples in the training, test, and external veri�cation sets and all TCGA sets. The 5-
year survival AUC in the training, veri�cation sets and all TCGA sets were around 0.7. Univariate and
multivariate analysis showed that 10-genes signature has good predictive performance in clinical. TIMER
analysis shows that immunosuppression may reduce the chances of survival for patients with prostate
cancer. Compared with published models, our model has a higher C-index.

Conclusion. We constructed a 10-gene signature as a new prognostic marker for predicting survival of
prostate cancer patients.

Background
Prostate cancer is the biggest threat to men's health in the world after lung cancer. According to statistics,
164,690 new cases of prostate cancer were diagnosed in 2018, and 29,430 patients died of prostate
cancer, making prostate cancer the third leading cause of cancer-related deaths among men in the United
States [1]. In China, the incidence of prostate cancer is also increasing year by year, and it is expected to
grow faster in the next few years [2]. Globally, there were about 1.3 million new cases of prostate cancer
in 2018 and 359,000 deaths from the disease, making it the second leading cause of cancer among men
and the �fth leading cause of cancer deaths among men [3].

In recent years, more and more studies have reported methods to predict and stratify survival and
prognosis of prostate cancer patients based on gene expression [4–6]. Unfortunately, such studies have
not yet been translated into routine clinical practice, which may be due to a small sample size, high data
�t or lack of evidence. Currently open and available large-scale databases containing gene expression
data, such as The Cancer Genome Atlas (TCGA) and ImmPort, make it possible to mine more reliable
biomarkers for prostate cancer to predict and categorize patient outcomes [7, 8]. Every part of the
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immune system has been shown to participate in, accelerate and even identify different stages of cancer
development and progression. In addition, immune escape has been shown to be a new marker for
cancer. Recently, the immunotherapy drug PD-1/PD-L1, based on speci�c immune checkpoints, has
shown surprising results in treating cancer patients [9]. However, in the prostate cancer microenvironment,
the molecular events of the interaction between tumor cells and immune cells need to be further explored
and summarized, which will ultimately determine their potential to predict the prognosis of prostate
cancer patients.

In this study, the TCGA and ImmPort databases were analyzed and patient clinical characteristics were
considered to develop and validate prognostic models for prostate cancer based on immune-related
genes. This could eventually be used to help clinicians assess the prognosis and treatment options of
prostate cancer patients.

Materials And Methods

Data acquisition
TCGA GDC API was used to download the latest clinical follow-up information, which was downloaded
on December 12, 2018. A total of 551 RNA-seq data samples were included, including 499 tumor tissue
data and 52 normal tissue samples. The immune-related gene set was downloaded from the ImmPort
database. After removing the genes with duplicate names, there were 1,811 genes in total. The work�ow
is shown in Fig. 1.

Data preprocessing
The following steps were used to preprocess the RNA-seq data of 499 samples:

1. samples without clinical data were removed

2. normal tissue sample data were removed

3. the gene with Fragments Per Kilobase of transcript per Million fragments mapped (FPKM) 0 in half
of the samples were removed

4. Since the samples whose event was dead were much smaller than those who were alive (10:484), in
order to avoid the abnormal model construction, the samples with recurrence prognosis were
combined with dead samples as the same status, with a total of 74 and the remaining 420 samples
as the status of another group.

5. only the expression pro�les of immune-related genes were retained, and a total of 1353 genes were
used for subsequent modeling analysis.

Sample grouping



Page 4/22

First, 494 samples were divided into training and test sets. To avoid random allocation bias affecting the
stability of subsequent modeling, 1000 samples of all samples were put back into random groups in
advance, and the most suitable training and test sets were selected according to the following conditions:

1. The two groups are similar in terms of age distribution, clinical stage, follow-up time, and proportion
of patient deaths.

2. The number of samples in the two classi�cations is similar after clustering the gene expression
pro�les of the two data sets randomly grouped.

The �nal training set has a total of 246 samples and the test set has a total of 248 samples.

The �nal training and test set sample information is shown in Table 1.
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Table 1
Sample information of training and test set

Features Overall Set Training Set Testing Set Pvalue

OS 494 246 248 0.433515

T 494 244 247 0.661289

T1 177 92 85  

T2 202 93 109  

T3 109 57 52  

T4 3 2 1  

TX 3 2 1  

N 494 208 213 0.700088

N0 343 167 176  

N1 78 41 37  

NX 73 38 35  

Age 494 246 248 0.493976

0 ~ 50 27 10 17  

50 ~ 60 173 90 83  

60 ~ 70 242 124 118  

70 ~ 100 52 22 30  

RadiationTherapy 494 139 146 0.850781

NO 245 119 126  

YES 40 20 20  

Univariate survival risk analysis
Unilateral Cox proportional risk regression model was developed for each immune-related gene and
survival data using training set data. Survival coxph function was used, p < 0.05 was selected as the
threshold for �ltering.

