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Abstract
Background: Prostate cancer recognized as a “cold” tumor has an immunosuppressive microenvironment
in which regulatory T-cells (Tregs) usually represent a major role. Therefore, identifying a prognostic
signature of Tregs has promising bene�ts of improving survival of prostate cancer patients. However, the
prognostic signature based on Tregs-speci�c mRNAs for prostate cancer is lacking.

Methods: We systematicly analyzed transcriptional pro�les of Tregs and 19 other immune cell types
using 42 puri�ed immune cell datasets from GEO to identify Tregs-speci�c mRNAs, and develop and
validate a prognostic signature of Tregs (named “TILTregSig”) for monitoring prognosis of prostate
cancer using TCGA and ICGC datasets. We also applied the signature to �ve immunotherapy response
datasets and GSCALite to analyze the potential of the TILTregSig for predicting CIT response and cancer
therapeutic resistance.

Results: We develop the TILTregSig comprising �ve mRNAs (SOCS2, EGR1, RRM2, TPP1 and C11orf54)
for prostate cancer patients. We �nd that the TILTregSig is a stronger predictor for tumor immunity
compared with tumor mutation burden (TMB) and glycolytic activity which have been reported as
immune predictors. Further analyses indicate that the TILTregSig may in�uence tumor immunity mainly
by mediating tumor-in�ltrating Tregs. Moreover, the TILTregSig also shows promising potential for
predicting cancer immunotherapy (CIT) response and therapeutic resistance in multiple cancers.

Conclusions: Our study has highlighted the value of the TILTregSig as a prognostic biomarker of prostate
cancer from a tumor-in�ltrating Tregs perspective, and strengthened its potential application as predictor
of CIT response and cancer therapeutic resistance, which warrants further.

Background
Prostate cancer is the most frequently diagnosed cancer and the second cause of cancer death in men
worldwide, with an estimated incidence of 1,414,259 new cases in 2020, accounting for 7.3% of new
cancer cases in men (1). Radical prostatectomy (RP) and radiation therapy (RT) are the most common
primary treatment options for prostate cancer patients and can provide de�nitive cure in many patients.
Unfortunately, recurrent prostate cancer following primary therapy is common (2), with the incidence of
biochemical recurrence (BCR) ranging from 19–35% at 10 years following RP and around 30% following
RT (3). Therefore, excavating a biomarker that can predict the recurrence holds the promise of improving
survival for prostate cancer patients.

Recently, a growing body of evidence has revealed the attractive clinical e�cacy of cancer
immunotherapy (CIT) in the treatment of prostate cancer. For example, sipuleucel-T has been evaluated in
the multicenter Immunotherapy for Prostate Adenocarcinoma Treatment (IMPACT trial) which has been
approved by sipuleucel-T’s Federal Drug Administration, in addition to three Phase III clinical trials
(NCT00065442, NCT00005947, and NCT01133704). Sipuleucel-T-treated patients tended to have a 3-fold
increase in activated T cells in prostatectomy specimens compared to patients who did not receive
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sipuleucel-T (4). Furthermore, the median survival of patients who received sipuleucel-T was 25.8 months,
while 21.7 months in placebo-treated patients. Beer TM et al. found that there was a signi�cant difference
seen in PFS between patients treated with ipilimumab and patients treated with placebo, 5.6 months in
the ipilimumab group compared to 3.8 months in the placebo group (5). Despite the sustained clinical
e�cacy of CIT, however, only a fraction of patients bene�t from them (6). Therefore, it has become a
primary priority to excavate a biomarker that can accurately predict the prognosis and response to CIT for
prostate cancer, which will bring tremendous value in guiding the management of prostate cancer
patients. Previous studies have unveiled some indicators associated with CIT response such as tumor
mutation burden (TMB) (7), eosinophilic count (8), PD-L1 expression (9), deep sequencing of T-cell
receptor DNA (10), glycolytic activity (11). However, accurate biomarkers for predicting clinical outcome
and CIT responses for prostate cancer patients continue to be largely unexplored.

Prostate cancer de�ned as a “cold” tumor has an immunosuppressive microenvironment. Tumor-
in�ltrating lymphocytes (TILs) usually restrain the activity of T-effector cells, which may contribute to
cancer progression. Previous study found that TILs resided in prostate cancer tissues was skewed
towards regulatory T-cells (Tregs) and T helper 17 (Th17) phenotypes, which suppressed autoreactive T
cells and antitumor immune responses (12). In TILs, Tregs are numerous and highly activated (13, 14),
and are supposed to represent a major mechanism of tumor-induced immune suppression (15, 16). Not
only do Tregs inhibit T-effector cells, but they appear to fundamentally alter the entire immune milieu
related to the tumor. A large body of evidence indicated that tumor-in�ltrating Tregs were strongly
associated with the response of CIT, and represented a potentially important target for CIT (15, 17). In
addition, Tregs have been observed signi�cantly associated with poor prognosis of prostate cancer (18,
19). Transcriptional characteristics have recently been found have predictive power for the in�ltrations of
Tregs, thus leading to the identi�cation of gene expression biomarkers for quantitative evaluation of
Tregs and prognosis and CIT response strati�cations (20, 21). However, Tregs-speci�c mRNAs, and their
application in evaluating Tregs and predicting prognosis and CIT responses, has been not explored.

Therefore, in this study, we systematicly analyzed transcriptional pro�les of Tregs and 19 other immune
cell types using 42 puri�ed immune cell datasets from GEO to identify Tregs-speci�c mRNAs and develop
a prognostic signature of Tregs (named “TILTregSig”) for monitoring prognosis of prostate cancer. The
potential of the TILTregSig to serve as a predictive biomarker of CIT response and cancer therapeutic
resistance was also explored.

Methods

Patient data
Clinical information and transcriptional pro�les of prostate cancer patients were retrieved from the
Cancer Genome Atlas data portal (TCGA, http://cancergenome.nih.gov/). After the removal of patients
with shorter than one month survival time from the data, 454 prostate cancer patients and their
corresponding RNA sequencing (RNA-seq) data pro�led expressed as transcripts per million (TPM) were
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obtained from TCGA database. R package ‘edgeR’ was utilized to normalize and process the data by
using R version 4.0.4 software.

