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Abstract
Alteration in the polybromo- 1 (PBRM1) protein encoding gene PBRM1 is the sec-
ond most frequent mutation in clear cell renal cell carcinoma (ccRCC). It causes 
a  series  of  changes  in  the  tumorigenesis,  progression,  prognosis,  and  immune 
response of ccRCC patients. This study explored the PBRM1- associated immuno-
logical features and identified the immune- related genes (IRGs) linked to PBRM1 
mutation using bioinformatics methods. A  total of 37 survival  IRGs associated 
with PBRM1 mutation in ccRCC patients were identified. To further explore the 
role of these IRGs in ccRCC and their association with immune status, eight IRGs 
with remarkable potential as individual targets were selected. An immune model 
that was constructed showed good performance  in stratifying patients  into dif-
ferent subgroups, showing clinical application potential compared to traditional 
clinical  factors. Patients  in the high- risk group were  inclined to have more ad-
vanced stage and higher grade tumors with node metastasis, distant metastasis, 
and poorer prognosis. Furthermore, these patients had high percentages of regu-
latory T cells, follicular helper T cells, and M0 macrophages and exhibited high 
expression levels of immune checkpoints proteins, such as CTLA- 4, PD- 1, LAG- 3, 
TIGIT, and CD47. Finally, a nomogram integrating the model and clinical factors 
for clinical application showed a more robust predictive performance for progno-
sis. The prediction model associated with PBRM1 mutation status and immunity 
can serve as a promising tool to stratify patients depending upon their immune 
status, thus facilitating immunotherapy in the future.
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1   |   INTRODUCTION

Renal cell carcinoma (RCC), a frequently diagnosed uro-
logical tumor, accounts for about 2%– 3% of all malignant 
tumors.1  Clear  cell  renal  cell  carcinoma  (ccRCC)  is  the 
most  common  histological  subtype  with  high  mortality 
rate when metastasized.2 Development of effective treat-
ment regimen for prolonged survival of advanced ccRCC 
patients  is  still  in  its  initial  stage,  owing  to  the  lack  of 
theoretical understanding of the molecular pathways un-
derlying  ccRCC  carcinogenesis.  The  immunotherapeu-
tic  revolution  currently  underway  in  medical  oncology 
provides  alternative  therapeutic  strategies  for  advanced 
ccRCC  patients.3  Several  clinical  studies  have  suggested 
that  immune  checkpoint  inhibitors  could  improve  the 
survival  of  advanced  ccRCC  patients  by  enhancing  the 
immune function and mediating the antitumor activity.4,5 
In  addition,  many  immune- related  indicators  have  been 
proposed  to evaluate  the outcome of ccRCC,6,7  thus em-
phasizing  on  the  importance  of  the  immune  microenvi-
ronment.  However,  tumor  immune  microenvironment 
in ccRCC and  its association with patient prognosis and 
response  to  immunotherapy  have  not  been  investigated 
comprehensively.

Alteration  in  polybromo- 1  (PBRM1)  protein  encod-
ing gene PBRM1 is the second most frequent mutation 
in  ccRCC  and  is  found  in  nearly  40%  of  the  ccRCC 
tissues8  and  in  all  or  majority  of  the  cancer  cells  of 
ccRCC.9 PBRM1 encodes BAF180 protein, which serves 
as a subunit of the polybromo BAF switch- sucrose non- 
fermentable  (SWI/SNF)  complex.  The  SWI/SNF  chro-
matin remodeling complexes carry out various cellular 
functions,  including  cell  differentiation,  programmed 
cell death, cell cycle, cell metabolism, genomic instabil-
ity, and DNA repair,10 and its loss of function remains 
associated  with  malignant  transformation.11  Previous 
studies  have  suggested  that  PBRM1  knockdown  pro-
motes proliferation and invasion of ccRCC tumor cells.8 
However,  the  underlying  mechanism  of  how  PBRM1 
mutation  promotes  tumorigenesis  and  tumor  progres-
sion  remains  unclear.  Recently,  a  study  by  Miao  et  al. 
demonstrated  that  PBRM1  mutations  in  ccRCC  might 
remodel  the  tumor  immune  microenvironment  to  im-
prove  the  clinical  responses  to  immune  checkpoint 
inhibitors.12  Pan  et  al.  demonstrated  that  tumor  cells 
with PBRM1 mutation enhance the sensitivity to T- cell- 
mediated  cytotoxicity  and  produce  higher  amounts  of 
chemokines. These  chemokines  then  recruit  a  greater 
number  of  effector  T  cells  into  the  tumors,  which 
enhances  the  response  of  ccRCC  patients  to  immu-
notherapy.13  Despite  the  extensive  development  of 
high- throughput  sequencing  of  cancer  genomes,  key 
candidates activated by PBRM1 in cytokine production 

and inflammation pathways are not known. Thus, iden-
tification of the candidate biomarkers related to PBRM1 
status and understanding of the exact effects of PBRM1 
on the pathogenesis of ccRCC are critical.

In  this study, PBRM1 mutation status combined with 
RNA expression data and clinical phenotype were system-
atically analyzed to explore the effects of PBRM1 mutation 
on the immune status and PBRM1- associated immune mi-
croenvironment in ccRCC patients.

2   |   MATERIALS AND METHODS

2.1  |  Data collection

The RNA- sequencing data and the corresponding clini-
cal  dataset  for  530  ccRCC  patients  were  downloaded 
from  the  Cancer  Genome  Atlas  (TCGA)  data  portal 
(https://portal.gdc.cancer.gov/repos itory)  in  August 
2019. The somatic mutation statuses of 336 ccRCC pa-
tients (identified by VarScan2) were also obtained from 
the TCGA database. Among these ccRCC patients, 332 
with  PBRM1  status  were  screened  for  differentially 
expressed  genes  (DEGs).  A  file  of  immune- related 
genes  (IRGs)  was  downloaded  from  the  Immunology 
Database and Analysis Portal (ImmPort; https://immpo 
rt.niaid.nih.gov),14  containing  a  total  of  1534  human 
IRGs (Table S1). These genes from ImmPort have been 
identified  to  be  involved  with  the  immune  response. 
Another  dataset,  E- MTAB- 3267,  containing  53  tumor 
tissue samples, was obtained from the ArrayExpress da-
tabase  (https://www.ebi.ac.uk/array expre ss/). We also 
downloaded a dataset (number as RECA- EU) from the 
International  Cancer  Genomics  Consortium  (ICGC) 
database  (https://dcc.icgc.org/),  containing  91  tumor 
tissue samples. These two datasets were used for exter-
nal  validation.  The  workflow  of  this  study  is  demon-
strated in Figure 1.

