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Abstract

Objective: This study aims to comprehensively investigate the expression profiles of interleukins in prostate
adenocarcinoma (PRAD) and their relationship with immune cell infiltration, tumor progression, and patient prognosis.
By establishing an interleukin-related risk score, we seek to enhance the understanding of the tumor immune
microenvironment and facilitate the development of tailored immunotherapeutic strategies for PRAD patients.
Introduction: Interleukins can nurture a tumor promoting environment and simultaneously regulate immune cell
infiltration. However, the potential roles of interleukins in the prostate adenocarcinoma immune landscape remain
abstruse. Methods: We comprehensively investigated the interleukin expression patterns and tumor immune landscape
of prostate adenocarcinoma patients. And explored the interleukin expression patterns with immune infiltration
landscape. The interleukin score was established using LASSO cox regression analysis. Multivariate Cox regression
analysis was employed to assess the prognostic value of the interleukin score. Results: We identified two distinct
interleukin clusters, characterized by different immune cell infiltration, tumor promoting signaling pathways activation
and prognosis. The interleukin score was established to estimate the prognosis of individual prostate adenocarcinoma
(PRAD) patient. Further analysis demonstrated that the interleukin score was an independent prognostic factor of PRAD.
Finally, we investigated the predictive value of interleukin score in the programmed cell death protein (PD-1) blockade
therapy of patients with prostate adenocarcinoma. At the same time, the differences in related genes among different
prostate cell lines were also identified. Conclusions: This study demonstrated the correlation between interleukin and
tumor immune landscape in prostate adenocarcinoma. The comprehensive evaluation of interleukin expression patterns
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in individual prostate patients contribute to our understanding of the immune landscape and helps clinicians selecting

proper immunotherapy strategies for prostate patients.
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Introduction

Prostate adenocarcinoma is the most common
malignancy in men worldwide and metastasis is
the leading cause of cancer death.! Although
patients with localized tumors have encouraging
prognosis, the 5-year survival rate for metastatic
patients descends to 30%.? Standard treatment
advanced prostate adenocarcinoma relies on
androgen-deprivation therapies, which could
restrict tumor growth in the early stage but even-
tually lead to the recurrence and generation of
castration-resistant prostate adenocarcinoma.’
Moreover, treatment failure is usually connected
with formation of even more invasive subtypes,
like neuroendocrine prostate adenocarcinoma.*>
Hence, figuring out the driver genes that promote
the conversion from localized to metastatic pros-
tate adenocarcinoma would contribute to develop
novel agents for prostate adenocarcinoma patients.

The interleukin and interleukin receptors play
essential roles in tumor progression and cancer
dissemination.® After interacting with their cor-
responding receptors, interleukins activate vari-
ous oncogenic signaling pathways such as
STAT3/RORy, PI3K, and MAPK signaling.””
Many interleukins and interleukin receptors like
IL-6, IL-23, and IL-17 have been proved to play
important roles in prostate tumor growth and
androgen-deprivation therapy resistance.®!%!!
Interleukins promote tumor progression by either
directly acting on tumor cells or employing regu-
latory effects on immune cells or stromal cells in
tumor microenvironment.'>!3 Immunotherapies
like PD-1 or CTLA-4 inhibition have shown
promising effects in many solid tumors’ treat-
ment, however, their efficacy in prostate adeno-
carcinoma seems to be limited.'*!> Considering
the critical roles of interleukin and interleukin
receptors in mediating immune cell trafficking
and activation, they could be novel targets for
immunotherapy agent development.

In the present study, we systematically explored
mutation and transcriptional profiles and clinical

significance of interleukin and interleukin receptors
in prostate adenocarcinoma patients. Tumor sub-
types with different prognosis and immune cell
infiltration status was identified based on interleukin
and interleukin receptors expression. Subsequently,
an interleukin related risk model was constructed to
predict tumor recurrence. We further investigated
the relationship between this risk model and tumor
mutation burden, immune cell infiltration and target
therapy response. Our study provided a better under-
standing of interleukin and interleukin receptors in
PRAD, which would help to select proper
immunotherapies.

Material and methods
Patient and samples

mRNA expression data (raw counts) of 492 and
388 PRAD patients with matched clinical annota-
tions including tumor stage, gender, and recurrence
free time were downloaded from the Cancer
Genomes Atlas (TCGA) and Gene expression
Omnibus (GEO) database respectively. Gene
somatic mutation data (MAF files) of PRAD was
obtained from TCGA. The IDs of the GEO data-
base is GSE21034 and GSE1168918.