For validation, we also downloaded clinical information and transcriptional data of 25 prostate cancer
patients (PRAD-FR cohort) from the International Cancer Genome Consortium (ICGC,
https://dcc.icgc.org/).

We downloaded the immunotherapy response datasets from the GEO database (GSE19423, GSE111636,
GSE67501, GSE53922) and Miao D, et al. (22). The list of these immunotherapy response datasets was
displayed in Table S1.

Puri�ed immune cell data
Transcriptional pro�les of T regulatory (Treg) cells and 19 other immune cell types conducted by GPL571
(Affymetrix Human Genome U133A 2.0 Array) were obtained from the publicly available GEO database
(https://www.ncbi.nlm.nih.gov/geo/) including GSE38043, GSE11292, GSE22501, GSE22045, GSE23332,
GSE65010, GSE43769, GSE50175, GSE42058, GSE59237, GSE233371, GSE37750, GSE14000, GSE4984,
GSE27838, GSE8059, GSE46062, GSE17186, GSE39411, GSE50006, GSE13987, GSE85260, GSE56591,
GSE16386, GSE16755, GSE13670, GSE11864, GSE84331, GSE51288, GSE44126, GSE26347,
GSE142672, GSE134209, GSE101587, GSE66936, GSE49910, GSE28490, GSE93776, GSE67321,
GSE72642, GSE28491, GSE28726.

Construction a TILTreg-derived mRNA prognostic signature
for prostate cancer
The mRNA and clinical pro�ling analysis was developed for identifying TILTregSig (i.e. the TIL-Treg-
derived prognostic mRNA signature) as follows (Figure S1): (i) Differential expression analysis of mRNAs
between Treg-cell lines and other immune cell lines was performed using the R packages ‘limma’. Those
mRNAs highly expressed in Treg-cell lines and downregulated in other immune cell lines were de�ned as
Tregs-speci�c mRNAs (by criterion as false discovery rate (FDR) < 0.05 and LogFC > 2); (ii) To identify
mRNAs that were associated with prostate cancer, a list of 384 genes differentially expressed between
healthy donors and prostate cancer patients using gene expression pro�les excavated from peripheral
blood mononuclear cells (PBMCs) of 3 healthy donors and 3 prostate cancer patients (23) were involved
in this analysis. Tregs-speci�c mRNAs overlapped with these 384 genes were extracted out as Tregs-
speci�c mRNAs associated with prostate cancer (TILTreg-associated mRNAs); (iii) Univariate Cox
regression analysis was used to explore TILTreg-associated mRNAs related to RFS as prognostic mRNAs;
(iv) Multivariate Cox regression analysis was employed to explore candidate biomarkers for monitoring
prognosis of prostate cancer (TILTregSig). (v) The corresponding risk scores for patients were calculated
according to the expression levels of the genes (expi) and the coe�cients of the multivariate Cox
regression analysis (bi) for easy application in the clinic. Subsequently, patients were divided into low-
and high-risk groups according to the mean risk score. The formula used was as follows:
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Evaluation of cancer stemness indices.
Tathiane M Malta et al. applied one-class logistic regression (OCLR) machine-learning algorithm to TCGA
datasets to calculate the stemness indices (mRNAsi and mDNAsi) using transcriptomic and epigenetic
signatures (24). mDNAsi is re�ective of epigenetic features, while mRNAsi is re�ective of gene expression.
Each stemness index (si) ranges from low (zero) to high (one) stemness.

Genetic variation and methylation analysis of the TILTregSig
A webtool GSCALite (http://bioinfo.life.hust.edu.cn/web/GSCALite/) was used to analyse the genetic
variation and methylation of the genes involved in the TILTregSig. Data in GSCALite were overlapped with
the samples derived from TCGA database.

Evaluation of tumor immunity, tumor mutation burden
(TMB), glycolysis score and immune-related indicators, and
epithelial-mesenchymal transition levels
In order to assess tumor immunity, we employed Estimation of STromal and Immune cells in MAlignant
Tumours using Expression data (ESTIMATE), a method that quantify the immune score, stromal score,
ESTIMATE score and tumor purity for each tumor sample that quanti�es the immune activity (immune
in�ltration level) based on the expression of immune genes (25). For each tumor sample, we determined
its TMB as the total count of somatic mutations (except silent mutations) detected in the tumor.
Glycolysis score, an immune-related signature which has been proved by Zehang Jiang, et al (11), were
also estimated in our study for each tumor sample using ssGSEA based on the glycolytic gene set (11) to
compare the ability to predict immunity with the TILTregSig. ssGSEA algorithm was utilized to calculate
different immune-related indicators (including APC co-inhibiton, APC co-stimulation, chemokine receptors,
type  IFN response and type  IFN response, anti-in�ammatory cytokines, pro-in�ammatory cytokines,
MHC class , cytolytic activity, HLA and TILs) using their feature genes (Table S2). We used epithelial-
mesenchymal transition (EMT) markers including EMT1, EMT2 and EMT3 which were reported by
Sanjeev Mariathasan et al (26) to ssGSEA analysis to evaluate the levels of EMT for prostate cancer
patients in different groups.

Evaluation of immune cells in�ltrations
To ensure the accuracy of our results, in this work, we utilized three methods to estimate the immune cell
in�ltrations in prostate cancer. The �rst method, we employed ssGSEA to calculate the immune cell
in�ltration levels using immune cells’ marker genes (Table S2). The second method is CIBERSORT
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algorithm (27), which can infer the relative proportions of 22 types of in�ltrating immune cells using gene
expression pro�les obtained from TCGA database. The last method, we employ ImmuneCell AI database
(http://bioinfo.life.hust.edu.cn/ImmuCellAI/#!/) which can evaluate the abundance of 24 immune cells,
comprised of 18 T-cell subtypes and 6 other immune cells: B cell, NK cell, Monocyte cell, Macrophage cell,
Neutrophil cell and DC cell.