Construction of prognostic immune gene signatures
Least absolute shrinkage and selection operator (LASSO) is a popular method for regression modeling
with a large number of potential prognostic features, because it can perform automatic feature selection
in a manner that results in signatures with generally good prognostic performance [10]. The LASSO
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method has been extended to the Cox model for survival analysis and has been successfully applied for
the purpose of building sparse signatures for survival prognosis in many application areas including
oncology[11–13], We �rst use the training set samples to perform univariate Cox proportional hazards
regression analysis on each gene, with log rank p < 0.05 as a threshold to identify genes with signi�cant
prognosis, and Then, the R software package glmnet [14] was used to screen the genes with robust
prognostic characteristics. The multivariate Cox regression analysis was further conducted by using the
stepwise regression method, and the model was constructed by using 10-fold cross validation. Stepwise
regression USES the AIC red pool information criterion, which takes into account the statistical �tting
degree of the model and the number of parameters used for �tting. StepAIC method in the MASS package
starts from the most complex model and deletes a variable successively to reduce AIC. The smaller the
value, the better the model, indicating that the model has obtained su�cient �tting degree with fewer
parameters. Risk scoring model:

where N is the number of prognostic genes, Expk is the genes value of prognostic genes, and eHR
k is the

estimated regression coe�cient of genes in the multivariate Cox regression analysis.

Functional enrichment analyze
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment
analysis was performed using the R package clusterpro�ler[15] for genes, to identify over-represented GO
terms in three categories (biological processes, molecular function and cellular component), and KEGG
pathway. For this analysis, a FDR < .05 was considered to denote statistical signi�cance.

To estimate KEGG functional enrichment scores, we used a single-sample gene-set enrichment analysis
(ssGSEA), which de�nes enrichment scores to represent the absolute enrichment of gene sets in each
sample in a given dataset. Normalized enrichment scores can be calculated for each immune category.
SsGSEA analysis was performed in R packaging GSVA.

Differences in tumor in�ltrating immune cells
Six types of tumor-in�ltrating immune cells were retrieved from the tumor immune estimation resource
(TIMER) (https://cistrome.shinyapps.io/timer/), and the immune scores of the two groups were
calculated for comparison.

Comparison with other models
Four prognostic risk models: 4-gene signature (Wang) [16], 4-gene signature (Komisarof) [17], 24-gene
signature (Long) [18] and 22-gene signature (Erho) [19] were selected for comparison with our 10 genes
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model. Four models were applied to TCGA data set to analyze Kaplan-Meier (KM) survival curve, Receiver
Operating Characteristic (ROC) curve, Restricted Mean Survival (RMS) curve and clinical decision curve
analysis.

Statistical analysis
The KM curve was plotted when the median risk score in each dataset was used as a cutoff to compare
the survival risk between the high-risk and low-risk groups. Multivariate Cox regression analysis was
performed to test whether immunity related genes (IRGs) markers were independent prognostic factors.
Signi�cance was de�ned as P < 0.05, both were bilateral tests. ROC analysis was performed using the R
package pROC, c-index calculation was performed using the R package RMS, and all of these analyses, if
not speci�ed, were performed using default parameters in R 3.4.3.

Results

Identi�cation of immune-related genes with differential
prognosis in patients with prostate cancer and construction
of prognostic gene signatures for 10 genes
In the TCGA training set data, we used a univariate Cox proportional hazard regression model to establish
the relationship between overall patient survival and immune-related gene expression, found that there
were 78 genes with differences. In order to screen for robust immune-related prognostic signature genes,
we used the R package glmnet to perform lasso cox regression on these 78 genes for dimensionality
reduction analysis. The trajectory of each independent variable shows that as the lambda gradually
increases, the number of independent variable coe�cients tending to increase gradually. (Fig. 2A). The
results of the con�dence interval analysis show that the model is optimal when lambda = 0.039. We
choose the model when lambda = 0.039 as the �nal model, which contains 19 genes (Fig. 2B).
Furthermore, the 19 genes obtained in the previous step were reduced to 10 genes by multivariate cox
survival analysis using AIC red pool information criterion (Table 2). The prognostic KM curve results of 10
genes show that 5 genes (ie, RXRB, KAL1, EED SORT1, and GPI) could signi�cantly reduce the risk of
TCGA training set samples in two groups (p < 0.05) (Figure S2). The resulting 10-gene signature formula
is as follows:
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Table 2
Basic information of this 10 Gene.

