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Despite considerable progress has been made in the understanding of the
genetics and molecular biology of renal cell carcinoma (RCC), therapeutic
options of patients with papillary renal cell carcinoma (PRCC) are limited.
Immunotherapy based on immune checkpoint inhibitors (ICls) has become a
hot point in researching new drug for tumor and been tested in a number of
human clinical trials. In this study, an immune-related gene prognostic index
(IRGPI) was developed and provided a comprehensive and systematic analysis
of distinct phenotypic and molecular portraits in the recognition, surveillance,
and prognosis of PRCC. The reliability of the IRGPI was evaluated using
independent datasets from GEO database and the expression levels of the
genes in the IRGPI detected by real-time PCR. Collectively, the currently
established IRGPI could be used as a potential biomarker to evaluate the
response and efficacy of immunotherapy in PRCC.

KEYWORDS
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Introduction

Renal cell carcinoma is the third most common urological cancer, accounting for
39% of all cancers in women and 5% in men with an incidence of around 400,000 new
cases worldwide (Siegel et al., 2019; Deleuze et al., 2020). Papillary renal cell
carcinoma (PRCC) usually occurs in sporadic forms and is the second most
common subtype of renal carcinoma, behind clear cell RCC (ccRCC) (Akhtar
et al, 2019). PRCC is typically divided histologically into 2 types, type 1
(characterized by a basophilic cytoplasm and considered as a low-grade tumor)
and type 2 (characterized by a bulky eosinophilic cytoplasm and pseudostratified
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tumor cell nuclei and considered as a high-grade tumor),
which is commonly associated with higher frequency of
necrosis and worse outcome (Delahunt et al., 2001; Pignot
et al., 2007; Deng et al., 2019). In point of view of clinical
manifestations, the patients with PRCC are characterized by
hematuria, flank pain and a palpable abdominal mass, which
generally appear in the late stage. Accordingly, most of the
patients are diagnosed at locally advanced stages and
metastatic disease (Courthod et al., 2015). Unfortunately,
nearly 40 percent postoperative patients would have local
recurrence and blood vessel metastasis (Courthod et al.,
2015). Thus, it is absolutely critical for us to explore and
develop reliable biomarkers for diagnosis and prognosis of
PRCC, which may serve as a potential therapeutic target for
the clinical management.

Despite some progress, therapy targeting of VEGF and
mTOR signaling has an presents few clinic effect in patients
with PRCC, while the efficacy of VEGFR-targeted therapies
and mTOR inhibitors has been demonstrated in clinical trials
in patients with ccRCC (Tannir et al., 2016). Recently, there is
an  increased interest in  considering  “targeted
immunotherapy” as a perspective, effective therapeutics of
solid tumors. Immunotherapy based on immune checkpoint
inhibitors (ICIs) has become a hot point in researching new
drug for tumor and been tested in a number of human clinical
trias. At present, programmed death-1 (PD-1), programmed
death ligand 1

associated protein 4 (CTLA4), which mediate critical

(PD-L1) and cytotoxic T lymphocyte

pathway responsible of immune-tolerance against tumor
cells, are the major therapeutic target of ICIs therapy
(Gunturi and McDermott, 2014; Del Paggio, 2018). A
single arm, non-randomized, Phase I trial confirmed the
efficacy of ipilimumab, a fully human monoclonal antibody
anti-CTLA4, in the improvement of the objective response
rate by inducing the immunologic rejection (Yang et al.,
2007). And in another investigation, PD-L1 positivity in
non-clear cell RCC, especially papillary RCC cells showed
a negative prognostic role, being significantly correlated with
advanced grade and with shorter overall survival (Choueiri
et al., 2014).

It can be seen that prognostic biomarkers based on
immunology may help the clinical risk stratification and
prognosis decision of patients with PRCC. In this study, we
sought to identify a novel immune signature which could be used
to determine the characteristic and prognosis, and could be
applied as therapeutic targets for gene therapy of PRCC. We
utilized the data from The Cancer Genome Atlas (TCGA) and
identified an immune-related gene prognostic index (IRGPI) by
weighted gene co-expression network analysis (WGCNA) with
immune-related hub genes related to prognosis. We then
evaluated the clinical value of the immune signature and
analyzed the correlation between the signature and immune
infiltration in PRCC.
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Materials and methods
Data source and preprocessing

The entire RNA-sequencing profiling data, gene mutation
information and clinical information of 321 patients with PRCC
were collected from the TCGA data portal (https://tcga-data.nci.
nih.gov/tcga/). The Ensembl IDs of genes was converted into a
matrix of gene symbols by the Ensembl database (http://asia.
ensembl.org/index.html).

Moreover, we also downloaded the raw expression data and
clinical information of 34 patients with PRCC from Gene
Expression Omnibus (GEO) database (http://www.ncbi.nlm.
nih.gov/geo) as the external validation dataset (GSE2748). The
lists of immune-related genes were downloaded from the
and

ImmPort (https://www.immport.org/shared/home)

InnateDB (https://www.innatedb.com/) databases.

Identification of differentially expressed
immune-related genes (ir-DEGs)

We identified differentially expressed genes between normal
and PRCC samples by screening criteria of p value >0.05 and
log(fold-change) >1. Next, we took the intersection of immune-
related genes and differentially expressed genes elected genes for
constructing the immune-related risk signature. The package
“limma” in the statistical software R was used for this difference
analysis (Xu and Wunsch, 2010).

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was performed for
analyzing the gene ontology (Subramanian et al., 2005). All
the gene ontology gene sets involved in our study were
obtained from Molecular Signatures Database (MSigDB)
(http://software.broadinstitute.org/gsea/downloads.jsp).
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway analysis was used to excavate remarkable
pathways associated with differentially expressed immune-
GO and KEGG were performed by

clusterProfiler package of R.

related genes.

Based on the 581 differentially expressed immune-related
genes, we subsequently performed weighted gene co-expression
network analysis (WGCNA) to identify gene modules with
similar expression patterns and analyze the relationship
between gene expression and clinical phenotypes (Langfelder
and Horvath, 2008). Then 7 modules were identified by the
pruning dimension tree as the merging threshold function at
0.25. Gene significance (GS) indicates the intensity of linear
correlation between the expression of different gene modules and
clinical characteristics.
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Construction and validation of the
immune-related risk signature

Univariate Cox regression analysis of these immune-related
genes was conducted to identify the immune-related genes
associated with overall survival, which were selected for follow-up
study (Supplementary Table S1). The 50 selected immune-related
genes were fitted into multivariate Cox regression analysis to
construct an immune-related gene prognostic signature. The
formula for the prognostic score model was as followed:

Risk score = PBir.gene-1 X EXpression jrgene-1 + Pir-gene2 X
EXpression jr_gene-2 + - + Bir-gene-n X EXPression j._gene-n.

