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A genomic instability-derived risk index predicts clinical outcome and 
immunotherapy response for clear cell renal cell carcinoma
Sha Wu and Xiaoning Li

Department of Nephrology, Zhongnan Hospital, Wuhan University, Wuhan, China

ABSTRACT
This study aims to originate agenomic instability-derived risk index (GIRI) for prognostic analysis of 
clear cell renal cell carcinoma (ccRCC) and explore the mutation characteristics, immune char
acteristics, and immunotherapy response defined by GIRI. Differentially expressed genome 
instability-associated genes were obtained from the genomic unstable (GU) group and the 
genomic stable (GS) group. Rigorous screening conditions were assigned to the screening of 
hub genes, which were then used to generate the GIRI through multivariate Cox regression 
analysis. The selected samples were assigned to the high-risk group or the low-risk group based 
on the median GIRI. Possible reasons for the prognostic differences in risk subgroups were 
explored from the aspects of mutation profiles, immune profiles, immunomodulators, and biolo
gical pathway activities. The possibility of immunotherapy response was predicted by Tumor 
Immune Dysfunction and Exclusion analysis results. The prediction of drugs that might reverse the 
expression profiles of the risk subgroups was discovered through theonnectivity Map (CMap). 
High-risk populations manifested poor overall survival than low-risk populations and were char
acterized by elevated cumulative mutation counts and tumor mutation burden. Also, high-risk 
populations had higher immune scores, immunomodulator (PD-1, CTLA4, LAG3, and TIGIT) 
expression, and genomic instability-related pathway activities, and were more likely to reap 
benefits from immunotherapy. Besides, we predicted several drugs (PI3K inhibitor, ATPase inhi
bitor, and phenylalanyl tRNA synthetase inhibitor) targeting risk subgroups. The well established 
GIRI was an effective cancer biomarker for predicting ccRCC prognosis and provided apotential 
reference value for identifying immunotherapy response.
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Introduction

Renal cell carcinoma (RCC) is one of the malignant 
tumors of the urinary system, with tumors being 
most frequent in renal parenchyma [1]. Clear cell 
RCC (ccRCC) is the most common subtype, encom
passing 70% to 80% of RCC [1]. Surgical resection is 
currently the mainstay of RCC therapy, but about 
30% of patients will experience postoperative metas
tasis [2]. The overall survival rate of advanced RCC 
has improved in recent years due to the emergence 
of new methods such as molecular targeted therapy 
(tyrosine kinase inhibitors and mTOR inhibitors) 
and immunotherapy [3]. RCC has obvious hetero
geneity in different histopathology, which limits the 
prognostic prediction of patients [4]. The existence 
of drug resistance after the use of targeted therapy 
limits the long-term prognostic benefit of patients 
[5]. Besides, in the actual clinical application of 
immune checkpoint blockade (ICB) therapy, only 
aminority of patients benefit from this emerging 
therapy, and the criteria for predicting responsive
ness are not yet complete [6]. In the application of 
tumor mutation burden (TMB) to predict the 
response to immunotherapy, renal cancer manifested 
an exception as the study of the IMmotion 150 trial 
showed that the moderated TMB in RCC has limited 
benefit in predicting the clinical response of patients 
to the PD-L1 inhibitor atezolizumab [7]. And the 
application value of using the abundance of CD8+ 

Tcells in RCC to predict ICB therapy response 
remains to be verified [6]. Therefore, it is of positive 
significance to provide possible and new biomarkers 
for the prognostic stratification and ICB therapy 
responsiveness of ccRCC.

Genome instability arises from accidental 
mutations during normal physiological activ
ities such as replication, division, and cell self- 
repair [8]. Genomic instability has been consid
ered to be adriving factor in tumor initiation 
with prognostic significance in patient out
comes [9,10]. The hallmarks of cancer obtained 
based on genome instability, including immor
tality, anti-apoptosis, angiogenesis, invasion and 
metastasis, metabolic reprogramming, and 
immune escape, have caused difficulties in 
tumor treatment [11]. Protein coding genes 
have shown key roles in genomic stability. The 

mismatch repair system maintains genome sta
bility by identifying and eliminating DNA repli
cation errors [12]. Studies have shown that 
mismatch repair genes such as mutL homolog 
1 (hMLH1) and mutS homolog 3 (hMSH3) are 
down-regulated in RCC tissues [13]. Von 
Hippel–Lindau (VHL), the most frequently 
mutated gene in RCC, is involved in facilitating 
the proper spindle orientation and maintaining 
chromosome stability [14]. The damage to the 
repair pathway of homologous recombination 
caused by the inactivation of the VHL function 
illustrates its important role in maintaining the 
genomic stability of RCC [15]. Recently, Pu 
etal. reported that there are several correlations 
between genomic instability caused by genomic 
stress and anti-tumor immunity, and proposed 
the idea of predicting ICB therapy response 
through the state of genomic stress [16]. 
However, the research of genomic instability- 
derived risk index (GIRI) in ccRCC has not 
been reported.