Gene Symbol Coef Pvalue HR Low.95.CI. High.95.CI.

KCNH2 0.2018 0.0001 1.2236 1.1072 1.3522

GREM1 0.1629 0.0001 1.1770 1.0833 1.2787

PSMD14 0.4970 0.0011 1.6438 1.2187 2.2171

RXRB 0.2324 0.0055 1.2616 1.0707 1.4866

BCL10 -0.3032 0.0336 0.7385 0.5584 0.9767

KAL1 -0.3677 0.0641 0.6924 0.4691 1.0218

EED 0.4985 0.0680 1.6462 0.9637 2.8120

SORT1 -0.1302 0.0766 0.8779 0.7602 1.0140

LTB4R 0.2973 0.1104 1.3462 0.9345 1.9391

GPI 0.0282 0.1187 1.0286 0.9928 1.0656

RiskScore10 = KCNH2*0.2018 + GREM1*0.1629 + PSMD14*0.4970 + RXRB*0.232 + BCL10*-0.30312 + 
KAL1*-0.3676 + EED*0.4985 + SORT1*-0.1302 + LTB4R*0.2972 + GPI*0.0282.

Based on the Risk model, the Risk Score of each sample in the TCGA training set was calculated. The
training set samples were divided into the high-risk group (risk-H) and the low-risk group (risk-L) as the
median Risk Score was taken as the threshold. As patients' risk scores increased, the number of dead
samples increased. Heat map analysis showed that high expression of BCL10, KAL1 and SORT1 were
correlated with low risk, which were protective factor. High expression of KCNH2, GREM1, PSMD14, RXRB,
EED, LTB4R and GPI were correlated with high risk, which were risk factors associated. (Fig. 2C). ROC
curve analysis suggests that the Area Under Curve (AUC) at one, three, and �ve years are greater than 0.70
(Fig. 2D). A risk model based on 10 genes is used to predict the KM survival curve of the risk-H and the
risk-L on the training set. There is a signi�cant difference between the risk-H and the risk-L (Fig. 3E).

Robustness of the 10 gene model
In order to verify the stability and reliability of the model, we applied 10 gene signatures to the validation
set and TCGA all data, calculated the risk score of each sample. The median risk score as the threshold,
the validation set data and all TCGA data set samples were divided into the risk-H and the risk-L. As
patients' risk scores increased, the number of deaths increased, and the high-risk group had more deaths
than the low-risk group. Heat map analysis showed that high expression of BCL10, KAL1 and SORT1 are
correlated with low risk, which are protective factor. High expression of KCNH2, GREM1, PSMD14, RXRB,
EED, LTB4R and GPI are risk factors associated with high risk (Fig. 3A, D). The prediction effect of the
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model at 1,3 and 5 years was evaluated in the validation set data and all TCGA data sets, and the AUC
was greater than 0.70 (Fig. 3B, E). The risk model constructed based on 10 genes was used to predict the
k-m survival curve of the high-risk group and the low-risk group on the validation set data and all TCGA
data sets, and there was a signi�cant difference between the high-risk group and the low-risk group
(Fig. 3C, F).

Analysis between risk models and clinical characteristics
The comprehensive analysis of Riskscore calculated by 10-gene signature and clinical information
revealed that The 10-mRNA signature could distinguish T2, T1 + T3 + T4, N0, N1, M0, patients who have
not received radiotherapy, young group, and old group signi�cantly different from high-risk group (p < 
0.05) (Figure S2). This results indicated that our model still has good predictive power in different clinical
signs. To identify the independence of the 10-gene signature model in clinical applications, Univariate
and multivariate COX regression analysis were used in the clinical information carried throughout the
TCGA data. Univariate COX regression analysis found that only T-stage and Riskscore were signi�cantly
related to survival (Fig. 4A), However, the corresponding multivariate COX regression analysis only found
that the T stage and Risk score (HR = 2.691, 95% CI = 1.200-6.039, p = 0.016) were signi�cantly related to
survival (Fig. 4B). The analysis results of the nomogram model show that the RiskScore has the greatest
impact on the survival prediction, indicating that the 10 gene-based risk model can better predict the
prognosis (Fig. 4C). In addition, we counted 1-, 3-, and 5-year data used to visualize nomogram
performance (Fig. 4D).