Based on the formula above, the IRGPI risk scores of each
sample were calculated and divided into high- and low-risk groups
with the median risk score as the cutoff. Subsequently, Kaplan Meier
analysis was used in survival analysis and Log rank method in
comparison to assess the differences in overall survival (OS) between
the high-risk and low-risk groups with “survival” package in R.
However, due to our limited level, we have not yet retrieved a data set
containing PRCC prognostic information with a sufficiently large
sample size. In order to verify the prognostic value of this signature,
we tested the diagnostic performance of the prognostic signature on
distinguishing class 1 (corresponded to 3 histological subtypes: Type
1, low-grade Type 2 and mixed Type 1/low-grade Type 2 tumors)
and class 2 (corresponded to high-grade Type 2 tumors) based on
the validation cohort (GSE2748) from GEO database.

The gene set enrichment analysis
enrichment analysis, gene mutation
analysis and immune infiltration analysis

Gene set enrichment analysis (GSEA) was performed to
determine whether the signaling pathways showed statistically
significant and concordant differences between high-risk and
low-risk groups. We further performed gene mutation analysis to
analyze the quantity and quality of gene mutations between two
IRGPI subgroups by using the Maftools package of R. In the
immune infiltration analysis, CIBERSORT (https://cibersort.
stanford.edu/) was used to estimate the relative proportion of
22 types of immune cells. Then, we compared the relative
of 22 types of
clinicopathological features between high and low score group.

proportions immune cells and

Receiver operating characteristic curve
analysis

The area under the receiver operating characteristic (ROC)
curve (AUC value) obtained from ROC curve analysis was
utilized to compute the sensitivity and specificity and to evaluate
diagnostic efficacies of the prognostic signature in predicting patient
prognosis using the R package “survival ROC”. Moreover, we
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performed survival analyses in two urothelial cancer cohorts
treated with anti-PD-L1 and performed time-dependent ROC
curve analyses to compare the prognostic value among IRGPI,
tumor immune dysfunction and exclusion (TIDE), and 18-gene
T cell inflamed signature (TIS) with the timeROC package of R
(Ayers et al., 2017; Chen et al,, 2021).

Cell culture, RNA extraction and
quantitative reverse transcription PCR
(QRT-PCR)

The human proximal tubular epithelial cell line (HK-2) and
human PRCC cell line ACHN were contained in our laboratory in
RPMI-1640 medium (HyClone, Logan, UT, United States)
containing 10% fetal bovine serum (Gibco/BRL, Grand Island,
NY), 100 U/ml penicillin sodium and 100mg/ml streptomycin
sulphate, 37°C, 5% CO2 incubator in the closed-culture. All cell
lines were obtained from American Type Culture Collection (ATCC).
Total RNA was extracted from cells using TRIzol reagent (Invitrogen,
Frederick, MD, United States). RNA was converted to cDNA using
standard techniques. Real-time RT-PCR was carried out using
multiple kits (SYBR Premix Ex Taq, Takara Bio, DRR041A)
according to the manufacturer’s instructions on CFX96 (Bio-Rad
Laboratories, Hercules, United States). All primer sequences were
listed in Supplementary Table S2. Statistical analysis was performed
using GraphPad Prism software.

Statistical analysis

The boxplots were conducted using the R package called
“ggplot2”. Kaplan-Meier curve was used to evaluate the OS
between low-risk group and high-risk group. We performed
Wilcoxon tests to assess the Differences between variables.
Kaplan-Meier curve was used to evaluate the OS between low-
risk group and high-risk group. Varieties of risk gene expression
in PCR were determined using Student’s t test. All statistical
analysis in this study was applied by Perl (version 5.30.1.1, http://
www.perl.org), R (version 4.0.3, https://www.r-project.org) and
GraphPad Prism (version 8, https://www.graphpad.com/). p < 0.
05 was considered significantly statistical difference.

Result

Identification of differentially expressed
genes

We analyzed Affymetrix microarray data of all 321 PRCC cases
downloaded from TCGA database and obtained the differentially
expressed genes between normal and tumor samples (Figure 1A). By
taking the intersection of DEGs and immune-related genes,
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FIGURE 1
Differentially expressed IRGs. The heatmap (A) of differentially expressed genes in PRCC samples, compared to adjacent normal samples. The

heatmap (B) and of differentially expressed IRGs. Red represents higher expression genes, blue represents lower expression genes, black represents
same expression genes (fold change > 1.5 and p < 0.05). IRGs, immune-related genes; PPRC, papillary renal cell carcinoma.
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FIGURE 2
Functional enrichment analysis of differentially expressed IRGs. (A) Chord plot and bar graph of GO enrichment analysis. (B) Chord plot and bar
graph of the top 30 KEGG signaling pathways. IRGs, immune-related genes; BP, biological process; CC, cellular component; MF, molecular function;

KEGG, Kyoto encyclopedia of genes and genomes.

KEGG pathway enrichment analysis of the top 30 immune-related
gene ontology terms in Figure 2B, and assessed the potential function

of the by ir-DEGs.

differentially expressed immune-related genes was obtained for
constructing the IRGPI (Figure 1B). Red represents higher
expression genes, green represents lower expression genes.

We subsequently performed functional enrichment analysis for
functional annotation of the ir-DEGs. GO enrichment analysis found
that these ir-DEGs were more enriched in regulation of immune
effector process, positive regulation of cytokine production, cell
chemotaxis, external side of plasma membrane, signaling receptor
activator activity, cytokine activity and cytokine receptor binding,
indicating that these ir-DEGs were closely related to intensive
immune phenotype (Figure 2A). We further demonstrated the

Weighted correlation network analysis
and co-expression network analysis

Based on these ir-DEGs from TCGA PRAD expression profiles,
WGCNA was performed to identify seven modules by the soft-
thresholding power of 3 (Figure 3A). The clinical relevance of those
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FIGURE 3

Weighted correlation network analysis and co-expression network analysis. (A) Dendrogram showing all differentially expressed genes
clustered based on different metrics. (B) Heat-map of the correlation between gene modules and the clinical phenotypes of PRCC. (C) Visualization
of turquoise and brown modules gene networks. PPRC, papillary renal cell carcinoma.

seven modules were illustrated in Figure 3B. Afterwards, a co-
expression network of these genes was constructed based on
turquoise and brown modules, which were selected for further
analysis (Figure 3C). The size of the nodes dictated the degree of
tightness with other ir-DEGs.