Gene set enrichment analysis
To explore the potential biological functions of the TILTregSig, we conducted Gene Set Enrichment
Analysis (GSEA) based on the curated gene sets “c7.all.v7.4.symbles.gmt [immunologic signature]”.
Normalized P-value < 0.05 was considered to be statistical signi�cance.

Statistical analysis
The expression pro�les of mRNAs from TCGA and GEO were shown as raw data and each mRNA was
normalized by log2 transformation for further analysis. The t-test P < 0.05 was utilized to determine the
statistical signi�cance. We calculated the correlation between two variables using the Spearman method.
The threshold of P < 0.05 (Spearman's correlation test) indicates the signi�cance of correlation. Kaplan–
Meier (K-M) survival curves and log-rank tests were used to compare the survival distribution between the
high-risk and low-risk groups via GraphPad Prism version 7.0. To compare the predictive power of
different genomic features, time-dependent receiver-operating characteristic (ROC) curves analysis was
performed using the R package ‘survivalROC’, and the area under the ROC curve (AUC) was used to
assess the predictive performance of the genomic features. A webtool GSCALite
(http://bioinfo.life.hust.edu.cn/web/GSCALite/) was used to analyze the relationships between IC50 data
of different molecules and the genes expression levels in the TILTregSig. The Kruskal-Wallis test was
used for comparisons among multiple groups. All the statistical analyses were performed in R version
4.0.4 with additional Bioconductor packages. A two-tailed P < 0.05 was considered statistically
signi�cant.

Results
Identi�cation of Tregs-speci�c mRNAs associated with RFS of prostate cancer.

To identify Tregs-speci�c mRNAs, differential expression analysis of mRNAs was performed between
Tregs and other immune cell lines, and 2407 dysregulated mRNAs were identi�ed that were highly
expressed in Tregs and downregulated in other immune cell lines (false discovery rate (FDR) < 0.05,
LogFC > 2, Table S3). These 2407 dysregulated mRNAs were proposed as Tregs-speci�c mRNAs. Ngar-
Yee Huen et, al. identi�ed 384 genes that were differentially expressed between healthy donors and
prostate cancer patients using gene expression pro�les excavated from peripheral blood mononuclear
cells (PBMCs) of 3 healthy donors and 3 prostate cancer patients (23). To explore mRNAs that were
associated with prostate cancer, we further extracted 74 mRNAs out of these 2407 mRNAs which were
overlapped with these 384 differentially expressed genes (Table S4). A large body of evidence indicated
that recurrent prostate cancer following primary therapy is common with high incidence of BCR (2).
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Therefore, we utilized univariate Cox regression analysis to explore Tregs-speci�c mRNAs associated with
recurrence-free survival (RFS) using gene expression and clinical pro�les of 454 patients with prostate
cancer from TCGA database. Subsequently, 18 mRNAs were obtained that were signi�cantly associated
with RFS of prostate cancer patients (Table S5, P < 0.01). In these 18 mRNAs, 11 mRNAs were adverse
indicators, while 7 mRNAs were protective indicators for prostate cancer, which were identi�ed
signi�cantly associated with RFS and de�ned as candidate mRNAs of the prognostic signature for
prostate cancer.

Construction of a prognostic signature which can predict RFS of prostate cancer.

To explore a prognostic signature for monitoring RFS of prostate cancer, multivariate Cox regression
models were employed using gene expression pro�les and clinical information of 454 patients with
prostate cancer obtained from TCGA database. Thus, the prognostic signature, named ‘TILTregSig’, was
composed of �ve Tregs-speci�c mRNAs (SOCS2, EGR1, RRM2, TPP1 and C11orf54). The risk score
system was built as follows: risk score= (-0.332 × expression value of SOCS2) + (-0.111 × expression
value of EGR1) + (0.286 × expression value of RRM2) + (-0.609 × expression value of TPP1) + (-0.748 ×
expression value of C11orf54). 454 PRAD patients were dichotomized into high- and low-risk groups
according to the cut-off value of 0.946 as the median value of risk score.

Kaplan-Meier (K-M) curves revealed that patients in high-risk groups tended to suffer recurrence (Log-rank
P < 0.0001, Fig. 1A). Patients’ recurrence rate was increased in high-risk group compared to that in low-
risk group (Fig. 1B). Correlation analysis indicated that RFS status, T, N, Age, cancer status, treatment
response and postoperative RX were signi�cantly associated with the risk score (Fig. 1C, P < 0.05). The
strip chart showed that the risk of patient mortality and recurrence rate obviously increased and the TNM
staging gradually rose as the risk score increased (Fig. 1D). The chi-squared test demonstrated that the
high-risk group signi�cantly tended to recurrence (P < 0.0001, Fig. 1E), higher T stage (P = 0.0167, Fig. 1E),
higher N stage (P < 0.0001, Fig. 1E), older (P = 0.0068, Fig. 1E), survival with tumor (P < 0.0001, Fig. 1E), no
response to treatment (P = 0.0160, Fig. 1E) and no postoperative RX (P < 0.0001, Fig. 1E) compared to the
low-risk group of prostate cancer. These results suggested that highly malignant prostate cancer were
associated with high-risk score, and our risk score system based on the TILTregSig had tremendous
potential to predict RFS for prostate cancer patients.

Cancer stem was proved to be associated with poor prognosis (28). Tathiane M Malta et al. employed
OCLR machine-learning algorithm to TCGA datasets to calculate the stemness indices (mRNAsi and
mDNAsi) using transcriptomic and epigenetic signatures (24). Thus, we also involved stemness indices
derived from study of Tathiane M Malta et al. to validate the clinical association between the TILTregSig
and the prognosis of prostate cancer patients. The results showed a signi�cantly positive correlation
between the TILTregSig and the stemness indices both in the mRNA expression levels (P = 0.0006, R = 
0.160, Figure S2A) and DNA methylation levels (P < 0.0001, R = 0.296, Figure S2B), which was in
consistence with our previous results that high-risk score based on the TILTregSig was markedly
associated recurrence of prostate cancer.
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The TILTregSig has robustly predictive value for prostate cancer patients in ICGC dataset.