2.2  |  Data preprocessing

For the RNA- sequencing data obtained from the TCGA 
dataset, Homo_sapiens.GRCh38.97.chr.gtf file was used 
to annotate the gene symbols. Data normalization was 
implemented as follows: (1) Raw data were normalized 
using the trimmed mean of M- values method with the 
edgeR  package  in  R  software  (Version  3.5.3;  https://
www.r- proje ct.org/). (2) The duplicate genes were aver-
aged. (3) Genes with low expression value (an average 
expression value < 1) were removed. (4) The expression 
of  all  gene  symbols  was  log2  (normalized  value  +  1) 
transformed.  For  the  E- MTAB- 3267  microarray  data, 

https://portal.gdc.cancer.gov/repository
https://immport.niaid.nih.gov
https://immport.niaid.nih.gov
https://www.ebi.ac.uk/arrayexpress/
https://dcc.icgc.org/
https://www.r-project.org/
https://www.r-project.org/
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robust  multi- array  averaging  method  was  used  for 
background  correction  and  these  probes  were  an-
notated  using  corresponding  Affymetrix  annotation 
files.  To  investigate  the  tumor- associated  immune  mi-
croenvironment  of  these  ccRCC  patients,  we  used  the 
CIBERSORT algorithm (https://ciber sort.stanf ord.edu) 
to infer the proportions of 22 immune cell types.15 The 
RNA- sequencing data from the TCGA database for the 
CIBERSORT  algorithm  were  processed  following  the 
steps mentioned below. The RNA- sequencing data were 
transformed to normalized gene expression data using 
the “voom” method, converting count data to a micro-
array  similar  result.16  The  mRNA  expression  profiles 
were  then normalized using  the “limma” package and 
the data for duplicate genes were averaged. Normalized 

gene  expression  data  were  retained  for  subsequent 
analysis.

2.3  |  Gene set enrichment analysis

To  determine  the  biological  pathways  associated  with 
PBRM1 mutation and immunity in the TCGA ccRCC co-
hort, gene set enrichment analysis (GSEA, http://softw 
are.broad insti tute.org/gsea/index.jsp)  was  performed 
involving  the  PBRM1  mutated  (PBRM1MUT)  (n  =  135) 
and PBRM1 wild- type (PBRM1WT) (n = 197) ccRCC pa-
tients.  The  c5.bp.v7.0.symbols.gmtfile  was  selected  as 
the  reference  file.  p- value  <  0.05  was  set  as  the  cutoff 
criterion.

F I G U R E  1  Flow chart illustrating the 
process of the study

https://cibersort.stanford.edu
http://software.broadinstitute.org/gsea/index.jsp
http://software.broadinstitute.org/gsea/index.jsp
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2.4  |  Identification of the differentially 
expressed IRGs

To obtain the DEGs associated with PBRM1 status, differ-
ential expression analysis involving PBRM1MUT (n = 135) 
and PBRM1WT (n = 197) ccRCC patients was performed 
using  the  “edgeR”  package.17  The  false  discovery  rate 
(FDR) < 0.05 and log2 |fold change| > 1 were selected as 
the  thresholds.  To  obtain  differentially  expressed  IRGs 
associated with PBRM1 mutation, DEGs associated with 
PBRM1 mutation were mapped on the gene list available 
from the ImmPort website.

2.5  |  Development and validation of an 
immune- related prediction model

Among the 530 ccRCC patients with survival information, 
10 patients with <1 week of  follow- up were excluded. A 
total of 520 ccRCC patients were randomly assigned to the 
discovery (n = 260) and validation (n = 260) cohorts. The 
discovery cohort was used to develop an immune- related 
prediction model. Validation and total cohorts were used 
for  internal  validation.  The  E- MTAB- 3267  and  ICGC- 
RECA  datasets  externally  validated  the  performance  of 
the  prediction  model.  The  detailed  characteristics  of  all 
cohorts are presented in Table 1. In the discovery cohort, 
univariate  Cox  regression  analysis  was  performed  using 
the “survival” R package to select survive- associated IRGs. 
p- value < 0.05 was set as the threshold criterion. To mini-
mize  overfitting,  least  absolute  shrinkage  and  selection 
operator (LASSO) analysis was conducted with “glmnet” 
package  to  select  the  most  valuable  genes  for  predicting 
the  survival  of  the  ccRCC  patients.18  The  10- fold  cross- 
validation was used to determine the optimal value of the 
penalty  parameter  and  a  sub- group  of  IRGs  involved  in 
ccRCC  patient  prognosis  was  selected.  We  developed  an 
immune- related prediction model based on the regression 
coefficients of LASSO analysis weighted with the expres-
sion of these selected genes.19,20 According to the median 
risk  score  value,  patients  were  then  classified  into  high-  
and low- risk subgroups.

To  evaluate  the  sensitivity  and  specificity  of  the  pre-
diction  model,  time- dependent  receiver  operating  char-
acteristic  (ROC)  analysis  was  performed,  and  the  areas 
under the curve were calculated using the Kaplan– Meier 
(K– M) “survival ROC” R package.21 Pearson’s correlation 
analysis evaluated the relationship between risk score and 
survival  time.  K– M  analysis  and  log- rank  test  for  prog-
nostic evaluation were performed using the “survminer” 
R package. The predictive ability was estimated using the 
Harrell's concordance index (C- index).

2.6  |  Immunohistochemistry

Fresh tissue samples of ccRCC and matched normal sam-
ples were collected at Union hospital, Tongji Medical col-
lege, Huazhomorng University of Science and Technology 
in May 2021. The pathology results of ccRCC were con-
firmed  by  two  pathologists,  respectively.  Informed 
consents  were  acquired  from  the  concerned  patients, 
and  research  were  approved  by  the  Ethics  Committee 
of  Union  hospital,  Tongji  Medical  college,  Huazhong 
University  of  Science  and  Technology.  These  samples 
were  fixed  with  polyformaldehyde,  and  the  expressions 
of  FGF23  and  PTGER1  in  ccRCC  and  matched  normal 
samples  were  confirmed  using  immunohistochemistry 
(IHC).  The  primary  antibodies  used  were:  anti- FGF23 
(DF3596;  1:100;  Affinity)  and  anti- PTGER1  (DF10213; 
1:200; Affinity). The staining of FGF23 and PTGER1 was 
operated  using  a  standard  3,3′- diaminobenzidine  proto-
col. Images of FGF23 and PTGER1 were captured using a 
Leica microscope.

2.7  |  Functional and pathway 
enrichment analysis

The  Database  for  Annotation,  Visualization,  and 
Integrated  Discovery  (https://david.ncifc rc.gov/)22  was 
used to perform Gene Ontology and Kyoto Encyclopedia 
of  Genes  and  Genomes  (KEGG)  pathway  enrichment 
analysis  for  these  differentially  expressed  IRGs  associ-
ated with PBRM1 mutation and survive- associated IRGs. 
FDR < 0.01 was set as the threshold criterion.