Construction and validation of the
immune-related gene prognostic index

The genes of the turquoise and brown modules were analyzed
by univariate Cox regression, and a total of 29 genes had proven
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to be enormously valuable for predicting prognosis of PRCC. The
resulting forest plot and survival analysis of partial genes was
shown in Figure 4. The 29 survival-related genes were then
subjected to multivariate Cox regression analysis to construct
an IRGPI (Table 1). According to this model, all samples were
divided into a high- and low-risk group with the median risk
score as the cutoff. Kaplan Meier survival curve showed that
prognosis of patients in low-risk group was significantly better
than those in the high-risk group (Figure 5A).

Next, we evaluated the predictive ability of the prognostic
signature in an independent validation cohort (GSE2748) from
the GEO database. GSE2748 contained 2 highly distinct
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FIGURE 4

Prognostic values of survival-related IRGs. p values < 0.05 were considered to be statistically significant. IRGs, immune-related genes.

molecular PRCC subclasses. Class 1 was known to have a good
prognosis, while the prognosis of Class 2 is poor. The results
illustrated in Figure 5B show that Class 2 had a higher risk score
than Class 1, indicating that the IRGPI had great value and
potentials in accurately predicting patient prognosis (Figure 5B).
Finally, we performed qRT-PCR to measure the expression levels
of the 6 genes in the IRGPI. Compared to HK-2 cells, FGFIS8,
IDO1, BIRC5, NUMBL and TYRO3 were upregulated in ACHN
cells, whereas WDR62 were repressed in ACHN cells, which was
consistent with the risk coefficient of each gene (Figure 5C).
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Molecular characteristics of different
immune-related gene prognostic index
subgroups

We identified the gene sets enriched between low and
high-risk patients, and found that enriched functional
pathway showed significant difference between high and
low risk score groups (Figure 5D). The gene sets of the
IRGPI-high group were enriched in cytokine receptor
interaction and ECM receptor interaction, while the gene
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TABLE 1 The coef of the IRGPI in the multivariate Cox regression
analysis.

id coef
FGF18 1.265
IDO1 0.367
BIRC5 1.205
WDR62 ~2.457
NUMBL 0.881
TYRO3 1.109

Coef, regression coefficient.

sets of the IRGPI low group were enriched in energy
metabolism.

Next, we analyzed the differences of tumor mutational burden
(TMB) in the different IRGPI subgroups (Figure 5E). We found that
the most common mutation type was missense mutation, followed
by nonsense and frameshift deletions. We then identified the top
20 genes with the highest mutation rates in the IRGPI subgroups
and discovered that TTN was the most commonly mutated genes,
showing mutation rates of over 10% in in both subgroups.

Immune Characteristics of different
immune-related gene prognostic index
subgroups

Wilcoxon test was used to compare the distribution of immune
cells in different IRGPI subgroups for further exploration of the
indicative roles of IPGRI. CIBERSORT was adopted for evaluation
of the relative proportion of 22 types of immune cells in all PRCC
samples. Activated memory T cells CD4, regulatory T cells, activated
NK cells, macrophages M1, resting dendritic cells and resting mast
cells infiltration were higher in the high-risk group, while
macrophages M2 infiltration were higher in the low-risk group
(Figure 6A and Supplementary Figure S1). Immune cell infiltration
data of all samples for the high and low risk score groups was
showed in Figure 6B. The difference of immune-related function in
the tumor immune microenvironment also existed between the high
and low risk groups (Figure 6C). We further utilized correlation
analysis for 6 risk genes and infiltrating immune cell types to
investigate the potential influence of the IRGPI on the immune
microenvironment of PRCC (Figure 6D). Additionally, we evaluated
the prognostic value of different levels of immune cells and immune
function, respectively. The statistically significant variables were
showed in Supplementary Figures S2, S3.

Clinical correlation analysis

All PRCC samples were further classified according to
different pathological stages. We could find from Figure 7A
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that the number of patients of progressive stage (stage Il and
IV) in high risk group was significantly higher than those in low
risk group; the situation was opposite in the early stage patients
(p < 0.05). However, the high and low groups were not
the distribution of different
immunology classification (Figure 7B). Moreover, we used the

statistically = significant in
cellular landscape to assess the clinical value of the model
according to the different clinical features of the samples,
including the age, gender, tumor stage, T stage, tumor N
stage, and tumor M stage (Figure 7C). The results suggested
IRGPI showed significant correlation with the tumor’s stage, and
could be regarded as a valuable index for predicting the
prognosis.

Evaluation of the immune-related gene
prognostic index

TIDE was used to evaluate the potential clinical efficacy of
immunotherapy in different IRGPI subgroups. Higher TIDE
prediction score represented a higher potential for immune
evasion, indicating that patients were less likely to benefit
from ICIs treatment and have a worse outcome (Chen et al.,
2021). Our results revealed that the IRGPI increased significantly
with low TIDE score, and suggested that the high-risk group
patients could benefit relatively less from ICIs therapy and may
have a worse outcome (p > 0.05, Figure 8A). Besides, the high-
risk group patients had a higher T-cell exclusion score (p < 0.05,
Figure 8B), but there was no significant difference in
microsatellite instability (MSI) score and T-cell dysfunction
(The results were not shown).

A time-dependent ROC curve was used to assess the
prognostic value of IRGPI in the TCGA PRCC cohort. The
AUC values of IRGPI at 1, 3, and 5 years were 0.908, 0.913,
and 0.855, respectively (Figure 8C). Next, we assessed the
predictive value for the prognosis of IRGPI, TIS and TIDE at
3 years. We could find that the AUC for IRGPI were better at
3 years follow-up, suggesting that the predictive value of IRGPI
was superior to that of TIS and TIDE (Figure 8D).