To validate the prediction power of the TILTregSig, we further applied the signature to ICGC database.
Then, 25 prostate cancer patients were divided into low- and high- risk groups according to the median
value of the risk score in ICGC dataset. As shown in Fig. 1F, K-M curves displayed signi�cantly great utility
in predicting RFS of prostate cancer. We also found that patients’ recurrence rate was increased in high-
risk group compared to that in low-risk group (Fig. 1G). The strip chart of clinical characteristics of
prostate cancer patients indicated that the risk of mortality and recurrence rate increased as the risk score
increased (Fig. 1H). The chi-squared test showed that patients in high-risk group markedly tended to
suffer recurrence (P = 0.0027, Fig. 1I). These results illustrates that high-risk score is associated with
recurrence of prostate cancer patients, which is in consistence with our previous results in TCGA datatset.

The TILTregSig is an independently prognostic indicator for prostate cancer patients.

Next, univariate and multivariate Cox regression analysis was carried out to analyze whether the
TILTregSig can be an independent predictor for prostate cancer patients. The risk score and other
clinicopathological factors were used as covariates. Stage M was not included in this analysis for the
reason of only one patient in stage M1 in the TCGA dataset. The results unveiled that the risk score
(Multivariate Cox: HR = 1.170, 95% CI = 1.079–1.267; P < 0.001), stage T (Multivariate Cox: HR = 1.749,
95% CI = 1.235–2.474; P = 0.002) and cancer status (Multivariate Cox: HR = 8.084, 95% CI = 4.557–14.33;
P < 0.001) were signi�cantly associated with the RFS and could be seemed as independent RFS
prognostic factors for prostate cancer patients (Figure S3A, S3B).

To further investigate the clinical potentiality of the risk score in prostate cancer, strati�ed analysis based
on these clinical characteristics was implemented. The results indicated that the TILTregSig seemed more
applicable to predict RFS of prostate cancer patients in the subgroups of T1 and T2, N0, younger than 71,
White, response to treatment, did not receive postoperative RX and laterality in bilateral (Figure S3C).
Meanwhile, patients in high-risk group had signi�cantly poorer clinical outcomes compared to those in
low-risk group. These results illustrate that the TILTregSig can be served as an independently predictor for
RFS of prostate cancer patients, and still applicable for patients in some subgroups.

The landscape of genetic variations of the TILTregSig in prostate cancer.

Genetic alterations have been found usually confer susceptibilities to prostate cancer (29). GSCALite
(http://bioinfo.life.hust.edu.cn/web/GSCALite/) is a webtool which can be used to analyse the genetic
variation of the genes, and data in the GSCALite were overlapped with the samples derived from TCGA
database. Therefore, in order to comprehensively understand the molecular characteristics of the �ve
genes in the TILTregSig, we examined SNV and CNV status of these genes using GSCALite. It was found
that the EGR1 (0.6%) exhibited the highest mutation frequency followed by RRM2 (0.2%) and TPP1
(0.2%), while both SOCS2 and C11or54 did not show any mutations in prostate cancer samples (Fig. 2A).
In addition, EGR1 had three effective mutation sites, while both RRM2 and TPP1 had one site, respectively
(Fig. 2A). Among alteration types, most were focused on the ampli�cation (SOCS2: 7.72%, RRM2: 4.67%,
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TPP1: 5.69% and C11orf54: 7.93%, Fig. 2B, Table S6), while EGR1 had a widespread frequency of deletion
(EGR1: 6.1%, Fig. 2B, Table S6). The investigation of the correlation between CNV and the expression
levels of the �ve genes indicated a signi�cant positive correlation of SOCS2 (Fig. 2C, 2D; Spearman
coe�cient: R = 0.18, P = 3.2e-04) and TPP1 (Fig. 2C, 2D; Spearman coe�cient: R = 0.19, P = 8.8e-05)
expression with CNV, which indicated that patients with high expression of SOCS2 and TPP1 were prone
to have high CNV load. The above analysis presents a widespread genetic alteration landscape of the �ve
genes in the TILTregSig in prostate cancer patients, suggesting genetic alterations as the molecular
mechanism that high-risk score is related to poor prognosis in prostate cancer.

The �ve mRNAs involved in the TILTregSig have signi�cantly differential methylation between normal
and tumor samples in prostate cancer.

Gene methylation plays a vital role in malignant transformation and can be speci�c to types of cancers
including prostate cancer (30). To get a better understanding of the mechanism of the effect of the genes
in TILTregSig on tumorigenesis, we analyzed differential methylation of the �ve genes using GSCALite.
Surprisingly, we found that all of the �ve genes showed signi�cantly differential methylation between
normal and prostate cancer samples (P < 0.05, Fig. 2E). Furthermore, SOCS2 (Fig. 2F, 2G; Spearman
coe�cient: R = -0.61, P < 0.0001), RRM2 (Fig. 2F, 2G; Spearman coe�cient: R = -0.39, P < 0.0001), TPP1
(Fig. 2F, 2G; Spearman coe�cient: R = -0.21, P = 2.3e-06) and C11orf54 (Fig. 2F, 2G; Spearman coe�cient:
R = -0.33, P = 4.7e-14) showed signi�cantly negative correlation between gene methylation and
expression in prostate cancer, whereas the expression of EGFR (Fig. 2F; P > 0.05) showed no signi�cantly
correlation with gene methylation. These �ndings could contribute to enhancing our understanding of the
potential mechanisms on the predictive ability of the TILTregSig in prostate cancer.

The TILTregSig is a stronger predictor for tumor immunity in prostate cancer.