2.8  |  Estimation of the degree and 
types of infiltrating immune cells

Stromal  and  immune  cells  are  the  two  main  non- tumor 
components in the tumor microenvironment, which have 
been proposed to be valuable in the treatment and prog-
nostic  assessment  of  tumors.  To  investigate  the  tumor 
microenvironment of different risk groups, immune and 
stromal  scores  for  the  total TCGA cohorts  reflecting  the 
infiltration levels of non- tumor cells were calculated using 
the ESTIMATE package.23 Differences in the immune and 
stromal scores of ccRCC were compared for the low-  and 
high- risk groups. Normalized RNA- sequencing data from 
TCGA  database  combined  with  LM22  signature  matrix 
were used for the CIBERSORT algorithm to evaluate the 
relative proportion of 22 types of immune cells in each risk 
group as previously described.24 Then, we compared the 
immune cell phenotypes of the low-  and high- risk groups.

https://david.ncifcrc.gov/)
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2.9  |  Independence 
analysis of the prediction model based 
on the clinical factors

We used the total TCGA cohorts to perform the independ-
ence  analysis.  Among  the  included  ccRCC  patients,  509 

patients  with  complete  information  of  clinical  factors, 
including age, sex, pathological stage, histological grade, 
pathological T staging, pathological N staging, and patho-
logical M staging, were selected. Univariate and multivari-
ate Cox regression analyses were performed to screen the 
independent prognostic indicators.

T A B L E  1   Clinical characteristics of the clear cell renal cell carcinoma patients in each dataset

Variables
Discovery set
(n = 260), n (%)

Validation set
(n = 260), n (%) p value

Entire set
(n = 520), n (%)

E- MTAB- 3267
n (%)

ICGC
n (%)

Age (mean ± SD, years) 60.2 ± 12.2 60.4 ± 11.9 0.830 60.3 ± 12.0 59.8 ± 8.2 60.5 ± 10.0

≤60 years 127 (48.8) 136 (52.3) 0.483 263 (50.6) 31 (58.5) 46 (50.5)

>60 years 133 (51.2) 124 (47.7) 257 (49.4) 22 (41.5) 45 (49.5)

Gender 1

Male 171 (65.8) 171 (65.8) 342 (65.8) 37 (69.8) 52 (57.1)

Female 89 (34.2) 89 (34.2) 178 (34.2) 16 (30.2) 39 (42.9)

Stage 0.010

I 130 (50.0) 129 (49.6) 259 (49.8) NA NA

II 22 (8.5) 33 (12.7) 55 (10.6) NA NA

III 69 (26.5) 53 (20.4) 122 (23.4) NA NA

IV 37 (14.2) 44 (16.9) 81 (15.6) NA NA

Unknown 2 (0.8) 1 (0.4) 3 (0.6) NA NA

Grade 0.755

G1 6(2.3) 6 (2.3) 12 (2.3) NA NA

G2 116 (44.6) 108 (41.5) 224 (43.1) NA NA

G3 103 (39.6) 100 (38.5) 203 (39.1) NA NA

G4 32 (12.3) 41 (15.8) 73 (14.0) NA NA

Unknown 3 (1.2) 5 (1.9) 8 (1.5) NA NA

p_T 0.136

T1 134 (51.6) 131 (50.4) 265 (51.0) NA 51 (56.0)

T2 25 (9.6) 42 (16.2) 67 (12.9) NA 9 (9.9)

T3 95 (36.5) 82 (31.5) 177 (34.0) NA 27 (29.7)

T4 6 (2.3) 5 (1.9) 11 (2.1) NA 1 (1.1)

Unknown 0 (0) 0 (0) 0 (0) NA 3 (3.3)

p_M 0.782

M0/Mx 224 (86.2) 218 (83.8) 442 (85.0) NA 87 (95.6)

M1 36 (13.8) 42 (16.2) 78 (15.0) NA 4 (4.4)

p_N 0.683

N0/Nx 254 (97.7) 250 (96.2) 504 (96.9) NA 41 (45.1)

N1 6 (2.3) 10 (3.8) 16 (3.1) NA 50 (54.9)

Status 0.450

Dead 77 (29.6) 86 (33.1) 163 (31.3) 39a  (73.6) 30 (33.0)

Alive 183 (70.4) 174 (66.9) 357 (68.7) 14b  (26.4) 61 (67.0)
Abbreviations: ICGC, International Cancer Genomics Consortium; NA, not avaliable; SD, standard deviation.
aProgression.
bNo- progression.
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2.10  |  Establishment and 
assessment of nomogram

Four independent prognostic indicators were used to estab-
lish a nomogram for better prediction of prognosis using the 
“rms” R package.25 The “top points” are assigned for age, 
grade, stage, and risk score by drawing a line upward from 
the corresponding values  to  the “top points.” The bottom 
“total points”  line represents  the sum of  these points and 
corresponds to the predictions of 1- , 3- , and 5- year overall 
survival. Next, the accuracy of the nomogram for predicting 
patient survival (1- , 3- , and 5- year) was estimated using cali-
bration curves. In addition, the C- index was calculated and 
compared to evaluate the predictive accuracy of the nomo-
gram.  For  the  external  validation  of  the  nomogram,  the 
total points for each patient in the validation dataset were 
calculated according to the established nomogram; Cox re-
gression in the validation dataset was performed using the 
total points as a factor; and the calibration curves were de-
rived based on the regression analysis.

3   |   RESULTS

3.1  |  Relationship between immune 
status and PBRM1 mutation in ccRCC

In ccRCC, PBRM1 mutation is the second most frequently 
mutated  gene,  occurring  in  about  40%  of  the  ccRCC  tu-
mors  (Figure  2A).  On  comparing  the  immune  status 
of  PBRM1MUT  (n  =  135)  and  PBRM1WT  ccRCC  patients, 
GSEA (n = 197)  showed  that PBRM1WT ccRCC patients 
were highly enriched in 278 biological processes, of which 
7  were  immune- related.  The  immune- related  biological 
processes  include  regulation  of  B- cell  receptor  signaling 
pathway (normalized enrichment score [NES] = −1.534, 
size  =  27),  regulation  of  humoral  immune  response 
(NES = −1.395, size = 67), CD4 positive alpha– beta T- cell 
lineage commitment (NES = −1.483, size = 17), positive 
regulation of activated T- cell proliferation (NES = −1.457, 
size  =  24),  interleukin  6- mediated  signaling  pathway 
(NES  =  −1.473,  size  =  19),  negative  regulation  of  anti-
gen receptor- mediated signaling pathway (NES = −1.451, 
size  =  27),  and  regulation  of  antigen  receptor- mediated 
signaling pathway (NES = −1.459, size = 61; Figure 2B; 
Table  S2).  In  contrast,  PBRM1MUT  ccRCC  patients  were 
enriched  in  three  immune- related  biological  processes, 
namely  regulation of positive chemotaxis  (NES = 1.493, 
size  =  26),  positive  regulation  of  B- cell  proliferation 
(NES  =  1.485,  size  =  39),  and  mononuclear  cell  migra-
tion (NES = 1.164, size = 82; Figure 2C; Table S3). These 
findings indicate that  immune status varies between the 
PBRM1MUT  and  PBRM1WT  ccRCC  patients.  There  is  a 

discrepancy in the association between loss of PBRM1 and 
tumor grade.26 We then analyzed the relative proportions 
for pathological stage and grade between the ccRCC pa-
tients with and without PBRM1 mutation (Figure 2D,E). 
The ccRCC patients with PBRM1 mutation were inclined 
to have relatively high proportion of advanced stage and 
high- grade  tumors.  The  K– M  survival  curve  showed  no 
significant  difference  in  the  survival  of  ccRCC  patients 
with and without PBRM1 mutation (Figure 2F).