Identification of PRAD subtypes

Interleukins and interleukin receptors were summa-
rized from previous study and a total of 67 genes was
obtained.® Unsupervised clustering algorithm was
employed for cluster analysis of these genes. And
then R package Consensus-Clusterplus package was
used for the analysis and the repetition was set to 100
to ensure the credibility of the classification.

Calculation of immune cell and stromal cell
infiltration

ESTIMATE algorithm, which could portrait the
general infiltration level of stromal and immune
cell, was used to calculate immune score and stro-
mal score. Single sample GSEA was used to assess
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the infiltration of 28 immune cells. Moreover,
microenvironment cell population counter (MCP-
counter) was also used to evaluate the absolute
abundance of immune and stromal cells in the
tumor microenvironment.

Pathways and enrichment analysis

To explore biological processes and potential path-
ways correlated with interleukin signature, Kyoto
Encyclopedia of Genes and Genomes (KEGG) and
gene ontology (GO) enrichment analyses were
conducted using R package “clusterProfiler.”

Tumor mutational burden (TMB) analysis

Tumor mutational burden was defined as muta-
tions per million bases. We obtained tumor muta-
tion data from TCGA database. Subsequent
analysis was conducted by R package “maftools.”

Drug and immunotherapy sensitivity prediction

Drug sensitivity prediction was conducted as pre-
viously described.'® Gene expression profile and
somatic data of human cancer cell lines (CCLs)
were downloaded from the Broad Institute Cancer
Cell Line Encyclopedia (CCLE) project (https://
portals.broadinstitute.org/ccle/).!” Drug sensitivity
data of CLLs were obtained from the Cancer
Therapeutics Response Portal (CTRP v.2.0,
released October 2015, https://portals.broadinsti-
tute.org/ctrp) and PRISM Repurposing dataset
(19Q4, released December 2019, https://depmap.
org/portal/prism/). The CTRP contains the drug
sensitivity data of 481 compounds in 835 CCLs
and the PRISM contains the sensitivity data of
1448 compounds in 482 CLLs. Both datasets use
the area under the dose-response curve (AUC) val-
ues as a calibration of drug sensitivity and lower
AUC values suggest increased sensitivity to treat-
ment. K-nearest neighbor (k-NN) imputation was
used to impute the missing AUC values. The sensi-
tivity to anti-PD-1 and anti-CTLA-4 therapy was
predicted by comparing the gene expression of
tumor subtypes with 47 melanoma patients treated
with immunotherapy using subclass mapping
(https://www.genepattern.org/).

Construction of interleukin related risk score

Univariate cox analysis had been used to identify
genes correlated with recurrence (p <0.05).

Thereafter, recurrence related genes were analyzed
with the LASSO multivariate Cox regression algo-
rithm using R package “glmnet.” The default max-
imum iterations (1000) were used for the LASSO
fitting process. Then, the key genes and coeffi-
cients in the risk score signature were identified
according to the most suitable penalty parameter A.
The optimal A value was determined based on the
minimum mean cross-validated error and the most
regularized model within one standard error of the
minimum. The risk score formula was Risk

score=ZCoef,. * Exp,, where Coefi is the coefficient
i=1

and Expi is the normalized expression of each

gene. The risk score was constructed based on the

training set and validated in the external cohort.

Single-cell data analysis

Download the GSE176031 single-cell dataset in
.h5 format along with annotation results obtained
from TISCH. Utilize R software, particularly
MAESTRO and Seurat, to process and analyze the
data. Re-cluster the cells by applying the t-SNE
method.

Cell culture

Human prostate epithelial cells RWPE-1 and
human prostate carcinoma cells PC3 were obtained
from the Wuhan Procell Life Science and
Technology Company Limited. All cell lines were
authenticated before purchase by standard short
tandem repeat DNA-typing methodology. All cell
lines were maintained at 37°C, 5% CO2 and cul-
tured in standard medium as recommended by the
company. The RWPE-1 and PC3 cells were cul-
tured in DMEM medium (Gibco, C11995500BT)
supplemented with 10% fetal bovine serum (FBS,
Gibco, 10270-106).