Because the �ve genes were initially derived from immune cell lines, we consequently investigated
whether the signature was related to the tumor immunity. Therefore, we �rstly measured the correlation
between the TILTregSig and immune-related factors (chemokines, immunoinhibitors, MHCs and
receptors), and found that the risk score was commonly associated with these immune-related factors.
Especially, the TILTregSig has the highest positive correlation with CCL17 followed by CCL14 among 39
chemokines (Spearman correlation: CCL17.R = 0.206, CCL14.R = 0.202, P < 0.0001, Figure S4). In 24
immunoinhibitors, the TILTregSig presented the highest positive correlation with LGALS9 followed by
TGF-β1 (Spearman correlation: LGALS9.R = 0.218, TGF-β1.R = 0.182, P < 0.0001, Figure S4), while showed
the highest negative correlation with CD274 followed by TGFBR1 (Spearman correlation: CD274.R=-0,185,
TGFBR1.R=-0.175, P < 0.0001, Figure S4). Moreover, the TILTregSig has the highest negative correlation
with B2M among 21 MHCs (Spearman correlation: R=-0.296, P < 0.0001, Figure S4), and CXCL1 among
18 receptors (Spearman correlation: R=-0.244, P < 0.0001, Figure S4). Next, further analysis indicated that
type  IFN response and anti-in�ammatory cytokines were signi�cantly enhanced in patients with high-
risk sores, while type  IFN response was decreased (P < 0.005, Fig. 3A).
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In light of these results, we further conjectured that the TILTregSig was correlated with tumor immunity
and might have potential to predict tumor immunity. To test this hypothesis, we �rstly employed the
ESTIMATE algorithm to quantify the immune score, stromal score, ESTIMATE score and tumor purity of
prostate cancer patients in TCGA dataset. The results showed that the high-risk group signi�cantly
tended to have higher immune scores (P = 0.0052, Fig. 3B, 3C) and ESTIMATE score (P = 0.0036, Fig. 3B,
3C) and lower tumor purity (P = 0.0286, Fig. 3B, 3C) compared to the low-risk group of prostate cancer
patients. However, for stromal score, there was no signi�cant difference between low- and high- risk
groups (P = 0.061, Fig. 3B, 3C). These results illustrate that the TILTregSig is signi�cantly correlated with
tumor immunity, which suggests that the TILTregSig promises to predict tumor immunity in prostate
cancer.

TMB (31) and glycolytic activity (11) have been demonstrated to have predictive ability for immune
signatures. Next, to compare the predictive ability to tumor immunity, we involved TMB and glycolytic
signature in this analysis. ROC curves indicated that the TILTregSig achieved AUC of 0.665 in predicting
tumor immune score for prostate cancer, while TME achieved AUC of 0.610 and glycolysis achieved AUC
of 0.509 (Fig. 3D). For validating the predictive potential to tumor immunity, we further involved CYT
recognized as an immune signature. The TILTregSig achieved AUC of 0.727 in predicting CYT, while TME
achieved AUC of 0.626 and glycolysis achieved AUC of 0.459 (Fig. 3E). Our work strongly indicates that
the TILTregSig is signi�cantly correlated with tumor immunity and is a stronger predictor than TMB and
glycolytic activity for tumor immunity with moderate predictive potential.

The TILTregSig is signi�cantly associated with tumor-in�ltrating Tregs in prostate cancer.

To elucidate the mechanism of the correlation between the TILTregSig and tumor immunity, we further
investigated the immune functional annotation using the gene set of “c7.all.v7.4.symbles.gmt
[immunologic signature]” by GSEA analysis. The results demonstrated that the TILTregSig is highly
associated with many immune cells, such as CD8+ T cells, CD4+ T cells, B cells and Tregs et al. (Fig. 4A).
Subsequently, to deeply unveiled the relationship between the TILTregSig and tumor in�ltrating immune
cells, we then evaluated the in�ltration levels of immune cells in high- and low- risk groups in prostate
cancer samples using marker genes’ expression analysis, CIBERSORT algorithm and ImmuneCell AI
database, respectively. We noticed that the consistent results in marker genes’ analysis (Fig. 4B),
CIBERSORT algorithm (Fig. 4C) and ImmuneCell AI database (Fig. 4D) were that patients with high-risk
score had higher in�ltrations of Tregs compared to those with low-risk score (Mann-Whitney U test, P < 
0.05, Fig. 4B, 4C, 4D), which suggested a signi�cant correlation between the TILTregSig and Tregs in
prostate cancer. For validating these results, we further involved Tregs’ marker genes (FoxP3 and TGF-β1)
into our study, and the correlation analysis demonstrated that the TILTregSig was signi�cantly positive
related to FoxP3 and TGF-β1 expression (P < 0.05, Fig. 4E), which was consistent with our previous results
(Fig. 4B, 4C, 4D). Additionally, RRM2 showed highest correlation with iTreg cells and nTreg cells among
these �ve genes in the TILTregSig (Fig. 4F), suggesting that RRM2 might be a key gene determined the
correlation between the TILTregSig and tumor immunity. These results suggest that the TILTregSig may
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in�uence tumor immunity mainly by mediating tumor-in�ltrating Tregs, and RRM2 may play a vital role in
this section, which needs to be veri�ed by further experiments.

The TILTregSig is a powerful predictor for in�ltrations of Tregs in prostate cancer.

In view of the relationships between Tregs and the TILTregSig in the TME, we further conjectured that the
TILTregSig had potential for predicting in�ltrations of Tregs in prostate cancer. To test this hypothesis,
prostate cancer patients in TCGA dataset were �rstly split into Treg-low group (n = 227) and Treg-High
group (n = 227) based on the median in�ltration levels of Tregs. Principal component analysis (PCA)
demonstrated that the TILTregSig was able to distinguish Treg-low cluster from Treg-High cluster (Fig.
4G), which preliminary hinted us that the TILTregSig had the potential of predicting the in�ltrations of
Tregs in the prostate cancer.