3.2  |  Identification of the IRGs 
expression differences between 
PBRM1MUT and PBRM1WT ccRCC patients

To  identify  the  candidate  biomarkers  related  to  PBRM1 
status,  differential  expression  analysis  was  performed 
with  PBRM1WT  and  PBRM1MUT  ccRCC  tissues  using  the 
“edgeR” package.17 Out of the total 1468 genes identified, 
1388 and 80 genes were upregulated and downregulated, 
respectively  (Figure  3A,C).  The  inflammatory  molecules, 
including  chemokines,  cytokines,  and  their  receptors  ex-
pressions  were  compared  between  the  PBRM1WT  and 
PBRM1MUT ccRCC patients (Figure S1A). In addition, the 
expression  differences  of  major  histocompatibility  com-
plex molecules, co- stimulators, and co- inhibitors were also 
compared between  the PBRM1WT and PBRM1MUT ccRCC 
patients  (Figure  S1B).  These  results  suggest  the  presence 
of different immune and inflammatory states between the 
PBRM1WT and PBRM1MUT ccRCC patients. Results of gene 
functional enrichment analysis for the DEGs in PBRM1WT 
and PBRM1MUT ccRCC patients are shown in Figure S1C. 
To explore the biomarkers associated with immune status, 
a  list  of  1534  human  IRGs  was  obtained  from  ImmPort. 
DEGs  associated  with  PBRM1  mutation  were  mapped  to 
the  set of human  IRGs; a  total of 87 different  IRGs were 
identified, including 79 upregulated and 8 downregulated 
genes  (Figure  3B,D).  Detailed  information  is  shown  in 
Table  S4.  Gene  functional  enrichment  analysis  based  on 
four  differentially  expressed  IRGs  revealed  that  the  most 
significant biological process, cellular component, and mo-
lecular function were “proteolysis,” “extracellular region,” 
and “heparin binding,” respectively (Figure 4A). The most 
significantly  enriched  KEGG  pathway  was  “cytokine– 
cytokine receptor  interaction” (Figure 4A),  indicating the 
role of these candidate biomarkers in the immune response.

3.3  |  Identification of survive- 
associated IRGs

In the discovery cohort, univariate Cox regression analy-
sis was performed to select the survive- associated IRGs, 
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revealed  37  IRGs  to  be  significantly  associated  with 
survival  in ccRCC patients (p < 0.05). Gene functional 
enrichment  analysis  based  on  the  survive- associated 

IRGs  revealed  that  the  most  significant  biological  pro-
cess, cellular component, and molecular function were 
“cell– cell signaling,” “extracellular space,” and “growth 

F I G U R E  2  Correlation between PBRM1 mutation and clinicopathological factors of ccRCC. (A) Mutation landscape of top 10 genes 
in ccRCC in the Cancer Genome Atlas dataset. (B,C) The immune- related biological processes significantly enriched in PBRM1 wild- type 
(PBRM1WT) and PBRM1 mutated (PBRM1MUT) ccRCC patients. Relative proportions of immune cells for pathological stage (D) and grade 
(E) of ccRCC patients with and without PBRM1 mutation. (F) Survival curve showing no significant difference between ccRCC patients with 
and without PBRM1 mutation. ccRCC, clear cell renal cell carcinoma
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F I G U R E  3  Differentially expressed IRGs. A heatmap (A) and a volcano plot (C) showing differentially expressed genes between PBRM1 
wild- type (PBRM1WT) and PBRM1 mutated (PBRM1MUT) ccRCC patients. Differentially expressed IRGs are shown in a heatmap (B) and 
a volcano plot (D). The green dots represent downregulated genes, the red dots represent upregulated genes, and the black dots represent 
genes which were not differentially expressed. IRG, immune- related gene
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F I G U R E  4  Functional enrichment analysis. The results of Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathway 
analysis based on 87 differentially expressed IRGs (A) and 37 survive- associated IRGs (B). IRG, immune- related gene
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factor activity,” respectively (Figure 4B). KEGG analysis 
revealed  that  the  most  significantly  enriched  pathway 
was  “cytokine– cytokine  receptor  interaction”  (Figure 
4B).

3.4  |  Construction of the immune- 
related prediction model in the 
discovery cohorts

Considering  the  differences  in  the  immune  pheno-
type  and  gene  expression  between  PBRM1WT  and 
PBRM1MUTccRCC  patients,  we  evaluated  the  predic-
tive ability of the IRGs in combination. LASSO analysis 
was used  to screen  the most valuable genes  for predict-
ing  prognosis  in  TCGA  discovery  cohort  (Figure  S2). 
Finally,  eight  most  valuable  prognostic  IRGs  comprises 
of natriuretic peptide receptor 3 (NPR3), midkine (MDK), 
interferon epsilon (IFNE), neurotrophin- 4 (NTF4), pros-
taglandin  E2  receptor  EP1  subtype  (PTGER1),  galanin 
peptides (GAL), fibroblast growth factor 23 (FGF23), and 
C- X- C  motif  chemokine  ligand  13  (CXCL13).  Detailed 
information  is  shown  in  Table  S5.  In  PBRM1MUT  sam-
ples,  MDK,  IFNE,  NTF4,  PTGER1,  GAL,  FGF23,  and 
CXCL13  were  upregulated  and  NPR3  was  downregu-
lated.  The  K– M  curves  showed  that  all  the  eight  genes 
were  correlated  with  patient  survival  (p  <  0.05,  Figure 
5A).  Moreover,  the TIMER  database  was  used  to  evalu-
ate the correlation of the expression level of these genes 
with immune cells (https://cistr ome.shiny apps.io/timer/ 
).27  The  results  shown  in  Figure  S3  indicated  different 
immune  statuses  of  these  genes.  In  addition,  we  found 
that PTGER1 was low- expressed (Figure 5B), and FGF23 
was high- expressed (Figure 5C) in ccRCC compared with 
matched normal tissues using IHC. Based on the results 
of the LASSO analysis, we established a prediction model 
for  ccRCC  patients  using  the  expression  levels  of  the 
genes as follows: Risk score = (−0.113150947 * NPR3) + 
(0.046765504 * MDK) + (0.024601593 * IFNE) + (0.0399
80648 * NTF4) + (0.011819219 * PTGER1) + (0.036773937 
* GAL) + (0.020128759 * FGF23) + (0.006482745 * CXC
L13). The C- index for TCGA discovery cohort was 0.703. 
Patients were classified into high-  (n = 130) and low- risk 
(n = 130) groups based on their median risk score (0.972). 
High- risk  patients  showed  poor  prognosis  compared  to 
the low- risk patients (Figure S4A). The risk score of the 
prediction model was inversely related with the survival 
time (Figure S4B). ROC analysis suggested that the pre-
diction accuracy of the model was 0.739 at 0.5 year, 0.719 
at 1 year, 0.658 at 2 years, 0.708 at 3 years, and 0.768 at 
5 years (Figure S4C). The K– M curve indicated that pa-
tients  in  the  high- risk  group  had  worse  survival  than 
those in the low- risk group (p < 0.05, Figure S4D).