Nomogram and drug sensitivity analysis

To explore IRGPI value for clinical application, we
constructed a novel prognostic nomogram to provide a
reliable intuitive and quantitative method for predicting the
survival of the HCC patients based on the risk scores and
clinical features, including age, gender and stage (Figure 8E).
The nomogram could effectively predict the predict the survival
rates of BLCA patients at 1, 3, and 5-years.

The limited research conducted thus far demonstrates
that the
recommended treatment options for those PRCC patient

convincingly sunitinib and  sorafenib are
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FIGURE 6

Immune Characteristics of different IRGPI subgroups. (A) Correlations of IRGPI with immune cell infiltration. (B) Infiltration profiles in the high
and low risk groups. (C) Correlations of IRGPI with immune function. IRGPI: immune-related gene prognostic index. (D) Heatmap of the correlation
of the levels of infiltration of the immune cells with 6 risk genes. ***p < 0.001, **p < 0.01, *p < 0.05.

cohort and can prolong the survival time effectively (Tannir et al.,
2016; Bergmann et al., 2021). Besides, temsirolimus is also a drug
option with high-level evidence (Tsimafeyeu, 2017). Then we
studied the role of the IRGPI in predicting the chemosensitivity
in PRCC patients. We founded that the high-risk patients were
associated with a lower half inhibitory centration (IC50) of
chemotherapeutics such as sunitinib (p < 0.05), sorafenib (p >
0.05), and temsirolimus (p > 0.05), indicating that the prognostic
index could acted as a potential predictor for chemosensitivity
(Figure 8F).

Discussion

In recent years there has been a remarkable progress in our
knowledge regarding the genetic profile of PRCC, which provides
the foundation for the development of improved methods for
diagnosis, treatment and prevention of this disease. For a long
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time, using the patient’s own immune system to combat cancer
has been considered an attractive therapeutic option, especially in
tumors with high immune cell infiltration (Linehan and Ricketts,
2019). Some studies have shown that IL-2 had a profound impact
on the development of cancer immunotherapy and had been
used in advanced metastatic RCC, resulting in a substantial rate
of complete response (Rosenberg, 2014). Besides, PD-1 and its
ligand PD-L1 being expressed in a majority of PRCC has
resurfaced interest in using immunotherapy as treatment
(Chen et al., 2019). The publicly available TCGA data provide
potential targeted therapies and invaluable resources for better
patient management and treatment of PRCC patients, and could
expand our knowledge of etiology mechanism and improve the
outcomes of patients with this disease (Liu et al., 2020; Zhou et al.,
2020). As multiple oncogenic mutations might co-occur in the
same tumor, we needed to identify an IRG signature, which
would be promising targets for development of new therapeutic
agents.
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In this study, we identified differentially expressed immune
genes based on the clinical information and transcriptomic data
of PRCC from the TCGA cohort. We then subjected those ir-
DEGs to GO and KEGG analyses, which revealed that they were
mainly enriched for neutrophil and leukocyte-related biological
behavior and the regulation of immune effector process. The
gene modules closely related to the tumorigenesis of PRCC were
screened by WGCNA, and genes associated with prognosis of
patients with PRCC were further screened with univariate Cox
regression. Subsequently, 6 of 29 screened genes, including
FGF18, IDOI, BIRC5, WDR62, NUMBL and TYRO3, were
used to construct the prognostic index of immune-related
genes that was used to calculate the risk scores of PRCC
patients. Overexpression of FGF18, relating to the embryonic

Frontiers in Genetics

1

and postnatal development of cartilage, hair, and vasculature,
plays an important role in the process of invasion and metastasis
of several neoplasms, including hepatocellular carcinoma (Guo
etal., 2018), gastric cancer (Zhang et al., 2019a), and colon cancer
2003), while high of
FGF18 correlates with a good prognosis in ccRCC patients
(Yang et al., 2020). Some studies have shown that IDOI was
associated with a poor prognosis of PRCC, and IDO! inhibitor
may be effective for treating sarcomatoid/rhabdoid RCC (Zhang
et al., 2019b; Kiyozawa et al., 2020). Accumulating evidence

(Shimokawa et al, expression

shows that BIRC5 (also known as survivin) is closely related
to tumor progression, tumor progression, tumor recurrence,
chemotherapy resistance and poor prognosis (Liu et al., 2015;
Zhang et al, 2019c), and high expression levels of BIRC5
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predicted a poor outcome for ccRCC patients (Parker et al.,
2006). TYRO3 is a key part of the tumor-associated macrophage
(TAM) receptor-ligand complex, which are implicated in several
hallmarks of cancer progression and involves in the acquisition of
the resistance to sunitinib in renal cell carcinoma (Pinato et al.,
2016). The research about the functional roles of NUMBL and
WDR62
developmentally-regulated

in renal cell carcinoma is seldom. Numbl, a

polarity ~ protein,  becomes

subcellularly ~deregulated and over-expressed in various
human cancers (Vaira et al, 2013). Sugita et al. (2019)
demonstrated that the downregulation of WDR62 induced the
apoptosis and inhibited the viability of bladder cancer cells.

Based on these scores, all patients in the TCGA cohort were
divided into high- and low-risk groups. Survival analysis
indicated that high risk patients had an aggressive clinical
course with poor prognosis, which was consistent with result
of validation set. Moreover, the tendency of component gene
expression was the same as risk coefficient (positive or negative)
in the IRGP], confirming the role of these genes in PRCC. GSEA
revealed that the two subgroups differed markedly in respect of
the enriched gene sets. AS one of the most enriched gene set in
high-risk group, assembly of the cytokine-receptor complex
activates intracellularly associated JAK/STAT signaling, the
Akt and Erk pathways as well as other signaling networks in
the typical cytokine signaling pathway (Ihle et al., 1995; Platanias,
2005; Spangler et al., 2015). Cytokine-receptor interaction may
be critical in determining the effects of inflammation in the
development of the disease (Qian et al., 2019). The low-risk
group enriched gene set we were most interested in is butanoate
metabolism. Butyrate is one of the three most common short-
chain fatty acids, which exerts many renoprotective properties,
such as anti-inflammation, anti-atherosclerosis, anti-oxidative
functions (Sun et al., 2018; Wu et al., 2020a). Besides, Chang
etal. (2014) found that Butyrate is involved in the maintenance of
intestinal epithelial cells and plays a significant role in regulating
intestinal immune tolerance to antigens (Wang et al.,, 2020).
Mutation diversity analysis demonstrated that the most common
mutation type in the two subgroups was missense mutation, and
the most common mutant gene in the two subgroups was TTN.
The distribution order of TTN coding sequence variants
associated with human conditions were as follows: nonsense
mutations, frameshifts, missense variants and splice-site variants
(Chauveau et al., 2014). Previous studies reported that TTN
mutation was associated with better response to immune
checkpoint blockage in solid tumors, but the potential
mechanisms were still unclear. It was reported that if TMB is
larger, the cancer cell is more mutated, and it is easier for immune
cells to recognize and kill it (Miao et al., 2018), which was in
conformance with this result that TMB was higher in PRCC
patients with low-IRGPI scores.