Riskscore potentially relevant regulatory pathways
In order to observe the relationship between risk score and biological function of different samples, the R
software package GSVA carried out ssGSEA analysis and functions with a correlation greater than 0.4
was selected. The results showed that most of the samples were negatively correlated with Riskscore,
and a few were positively correlated with Riskscore (Fig. 5A). Furthermore, GSEA was used in the data set
of the training set to analyze the signi�cantly enriched pathways in the high-risk group and the low-risk
group. The threshold value was p < 0.05, and the signi�cantly enriched pathways were obtained (Fig. 5B),
among them, PROPANOATE_METABOLISM, PPAR_SIGNALING_PATHWAY were signi�cantly enriched to
the high-risk group, which were closely related to the development of cancer.

Analysis of risk models and immune scores
Z score normalization was used for Risk score of each sample in the training set, the samples were
divided into high risk group and low risk group. The TIMER tool was used to calculate the immune score
of each sample in the training set, and it is found that other than the CD8 Tcell, the other immune scores
show signi�cant differences in the high and low risk groups (p < 0.05) (Fig. 6).

Comparison with other models
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As described in the method, four prognostic risk models were selected: 4-gene signature (Wang), 4-gene
signature (Komisarof), 24-gene signature (Long), and 22-gene signature (Erho). In order to make the
models comparable, the risk score of each prostate adenocarcinoma (PRAD) sample in the TCGA using
the same method based on the corresponding genes in the 4 models were calculated. The OS-KM curve
shows that the OS prognosis of the Risk-H and Risk-L in the four models are signi�cantly different except
for the Wang model (logrank p < 0.05) (Fig. 6A-D). ROC curve reveals that the prediction effect of four
models is worse than that of 10 gene signature (Fig. 6E-H). In order to compare the prediction
performance of these models on PRAD samples, the RMS curve was drawn using the R language RMS
package. The 10 gene signature is more accurate for long-term follow-up (Fig. 6C). Decision Curve
Analysis (DCA) results showed that Riskscore had the highest degree of bene�t, far higher than the other
four subtypes (Fig. 6D).

Discussion
In terms of prognosis, Prostate cancer is a highly heterogeneous disease in that survival times vary
substantially among patients with similar tumor node metastasis (TNM) stages. With the diagnosis and
treatment of Prostate cancer at earlier stages, traditional clinicopathological indicators such as tumor
size, vascular invasion, portal vein thrombus and TNM stage have proven inadequate for predicting
individual outcomes, especially risk strati�cation, as no one-size-�ts-all treatment strategy appears to be
effective. Consequently, screening prognostic molecular markers that adequately re�ect the biological
characteristics of tumors would be of great signi�cance for individualized prevention and treatment of
Prostate cancer patients. In the present study, we analyzed the expression pro�les of 499 Prostate cancer
samples from TCGA and identi�ed 10 genes robustly associated with OS. This signature is independent
of other clinical factors.

Gene signatures are currently being used in clinical practice. Two examples are Oncotype DX [20, 21],
which provides a breast cancer recurrence score based on expression of 21 genes, and Coloprint, which
provides a colon cancer recurrence score based on expression of 18 genes [22, 23]. Results obtained with
these assays have shown that screening new prognostic cancer markers based on gene expression
pro�les is a promising high-throughput molecular identi�cation method. In that regard, Shao N et al. [24]
developed a seven lncRNAs signature that could predict PCa Rapid biochemical recurrence, but the AUC
was only about 0.68, and Abou-Ouf H et al. [25] build a 10-gene model, based on high-dimensional
discriminant analysis, but the AUC was only about 0.65. In addition, Lee JY et al.[26] used clustering
score (CS) and predictive score (PS) to identify 29 PCa genes (called PCa29) as early biomarkers from
two data sets in Gene Expression Omnibus (GEO). Although PCa29 can distinguish between normal and
tumor tissues and is speci�c for prostate cancer, the large number of genes that need to be detected
makes this analysis clinically impractical. By contrast, our 6-gene signature has a high AUC using only 6
genes, which makes it conducive to clinical application.