3.5  |  Validation of the immune- related 
prediction model

To  determine  the  prognostic  value  of  the  PBRM1- 
associated model, we applied the same formula in TCGA 
validation cohort, TCGA total cohort, and E- MTAB- 3267 
and  ICGC- RECA  cohorts  to  calculate  the  risk  score  for 
each patient. Using the same cutoff value (0.972) from the 
discovery cohort, each patient in the validation and total 
cohorts  were  marked  as  high-   or  low- risk.  The  ccRCC 
patients  in  E- MTAB- 3267  and  ICGC- RECA  cohorts 
were  classified  into  high-   and  low- risk  groups  based  on 
their  median  risk  score  (0.212  and  0.100,  respectively). 
The  C- indexes  indicated  favorable  predictive  accuracy 
of  the  prediction  model  in  the  validation  (C- indexes: 
0.694), total (C- indexes: 0.688), E- MTAB- 3267 (C- indexes: 
0.731),  and  ICGC- RECA  (C- indexes:  0.592)  cohorts.  In 
all  the  cohorts,  the  patients  of  the  high- risk  group  had 
more  tumor- associated  deaths  than  those  belonging  to 
the  low- risk  group  (Figure  S4E,I,M,Q).  The  risk  scores 
of  the model  in  the validation,  total, E- MTAB- 3267, and 
ICGC- RECA cohorts were also negatively correlated with 
the survival time (Figure S4F,J,N,R). The ROC curves of 
the prediction model  in validation,  total, E- MTAB- 3267, 
and ICGC- RECA cohorts had high sensitivity and speci-
ficity,  suggesting good prognostic accuracy of  the model 
for  ccRCC  patients  (Figure  S4G,K,O,S).  In  the  valida-
tion,  total,  and  E- MTAB- 3267  cohorts,  survival  analysis 
showed  that  ccRCC  patients  in  the  high- risk  group  had 
poorer prognosis than those in the low- risk group (Figure 
S4H,L,P).  In  ICGC- RECA  cohort,  high- risk  patients 
tended to have worse prognosis compared to the low- risk 
patients, despite p > 0.05 (Figure S4T).

3.6  |  Stratification analyses and 
association with clinicopathological factors

Consistent  with  the  results  of  the  immune- related  pre-
diction  model  for  all  ccRCC  patients,  patients  with 
PBRM1  status  data  also  showed  that  high- risk  patients 
tended to have poor prognosis compared to the low- risk 
patients  (Figure  6A).  Stratification  analyses  also  sug-
gested  that poor prognosis  remains associated with  the 
high- risk  patients  for  both  PBRM1MUT  (Figure  6B)  and 
PBRM1WT TCGA ccRCC cohorts (Figure 6C). Moreover, 
risk  score of  the  immune- related prediction model was 
negatively  correlated  with  the  survival  time  in  ccRCC 
patients  with  different  PBRM1  status  (Figure  6D), 
PBRM1MUT  (Figure  6E),  and  PBRM1WT  TCGA  cohorts 
(Figure  6F).  Univariate  and  multivariate  Cox  regres-
sion analyses indicated that the immune- related predic-
tion model  for  the overall survival of ccRCC patients  is 

https://cistrome.shinyapps.io/timer/)
https://cistrome.shinyapps.io/timer/)
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independent of PBRM1 mutation status (Figure 6G). The 
relationship between clinical factors and risk score of the 
immune- related prediction model is shown in Figure S5. 
We found that male, high- grade, advanced stage, high T 
stage, node metastasis, distant metastasis, and high- risk 
patients  were  inclined  to  have  a  score  that  represents 
high risk (p < 0.05).

3.7  |  High- risk ccRCC patients indicated 
an enhanced local immune phenotype

Considering  the  different  prognoses  between  the  high- 
risk  and  low- risk  groups,  we  investigated  whether  the 

local immune phenotype exhibited any difference. Based 
on the eight most valuable prognostic IRGs of the predic-
tion  model,  principal  components  analysis  (PCA)  was 
conducted using the “pca3d” package. High-  and low- risk 
ccRCC  patients  were  clearly  distributed  into  two  sub-
groups (Figure 7A). GSEA was performed with the high-  
and low- risk ccRCC patients belonging to the total TCGA 
cohort.  We  used  c2.cp.kegg.v7.0.symbols.gmt  file  as  the 
reference gene set and p < 0.05 as the threshold criterion. 
Results  revealed  that  the high- risk ccRCC patients were 
enriched  with  five  immune- related  biological  pathways: 
primary immunodeficiency (NES = 1.907, size = 35), in-
testinal  immune  network  for  immunoglobulin  A  (IgA) 
production  (NES = 1.792,  size = 43),  cytokine– cytokine 

F I G U R E  5  Survival analysis of eight immune- related genes used to construct the immune prediction model for ccRCC in the Cancer 
Genome Atlas discovery cohorts and immunohistochemistry verification. (A) Kaplan– Meier survival analysis for genes, comprising NPR3, 
MDK, IFNE, NTF4, PTGER1, GAL, FGF23, and CXCL13. The results of immunohistochemistry showed low expressions of PTGER1 (B) and 
high expressions of FGF23 (C) in ccRCC compared with matched normal tissues. The same enclosed numbers represent the tumor and 
adjacent normal tissues of the same patient for PTGER1 and FGF23, respectively. ccRCC, clear cell renal cell carcinoma
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receptor  interaction  (NES  =  1.615,  size  =  236),  comple-
ment and coagulation cascades (NES = 1.406, size = 69), 
and natural killer cell- mediated cytotoxicity (NES = 1.413, 
size = 117; Figure 7B,C; Table S6). In contrast, no immune- 
related biological pathway was related with the  low- risk 
ccRCC patients (Table S7). These results suggest that an 
intense  local  immune phenotype was conferred  in high- 
risk patients.