The correlation between IRGPI subgroups and tumor-
infiltrating immune cells was analyzed to reflect on the status
of the immune microenvironment. Treg cells abundantly
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infiltrate into tumor tissues and are often associated with poor
prognosis in cancer patients (Tanaka and Sakaguchi, 2019),
which supports our findings. Surprisingly in this study,
macrophages M1 infiltration was significantly increased in the
high-risk group, while macrophages M2 infiltration was higher in
the low-risk group. However, the trend of immune cell
infiltration of our study was consistent with in a previous
study (Zhou et al.,, 2020), and could be explained by several
research findings to some degrees. Recent studies have found
significant differences among monocytes or macrophages from
distinct tumors, and other investigations have explored evidence
that specific localization of TAMs and differences in the tumor
microenvironment may also impact their inter- and intra-
tumoral heterogeneity and how they affect tumor growth
(Park et al., 2016; Wu et al., 2020b). Previous research in
ccRCC showed that the abundance of CD8" T cells was
positively correlated with the abundance of Tregs and T cells
follicular helper, and negatively correlated with the abundance of
M2 macrophages, which provides a theoretical support for our
research results (Pan et al., 2020). Further studies are required to
understand how the macrophage phenotype changes in different
tumor microenvironments and how this affects tumor growth
and spread.

By Integrating with tumor stage, we found that advanced
stage was associated with the IRGPI-high subgroup, while early
stage with the IRGPI-low subgroup. Moreover, cellular landscape
showed that IRGPI was a potential factor which forecasting the
clinical outcome, including tumor stage, T stage, tumor N stage,
and tumor M stage. To gain further biological insight into the
potential clinical efficacy of immunotherapy in different IRGPI
subgroups, the relationship between IRGPI and the mechanisms
of immune escape was explored in PRCC patients. It has been
reported that the TIDE prediction score was correlated with
T cell dysfunction in CTL-high tumors and T cell exclusion in
CTL-low tumors and thus represents two different mechanisms
of immune escape (Chen et al., 2021). In our study, IRGPI-high
patients had lower TIDE score (p > 0.05) and higher T cell
exclusion score (p > 0.05) than IRGPI-low patients. Thus, we can
speculate that the lower ICI response of IRGPI-high patients may
be principally due to immune evasion via T cell exclusion.
Finally, time-dependent ROC curve was used to evaluate the
prognostic value of IRGPI, TIS and TIDE at 3 years. It has been
confirmed that the TIDE score predicts the outcome of
melanoma patients treated with first-line anti-PD1 or anti-
CTLA4 antibodies more accurately than other biomarkers,
such as PD-L1 level and mutation load (Jiang et al., 2018).
TIS, developed by NanoString Technologies, was a clinical-
grade assay, which can provides both quantitative and
qualitative information about the tumor microenvironment
(TME) and predicting response to anti-PD-1/PD-L1 agents
(Seiwert et al., 2015). This study demonstrated that the IRGPI
score had a better prognostic value and might serve as a better
predictor of OS compared with TIDE and TIS. Base on the IRGPI
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and other clinical parameters that were generally believed to have
a certain impact on the prognosis of PRCC, we constructed a
nomogram to predict the PRCC patients’ overall survival.
Further, our research revealed that the IRGPI could act as a
potential predictor for sensitivity to chemotherapeutical agents,
including sunitinib, sorafenib, and temsirolimus. However, the
lack of experimental verification in the pathological specimens
was a significant deficiency of our study.

In conclusion, we identify an IRGPI which is closely related
to the immune microenvironment and provides a comprehensive
and systematic analysis of distinct phenotypic and molecular
portraits in the recognition, surveillance, and prognosis of PRCC.
Finally, IRGPI could be used as a potential biomarker to evaluate
the response and efficacy of immunotherapy in PRCC.

Data availability statement

The original contributions presented in the study are
included in the article/Supplementary Material, further
inquiries can be directed to the corresponding authors.

Author contributions

JZ and WW conceived of and directed the project. DC, CZ,
and YZ designed the study. DC, YZ, and CZ collected and
analyzed the data. All the authors wrote and revised the
manuscript. All the authors listed have approved the
manuscript that is enclosed for publication.

References

Akhtar, M., Al-Bozom, I. A, and Al Hussain, T. (2019). Papillary renal cell
carcinoma (PRCC): An update. Adv. Anat. Pathol. 26 (2), 124-132. doi:10.1097/
PAP.0000000000000220

Ayers, M., Lunceford, J., Nebozhyn, M., Murphy, E., Loboda, A., Kaufman,
D. R, et al. (2017). IFN-gamma-related mRNA profile predicts clinical
response to PD-1 blockade. J. Clin. Invest. 127 (8), 2930-2940. doi:10.1172/
JCI91190

Bergmann, L., Weber, S., Hartmann, A., and Ahrens, M. (2021). Pathology and
systemic therapy of non-clear cell renal cell carcinoma: An overview. Expert Rev.
Anticancer Ther. 21 (11), 1273-1286. doi:10.1080/14737140.2021.1959319

Chang, P. V., Hao, L., Offermanns, S., and Medzhitov, R. (2014). The microbial
metabolite butyrate regulates intestinal macrophage function via histone
deacetylase inhibition. Proc. Natl. Acad. Sci. U. S. A. 111 (6), 2247-2252. doi:10.
1073/pnas.1322269111

Chauveau, C., Rowell, J., and Ferreiro, A. (2014). A rising titan: TTN review and
mutation update. Hum. Mutat. 35 (9), 1046-1059. doi:10.1002/humu.22611