Reverse transcription and real time PCR
(RT-gPCR)

RNA was isolated using TRIzol reagent (Invitrogen,
15596018), and its concentration was quantified
using a Nanodrop Spectrophotometer (Thermo
Scientific). The isolated RNAs were then reverse
transcribed into cDNAs with the Evo M-MLV RT
Kit (Accurate Biotechnology, AG11705). These
cDNA samples underwent RT-qPCR analysis using
SYBR Green qPCR mix (ABclonal, RK21203).
The results were normalized to the ACTIN and
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Table I. Primer name and sequence.

Gene Forward primer Reverse primer

CSFIR AATCCCTACCCTGGCATCCT AGTGGGATCCTCTGACCTCC

IL2RA GTGGTGGGGCAGATGGTTTA TTGTGACGAGGCAGGAAGTC

ILI ACATGAACTGTGTTTGCCGC ATCTGGCTTTGGAAGGACGG

ILIFI0 TGGGTTTGAGCTGGGCTTAT GTATCTTGCCATGGGGAGGG

IL4R AAACGACCCGGCAGATTTCA CGTCTCTGTGCAAGTCAGGT

ACTIn CATGTACGTTGCTATCCAGGC CTCCTTAATGTCACGCACGAT

analyzed using the 2-DDCt method. The primers
of the six genes were listed in Table 1.

Statistical analysis

All statistical analyses were conducted using R
software (https://www.r-project.org/). The
unpaired Student’s z-test was used to compare two
cohorts with normally distributed variables. One
way analysis and Kruskal-Wallis test of variance
were used as parametric and non-parametric meth-
ods for cohorts comparing. The surv-cutpoint
function of survminer package was used to deter-
mine the optimal cutoff point in each dataset. The
chi-square test is used to prove the correlation
between parameters. Survival curves were plot
with Kaplan-Meier method and p value was calcu-
lated with log rank test. And p value less than 0.05
was considered as statistically significant.

Results
Somatic alternation landscape of interleukins

To study the genomic features of interleukins in
prostate adenocarcinoma, we portrayed the muta-
tion and CAN frequency of 492 PRAD patients in
the TCGA cohort (Figure 1(a) and (b)). The DNA
mutation of interleukins occurred in about 46% of
patients and mutation frequency ranged from 0%
to 9%. The interleukins with the highest mutation
frequency are IL17C (9%), IL7(7%), 1L-34(6%),
IL-21(4%), and 1L-2(3%) and their most common
mutations are deep deletion, amplification, mis-
sense mutation, and truncating mutation.
Importantly, log-rank test indicates that patients
with interleukins altered had worse overall survival
(p=0.046; Figure 1(g)). At the same time, the chi-
square test also shows that patients with interleu-
kins altered have relatively higher Gleason scores,
indicating that their prognosis is relatively poor

(Supplemental Table 1). Moreover, patients in the
altered cohort had significant higher biochemical
recurrence (15.04% vs 8.65%, p=0.0279) and pri-
mary lymph node positive rates (88.05% vs
80.83%, p=0.0358; Figure 1(h) and (i)). Besides,
patients in the mutated cohort had higher tumor
mutation burden (TMB), mutation count and frac-
tion genome altered. These indicates that mutation
and copy number variation of interleukins might
co-occurrence with other genes (Figure 1(c)—(f)).
In summary, these results suggest that mutation
and copy number variation of interleukins means
worse overall survival and higher biochemical
recurrence rate.

Identification of interleukin subtypes in PRAD

In the previous steps, we demonstrated that patients
with altered in interleukin cohort have a worse prog-
nosis. Next, we will further explore which interleu-
kins play a key role in this. Many interleukins had
similar effects in promote tumor progression and anti-
tumor immunity. To investigate whether interleukin
co-expressed with each other, we calculated the cor-
relation of these genes. Results showed that the
expression of most interleukins significantly corre-
lated with each other (Supplemental Figure 1). This
indicates that interleukins might cooperate with each
other to regulate the progression of prostate adenocar-
cinoma. Subsequently, based on the expression levels
of interleukins from TCGA, two distinct expression
patterns were identified using the unsupervised clus-
tering method, including 148 cases in the interleukin
clusterl and 347 cases in interleukin cluster2 (Figure
2(a)). T-SNE analysis showed that patients could
roughly divided into two cohorts, which further cor-
roborated two distinguished subtypes (Figure 2(b)).
Moreover, we found patients in cluster 1 had worse
recurrence outcomes in the cohort (Figure 2(c)). In
order to prevent potential causal logic reversal that
may arise from a single queue, an external queue was
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Figure 1. The alternations of interleukins in PRAD. (a) Landscape of genomic alternations of the interleukins in PRAD. Each row
represents a gene, and each column represents a patient. The frequency of alternations in top 20 interleukins. (b) Gene alternation
frequency of PRAD patients in TCGA. (c) Histogram of the proportion of different mutation modes in PRAD. (d—f) The difference
of TMB, fraction genome altered frequency and mutation count between altered and unaltered cohort. (g) The overall survival

of PRAD patient between altered and unaltered cohort. (h) Histogram of the frequency of biochemical recurrence in altered and
unaltered cohort. (i) Histogram of the frequency of primary lymph node presentation in altered and unaltered cohort.