In this research, we hypothesized that GIRI is 
associated with ccRCC overall survival and ICB 
therapy response. Genome instability-associated 
genes were obtained from the currently available 
gene transcription profiles and mutation profiles, 
which were aimed at their use for constructing 
GIRI through bioinformatics methods. Then, the 
correlation between GIRI subtypes and clinical out
comes was explored to clarify the potential applica
tion value of GIRI as abiomarker of ccRCC.

Materials and Methods

Data collection

Two public databases, including the Cancer 
Genome Atlas (TCGA, https://tcga-data.nci.nih. 
gov/tcga/) and International Cancer Genome 
Consortium (ICGC, http://www.icgc.org), were 
used to obtain the data needed for this study. 
Specifically, information about the transcriptome 
data and somatic mutation profiles of 539 
ccRCC samples was taken from the TCGA, and 
91 ccRCC samples were obtained from the 
ICGC.
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Identification of genes related to genomic 
instability from TCGA samples

For TCGA samples, only 337 samples contained 
both transcriptome data and somatic mutation 
data. Included ccRCC samples were ranked in 
descending order of somatic mutation counts. 
The first 25% of the samples were assigned to the 
genomic unstable (GU) group, and the last 25% of 
the samples were assigned to the genomic stable 
(GS) group. Before implementing analysis between 
the two groups, we filtered the genes with the 
condition of median absolute deviation (MAD) ≥ 
0.5. Then, the ‘Limma’ package was used for dif
ferential expression analysis between GS and GU 
groups. Genome instability-associated genes 
(GAGs) were identified using afalse discovery 
rate (FDR) adjusted p< 0.05 and |log fold change 
(FC)| > 0.6.

Identification of TCGA ccRCC subclasses

GAGs with prognostic significance were further 
identified by Kaplan-Meier survival analysis and 
univariate Cox proportional hazards regression 
analysis. Then, candidate GAGs were included in 
the consensus clustering analysis only if p< 0.05 
were satisfied. Based on the candidate GAGs 
expression profiles, we completed the unsuper
vised consensus clustering of 337 ccRCC patients 
through the Rpackage ‘ConsensusClusterPlus’ and 
identified subgroups with similar profile distribu
tions. The clustering method evaluated the size of 
unsupervised classes in the form of displaying 
quantitative and visible evidence. Then, we used 
the k-means algorithm and defined the maximum 
value of Kas 9 (maxK = 9), and showed the varia
tion trend of each cluster through the cumulative 
distribution function (CDF) plot derived from the 
algorithm. To show the clinical characteristics of 
the TCGA subclasses, we used the Rpackage 
‘pheatmap’.

Generation of agenomic instability-derived risk 
index for prognosis prediction

In our research, we chose to determine atraining 
set (n = 271), atest set (n = 268), and an entire set 
(n = 539) based on the TCGA samples due to its 

more complete prognostic information. The inde
pendent external dataset downloaded from ICGC 
(n = 91) was regarded as averification set to test 
the prediction accuracy of our analysis results. We 
introduced the ‘Combat’ function to eliminate 
technical bias between platforms to normalize the 
data. The candidate GAGs were further screened 
by the least absolute shrinkage and selection 
operator (LASSO) Cox regression analysis. Hub 
GAGs for generating genomic instability-derived 
risk index (GIRI) were finally determined by mul
tivariate Cox regression analysis, using Akaike 
Information Criterion (AIC) for bi-level selection. 
Correspondingly, the GIRI of each ccRCC sample 
was calculated, using the expression value and 
regression coefficient of the hub GAGs. We 
selected the median GIRI of the training set to 
decide high-risk and low-risk groups. The 
R‘survival’ package evaluated the OS differences 
between high- and low-risk index subtypes with 
the log-rank test. Receiver operating characteristic 
(ROC) curves were yielded for each parameter to 
obtain the area under the ROC curve (AUC) and 
to evaluate whether GIRI was more appropriate 
than other clinical parameters (age, gender, 
tumor grade, clinical stage). Univariate and multi
variate Cox regression analyses were used to clarify 
the prognostic significance of GIRI and other con
ventional clinical parameters (age, gender, tumor 
grade, clinical stage) in predicting overall survival 
(OS). Similarly, we also explored the differences in 
risk index among different clinical subgroups, 
including genomic instability-associated sub
classes, age, tumor grade, clinical stage, vital status, 
and cancer status.