Chen, Q., Cheng, L, and Li, Q. (2019). The molecular characterization and
therapeutic strategies of papillary renal cell carcinoma. Expert Rev. Anticancer Ther.
19 (2), 169-175. doi:10.1080/14737140.2019.1548939

Chen, Y., Li, Z. Y., Zhou, G. Q,, and Sun, Y. (2021). An immune-related gene
prognostic index for head and neck squamous cell carcinoma. Clin. Cancer Res. 27
(1), 330-341. doi:10.1158/1078-0432.ccr-20-2166

Choueiri, T. K., Fay, A. P,, Gray, K. P., CalleaM.Ho, T. H., ALbiges, L., et al.
(2014). PD-L1 expression in nonclear-cell renal cell carcinoma. Ann. Oncol. 25 (11),
2178-2184. doi:10.1093/annonc/mdu445

Frontiers in Genetics

10.3389/fgene.2022.970900

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fgene.
2022.970900/full#supplementary-material

SUPPLEMENTARY FIGURE S1
The correlation of the infiltrating immune cells with the IRGPI.

SUPPLEMENTARY FIGURE S2
KM survival analysis of PRCC patients in different subgroups with different
levels of immune cell infiltration.

SUPPLEMENTARY FIGURE S3
KM survival analysis of PRCC patients in different subgroups with different
levels of immune function.

Courthod, G., Tucci, M., Di Maio, M., and Scagliotti, G. V. (2015). Papillary renal
cell carcinoma: A review of the current therapeutic landscape. Crit. Rev. Oncol.
Hematol. 96 (1), 100-112. doi:10.1016/j.critrevonc.2015.05.008

Del Paggio, J. C. (2018). Immunotherapy: Cancer immunotherapy and the value
of cure. Nat. Rev. Clin. Oncol. 15 (5), 268-270. doi:10.1038/nrclinonc.2018.27

Delahunt, B., Eble, J. N., McCredie, M. R., Bethwaite, P. B., Stewart, J. H., and
Bilous, A. M. (2001). Morphologic typing of papillary renal cell carcinoma:
Comparison of growth kinetics and patient survival in 66 cases. Hum. Pathol.
32 (6), 590-595. doi:10.1053/hupa.2001.24984

Deleuze, A., Saout, J., Dugay, F., Peyronnet, B., Mathieu, R., Verhoest, G., et al.
(2020). Immunotherapy in renal cell carcinoma: The future is now. Int. J. Mol. Sci.
21 (7), E2532. d0i:10.3390/ijms21072532

Deng, J., Li, L., Xia, H., Guo, ., Wu, X,, Yang, X., et al. (2019). A comparison of the
prognosis of papillary and clear cell renal cell carcinoma: Evidence from a meta-
analysis. Med. Baltim. 98 (27), e16309. doi:10.1097/MD.0000000000016309

Gunturi, A., and McDermott, D. F. (2014). Potential of new therapies like anti-
PD1 in kidney cancer. Curr. Treat. Options Oncol. 15 (1), 137-146. doi:10.1007/
s11864-013-0268-y

Guo, P., Wang, Y., Dai, C,, Tao, C,, Wu, F., Xie, X,, et al. (2018). Ribosomal
protein S15a promotes tumor angiogenesis via enhancing Wnt/p-catenin-induced

FGF18 expression in hepatocellular carcinoma. Oncogene 37 (9), 1220-1236. doi:10.
1038/541388-017-0017-y

Ihle, J. N., Witthuhn, B. A., Quelle, F. W., Yamamoto, K., and SilvennOinen, O.
(1995). Signaling through the hematopoietic cytokine receptors. Annu. Rev.
Immunol. 13, 369-398. doi:10.1146/annurev.iy.13.040195.002101

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2022.970900/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2022.970900/full#supplementary-material
https://doi.org/10.1097/PAP.0000000000000220
https://doi.org/10.1097/PAP.0000000000000220
https://doi.org/10.1172/JCI91190
https://doi.org/10.1172/JCI91190
https://doi.org/10.1080/14737140.2021.1959319
https://doi.org/10.1073/pnas.1322269111
https://doi.org/10.1073/pnas.1322269111
https://doi.org/10.1002/humu.22611
https://doi.org/10.1080/14737140.2019.1548939
https://doi.org/10.1158/1078-0432.ccr-20-2166
https://doi.org/10.1093/annonc/mdu445
https://doi.org/10.1016/j.critrevonc.2015.05.008
https://doi.org/10.1038/nrclinonc.2018.27
https://doi.org/10.1053/hupa.2001.24984
https://doi.org/10.3390/ijms21072532
https://doi.org/10.1097/MD.0000000000016309
https://doi.org/10.1007/s11864-013-0268-y
https://doi.org/10.1007/s11864-013-0268-y
https://doi.org/10.1038/s41388-017-0017-y
https://doi.org/10.1038/s41388-017-0017-y
https://doi.org/10.1146/annurev.iy.13.040195.002101
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.970900

Chen et al.

Jiang, P., Gu, S., Pan, D,, Fu, ], Sahu, A., Hu, X,, et al. (2018). Signatures of T cell
dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 24
(10), 1550-1558. doi:10.1038/s41591-018-0136-1

Kiyozawa, D., Takamatsu, D., Kohashi, K., Kinoshita, F., Ishihara, S., Toda, Y.,
et al. (2020). Programmed death ligand 1/indoleamine 2, 3-dioxygenase
1 expression and tumor-infiltrating lymphocyte status in renal cell carcinoma
with sarcomatoid changes and rhabdoid features. Hum. Pathol. 101, 31-39. doi:10.
1016/j.humpath.2020.04.003

Langfelder, P., and Horvath, S. (2008). Wgcna: an R package for weighted
correlation network analysis. BMC Bioinforma. 9, 559. doi:10.1186/1471-2105-
9-559

Linehan, W. M., and Ricketts, C. J. (2019). The cancer genome Atlas of renal cell
carcinoma: Findings and clinical implications. Nat. Rev. Urol. 16 (9), 539-552.
doi:10.1038/s41585-019-0211-5

Liu, N. N., Zhao, N., and Cai, N. (2015). The effect and mechanism of celecoxib in
hypoxia-induced survivin up-regulation in HUVECs. Cell. Physiol. biochem. 37 (3),
991-1001. doi:10.1159/000430225