Additionally, we found that patients in Treg-high group had signi�cantly higher risk scores compared to
those in Treg-low group (P < 0.001, Fig. 4H). Particularly, the expression of SOCS2, EGR1, TPP1 and
C11orf54 was markedly lower in patients with high in�ltration levels of Tregs compared to patients with
low in�ltration levels of Tregs, while RRM2 was markedly higher (P < 0.0001, Fig. 4I). These results
recon�rmed that the predictive potential of the TILTregSig for Tregs’ in�ltrations in prostate cancer.

Therefore, to evaluate the predictive power of the TILTregSig for Tregs’ in�ltrations, ROC curves were
employed in further analysis. Additionally, FoxP3 has been proved as a classic indicator of Tregs (32).
Therefore, we also involved FoxP3 in this analysis to compare the predictive ability to the TILTregSig.
Surprisingly, we found that the TILTregSig represented high potential as an indicator of Tregs (AUC = 
0.897, Fig. 4J), as compared to FoxP3 being a predictor with moderate potential in prostate cancer (AUC 
= 0.763, Fig. 4J). Moreover, we further constructed a combined model consist of the TILTregSig and
FoxP3, and found that the combined model had weaker predictive power compared with the TILTregSig
(AUC = 0.767, Fig. 4J). These results suggest that the TILTregSig is a robust and accurate predictor for
Tregs in prostate cancer, and its predictive power is stronger than FoxP3.

The TILTregSig has predictive potential as an indicator of response to CIT.

Accumulated evidence demonstrated patients with low in�ltrations of Tregs presented a durable clinical
response to CIT (33). Our previous data demonstrated that the TILTregSig was associated with Tregs,
suggesting that the TILTregSig might be a pivotal factor that mediated the clinical response to CIT. The
correlation between our TILTregSig and check-point genes expression indicated that the risk score was
markedly correlated with check-point genes expression, and most were positively correlated (P < 0.05, Fig.
5A). Subsequently, for investigated whether the TILTregSig could predict patients’ response to CIT, we
utilized �ve CIT response associated datasets (GSE19423, GSE111636, GSE67501, GSE53922 and Miao
D, et al. (22)). We found that the signi�cant therapeutic advantages and clinical response to CIT in
patients with high-risk score compared to those with low-risk score were con�rmed in bladder urothelial
carcinoma (BLCA), kidney renal clear cell carcinoma (KIRC), prostate carcinoma (PRCA) and renal cell
carcinoma (RCC). However, in bladder adenocarcinoma (BLAD), patients with high-risk score had lower
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immunotherapy response rate compared to those with low-risk score (Fig. 5B). Tregs and TME stroma
activity, usually mediated immune tolerance of tumors, was also assessed (12, 34). We found that Tregs
were signi�cantly activated in tumors with high-risk score in BLAD-GSE19423 dataset, while inhibited in
BLCA-GSE111636 and PRCA-GSE53922 datasets (P < 0.05, Fig. 5C). Additionally, TME stroma activity
was signi�cantly enhanced in patients with high-risk sore such as the activation of epithelial-
mesenchymal transition (EMT) in BLAD-GSE19423 dataset, while was decreased in tumors with high-risk
score in BLCA-GSE111636 and PRCA-GSE53922 datasets (P < 0.05, Fig. 5C). The above data imply that
the TILTregSig is correlated with CIT response and might have potential for predicting CIT response. To
assess the predictive power of the TILTregSig for CIT response, ROC curves were employed in this work.
The results showed that the TILTregSig achieved AUC of 0.710, 0.677, 0.799, 0.614 and 0.695 for BLAD-
GSE19423, BLCA-GSE111636, KIRC-GSE67501, PRCA-GSE53922 and RCC respectively in predicting the
response to CIT, which implied that the TILTregSig was a potential and robust biomarker for response
assessment of CIT with moderate predictive potential (Fig. 5D). In summary, our work strongly indicated
that the TILTregSig was signi�cantly correlated with immunotherapy response, and the established
TILTregSig would contribute to predicting the response to CIT.

The TILTregSig is a promising marker of therapeutic resistance in pan-cancers.

Considering Treg-cells have been indicated that usually promotes resistance to cancer therapy (35), we
investigated whether our TILTregSig was correlated with cancer therapeutic resistance. To unveil the
relationship between the TILTregSig and therapeutic resistance, we utilized GSEA analysis. As shown in
Fig. 6A, GSEA predicted that the TILTregSig was signi�cantly associated with resistance to different
therapies, including salirasib, endocrine therapy, doxorubicin and SB216763 in prostate cancer (P < 0.05,
Fig. 6A). Next, a landscape plot was generated by GSCALite to depict the relationships between the �ve
genes expression in the TILTregSig and drug responses in pan-cancers. The bubble heat map showed
that some genes exhibited signi�cant correlations with lower half inhibitory centration (IC50) data. In
detail, EGR1, TPP1 and SOCS2 conferred drug resistance, while RRM2 and C11orf54 exhibited drug
sensitivity in pan-cancers (Fig. 6B). These results imply the TILTregSig as a promising indicator for
therapeutic resistance in pan-cancers.

Discussion
TILs serve as the cellular underpinnings of cancer immunotherapies, and a better understanding of TILs
in the tumor microenvironment (TME) is essential for deciphering mechanisms of immunotherapies,
de�ning predictive biomarkers, and identifying novel therapeutic targets. As a key component of the TILs,
Tregs usually play a pivotal role in the tumor development and progression due to their
immunosuppressive functions in the TME. Therefore, it would realize better bene�ts of improving survival
of cancer patients, if Tregs can be quantitative evaluation. However, the traditional method of TILs
quanti�cation, including making visual measurements through a microscope by pathologists using
hematoxylin and eosin- or immunohistochemistry-stained tumor sections, usually suffer from bias and
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variability (36). Therefore, identi�cation of a Tregs-speci�c signature based on genomic pro�les may
open up a new path to the prediction for survival and immunotherapies response of cancer patients.