introduced for further validation. Similar results were
found in external independent cohort (Figure 2(d) and
(e)). The relationship between clinical factors in
TCGA cohort and interleukin subtypes were also
explored (Figure 2(g)). Patients of cluster 1 had a
higher proportion of high Gleason score (GS =8),

advanced tumor stage and biochemical recurrence.
Chip-square test revealed significant difference of
these clinical features (Figure 2(f)). The transcrip-
tomic profile of differently expressed interleukins in
two subtypes was portrayed in the heatmap. These
further demonstrated that dysregulation of
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Figure 2. Consensus clustering of interleukins in PRAD. (a) Consensus matrices of patients in the TCGA cohort for k= | using
100 iterations of unsupervised consensus clustering method (K-means) to ensure the clustering stability. (b) t-SNE analysis of
interleukin related subtypes in TCGA cohort. (c) Comparison of prognosis of patients in different PRAD subtypes in TCGA cohort.
(d) t-SNE analysis of interleukin related subtypes in GSE21034. (e) Comparison of prognosis of patients in different PRAD subtypes
in GSE21034. (f) Heatmap of interleukin in TCGA cohorts. Interleukin related cluster, recurrence status, overall survival time,

N stage, T stage, M stage, Gleason score, and age were used as patient annotations. (g) Sankey plot summarized the relationship
among the cluster, Gleason score, T stage, and recurrence status.

interleukins could contribute to the progression of  remarkably enriched in pathways related to
prostate adenocarcinoma. immune activation including “primary immuno-
deficiency,” and pathways related to tumor pro-
gression including “basal cell carcinoma” (Figure
3(a)). Considering the close relationship between
To determine the difference in the activation of  interleukin subtypes and immune activity, we cal-
biological process between two clusters, GSVA  culated the stromal and immune score in tumor
analysis was carried out. Cluster 1 was samples using ESTIMATE algorithm based on

The immune landscape of interleukin subtypes
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Figure 3. Biological characteristics and immune landscape of interleukin subtypes in the TCGA cohort. (a) Heatmap of the
activation status of biological process in different subtypes evaluated by GSVA. Red and blue represents the activation and inhibition
of biological process respectively. (b—d) The difference of stromal score, immune score and estimate score in two interleukin
subtypes. (e) The difference of immune cell infiltration between two interleukin subtypes evaluated by MCP-counter. (f) The
immune cell infiltration landscape between two interleukin subtypes calculated using ssGASEA. (g-h) Gene expression of HLA and
MHC gene sets between two interleukin subtypes. Statistical significance at the level of ns =0.05, *<0.05, ¥**<0.01, ***<0.001, and

RE<0.0001.

gene expression profiles. Stromal and immune
score reflects the tumor associated stromal and
immune cell infiltration level. Cluster 1 exhibited
significantly higher stromal score (Wilcoxon test,
p<<0.05) and immune score (Wilcoxon test,
p <0.05; Figure 3(b)—(d)). Furthermore, to better
characterize the infiltration of immune cells in
two clusters, MCP-counter and ssGSEA were
conducted. MCP-counter results show that cluster
1 had significantly higher immune cell infiltra-
tion, including T cells, CD8+T cells, cytotoxic
lymphocyte, B lineage, NK cells, Monocytic line-
age, Myeloid dendritic cells, neutrophils, endothe-
lial, and fibroblasts (Figure 3(e)). Similar results
were found in cluster 1 using ssGSEA analysis
(Figure 3(f)). Moreover, we conducted an investi-
gation into the disparities in human leukocyte