Liu, Y., Gou, X., Wei, Z., Yu, H., Zhou, X., and Li, X. (2020). Bioinformatics
profiling integrating a four immune-related long non-coding RNAs signature as a
prognostic model for papillary renal cell carcinoma. Aging (Albany NY) 12 (15),
15359-15373. doi:10.18632/aging.103580

Miao, D., Margolis, C. A., Vokes, N. I, Liu, D., Taylor-Weiner, A., Wankowicz, S.
M, et al. (2018). Genomic correlates of response to immune checkpoint blockade in
microsatellite-stable solid tumors. Nat. Genet. 50 (9), 1271-1281. doi:10.1038/
s41588-018-0200-2

Pan, Q., Wang, L., Chai, S., Zhang, H., and Li, B. (2020). The immune infiltration
in clear cell renal cell carcinoma and their clinical implications: A study based on
TCGA and GEO databases. J. Cancer 11 (11), 3207-3215. doi:10.7150/jca.37285

Park, J. Y., Sung, J. Y., Lee, J., Park, Y. K, Kim, Y. W,, Kim, G. Y., et al. (2016).
Polarized CD163+ tumor-associated macrophages are associated with increased
angiogenesis and CXCL12 expression in gastric cancer. Clin. Res. Hepatol.
Gastroenterol. 40 (3), 357-365. doi:10.1016/j.clinre.2015.09.005

Parker, A. S., Kosari, F., Lohse, C. M., Houston Thompson, R., Kwon, E. D.,
Murphy, L., et al. (2006). High expression levels of survivin protein independently
predict a poor outcome for patients who undergo surgery for clear cell renal cell
carcinoma. Cancer 107 (1), 37-45. doi:10.1002/cncr.21952

Pignot, G., Elie, C., Conquy, S., Vieillefond, A., Flam, T., Zerbib, M., et al. (2007).
Survival analysis of 130 patients with papillary renal cell carcinoma: Prognostic
utility of type 1 and type 2 subclassification. Urology 69 (2), 230-235. doi:10.1016/j.
urology.2006.09.052

Pinato, D.J., Chowdhury, S., and Stebbing, J. (2016). TAMing resistance to multi-
targeted kinase inhibitors through Axl and Met inhibition. Oncogene 35 (21),
2684-2686. doi:10.1038/0nc.2015.374

Platanias, L. C. (2005). Mechanisms of type-I- and type-II-interferon-mediated
signalling. Nat. Rev. Immunol. 5 (5), 375-386. doi:10.1038/nri1604

Qian, Z., Zhang, Z., and Wang, Y. (2019). T cell receptor signaling pathway and
cytokine-cytokine receptor interaction affect the rehabilitation process after
respiratory syncytial virus infection. Peer] 7, €7089. doi:10.7717/peer;j.7089

Rosenberg, S. A. (2014). IL-2: The first effective immunotherapy for human
cancer. J. Immunol. 192 (12), 5451-5458. doi:10.4049/jimmunol.1490019

Seiwert, T. Y., Burtness, B., Weiss, J. ]. . o. C. O., Eder, J. P., Yearley, J., Murphy,
E., et al. (2015). Inflamed-phenotype gene expression signatures to predict benefit
from the anti-PD-1 antibody pembrolizumab in PD-L1+ head and neck cancer
patients. J. Clin. Oncol. 33 (15), 6017. doi:10.1200/jc0.2015.33.15_suppl.6017

Shimokawa, T., Furukawa, Y., Sakai, M., Li, M., Miwa, N., Lin, Y. M., et al. (2003).
Involvement of the FGF18 gene in colorectal carcinogenesis, as a novel downstream
target of the beta-catenin/T-cell factor complex. Cancer Res. 63 (19), 6116-6120.

Siegel, R. L., Miller, K. D., and Jemal, A. (2019). Cancer statistics, 2019. Ca. Cancer
J. Clin. 69 (1), 7-34. doi:10.3322/caac.21551

Frontiers in Genetics

15

10.3389/fgene.2022.970900

Spangler, J. B., Moraga, I., Mendoza, J. L., and Garcia, K. C. (2015). Insights into
cytokine-receptor interactions from cytokine engineering. Annu. Rev. Immunol. 33,
139-167. doi:10.1146/annurev-immunol-032713-120211

Subramanian, A., Tamayo, P., Mootha, V. K., Mukherjee, S., Ebert, B. L., Gillette,
M. A, etal. (2005). Gene set enrichment analysis: A knowledge-based approach for
interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. U. S. A. 102
(43), 15545-15550. doi:10.1073/pnas.0506580102

Sugita, S., Yoshino, H., Yonemori, M., Miyamoto, K., Matsushita, R., Sakaguchi,
T, et al. (2019). Tumorsuppressive microRNA223 targets WDR62 directly in
bladder cancer. Int. J. Oncol. 54 (6), 2222-2236. doi:10.3892/ij0.2019.4762

Sun, M., Wu, W,, Chen, L., Yang, W., Huang, X., Ma, C,, et al. (2018). Microbiota-
derived short-chain fatty acids promote Thl cell IL-10 production to maintain
intestinal homeostasis. Nat. Commun. 9 (1), 3555. doi:10.1038/s41467-018-05901-2

Tanaka, A., and Sakaguchi, S. (2019). Targeting Treg cells in cancer
immunotherapy. Eur. J. Immunol. 49 (8), 1140-1146. doi:10.1002/¢ji.201847659

Tannir, N. M., Jonasch, E., Albiges, L., Altinmakas, E., Ng, C. S., Matin, S. F,, et al.
(2016). Everolimus versus sunitinib prospective evaluation in metastatic non-clear
cell renal cell carcinoma (espn): A randomized multicenter Phase 2 trial. Eur. Urol.
69 (5), 866-874. doi:10.1016/j.eururo.2015.10.049

Tsimafeyeu, I. (2017). Management of non-clear cell renal cell carcinoma:
Current approaches. Urol. Oncol. 35 (1), 5-13. doi:10.1016/j.urolonc.2016.07.011

Vaira, V., Faversani, A., Martin, N. M., Garlick, D. S., Ferrero, S., Nosotti, M., et al.
(2013). Regulation of lung cancer metastasis by Klf4-Numb-like signaling. Cancer
Res. 73 (8), 2695-2705. doi:10.1158/0008-5472.CAN-12-4232