3.8  |  Analysis of immune 
microenvironment and immune 
checkpoints

Immune  and  stromal  scores  for  the  total  TCGA  cohort 
were calculated using the ESTIMATE algorithm. Patients 
were  classified  into  two  subgroups  (high-   and  low- score 
groups)  based  on  the  median  value.  Survival  analysis 

F I G U R E  6  Prognostic analysis of the PBRM1 mutation. Kaplan– Meier survival analysis of ccRCC patients with PBRM1 status (A), 
PBRM1 mutation (PBRM1MUT) (B), and PBRM1 wild- type (PBRM1WT) subgroup (C). Correlation between the survival time and the risk score 
for ccRCC patients with PBRM1 status (D), PBRM1MUT (E), and PBRM1WT subgroups (F). (G) Univariate and multivariate Cox regression 
analyses between the model and PBRM1 status regarding the prognostic value. ccRCC, clear cell renal cell carcinoma
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based on  the  immune score  showed  that patients  in  the 
high- score group had poorer prognosis than those in the 
low- score group. However, survival analysis based on the 
stromal  score  showed  no  significant  differences  (Figure 
S6A).  The  immune  prediction  model  calculated  risk 
scores of ccRCC patients were positively correlated with 
the immune and stromal scores (Figure S6B). Moreover, 
we found that the ccRCC patients in the high- risk group 
had significantly higher immune and stromal scores than 
those in the low- risk group (Figure S6C).

CIBERSORT method used to evaluate the relative pro-
portions  of  22  immune  cells  in  ccRCC  patients  (Figure 
8A)  detected  21  immune  cell  types;  memory  B  cell  did 
not  appear  in  any  ccRCC  patient.  Proportions  of  the  21 
immune cell types varied in each patient, suggesting that 
the  infiltration  variations  of  immune  cells  might  be  an 
intrinsic characteristic phenotype of each ccRCC patient. 
We also evaluated the correlation among the 21 immune 
cell  types;  results  are  shown  in  Figure  8B.  The  propor-
tions of 21 immune cell types showed a weak to moderate 
correlation. The proportions of these immune cells were 

compared between the high-  and low- risk ccRCC patients 
(p < 0.05, Figure 8C). Immune cells, including regulatory 
T cells (Tregs), follicular helper T cells, M0 macrophages, 
plasma cells,  and CD8+ T cells were higher  in high- risk 
ccRCC  patients,  while  proportions  of  immune  cells,  in-
cluding naive B cells, resting CD4 memory T cells, resting 
natural  killer  (NK)  cells,  monocytes,  M1  macrophages, 
and  resting  mast  cells  were  lower,  suggesting  an  immu-
nosuppressive microenvironment. However, the activated 
NK cells showed no significant differences. Different im-
mune  landscape  between  the  high-   and  low- risk  groups 
suggested that the immune- related prediction model can 
be used as an indicator of immune status.

The  expression  of  immune  checkpoints  and  bio-
markers  for  immunotherapy  play  an  important  role  in 
the  establishment  of  tumor  immunosuppressive  mi-
croenvironment.7  A  positive  relationship  was  observed 
between  risk  scores  of  ccRCC  patients  and  immune 
checkpoint  proteins  (cytotoxic  T- lymphocyte- associated 
protein  4  [CTLA- 4],  programmed  cell  death  protein  1 
[PD- 1],  lymphocyte- activation  gene  3  [LAG- 3],  T- cell 

F I G U R E  7  Enhanced local immune phenotype in high- risk ccRCC patients. (A) Principal components analysis revealed distinct 
immune phenotypes between high-  and low- risk ccRCC patients. (B,C) Gene set enrichment analysis enriched five immune- related 
biological processes in the high- risk ccRCC patients. ccRCC, clear cell renal cell carcinoma
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immunoreceptor  with  immunoglobulin  and  immunore-
ceptor  tyrosine- based  inhibition  motif  domains  [TIGIT], 
and cluster of differentiation 47 [CD47]) (p < 0.05; Figure 
9A).  Moreover,  the  expression  levels  of  immune  check-
points were compared for the patients of high-  and low- 
risk groups; higher expression was observed in high- risk 
patients (p < 0.05; Figure 9B), suggesting prevalence of an 
immunosuppressive microenvironment.

3.9  |  Development of a nomogram 
based on the immune- related prediction 
model and clinical factors

To provide a quantitative method for prediction of ccRCC 
patients’  prognosis,  a  nomogram  integrating  clinical 

factors  of  ccRCC  patients  and  prediction  model  was  es-
tablished. Clinical factors that were included are age, sex, 
Fuhrman grade, pathological stages, pathological T stage, 
pathological N stage, and pathological M stage. Univariate 
Cox analysis showed that the prediction model and clini-
cal  factors,  including  age,  Fuhrman  grade,  pathological 
stages,  pathological  T  stage,  pathological  N  stage,  and 
pathological M stage, were risk factors for overall survival 
(p < 0.05; Figure 10A). Multivariate Cox analysis showed 
that  the prediction model and clinical  factors  including, 
age,  and  pathological  stages  were  independent  prognos-
tic  factors  (p  <  0.05;  Figure  10B).  The  C- indexes  were 
calculated  to  evaluate  the  predictive  power  of  these  fac-
tors. The combination of risk score based on the predic-
tion model and clinical factors had higher C- index values 
(0.772;  95%  confidence  interval:  0.737– 0.807)  than  risk 

F I G U R E  8  Summary of inferred immune cell subsets. (A) The relative proportions of 21 immune cell types in each sample of ccRCC. 
(B) Correlation matrix of relative proportions of the 21 immune cell types. (C) The difference of immune cell infiltration in each sample 
between high- risk and low- risk patients. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. ccRCC, clear cell renal cell carcinoma; ns, no 
statistical difference
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score or clinical factors alone (Table 2), indicating that the 
incorporated  factors  influencing  risk  score  of  the  model 
and clinical factors could improve the predictive accuracy 
of  overall  survival  in  ccRCC  patients.  A  nomogram  was 
then constructed by integrating the independent clinical 
parameters  (age  and  pathological  stages)  and  prediction 
model (Figure 10C). The calibration curves indicated good 
performance between the predicted and the observed val-
ues  for 1- , 3- ,  and 5- year  survival  (Figure 10D).  In addi-
tion, the calibration curves for the nomogram validated in 
the ICGC dataset also showed similar results (Figure 10E).