The 10 genes in our signature include KCNH2, GREM1, PSMD14, RXRB, BCL10, KAL1, EED, SORT1, LTB4R
and GPI. It has been reported that in the context of androgen receptor-positive prostate cancer, EED
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regulate androgen receptor expression levels and androgen receptor downstream targets [27]. The
expression of SORT1 was altered in malignant patient tissue, when compared to indolent and normal
prostate tissue [28]. Although others have not been previously reported to be related to Prostate cancer,
many genes have been reported in relation to other cancers. Ours is the �rst study to suggest that they
can be used as new prognostic markers of Prostate cancer. At the same time, our GSEA results show that
the 10-gene signature enrichment signi�cantly correlates with pathways and biological processes
associated with the occurrence and development of cancer. This indicates that our model has potential
clinical application value and could provide a potential target for diagnosis and for development of new
targeted therapies.

Although we have identi�ed potential candidate genes affecting tumor prognosis using bioinformatics
technology with large samples, our study has limitations. First, the sample lacks some clinical follow-up
information, so we did not consider factors such as the presence of other health conditions to
differentiate prognostic biomarkers. Second, the results obtained using bioinformatics analysis alone are
insu�cient and need to be con�rmed through experimental veri�cation. Therefore, further genetic and
experimental studies with larger samples and experimental validation are needed.

Conclusions
In this study, univariate and multivariate analysis showed that 10-genes signature has good predictive
performance in clinical. TIMER analysis showed that immunosuppression may reduce the chances of
survival for patients with prostate cancer. Compared with published models, our model has a higher C-
index. In conclusion, our integrated analyses revealed that 19 genes signi�cantly associated with the
overall survival (OS) and constructed a 10-gene signature as a new prognostic marker for predicting
survival of prostate cancer patients.
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Additional Files
Figure S1

KM survival curve of 10 gene.

Figure S2

KM survival curve of the 10-mRNA signature based on multiple clinical information distinguished high-
risk group and low-risk group. A-C: T1 group, T2 group, T3 + T4 group, respectively. D-E: N0 group and N1
group, respectively. F: M0 group. G: patients who have not received radiotherapy, H-I: young group and old
group, respectively.
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Figures

Figure 1

Work�ow.
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Figure 3

Construction of prognostic gene signatures for 10 genes. A: The trajectory of each independent variable,
the horizontal axis represents the log value of the independent variable lambda, and the vertical axis
represents the coe�cient of the independent variable. B: Con�dence interval under each lambda. C: risk
score, survival time and survival status, and 10-gene expression in TCGA training set. D: ROC curve and
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AUC of 10-gene signature classi�cation. E: KM survival curve distribution of 10-gene signature in the
training set.

Figure 5

The robustness of 10 gene signatures was veri�ed. A: risk score, survival time and status, and 10-gene
expression in the validation set data. B: ROC curve and AUC for 10 gene signature classi�cation in the
validation set data. C: KM survival curve distribution of 10-gene signature in the veri�cation set. D: 10- KM
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survival curve distribution of gene signature in the TCGA all data set. E: risk score, survival time and
status, and 10-gene expression in the validation set data. E: ROC curve and AUC for 10-gene signature
classi�cation in the validation set data. D: KM survival curve distribution of 10-gene signature in TCGA all
data set.

Figure 7
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Analysis between risk models and clinical characteristics. A: Forest plot of clinical factors and Riskscore
for univariate survival analysis. B: Forest plot of clinical factors and Riskscore for multivariate survival
analysis. Among them, red represents signi�cant OS correlation. C: Nomogram of risk score compared
with clinical factors. D: A statistical chart of 1 -, 3 -, and 5-year survival in nomograms.

Figure 9
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Riskscore potentially relevant regulatory pathways. A: KEGG pathways correlated with risk score greater
than 0.4, and the clustering of correlation coe�cients between RiskScore and KEGG. B: Pathways
enriched in the high-risk group and the low-risk group of the training set by 10-gene signature, in which
different colors represent different pathways.

Figure 11

Immune score was detected by Tumor immune estimation resource in high and low risk groups.
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Figure 13

Riskscore versus published models. A-D: KM curves of Wang model, Komisarof model, Long model and
Erho model, respectively. E-F: AUC curves of Wang model, Komisarof model, Long model and Erho model,
respectively. C: RMS curves of �ve models. D: DCA curves of �ve models.

Supplementary Files



Page 22/22

This is a list of supplementary �les associated with this preprint. Click to download.

FigureS2.pdf

FigureS1.pdf

FigureS1.pdf

FigureS2.pdf

https://assets.researchsquare.com/files/rs-17658/v1/Figure%20S2.pdf
https://assets.researchsquare.com/files/rs-17658/v1/Figure%20S1.pdf
https://assets.researchsquare.com/files/rs-17658/v1/Figure%20S1.pdf
https://assets.researchsquare.com/files/rs-17658/v1/Figure%20S2.pdf