In our study, we develop and validate a prognostic signature (named TILTregSig) comprised of Tregs-
speci�c mRNAs for prostate cancer, which associated with RFS in prostate cancer. Our data show a
signi�cantly positive correlation between the TILTregSig and stemness indices both in transcriptomic
(mRNA expression levels) and epigenetic (DNA methylation levels) levels. These observations
consistently indicate that the TILTregSig is a risk factor for prognosis of prostate cancer.

Cancer is a disease driven by genetic variation and mutation (29), and prostate cancer has been
recognized as high intratumoral genetic heterogeneity (37). We also identify the landscape of genetic
variations of the �ve genes in TILTregSig in prostate cancer. The results demonstrate that the EGR1
exhibited the highest mutation frequency followed by RRM2 and TPP1, while both SOCS2 and C11or54
do not show any mutations in prostate cancer samples. Moreover, high expression of SOCS2 and TPP1
are prone to have high CNV load. Previous study indicated that CNV and SNV status was reported to be
signi�cantly associated with overall cancer risk and metastasis (37–39). These data suggest genetic
alterations as the molecular mechanism that high-risk score is related to poor prognosis in prostate
cancer.

In addition, our data show that type  IFN response and anti-in�ammatory cytokines are signi�cantly
enhanced in prostate cancer patients with high-risk sores. A large body of evidence indicated that type 
IFN response was emerging as a key driver of immunosuppression and tumor progression (40). Anti-
in�ammatory cytokines are proved that usually involved in cancer progression and related with worse
prognosis (41). These previous research are consistent with our �ndings that prostate cancer patients
with high-risk scores have high levels of type  IFN response and anti-in�ammatory cytokines, and are
related to poor prognosis. This observation has important implications for comprehending the
mechanism of the in�uence of the TILTregSig on anti-tumor immunity.

Moreover, we also unveil that the TILTregSig signi�cantly correlates with tumor immunity. TMB (7) and
glycolytic activity (11) have been demonstrated to have promising potential to predict tumor immunity.
Subsequently, in comparison with TMB and glycolytic activity, the TILTregSig displays higher predictive
power for predicting tumor immunity than TMB and glycolytic activity, with moderate predictive potential.
This observation enhances the predictive accuracy of the evaluation of tumor immunity based on
existing markers in prostate cancer, which have tremendous signi�cance to improve the prognosis of
prostate cancer patients.

Furthermore, the TILTregSig shows higher potential as an indicator of Tregs in prostate cancer with
moderate potential, while compared to FoxP3 recognized as a hallmark of Tregs (32). A high in�ltration
of Tregs is associated with poor survival in various cancers (42). Tregs act on innate immune cells and
effector T cells to suppress the anticancer immunity that is mediated by natural killer cells, cytotoxic
CD8+ T cells and pro-in�ammatory cytokines through secretion of inhibitory cytokines, such as IL-10,
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TGF-β, and IL-35 (43–45). Moreover, IFN-Is can also enhance the suppressive effects of Tregs, and the
IFN-I production in the tumor drives the suppressive Tregs’ phenotype (46). Our previous results show that
type  IFN response and anti-in�ammatory cytokines are signi�cantly enhanced in prostate cancer
patients with high-risk sores. Base on above data, we infer that Tregs may affect prostate cancer
prognosis through exerting their immunosuppressive functions by regulating type  IFN response and the
secretion of anti-in�ammatory cytokines.

Cancer immunotherapy is a validated and critically important approach for treating patients with cancer.
A large body of evidence indicated that Tregs were prevalent in nearly all cancers and, as
immunosuppressive regulators of immune responses, they were strongly associated with the response of
CIT (15, 47). Given the correlation between the TILTregSig and Tregs, we involve �ve CIT response
associated datasets (GSE19423, GSE111636, GSE67501, GSE53922 and Miao D, et al. (22)), and �nd
that the TILTregSig is a promising biomarker for predicting CIT response. Further investigation is therefore
warranted to establish the potential utility of the TILTregSig as an additional measure to identify patients
likely to respond to CIT. In addition, these �ndings support the development of agents targeting to tumor-
in�ltrating Tregs for use in combination with existing CIT. However, it requires further clinical validation
using an agent targeting Tregs to be considered predictive of response to this class of agents. As our
signature has been derived independently of any speci�c molecular agent targeting the tumor-in�ltrating
Tregs, it may have widespread utility of candidate drugs currently in development.

Given Tregs have been indicated usually promoting resistance to therapy (35), we reason that the
TILTregSig can be applicable to the prediction of cancer therapeutic resistance. We �rstly �nd that the
TILTregSig is signi�cantly associated with resistance to different therapies, including salirasib, endocrine
therapy, doxorubicin and SB216763 in prostate cancer. Further analysis unveil that EGR1, TPP1 and
SOCS2 confer drug resistance, while RRM2 and C11orf54 exhibit drug sensitivity in pan-cancers. Previous
study demonstrate that EGR1 is related with cancer therapy resistance, such as radiation resistance (48)
and drug resistance (49). SOCS2 was also proved as a therapeutic resistance-related gene for cancers
(50). Altogether, these results indicate the TILTregSig also can be served as a promising marker for
therapeutic resistance in cancers. Of course, the association between the TILTregSig and therapeutic
resistance revealed in this study needs to be validated in clinical.

Our results present one unexpected �nding that patients with BLCA, KIRC, PRCA and RCC in high-risk
groups were prone to better response to CIT, while patients with high-risk score had lower CIT response
rate in BLAD. Tregs and TME stroma activity, such as EMT activity, usually induce tumor immune
tolerance and relate to low CIT response rate (12, 34). Further investigation shows that Tregs are
signi�cantly activated in tumors with high-risk scores in BLAD, while inhibited in BLCA and PRCA.
Additionally, EMT activity is signi�cantly enhanced in patients with high-risk scores in BLAD, while
decreased in BLCA, KIRC and PRCA. Given these data, we confer that the distinction of CIT response rate
in diverse cancers may be on account of the different activations of Tregs and EMT in diverse cancers.
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Despite the signi�cant results obtained in the current study, there are inevitably several shortcomings of
our study that should be acknowledged. First, the signature described here may be limited by the decision
to only include genes within publicly available datasets, which may introduce bias into the results.
Second, transcriptomics analysis only can re�ect some aspects of immune status rather than global
alterations. Third, the reliability of our results from the bioinformatics analysis is still challenged by the
lack of in vitro or in vivo experiments.