4   |   DISCUSSION

The  relationship  between  gene  mutation  and  immune 
microenvironment  is  important  for  understanding  the 
mechanism  and  evaluating  the  effectiveness  of  ccRCC 
immunotherapy.  Previous  large- scale  sequencing  data 
identified PBRM1 mutation as  the second most  frequent 
mutation  event  in  ccRCC,  occurring  in  up  to  41%  of 
ccRCC  tumors8;  these  findings  were  confirmed  in  this 
study.  Previous  studies  suggested  that  PBRM1  mutation 
enhances  the sensitivity of  tumor cells  to  immunothera-
peutic drugs and hence can be used as a new biomarker 
to  evaluate  the  effectiveness  of  immunotherapy.12,13 
Tumor cells with PBRM1 mutation produce a large num-
ber  of  chemokines  that  recruit  effector  T  cells  into  tu-
mors.13  However,  the  key  PBRM1  target  genes  involved 

in  cytokine  production  and  inflammation  pathways  are 
yet  to  be  identified.  The  mechanism  of  effect  of  PBRM1 
mutation  on  the  immune  microenvironment  of  ccRCC 
is  also  unknown.  Therefore,  in  this  study  the  immune- 
related  biomarkers  associated  with  PBRM1  status  were 
screened  and  their  relationship  with  patient  prognosis 
was  explored.  Moreover,  an  immune- related  prediction 
model for ccRCC patients using immunological biomark-
ers associated with PBRM1 mutation was constructed and 
validated to further evaluate the association between the 
model and immune phenotype.

In the current study, GSEA showed different immune 
status  of  PBRM1WT  and  PBRM1MUT  ccRCC  patients. 
Differential  expressions  of  the  inflammatory  and  im-
mune molecules between the two subgroups suggest that 
PBRM1 mutation might be associated with inflammatory 
and  immune  responses.  We  systematically  analyzed  the 
association  between  PBRM1  mutation  status  and  clin-
icopathological  factors  and  showed  that  patients  with 
PBRM1 mutation tended to have a relatively higher pro-
portion of advanced stage and high- grade tumors. Then, 
eight most valuable candidate biomarkers associated with 
PBRM1  mutation  (NPR3,  MDK,  IFNE,  NTF4,  PTGER1, 
GAL,  FGF23,  and  CXCL13)  were  identified.  Notably,  all 
these  biomarkers  with  prognostic  value  were  cytokines 
or  cytokine  receptors,  playing  important  roles  in  che-
motaxis,  angiogenesis,  and  mediating  inflammation  and 
immune  cell  trafficking.28  Of  these  genes,  CXCL13  pro-
moted progression and predicted poor prognosis in ccRCC 

F I G U R E  9  Association with critical immune checkpoints. (A) Risk scores of ccRCC patients were positively correlated with the 
expression levels of critical immune checkpoint genes (CTLA- 4, PD- 1, LAG- 3, TIGIT, and CD47). (B) High- risk ccRCC patients had 
significantly higher expression levels of CTLA- 4, PD- 1, LAG- 3, TIGIT, and CD47 compared to the low- risk patients. ccRCC, clear cell renal 
cell carcinoma
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F I G U R E  1 0  Relationship between the model and other clinical information. Univariate (A) and multivariate (B) Cox regression 
analysis of the relationship between the immune prediction model and clinicopathological factors. (C) A nomogram combining the immune 
prediction model with clinical factors for prediction of 1- , 3- , and 5- year survival rate. (D) Calibration plots of the nomogram showed 
good accuracy of prediction for survival at 1, 3, and 5 years. (E) Calibration plots of the nomogram for survival at 1, 3, and 5 years in the 
International Cancer Genomics Consortium dataset
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patients.29 However, to unravel the role of CXCL13 in the 
immune microenvironment of  ccRCC,  further  investiga-
tions are warranted. NPR3 plays a pivotal role in the prolif-
eration and metastasis of ccRCC by negatively regulating 
the  p38- MAPK  signaling  pathway.30  MDK,  a  heparin- 
binding growth factor, is strongly expressed in the major-
ity of human malignant tumors.31 Moreover, it is reported 
that downregulation of MDK induces cisplatin resistance 
in  RCC.32  Other  genes  were  identified  in  this  study  for 
the first time to have prognostic value in ccRCC patients. 
IFNE deletion is common in bladder cancer cells.33 NTF4, 
significantly overexpressed in colorectal cancer, was asso-
ciated with poor overall survival and advanced TNM stage. 
NTF4  promoted  tumorigenesis  and  development  of  col-
orectal  cancer  through  autophagy  regulation.34  PTGER1 
upregulates  the  aldosterone- producing  adenoma;  its  ex-
pression  remains  associated  with  DNA  methylation.35 
Recent  studies  identified  that  overexpression  of  GAL  in 
colon cancer and silencing of GAL could result apoptosis 
and enhanced chemotherapy effects.36,37 FGF23 has been 
recently identified to have implications in the pathogene-
sis of oncogenic osteomalacia and hence could be used as 
a potential new clinical marker for the diagnosis and clin-
ical management of oncogenic osteomalacia.38 In present 
study, we  showed  that  these genes were associated with 
different  immune  cells  in  the  local  immune  microenvi-
ronment of ccRCC patient. We found high expressions of 
FGF23  and  low  expressions  of  PTGER1  in  ccRCC  com-
pared with matched normal  tissues. These genes having 
great  potential  as  individual  targets  improved  the  treat-
ment strategies in the era of ongoing immunotherapeutic 
revolution. In addition, gene functional enrichment anal-
ysis, based on differentially expressed IRGs and survive- 
associated  IRGs,  showed  “cytokine– cytokine  receptor 
interaction”  as  the  significantly  enriched  biological  pro-
cess. Previous studies reported that an enhanced inflam-
matory microenvironment remains frequently associated 
with tumorigenesis and actively participates in the patho-
genesis of ccRCC.39– 41 In this study, we hypothesized that 

“cytokine– cytokine  receptor  interaction”  plays  a  crucial 
role in the pathogenesis of ccRCC, confirming that cyto-
kines and inflammatory processes are essential for the ini-
tiation and progression of ccRCC.28,42

An effective prediction model to monitor the immune 
status  and  predict  clinical  outcomes  of  ccRCC  patients 
was  developed  and  validated  using  the  eight  candidate 
biomarkers. Survival analysis showed distinctly different 
prognoses between the high-  and low- risk ccRCC patients. 
At the same time, the prediction model showed good diag-
nostic sensitivity and accuracy. The prediction model also 
applies  to specific ccRCC patients with different PBRM1 
status, PBRM1MUT and PBRM1WT TCGA cohorts, demon-
strating  favorable  clinical  predictive  ability.  In  addition, 
the  predictive  performance  of  the  prediction  model  for 
ccRCC  patients  was  independent  of  the  PBRM1  status, 
suggesting wide application of this prediction model. We 
also found that patients with higher risk score in our pre-
diction  model  tended  to  have  advanced  stage  and  high- 
grade  tumors  with  node  metastasis,  distant  metastasis, 
and poor prognosis. These results indicated that the pre-
diction model in our study has a clinical application po-
tential  comparable  to  the  traditional  clinical  factors. We 
integrated  the prediction model and clinical characteris-
tics to establish a novel nomogram model. The nomogram 
took  advantage  of  the  complementary  values  of  clinical 
characteristics and prediction model and provided a supe-
rior estimation of overall survival. However, the biological 
functions  and  potential  molecular  mechanisms  of  these 
eight  genes  in  the  immune  response  remain  unknown; 
future  studies  are  warranted  to  explore  the  associations 
between expression of these eight genes and PBRM1 mu-
tation status using real- world samples. Unraveling of the 
potential  molecular  mechanisms  may  accelerate  their 
clinical application in ccRCC.