Identification of mutation profiles and immune 
profiles of risk subgroups

The tumor immune microenvironment is of great 
implication to the patient outcomes and is regu
lated by multiple infiltrating immune cell subtypes, 
including dendritic cells, Blymphocytes, 
Tlymphocytes, and macrophages [17]. The higher 
clonal indel mutation frequency in renal cell car
cinoma is associated with neoantigen enrichment 
and CD8+ Tcell activation [18], which has been 
shown to contribute to improved immune system 
recognition performance and ICB therapy 
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response [19,20]. Given the differences in OS of 
risk subgroups, we explored the differential 
immune profiles and mutation profiles between 
TCGA subgroups from multiple aspects. 
Specifically, we compared the differences in cumu
lative mutation counts and TMB between risk 
subgroups through the Wilcox test. We acquired 
the immune score of each sample in the applica
tion of the ESTIMATE algorithm; besides, we 
further analyzed the potential relationship between 
subgroups and the expression of multiple immune 
checkpoint molecules. Next, we introduced anovel 
method called Immune Cell Abundance Identifier 
(ImmuCellAI) to estimate the infiltration abun
dance of 24 immune cell populations (18 T-cell 
subtypes, Bcell, monocyte cell, macrophage cell, 
NK cell, neutrophil cell, and dendritic cell) based 
on the gene expression matrix (http://bioinfo.life. 
hust.edu.cn/ImmuCellAI/) [20]. ICB therapy has 
proven to be an advantageous way to improve 
the prognosis of cancer. To predict the responsive
ness of the risk subgroups defined by GIRI to ICB 
therapy, we quantified the TIDE score on the 
Tumor Immune Dysfunction and Exclusion 
(TIDE) website (http://tide.dfci.harvard.edu/), 
which was used to assess the likelihood of patients 
benefiting from ICB therapy [21]; besides, we also 
obtained the microsatellite instability (MSI) score, 
Tcell dysfunction score, and Tcell exclusion score.

Characterization of risk subgroups

We counted the clinicopathological characteristics 
associated with the prognosis of each sample in the 
subgroups. The expression levels of highly 
mutated genes in clear cell renal carcinoma were 
extracted and the median value was used to char
acterize the high and low expression samples. 
Then, we visualized the distribution characteristics 
of the above variables in the risk subgroups, and 
the p-value was originated from the chi-square 
test.

Gene set variation analysis (GSVA)

GSVA, anon-parametric and unsupervised enrich
ment method, quantifies variations in gene set 
activity based on transcription profiles. Next, we 
obtained the activity scores of the Kyoto 

Encyclopedia of Genes and Genomes (KEGG) bio
logical pathways and identified differential path
ways between risk subgroups based on limma’s t- 
test. Only representative pathways were displayed 
in the heatmap, and the filter criteria were defined 
as adjusted p-value < 0.05.

Clinical correlation analysis of hub genes

Overall survival curves were produced by the 
Kaplan-Meier survival analysis and the discrepan
cies in OS between high and low expression groups 
were identified by the log-rank test. To further char
acterize the connection between gene expression 
and clinical prognosis, we used the Wilcox test or 
Kruskal-Wallis test to detect differences in gene 
expression of clinicopathological subclasses, namely 
age, tumor stage, and tumor grade.

Prediction of small molecule drugs

At the end of this study, we used the online ana
lysis tool Connectivity Map (CMap) to predict 
possible drugs targeting genomic instability- 
related pathways based on the top 100 genes with 
the highest specific expression (FDR p-value < 
0.001, |log2FC| > 0.6).

Statistical analysis

All statistical analysis and processing procedures were 
completed in Rversion 4.0.0. The Rsoftware package 
‘survival’ completed all survival probability analyses. 
Generally, the statistical p-value between multiple 
groups was calculated by the Kruskal-Wallis test, 
and the statistical p-value between the two groups 
was calculated by the Wilcox test. Differences in the 
distribution of clinical variables between risk sub
groups were identified by the chi-square test. The 
identification of differential pathway activities and 
differential expression analysis were completed 
according to limma’s t-test. Correlation analysis was 
completed by the Spearman nonparametric test.