antigen (HLA) and major histocompatibility com-
plex (MHC) expression between the two study
cohorts. Remarkably, we observed a consistently
elevated expression of HLA and MHC molecules in
cluster 1 (Figure 3(g) and (h)). Because the two clus-
ters differed significantly regarding immune infiltra-
tion, we evaluated the correlation with the five
common immune checkpoints. Cluster 1 had higher
expression of PD-L1, CTLA4, and HAVCR2
(Supplemental Figure 2(a)—(c)). Cluster 1 was asso-
ciated with a higher TIDE score (Supplemental
Figure 2(d)). Overall, Cluster 1 is characterized by
more robust immune activation, higher immune cell
infiltration, and greater immune checkpoint
expression, suggesting a more immunologically
active tumor microenvironment compared to
Cluster 2.
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Figure 4. Construction of interleukin related score. (a) The distribution of risk score, recurrence status, and hub gene expression
level. (b—d) Kaplan-Meier curves for patients with high or low interleukin score in the TCGA, GSE21034, and GSE1168918. (e)
Multivariate cox regression analysis of interleukin core and other clinical characteristics. (f) Sankey plot summarized the relationship
among the risk core, cluster, Gleason score, T stage, and recurrence status.

Construction of the interleukin gene signature

We developed an interleukin related risk score to
evaluate the prognosis of individual patient. The
LASSO cox regression analysis was applied to
identify optimal prognostic signatures from inter-
leukin and their corresponding receptors. After
taking variables into the LASSO cox regression
model with minimized lambda, five interleukins or
receptors including IL4R, CSF1R, IL2RA, IL11,
and IL1F10 was used to build the interleukin
related score (Figure 4(a)). The expression of these
genes is significantly correlated with poor progno-
sis. The interleukin related signature was calcu-
lated using the following formula: interleukin
related risk score (IRRS)=(0.0014*IL4R) + (0.00
46*CSFI1R) + (0.068*IL2RA) + (0.1353*IL11) +
(1.1291*IL1F10) (Supplemental Figure 3). The
median danger score is 1.468369, which is used to
differentiate between high-risk and low-risk

cohorts. Notably, patients with high-risk scores
were predominantly found in interleukin cluster 1,
indicating that this group may have poorer progno-
ses. These findings suggest a significant associa-
tion between the risk scores and interleukin
clusters, indicating that the combination of these
two approaches may enhance our understanding of
the biological features of prostate adenocarcinoma
and patient prognosis. The correlation of IRRS,
interleukin subtypes and recurrence status were
exhibited by the Sanky plot (Figure 4(f)). The high
IRRS cohort accounts for higher percentage of the
patients with recurrence and clusterl accounts for
higher proportion of patients with high IRRS
(Figure 4(b)). Moreover, the validity of IRRS to
predict patient prognosis was validated in the
external cohort (Figure 4(c) and (d)). These patients
were divided into high and low risk cohorts based
on median risk score. Relatively sufficient clinical
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risk score and estimate score in TCGA cohort. (d) The difference of immune cell infiltration level in high and low risk cohort
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data were selected for further analysis. The distri-  0.636 in the training cohort and 0.716 in the valida-
bution of the risk score and recurrence status in the  tion cohort. These results indicates that the inter-
datasets was displayed (Figure 4(e)). In addition,  leukin risk score could be used to predict the
the AUC values of prognosis prediction reached  prognosis of prostate adenocarcinoma patient.
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Immune landscape was significantly associated
with the expression of interleukins

As the expression of interleukins correlate with
immune filtration. We further compared the infil-
tration of immune and stromal cells using three
different algorithms (Figure 5(a)—(c)). These algo-
rithms showed similar results. Samples in the high
risk cohort had significantly higher degree of
immune cell and stromal cell infiltration.
Moreover, for better understanding the correlation
between risk score, Pearson correlation were cal-
culated between risk score and immune infiltra-
tion (Figure 5(d) and (e)). Gene mutations had
been demonstrated to shape the immune environ-
ment of tumor cells. We explored the mutation
patterns in the high and low risk cohort (Figure
5(f)). We observed that the expression levels of
immune modulators were predominantly higher in
the high-risk cohort compared to the low-risk
cohort, with a majority of them exhibiting stimula-
tory effects. Furthermore, for the purpose of con-
ducting a more comprehensive examination of the
high-risk cohort, we conducted enrichment analy-
sis employing three distinct algorithms.
Subsequently, we successfully identified a pro-
found association with immunization (Figure
6(a)—(c)). The majority of the high-risk cohort is
enriched in pathways similar to adaptive immune
response and immune receptor activity. They are
all highly associated with immunity. Finally, we
utilized single-cell data from public databases to
conduct further research on the genes in the IRRS.