Conclusions
In conclusion, in this work, an integrative analysis of immune, mRNA and clinical pro�les has been
represented for identifying a Tregs-speci�c prognostic signature (TILTregSig) for patients with prostate
cancer. The TILTregSig display an independently predictive potential for prognosis of prostate cancer
patients, even when adjusting for clinical covariates. Further analyses indicate that the TILTregSig may
in�uence tumor immunity mainly by mediating tumor-in�ltrating Tregs, and it can be served as a potential
indicator for tumor-in�ltrating Tregs in prostate cancer. Moreover, we also �nd that the TILTregSig is
capable of assessing CIT response in multiple cancers and shows a promising potential for predicting
cancer therapeutic resistance. To the best of our knowledge, this is the �rst study to excavate a Tregs-
speci�c prognostic signature for prostate cancer, highlighting the impact of Tregs on CIT response and
therapeutic resistance, potentially enabling more precise and personalized treatment in the future.
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Figure 1
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The TILTregSig can be served as a biomarker for RFS of prostate cancer patients in both TCGA and ICGA
datasets. (A) Kaplan–Meier curves of RFS of low- and high- risk groups strati�ed by the TILTregSig in
prostate cancer patients in TCGA datatset. (B) The distribution of gene risk scores and patients’
recurrence status for prostate cancer patients in TCGA datatset. (C) Correlation analysis between risk
score and clinical characteristics in prostate cancer. R: Spearman’s correlation coe�cient. (D) The strip
chart of risk score and clinical characteristics for patients with prostate cancer in TCGA datatset. (E) Pie
charts showing the Chi-squared test of clinicopathologic factors for low- and high- risk groups in prostate
cancer samples from TCGA dataset. (F) Kaplan–Meier curves of RFS of low- and high- risk groups
strati�ed by the TILTregSig in prostate cancer patients in ICGC dataset. (G) The distribution of gene risk
scores and patients’ recurrence status for prostate cancer patients in ICGC dataset. (H) The strip chart of
risk score and clinical characteristics for patients with prostate cancer in ICGC datatset. (I) Pie charts
showing the Chi-squared test of clinicopathologic factors for low- and high- risk groups in prostate cancer
samples from ICGC dataset.
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Figure 2

Gene alteration and methylation landscape of the �ve genes in the TILTregSig in prostate cancer. (A, B)
The SNV status of the �ve genes in the TILTregSig of prostate cancer patients in GSCALite. (C) The
correlation between CNV and the expression levels of the �ve genes in the TILTregSig of prostate cancer
patients in GSCALite. (D) The correlation between CNV and the expression levels of SOCS2 and TPP1. R:
Spearman’s correlation coe�cient. FDR: false discovery rate. (E) The difference of gene methylation
between normal and prostate cancer samples. (F) The correlation between gene methylation and the
expression levels of the �ve genes in the TILTregSig of prostate cancer patients in GSCALite. (G) The
correlation between gene methylation and the expression levels of SOCS2, RRM2, TPP1 and C11orf54. R:
Spearman’s correlation coe�cient. FDR: false discovery rate.



Page 24/28

Figure 3

The TILTregSig shows stronger predictive ability for tumor immunity in prostate cancer. (A) The
expression levels of immune-related signatures in low- and high- risk groups strati�ed by the TILTregSig in
prostate cancer from TCGA dataset. (B) The strip chart of risk score, immune score, stromal score,
ESTIMATE score and tumor purity of prostate cancer patients in TCGA datatset. (C) Pie charts showing
the Chi-squared test of risk score, immune score, stromal score, ESTIMATE score and tumor purity for low-
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and high- risk groups in prostate cancer samples from TCGA dataset. Comparison of predictive ability of
the TILTregSig, TMB and glycolytic activity for immune score (D) and immune cytolytic activity (CYT) (E)
using ROC curves analysis.

Figure 4

The TILTregSig can be served as a predictor for Tregs in prostate cancer. (A) GSEA analysis of the
TILTregSig using the gene set of “c7.all.v7.4.symbles.gmt [immunologic signature]”. The in�ltrations of
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immune cells in high- and low- risk groups strati�ed by the risk score in prostate cancer samples from
TCGA dataset using marker genes’ expression analysis (B), CIBERSORT algorithm (C) and ImmuneCell AI
database (D). (E) The correlation of the TILTregSig with FoxP3 and TGF-β1 expression. (F) The correlation
of the �ve genes in the TILTregSig with tumor in�ltrating immune cells in prostate cancer samples from
TCGA. (G) Principal components analysis (PCA) of the risk scores between Treg-low and Treg-high
samples in prostate cancer. The distribution of the risk scores (H) and the �ve genes expression (I)
among samples grouped by in�ltrations of Tregs in prostate cancer. (J) Comparison of predictive ability
of the TILTregSig and FoxP3 for Tregs in�ltration using ROC curves analysis.

Figure 5

The TILTregSig is a potential predictor for immunotherapy response in prostate cancer. (A) The
correlation of the risk scores with the expression levels of check-point genes in prostate cancer samples
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from TCGA datatset. R: Spearman’s correlation coe�cient. (B) The response rate to immunotherapy in
low- and high- risk groups strati�ed by risk scores in each dataset. (C) The distribution of the Tregs
in�ltration and EMT activity among samples in low- and high- risk groups in each dataset. (D) ROC curves
of the TILTregSig in predicting immunotherapy response in each dataset.

Figure 6
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The TILTregSig is a promising marker of cancer therapeutic resistance. (A) The relationship between the
TILTregSig and therapeutic resistance using GSEA analysis. (B) A landscape plot was generated to depict
the relationships between IC50 data of different molecules and the �ve genes expression pro�les in
cancers using GSCALite.
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