Results

In this study, we aimed to construct aGIRI to 
predict the overall survival and ICB therapy 
response of ccRCC patients. We first performed 
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the selection of differentially expressed genes 
between GU and GS groups. Subsequently, we 
identified two genes (TBC1D1 and PLCL1), 
which were used to construct the GIRI through 
multivariate Cox regression analysis. The differ
ences in somatic mutation counts, TMB levels, 
clinical features, immune infiltration, immune 
checkpoint expression, and TIDE scores based on 
the subtypes defined by the median GIRI were 
compared. Functional enrichment analysis was 
used to explore subgroup-specific biological path
ways. CMap was also performed to explore poten
tial drugs that may reverse the expression profiles 
of risk subgroups.

Identification of genomic instability- 
associated genes and subclasses

Detailed information about the cumulative muta
tion counts of 337 TCGA samples was shown in 
Table S1. On this basis, we defined the GS group 
(n = 85) and the GU group (n = 85). We found 
apoor OS in the GU group through the Kaplan- 
Meier method (p= 0.003; Figure 1a). Subsequently, 
414 differentially expressed genes (also denoted as 
GAGs) were screened between the GS group and 
the GU group, using the ‘limma’ Rpackage. Atotal 
of 176 GAGs were upregulated and 238 GAGs 
were downregulated in the GU group (Table S2). 
After performing multiple preprocessing as 
described before, we retained 108 GAGs and per
formed consensus clustering on TCGA ccRCC 
samples based on GAGs expression profiles 
(Table S3). The Rpackage ‘ConsensusClusterPlus’ 
completed the cluster analysis, and the size of the 
subclasses ranged from two to nine (Figure 1b). 
Considering the CDF curve and the size of each 
cluster, we finally decided to divide the TCGA 
samples into two subclasses (Figure 1c). 
Moreover, when the value of kwas set to 2, the 
consensus matrix heatmap showed sharp bound
aries, suggesting steady sample clustering and evi
dent intra-group correlation. We compared the 
median cumulative mutation counts of the two 
subclasses and redefined the genomic unstable 
(GU)-like group (n = 76) and the genomic stable 
(GS)-like group (n = 261) (p= 0.002; Figure S1a). 
Also, we found that the TMB of the GU-like group 
was higher than that of the GS-like group 

(p= 0.002; Figure S1b). In terms of survival out
come, the GU-like group showed apoor prognosis 
(p= 0.047; Figure 1d). We then identified 79 genes 
specifically expressed in subclasses (Figure 1e; 
Table S4). Our results showed that the two mole
cular subclasses of ccRCC can be effectively dis
tinguished based on the genomic instability- 
associated gene expression profiles.

Identification of genomic instability-derived 
risk index (GIRI)

The 108 differentially expressed GAGs with prog
nostic significance derived from the genomic 
instability subclasses were regarded as seed genes 
for the following GIRI construction. We subse
quently identified 14 GAGs from the seed genes, 
which were also considered to have potential sig
nificance in predicting OS in the ICGC dataset 
(Table S5). To improve the robustness and accu
racy of GAGs selection, we performed LASSO 
regression analysis and chose eight GAGs 
(ADGRF5, ANO3, GDF7, MYH14, PLCL1, 
RFTN2, TBC1D1, and ZFP28) for further identifi
cation (Figure S2). The training set and the test set 
were randomly generated at aratio of 5:5. No dif
ferences were observed between the two sets with 
regard to age (p= 0.589), gender (p= 0.585), tumor 
grade (p= 0.607), stage (p= 0.420), TNM-classifica
tion (p= 0.453; p= 0.429; p= 0.828), vital status 
(p= 0.521), and cancer status (p= 0.465) (Table 
S6). We implemented the multivariate Cox regres
sion analysis and retained two GAGs using bi-level 
selection, and then used gene expression values 
and regression coefficients to calculate comparable 
GIRI: GIRI = PLCL1*(−0.4744172) + TBC1D1* 
(−0.5117152) (Table 1). High-risk samples and 
low-risk samples were identified based on the 
median risk index of the training set. According 
to this grouping standard: the training set was 
composed of the high-risk group (n = 135) and 
the low-risk group (n = 136); the test set was 
composed of the high-risk group (n = 130) and 
the low-risk group (n = 138); the entire set was 
composed of the high-risk group (n = 265) and the 
low-risk group (n = 274); the verification set was 
composed of the high-risk group (n = 35) and the 
low-risk group (n = 56). For the training set, the 
KM curve proved the poor prognosis of the high- 
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Figure 1. Differentiation of GAGs-based molecular characteristic clusters of ccRCC. GAGs, genomic instability-associated genes. 
ccRCC, clear cell renal cell carcinoma. (a) Kaplan-Meier survival curves of the genomic stable (GS) group and the genomic unstable 
(GU) group. (b) Consensus CDF. (c) Consensus clustering matrix of 337 TCGA samples for k= 2. The samples were grouped into the 
genomic stable (GS)-like group and the genomic unstable (GU)-like group. (d) Kaplan-Meier survival curves of subclasses in 
consensus clustering. (e) Heatmap characterized by subclass-specific genes.
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risk group (p= 0.003; Figure 2a). The area under 
the ROC curve (AUC) proved that GIRI has better 
prognostic predictive performance than other clin
ical factors (Figure 2b). The synergistic changes in 
gene expression and GIRI were shown in Figure 
2c. Figure 2d showed the vital status of each sam
ple. Also, we found that the cumulative mutation 
counts and TMB of the high-risk group were 
higher than that of the low-risk group (Figure 
S1c, d).