The results revealed a strong correlation between
these genes and immunity. Specifically, IL4R is
highly expressed in mast cells, progenitor cells,
and monocyte-macrophage (Supplemental Figure
4), while CSF1R shows prominent expression in
monocyte-macrophage (Supplemental Figure 5).
IL2RA is notably expressed in regulatory T cells,
CD8+ T cells, and plasma cells (Supplemental
Figure 6). These findings confirm the close asso-
ciation between these genes and immune function,
indirectly supporting the relationship between the
IRRS and immunity.

Association between interleukin score and
mutations

To investigate the differences in genomic muta-
tions between the high- and low-risk cohort, we
downloaded simple nucleotide variation data
(Figure 7(a) and (b)). TTN (17%), TP53 (16%),
and SPOP (9%) were the top three genes with the
highest mutation frequencies in the high-risk
cohort, while SPOP (13%), TTN (10%), and TP53
(9%) were the top three genes in the low-risk
cohort. By comparing two cohort s, we found that
the high-risk cohort had higher tumor mutation
burden (Figure 7(c)). Subsequent investigations
revealed that the high-risk cohort exhibited a
noticeably higher proportion of fraction genome
altered, as well as both focal and broad copy num-
ber alternations copy number variations, in com-
parison to the low-risk cohort (Figure 7(d) and (e)).
The aforementioned studies have demonstrated a
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(a) Altered in 120 (68.18%) of 176 samples. (b) Altered in 199 (62.78%) of 317 samples.
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higher prevalence of genetic mutations in tumors
within the high-risk cohort.

Interleukin gene signature in the role of anti-
PD1 therapy

Considering the correlation between interleukin
and immune cell infiltration, we analyzed the
sensitivity of these individuals to immunother-
apy (Figure 8(a)). We found that PD-1 therapy

was effective in the high-risk cohort. This can
serve as the foundation for subsequent experi-
ments. Two different approaches were adopted
to identify candidate agents with higher drug
sensitivity in high PPS score patients. The analy-
ses were performed using CTRP and PRISM-
derived drug response data, respectively. First,
differential drug response analysis between PPS
score-high (top decile) and PPS score-low (bot-
tom decile) cohorts was conducted to identify
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compounds with lower estimated AUC values in
PPS score-high cohort (log2FC >0.10). Next,
Spearman correlation analysis between AUC
value and PPS score was used to select com-
pounds with negative correlation coefficient
(Spearman’s »<—0.30 for CTRP or—0.35 for
PRISM). These analyses yielded five CTRP-
derived compounds (including birinapant,
PF—184, etoposide, clofarabine, and luvastatin)
and three PRISM-derived compounds (including

LY2606368, alvocidib, and MK-1775). All these
compounds had lower estimated AUC values in
PPS score-high cohort and a negative correlation
with PPS (Figure 8(b) and (c)).

The expression of CSFIR, ILZRA, ILI1, ILIFI0,
and IL4R in different prostate cell lines

To verify the results of our data analysis, we
extracted total RNA from prostate adenocarcinoma
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cell line PC3 and the normal epithelial prostate cell
line RWPE-1 and measured the mRNA expression
levels of IL4R, CSF1R, IL2RA, IL11, and IL1F10.
RT-gPCR assays showed that the mRNA expres-
sion levels of CSF1R, IL2RA, IL11, and IL1F10
were significantly higher in PC3 cells than in
RWPE-1 cells (Figure 9(a)—(d)). The mRNA levels
of IL4R in RWPE-1 cell were significantly
increased (Figure 9(e)). All five genes show sig-
nificant differences between normal epithelial cells
and tumor cells. This proves the feasibility of the
model.

Discussion

The resistance to immune elimination and the for-
mation of pro-tumoral inflammation circumstance
are two of the critical hallmarks of cancer.'®
Interleukins mediate key communications between
tumor and immune cells in the tumor microenviron-
ment (TME).®!® Chronic inflammation has been
acknowledged as one of the drivers for tumor for-
mation in prostate adenocarcinoma.?’?! After tumo-
rigenesis, the role of interleukin spans tumor
growth, metastasis and therapeutic failure.
Delineating the landscape of interleukin in tumor
immune regulation and progression facilitated the
development novel, individualized and highly
effective drugs. In the present study, we portrayed
the mutation and expression pattern of interleukin
and explored their role in tumor immune infiltration
and therapeutic resistance, which, in turn, would
promote our understanding of the prostate adeno-
carcinoma microenvironment and provide more
effective immunotherapeutic strategies for patients
with prostate adenocarcinoma.