Recent  studies  have  identified  the  vital  role  of  local 
immune cell infiltrates in ccRCC tissues and different im-
mune cell compositions have been linked to the prognosis 
of ccRCC patients.43 Several studies have sought to depict 
the  immune  infiltration  landscape  in  ccRCC  to  identify 
novel  immune  characterization  with  prognostic  poten-
tial.44– 46  In  the  present  study,  the  effect  of  PBRM1  mu-
tation status was considered as a potential biomarker in 
ccRCC. We selected PBRM1 target genes and IRGs. Based 
on the immune- associated prediction model, PCA showed 
a distinct subgroup and GSEA showed an enhanced local 
immune phenotype in high- risk ccRCC patients, includ-
ing enrichment of “natural killer cell mediated cytotoxic-
ity” and “intestinal immune network for IgA production” 
pathways. The enriched “intestinal immune network for 
IgA production” pathway was associated with  increased 
B cells or plasma cells, which was confirmed by  the  in-
filtrating  immune  cells  analysis.  We  found  significantly 

T A B L E  2   Comparison of the predictive powers of the 
prediction models in the total cohorts (n = 520)

Factors Overall survival

C- index 95% CI

Age 0.570 0.529– 0.611

Stage 0.735 0.696– 0.774

Risk score 0.668 0.623– 0.713

Age + stage 0.755 0.718– 0.792

Risk score + age + stage 0.772 0.737– 0.807

Abbreviations: CI, confidence interval; C- index, Harrell's concordance 
index.
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increased  plasma  cells  in  high- risk  patients.  The  im-
mune microenvironment of ccRCC was estimated using 
the ESTIMATE algorithm. We focused on the difference 
in  immune  and  stromal  scores  correlated  with  ccRCC 
subtypes and  indicated  that distinctly different  immune 
phenotypes remain associated with ccRCC subtypes. We 
further explored the difference in immune cell infiltration 
between  the ccRCC subtypes  to  reflect  the  status of  the 
immune microenvironment in the ccRCC patients. In the 
current study, the infiltration levels of immune cells var-
ied  from  patient  to  patient,  indicating  that  the  immune 
microenvironment is an inherent feature of each patient. 
The characteristics of tumor- infiltrating immune cells be-
tween high-  and low- risk patients indicated that patients 
in the former group had significantly higher proportions 
of  immunosuppressive  cells  (Tregs,  M0  macrophages, 
and  follicular  helper T  cells)  and  lower  fractions  of  im-
munocompetent cells (naive B cells, resting CD4 memory 
T  cells,  resting  NK  cells,  monocytes,  M1  macrophages, 
and  resting  mast  cells),  suggesting  the  prevalence  of  an 
immunosuppressive  tumor  microenvironment.  Higher 
CD8+  T- cell  infiltration,  a  crucial  immune  cell  in  anti-
tumor immune effects,47 was also found in the high- risk 
patients.  The  observation  can  be  explained  by  the  fact 
that antitumor immune effects are counterbalanced by a 
strong immunosuppressive environment in high- risk pa-
tients.44,48,49  In  addition,  immune  checkpoints  (CTLA- 4, 
PD- 1, LAG- 3, TIGIT, and CD47) were evaluated between 
the  high-   and  low- risk  patients;  higher  expression  was 
observed  in  high- risk  patients,  suggesting  prevalence  of 
a stronger immunosuppressive environment. These find-
ings  suggest  that  high- risk  patients  with  enhanced  ex-
pression of immune checkpoints might benefit more from 
immune  checkpoint  inhibitors  than  low- risk  patients. 
The strong immunosuppressive environment in high- risk 
patients might be the possible reason for the poor progno-
sis. Therefore, our prediction model was not only efficient 
in determining the immune status of patients, but it also 
serves  as  a  useful  tool  to  stratify  patients,  thus  increas-
ing the effectiveness of immunotherapy and resulting in 
a better prognosis.

Based  on  the  PBRM1  mutation  status  and  immune 
genes, our research provided new insights into the ccRCC 
immune  microenvironment  and  immune- related  ther-
apies.  Compared  with  previous  studies,  our  prediction 
model  had  a  number  of  strengths.  First,  our  prediction 
model  was  sufficiently  validated  in  an  internal  and  two 
external  datasets.  Second,  our  prediction  model  associ-
ated  with  PBRM1  mutation  had  a  significant  biological 
background, while PBRM1 mutation was associated with 
the effectiveness of immunotherapy. This is the essential 
difference  between  our  prediction  model  and  previous 
prognostic models. However, the present study had some 

limitations. This study is a retrospective study. Prospective 
clinical trials are needed to validate the prediction perfor-
mance of  the model and  to evaluate  its clinical applica-
bility for better management of ccRCC. The expressions, 
biological  functions,  prognostic  values,  and  associations 
with  tumor  immune  microenvironment  of  these  genes 
are required to be confirmed individually and in combi-
nation in the actual clinical samples. Moreover, the pres-
ent  study was constructed based on mRNA sequencing, 
multi- omics sequencing data associated with PBRM1 mu-
tation might provide more comprehensive and objective 
results. However,  the study was limited owing to its ret-
rospective nature. Prospective clinical trials are needed to 
validate the prediction performance of the model and to 
evaluate  its  clinical  applicability  for  better  management 
of ccRCC.

In summary, an eight gene immune prediction model 
incorporating  PBRM1  status was constructed and vali-
dated in this study. To the best of our knowledge, this is 
the  first prediction model associated with PBRM1 mu-
tation status and immunity. The prediction model could 
classify the ccRCC patients into subgroups with distinct 
prognoses. It can be a promising tool to determine the 
immune  status  and  stratify  patients,  thus  guiding  im-
munotherapy  in  ccRCC  patients.  A  nomogram,  com-
bining  the  prediction  model  and  the  complementary 
value  of  clinical  factors  was  constructed,  which  could 
be a useful tool to predict prognosis and guide clinical 
practice.
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