The strong prognostic prediction ability of 
the GIRI

To further test the predictive potential of the 
GIRI, we performed the same analysis on the 
test set and the entire set. For the test set, the 
OS of the high-risk ccRCC was worse than that 
of the low-risk ccRCC (p< 0.001; Figure 3a). By 
computing the AUC of age, gender, tumor 

Table 1. Multivariate Cox regression analysis.
Genes Coefficient HR HR.LCI HR.UCI P-value

PLCL1TBC1D1 −0.4744172–0.5117152 0.62224760.5994665 0.41927640.3608082 0.9234770 0.9959864 0.01851 0.04821

Abbreviations: HR, hazard ratio; HR.LCI, low confidence interval of HR; HR.UCI, upper confidence interval of HR. 

Figure 2. Construction of genomic instability-derived risk index (GIRI) for patients with ccRCC in the training set. (a) Kaplan-Meier 
survival plot of the high-risk GIRI and the low-risk GIRI. (b) Comparison of time-dependent receiver operating characteristic curves 
among the GIRI, age, gender, tumor grade, and clinical stage. (c) Expression characteristics of genes. (d) Distribution of GIRI and vital 
status.
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grade, clinical stage, and GIRI, we found that 
the AUC of GIRI (0.693) was slightly lower 
than that of the clinical stage (0.735) (Figure 
3b). The gene expression and vital status of the 

risk subgroups were shown in Figure 3c. Also, 
we found that the cumulative mutation counts 
and TMB of the high-risk ccRCC were higher 
than that of the low-risk ccRCC (Figure S1e, f). 

Figure 3. Performance validation of genomic instability-derived risk index (GIRI). Kaplan-Meier survival plot of the high-risk GIRI and 
the low-risk GIRI in the test set (a) and the entire set (d). Comparison of time-dependent receiver operating characteristic curves 
among the GIRI, age, gender, tumor grade, and clinical stage in the test set (b) and the entire set (e). Distribution characteristics of 
gene expression, GIRI, and vital status between high-risk and low-risk groups in the test set (c) and the entire set (f) .
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For the entire set, the high-risk ccRCC mani
fested apoor OS (p< 0.001; Figure 3d). The 
ROC curve analysis of GIRI in the entire set 
produced results consistent with the test set 
(Figure 3e). The gene expression and vital sta
tus of the risk subgroups were shown in Figure 
3f. Compared with the low-risk ccRCC, high- 
risk ccRCC had higher cumulative mutation 
counts and TMB (Figure S1g, h). For the ver
ification set from ICGC, poor OS was observed 
in the high-risk group (p< 0.001; Figure S3a). 
ROC curve analysis for GIRI in the verification 
set showed an AUC of 0.643 (Figure S3b). We 
also showed the vital status and gene expression 
trends of the risk subgroups (Figure S3c). In the 
multivariate Cox regression analysis, some sam
ples with missing clinicopathological data were 
removed, the results revealed that the GIRI was 
significantly associated with OS in TCGA and 
ICGC datasets when adjusted for age sex, and 
clinicopathological characteristics (Table 2; 
Figure S3d). We grouped samples according to 
different baseline characteristics, including age 
(≤ 65 and > 65), gender (male and female), 
grade (G1-2 and G3-4), stage (stage I-stage II 
and stage III-stage IV), VHL status (VHL-wt/- 
mutant), and PBRM1 status (PBRM1-wt/- 
mutant). Kaplan-Meier survival analysis proved 
the OS differences of GIRI subtypes in multiple 