Previous studies have demonstrated that genetic
alternations of interleukin contribute to the progres-
sion of tumor. For example, IL8 correlates with
prostate adenocarcinoma progression and castration
resistance and IL-8 rs4073 polymorphism indicates
a higher risk of prostate adenocarcinoma.??? The
genetic alternation analysis suggested a high fre-
quency of copy number alternations of interleukin
in PRAD cohort. Moreover, patients in the mutation
cohort had a higher tumor mutation burden, muta-
tion count and fraction genome altered. These indi-
cate mutation of interleukins might co-occur with
other genes. Importantly, patients with IL gene alter-
nations had a poorer prognosis and a higher fre-
quency of biochemical recurrence, suggesting a

critical role for interleukin in the development and
progression of prostate adenocarcinoma.

In the present study, based on the expression of
interleukins, we identified two distinct subtypes
with significant different prognosis and immune
landscape. Cluster 1 has worse prognosis than clus-
ter 2. Further analysis of clinical traits showed that
cluster 1 correlated with advanced tumor stage and
higher Gleason score, which in part explained the
poor prognosis of this cluster. Differentially
expressed genes of these two clusters were subjected
to gene enrichment analysis to explore the potential
reason for these differences. The results suggested
that cluster 1 was prominently enriched in signaling
pathways correlate with immune activation like B
cell receptor signaling pathway. Therefore, we
explored the associations between two interleukin
related subtypes tumor immune infiltration. Cluster
1 showed significant higher immune cell infiltration
based on three different evaluation algorithm. In
fact, immune infiltration analysis shows that nearly
all kinds of immune cells are highly infiltrated in
cluster 1. Indeed, the relationship between immune
cells and tumor cells is heterogeneous and different
cells might have opposite roles. Tumor infiltrating
cells are pivotal mediators of anti-tumor immune
response, however, unlike other solid tumors, pros-
tate adenocarcinoma is one of the two kinds of
tumors in which higher CD8+ T cells correlates
with worse prognosis. Consistent with previous
studies, cluster 1 had significant higher infiltration
of CD8+ T cells. B cell is another important media-
tor of prostate cancer progression. Compared with
benign prostatic tissues, prostate tumor had signifi-
cant higher abundance of B cell infiltration.
Moreover, the recruitment of B cells into tumor
microenvironment has been linked with the incep-
tion of castration resistant and distant metastasis.
Macrophages is also one of the crucial immune cell
populations with two distinct phenotypes, M1 and
M2. Transition from phenotype M1 to M2could be
induced by IL-4, IL-6, or IL-13, and correlated with
early biochemical relapse. Myeloid derived sup-
pressor cell is another protagonist in tumor promot-
ing immune environment. Importantly, the
intra-tumor infiltration of myeloid derived cells
could induce resistance of prostate adenocarcinoma
cells to androgen deprivation therapy by secreting
IL-23. Similar with macrophages and T helper cells,
neutrophils are characterized by phenotype plastic-
ity and could be polarized into anti-tumor “N1” or
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tumor promoting N2 subtypes by diverse cytokines
like IL-1B. Despite not an immune cell, cancer asso-
ciated fibroblasts are critical members in the tumor
immunosuppressive circuity. As noted, interleukin
is closely associated with tumor immunity. In the
present study, pro-tumourigenic immune cells
including macrophages, Tregs, neutrophils, and
fibroblasts showed higher abundance in cluster 1
than cluster 2. Accordingly, the major histocompat-
ibility complexes and T cell stimulators are increased
in cluster 1.

Considering the influence of interleukin and
corresponding subtypes on the clinical outcomes,
an interleukin related risk score based on five prog-
nostic signature was constructed using LASSO
Cox regression analysis. The interleukin related
score could be calculated for individual patient
according to the aforementioned formula. And the
high and low IRS subtypes were stratified based on
optimal cutoff point. In the TCGA PRAD cohort,
high risk significantly correlated with worse prog-
nosis. Moreover, we performed log rank test in
external validation cohort, GSE21034 and
GSE116918, confirmed the practicability of IRS in
evaluating patient prognosis. Univariate and multi-
variate Cox regression analysis proved that IRS
was an independent prognostic factor. Additionally,
further analysis indicates that IRS significantly
correlated with the infiltration of immune cells.
The key gene plays an important role in this pro-
cess. IL1F10 has the potential to upregulate regula-
tory T cells (Tregs) and influence various
components of both the host immune system and
the cancer microenvironment. Studies have shown
that IL-10 can improve the prognosis of colorectal
cancer patients. Furthermore, IL-10 may contrib-
ute to the prognosis of colorectal cancer by regulat-
ing CD8+ tumor-infiltrating T cells and modulating
the expression of PD-L1.24 IL11 inhibits the activ-
ity of monocytes and macrophages.”® IL2RA and
IL4 are members of the y chain (yc) family, primar-
ily functioning as growth and proliferation factors
for both progenitor and mature cells. Additionally,
they play roles in lineage-specific cell differentia-
tion.?® The proliferation, differentiation, and sur-
vival of mononu dependent on signals received
through the and survival of mononuclear phago-
cytes are dependent on signals received through
the macrophage colony-stimulating factor receptor
(CSF1R).?” This is consistent with our findings
when analyzing the immune profile of the high-
and low-risk cohorts.