Wang, D., Guo, S., He, H., Gong, L., and Cui, H. (2020). Gut microbiome and
serum metabolome analyses identify unsaturated fatty acids and butanoate
metabolism induced by gut microbiota in patients with chronic spontaneous
urticaria. Front. Cell. Infect. Microbiol. 10, 24. doi:10.3389/fcimb.2020.00024

Wu, I. W, Lee, C. C., Hsu, H. J,, Sun, C. Y., Chen, Y. C, Yang, K. J., et al. (2020).
Compositional and functional adaptations of intestinal microbiota and related
metabolites in CKD patients receiving dietary protein restriction. Nutrients 12 (9),
E2799. d0i:10.3390/nu12092799

Wu, K, Lin, K, Li, X,, Yuan, X,, Xu, P, Ni, P,, et al. (2020). Redefining tumor-
associated macrophage subpopulations and functions in the tumor
microenvironment. Front. Immunol. 11, 1731. d0i:10.3389/fimmu.2020.01731

Xu, R, and Wunsch, D. C. (2010). Clustering algorithms in biomedical research:
A review. IEEE Rev. Biomed. Eng. 3, 120-154. doi:10.1109/RBME.2010.2083647

Yang, C., Zhang, Z., Ye, F., Mou, Z., Chen, X, Ou, Y,, et al. (2020). FGF18 inhibits
clear cell renal cell carcinoma proliferation and invasion via regulating epithelial-
mesenchymal transition. Front. Oncol. 10, 1685. doi:10.3389/fonc.2020.01685

Yang, J. C.,, Hughes, M., Kammula, U., Royal, R,, Sherry, R. M., Topalian, S. L.,
et al. (2007). Ipilimumab (anti-CTLA4 antibody) causes regression of metastatic
renal cell cancer associated with enteritis and hypophysitis. J. Immunother. 30 (8),
825-830. doi:10.1097/CJ1.0b013e318156e47¢e

Zhang, H., Li, W, Gu, W, Yan, Y, Yao, X, and Zheng, J. (2019).
MALATTI accelerates the development and progression of renal cell carcinoma
by decreasing the expression of miR-203 and promoting the expression of BIRC5.
Cell Prolif. 52 (5), €12640. doi:10.1111/cpr.12640

Zhang, J., Zhou, Y., Huang, T., Wu, F,, Pan, Y., Dong, Y., et al. (2019). FGF18, a
prominent player in FGF signaling, promotes gastric tumorigenesis through
autocrine manner and is negatively regulated by miR-590-5p. Oncogene 38 (1),
33-46. doi:10.1038/s41388-018-0430-x

Zhang, S., Zhang, E.,, Long, J., Hu, Z., Peng, J., Liu, L., et al. (2019). Immune
infiltration in renal cell carcinoma. Cancer Sci. 110 (5), 1564-1572. doi:10.1111/cas.
13996

Zhou, X,, Qiu, S, Jin, D,, Jin, K., Zheng, X,, Yang, L., et al. (2020). Development
and validation of an individualized immune-related gene pairs prognostic signature
in papillary renal cell carcinoma. Front. Genet. 11, 569884. doi:10.3389/fgene.2020.
569884

frontiersin.org


https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1016/j.humpath.2020.04.003
https://doi.org/10.1016/j.humpath.2020.04.003
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1038/s41585-019-0211-5
https://doi.org/10.1159/000430225
https://doi.org/10.18632/aging.103580
https://doi.org/10.1038/s41588-018-0200-2
https://doi.org/10.1038/s41588-018-0200-2
https://doi.org/10.7150/jca.37285
https://doi.org/10.1016/j.clinre.2015.09.005
https://doi.org/10.1002/cncr.21952
https://doi.org/10.1016/j.urology.2006.09.052
https://doi.org/10.1016/j.urology.2006.09.052
https://doi.org/10.1038/onc.2015.374
https://doi.org/10.1038/nri1604
https://doi.org/10.7717/peerj.7089
https://doi.org/10.4049/jimmunol.1490019
https://doi.org/10.1200/jco.2015.33.15_suppl.6017
https://doi.org/10.3322/caac.21551
https://doi.org/10.1146/annurev-immunol-032713-120211
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.3892/ijo.2019.4762
https://doi.org/10.1038/s41467-018-05901-2
https://doi.org/10.1002/eji.201847659
https://doi.org/10.1016/j.eururo.2015.10.049
https://doi.org/10.1016/j.urolonc.2016.07.011
https://doi.org/10.1158/0008-5472.CAN-12-4232
https://doi.org/10.3389/fcimb.2020.00024
https://doi.org/10.3390/nu12092799
https://doi.org/10.3389/fimmu.2020.01731
https://doi.org/10.1109/RBME.2010.2083647
https://doi.org/10.3389/fonc.2020.01685
https://doi.org/10.1097/CJI.0b013e318156e47e
https://doi.org/10.1111/cpr.12640
https://doi.org/10.1038/s41388-018-0430-x
https://doi.org/10.1111/cas.13996
https://doi.org/10.1111/cas.13996
https://doi.org/10.3389/fgene.2020.569884
https://doi.org/10.3389/fgene.2020.569884
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.970900

	Identification of an immune-related gene prognostic index for predicting survival and immunotherapy efficacy in papillary r ...
	Introduction
	Materials and methods
	Data source and preprocessing
	Identification of differentially expressed immune-related genes (ir-DEGs)
	Gene set enrichment analysis
	Construction and validation of the immune‐related risk signature
	The gene set enrichment analysis enrichment analysis, gene mutation analysis and immune infiltration analysis
	Receiver operating characteristic curve analysis
	Cell culture, RNA extraction and quantitative reverse transcription PCR (qRT-PCR)
	Statistical analysis

	Result
	Identification of differentially expressed genes
	Weighted correlation network analysis and co-expression network analysis
	Construction and validation of the immune-related gene prognostic index
	Molecular characteristics of different immune-related gene prognostic index subgroups
	Immune Characteristics of different immune-related gene prognostic index subgroups
	Clinical correlation analysis
	Evaluation of the immune-related gene prognostic index
	Nomogram and drug sensitivity analysis

	Discussion
	Data availability statement
	Author contributions
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