stratified subgroups, indicating that age (> 
65 years & high GIRI vs. > 65 years & low 
GIRI, p= 0.034; ≤ 65 years & high GIRI vs. ≤ 
65 years & low GIRI, p< 0.001), sex (male & 
high GIRI vs. male & low GIRI, p= 0.002; 
female & high GIRI vs. female & low GIRI, 
p< 0.001), tumor grade (G1-2 & high GIRI vs. 
G1-2 & low GIRI, p= 0.042; G3-4 & high GIRI 
vs. G3-4 & low GIRI, p= 0.004), advanced clin
ical stage (stage I–II & high GIRI vs. stage I–II 
& low GIRI, p= 0.300; stage III–IV & high GIRI 
vs. stage III–IV & low GIRI, p= 0.001), VHL 
status (VHL-mut & high GIRI vs. VHL-mut & 
low GIRI, p= 0.007; VHL-wt & high GIRI vs. 
VHL-wt & low GIRI, p< 0.001), and PBRM1 
status (PBRM1-mut & high GIRI vs. PBRM1- 
mut & low GIRI, p= 0.002; PBRM1-wt & high 
GIRI vs. PBRM1-wt & low GIRI, p< 0.001) did 
not affect the robustness of GIRI in OS predic
tion (Figure 4a-f). Next, we further explored the 
differential levels of risk index in different clin
ical groups (Figure 5a-i). In the two subclasses 
of consensus clustering, the risk index was sig
nificantly different: the GU-like group with 
poor prognosis ranked higher, and the GS-like 
group with favorable prognosis ranked lower 
(p< 0.001). Elderly patients (age > 65 years) 
manifested higher risk index compared to 
patients ≤ 65 years (p< 0.001). Patients with 

Table 2. Univariate and Multivariate Cox regression analysis of the correlation of GIRI with OS among TCGA patients.

Parameters

Univariate analysis Multivariate analysis

HR 95%CI P HR 95%CI P

Training set
Age (≤ 65/> 65) 1.529 0.989–2.363 0.056
Gender (F/M) 0.708 0.453–1.107 0.130
Grade (G1-2/G3-4) 2.156 1.346–3.453 0.001 1.683 1.042–2.717 0.033
Stage (I–II/III–IV) 3.090 1.949–4.899 <0.001 2.598 1.622–4.163 <0.001
GIRI (High/Low) 1.935 1.226–3.056 0.005 1.600 1.009–2.536 0.046
Test set
Age (≤ 65/> 65) 1.804 1.186–2.742 0.006 1.847 1.209–2.823 0.005
Gender (F/M) 1.211 0.782–1.875 0.391
Grade (G1-2/G3-4) 3.584 2.157–5.957 <0.001 1.650 0.921–2.958 0.092
Stage (I–II/III–IV) 5.409 3.460–8.454 <0.001 4.069 2.454–6.747 <0.001
GIRI (High/Low) 2.420 1.540–3.803 <0.001 1.637 1.023–2.619 0.040
Entire set
Age (≤ 65/> 65) 1.647 1.218–2.227 0.001 1.462 1.077–1.986 0.015
Gender (F/M) 0.923 0.676–1.261 0.615
Grade (G1-2/G3-4) 2.730 1.937–3.848 <0.001 1.784 1.248–2.549 0.001
Stage (I–II/III–IV) 3.895 2.833–5.355 <0.001 3.053 2.191–4.253 <0.001
GIRI (High/Low) 2.165 1.571–2.985 <0.001 1.579 1.136–2.196 0.007

Abbreviations: GIRI, genomic instability-derived risk index; OS, overall survival; TCGA, The Cancer Genome Atlas; HR, Hazard ratio; CI, 
Confidence interval. 
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more advanced tumor grades (p< 0.001) or 
stages (p< 0.001) tended to score higher risk 
index, and the risk index of the survival group 
was significantly lower than that of the death 

group (p< 0.001). The risk index of patients 
who survived with renal tumors was also higher 
than that for patients who exhibited tumor-free 
survival (p< 0.001).

Figure 4. Stratified survival analysis of genomic instability-derived risk index (GIRI) subtypes in different clinical subgroups. Samples 
were classified according to age (a), gender (b), tumor grade (c), clinical stage (d), PBRM1 status (e), and VHL status (f). PBRM1, 
polybromo 1. VHL, von Hippel-Lindau tumor suppressor.
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Clinical characteristics in risk subgroups

We then displayed the clinical variables related to 
risk subgroups and prognosis in the TCGA (Figure 
6a; Table S7) and ICGC (Figure 6b; Table S8) 
datasets in the heatmap. The statistical results 
revealed some correlations between the selected 
clinical variables and TCGA risk subgroups. The 
high-risk group accounted for the majority of all 
deaths (p= 2.13e-09) and patients with tumor sta
tus (p= 6.95e-07). Besides, high-risk populations 
showed more advanced clinicopathological char
acteristics, including tumor grade (p= 1.15e-08), 
stage (p= 4.44e-10), and TMN-classification 
(p= 8.11e-09; p= 1.97e-04; p= 4.63e-02). Chi- 
square test revealed that elevated expression of 
VHL (p= 3.61e-09), PBRM1 (p= 7.44e-27), 