A heightened mutational load may enhance the
immunogenic potential of tumor cells and pro-
mote the infiltration of immune cells into the
tumors.?® This is due, in part, to the accumulation
of genetic and epigenetic alternations contribute
to the immunogenicity of the tumor cells. Tumor
mutation burden, termed as the total number of
nonsynonymous mutations per sequenced coding
area of a tumor genome, has been reported as a
biomarker for immunotherapy.? Patients with
advanced stage of tumor treated with immune
check point inhibitors suggested that higher
somatic TMB was correlated with better overall
survival.*

Immune checkpoint inhibitors, for example,
monoclonal antibodies targeting CTLA4, protein
PD-1, and its ligand PD-L1, have changed the
therapeutic paradigm for a lot of cancers.’! But
the clear role of these therapies for prostate ade-
nocarcinoma has yet to be clarified.’>* In the
present study, we found that high risk cohort cor-
relates with higher immune cell infiltration and
higher mutation frequency. In according with
previous studies, we found that patients with high
risk score are more sensitive to PD-L1 immuno-
therapy. This could partly be explained by higher
TMB and immune cell infiltration level in the
high risk cohort. However, PD-1/PD-L1 block-
ade combined with other therapeutic methods is a
novel and promising treatment strategy contrib-
utes to improving the treatment efficacy of pros-
tate adenocarcinoma.'> And interleukin targeted
therapy is one of the most promising. The research
on targeted therapy utilizing interleukins is cur-
rently undergoing a thriving transformation.34-3¢

Subsequent study has yielded a promising list of
eight drugs that can exhibit potential efficacy against
prostate adenocarcinoma. Among these identified
drugs, Etoposide and Clofarabine have demon-
strated promising efficacy in preclinical trials for
treating prostate adenocarcinoma.’’*® These drugs
have exhibited significant effectiveness in inhibiting
tumor growth and proliferation in prostate adeno-
carcinoma. Furthermore, Lovastatin has demon-
strated potential as a chemosensitizer for
paclitaxel-resistant prostate adenocarcinoma cells.*
By inhibiting the enzyme CYP2C8, Lovastatin can
enhance the sensitivity of drug-resistant prostate
adenocarcinoma cells to paclitaxel. This suggests
that Lovastatin can be used as an adjunct therapy to
improve the effectiveness of paclitaxel treatment in
patients with drug-resistant prostate cancer.
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Birinapant and Alvocidib are used for other can-
cers.**#! This provides a potential basis for our
future drug choices.

Conclusion

This study explored the link between interleu-
kins, immune cell infiltration, and immunother-
apy response, revealing a strong correlation. Our
study established the IRRS model as a viable
prognostic indicator for prostate adenocarcinoma
(PRAD), revealing its correlation with the
immune microenvironment and predictive value
for immunotherapy response. This finding was
further corroborated in an external, independent
PRAD cohort, underscoring its potential as a tool
for prognosis assessment and guiding therapeutic
decisions. By meticulously examining interleu-
kin expression profiles within PRAD, our
research deepens insights into the intricate rela-
tionship between cytokines and immune cell acti-
vation, thereby facilitating the tailored selection
of immunotherapeutic approaches for PRAD
patients.

However, it faced limitations: immune cell
quantification relied on algorithms due to technical
restrictions; the biological mechanisms behind
interleukin effects on PRAD prognosis remain elu-
sive, necessitating further functional studies.
Additionally, the absence of clinical cohorts limits
validation of interleukin scores’ prognostic value
and their correlation with tumor immune infiltra-
tion in PRAD. Large-scale prospective trials are
needed for confirmation.
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