SETD2 (p= 9.29e-17), BAP1 (p= 4.39e-11), 
MTOR (p= 3.91e-16), and KDM5C (p= 3.48e-02) 
was associated with the low-risk group. No differ
ences in TTN expression (p= 8.97e-01), gender 
(p= 1.05e-01), and neoadjuvant treatment history 
(p= 1.00e+00) were observed. Similarly, in ICGC 
risk subgroups, the high-risk group accounted for 
the majority of all deaths (p= 6.28e-03) and 
advanced T-classification (p= 1.59e-03), and ele
vated expression of VHL (p= 1.09e-03), PBRM1 
(p= 5.98e-07), TTN (p= 2.52e-02), SETD2 
(p= 2.23e-06), and MTOR (p= 5.10e-06) was asso
ciated with the low-risk group. Also, no differences 
in KDM5C expression (p= 2.01e-01), age 
(p= 5.53e-01), gender (p= 2.76e-01), M-classifica
tion (p= 4.71e-01), and N-classification (p= 1.00e 
+00) were observed.

Figure 5. The differential distribution of the genomic instability-derived risk index (GIRI) in each clinical subgroup. TCGA samples 
stratified by genomic instability-associated subclasses (a), age (b), tumor grade (c), clinical stage (d), Tclassification (e), Nclassification 
(f), Mclassification (g), vital status (h), and cancer status (i) .
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Figure 6. The differential distribution of prognosis-associated clinical features in the risk subgroups. (a) Differences in clinicopatho
logical characteristics and expression of highly mutated genes in TCGA samples. TCGA, The Cancer Genome Atlas. (b) Differences in 
clinicopathological characteristics and expression of highly mutated genes in ICGC samples. ICGC, International Cancer Genome 
Consortium. The statistical p-value was derived from the chi-square test.

BIOENGINEERED 1653



Differential mutation profiles and immune 
profiles of high-risk and low-risk patients

The identification of differences in immune 
score between high-risk and low-risk groups 
was done through the Wilcox test, and the 
high-risk group ranked higher in the immune 
score (p= 0.002; Figure 7a). The method for 
obtaining the infiltration abundance of immune 
cell subtypes was as described above. Multiple 
statistical differences were observed between risk 
subgroups, with higher infiltration abundance of 
CD8+ Tcells, exhausted Tcells, nTreg, iTreg, 
macrophages, effector memory Tcells, and den
dritic cells (DCs) for the high-risk group com
pared with the low-risk group (Figure 7b). 
Besides, the low-risk group manifested higher 
enrichment for Th17, central memory Tcells, 
natural killer T(NKT) cells, and neutrophils 
(Figure 7b). Differential information on the 
cumulative mutation counts and TMB in risk 
subgroups was described before. Concerning 
the differences in the prognosis of different 
TMB levels, we found that people with high 
TMB showed apoor prognosis (p= 0.017; Figure 
7c). The positive relationship between GIRI and 
TMB was presented by Spearman correlation 
analysis (R = 0.34, p< 0.001; Figure 7d). We 
analyzed the synergistic interaction of TMB and 
GIRI in prognostic stratification, and stratified 
survival analysis revealed significant OS differ
ences of GIRI subtypes in TMB subgroups (high 
TMB & high GIRI vs. high TMB & low GIRI, 
p= 0.031; low TMB & high GIRI vs. low TMB & 
low GIRI, p= 0.031; Figure 7e). Subsequently, we 
studied the differential expression of immuno
modulators in risk subclasses. Information on 
the 27 immunomodulators with higher expres
sion in the high-risk population and the 7 
immunomodulators with higher expression in 
the low-risk population was given in Figure 7f. 
The high-risk group ranked higher expression 
for PD-1, CTLA4, LAG3, TIGIT, IDO1, and 
IDO2 than the low-risk group. To predict 
whether patients will benefit from immunother
apy, we queried the TIDE website and obtained 
relevant scores. In the online analysis results, 
higher TIDE scores corresponded to the possibi
lity of experiencing immune escape. In the risk 

subgroups of this work, the low-risk population 
ranked higher TIDE scores, indicating that this 
population may not benefit much from immu
notherapy (p< 0.001; Figure 7g). No differential 
MSI score was observed (p= 0.388; Figure 7h). 
The low-risk group ranked higher Tcell exclu
sion score (p= 0.002; Figure 7i), while the high- 
risk group ranked higher Tcell dysfunction score 
(p< 0.001; Figure 7j).

Gene set variation analysis (GSVA)

The Rpackage ‘GSVA’ quantified the selected 
pathway information into comparable values. 
We then used the differential analysis function 
of the ‘limma’ package to identify biological path
ways specific to risk subclasses, which repre
sented pathways with higher activity scores in 
the corresponding subgroups. The difference 
comparison results revealed enriched autophagy 
and leukocyte transendothelial migration charac
teristics of the low-risk group. Notably, the p53 
signaling pathway, multiple genomic instability- 
associated pathways (mismatch repair, nucleotide 
excision repair, cell cycle, DNA replication), and 
oxidative phosphorylation were related to the 
high-risk group (Figure 8a). 

Prognostic significance of genes

Kaplan-Meier survival analysis revealed the corre
lation between the expression level of genes and 
survival probability. The decreased expression of 
PLCL1 and TBC1D1 corresponded to apoor prog
nosis both in TCGA (Figure 8b) and ICGC data
sets (Figure 8c). We then further visualized the 
differential expression of genes in different clinical 
baseline characteristics (Figure 8d). Decreased 
gene expression was associated with more 
advanced clinicopathological features (tumor 
grade and clinical stage) and advanced age (age 
>65 years).

Determination of drugs

After characterizing the subclasses related to the 
genomic instability characteristics through the 
GIRI, we chose to query the CMap database with 

1654 S. WU AND X. LI



Figure 7. Immunity-associated landscapes of TCGA samples. (a) Boxplot of immune scores for risk subgroups. (b) Tumor-infiltrating 
immune cells with different infiltration abundance in the risk subgroups. (c) Kaplan-Meier survival analysis of low and high TMB 
patients. TMB, tumor mutation burden. (d) The positive correlation between GIRI and TMB was characterized by Spearman 
correlation analysis. GIRI, genomic instability-derived risk index. (e) Stratified survival analysis of GIRI subtypes in TMB subgroups. 
(f) Differentially expressed immune checkpoint molecules in the risk subgroups. *p< 0.05, **p< 0.01, ***p< 0.001. TIDE score (g), MSI 
score (h), Tcell exclusion score (i), and Tcell dysfunction score (j) between high-risk and low-risk groups. TIDE, tumor immune 
dysfunction and exclusion. MSI, microsatellite instability.
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representative differentially expressed genes to 
obtain potential small molecule drugs targeting 

the subclasses (Table S9). As aresult, 29 drugs 
with the ability to repress the differential 

Figure 8. Gene set variation analysis (GSVA) and prognostic analysis of genes. (a) Heatmap of subgroup-specific KEGG biological 
pathways. The statistically adjusted p-value was derived from limma’s t-test. KEGG, Kyoto Encyclopedia of Genes and Genomes. (b) 
Kaplan-Meier survival analysis of different expression levels of TBC1D1 and PLCL1 in the TCGA dataset. TCGA, The Cancer Genome 
Atlas. (c) Kaplan-Meier survival analysis of different expression levels of TBC1D1 and PLCL1 in the ICGC dataset. ICGC, International 
Cancer Genome Consortium. The differential levels of gene expression stratified by age (d), tumor grade (e), and clinical stage (f). 
*p< 0.05, **p< 0.01, ***p< 0.001.
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expression characteristics were identified from the 
CMap website, and 28 mechanisms of action were 
revealed from the mode of action (MoA) analysis 
(Figure 9). That is, three drugs (KU-0060648, PIK- 
90, and PI-828) represented the MoA of PI3K 
inhibitor; KU-0060648 and NU-7441 represented 
the MoA of DNA dependent protein kinase inhi
bitor; Helveticoside and digitoxin represented the 
MoA of ATPase inhibitor. Besides, atotal of 9 
compounds represented the following 9 mechan
isms: glucocorticoid receptor agonist, protein tyr
osine kinase inhibitor, PARP inhibitor, 
progesterone receptor agonist, cholinesterase inhi
bitor, adenosine receptor antagonist, thromboxane 
receptor antagonist, glutamate receptor antagonist, 
and phenylalanyl tRNA synthetase inhibitor.

Discussion

RCC accounts for 2%-3% of all human tumors, 
with an upward trend in its incidence [22]. The 
prognostic status of RCC patients shows obvious 
heterogeneity, and there are disadvantages in using 
asingle method to predict clinical outcomes. The 
rise of bioinformatics tools and high-throughput 
sequencing technologies has deepened and facili
tated our in-depth identification of tumor prog
nostic biomarkers. Genomic instability serves as 
one of the driving forces behind tumorigenesis 
and continued tumor growth, which may be trig
gered by genetic and epigenetic alterations in cells 
[23,24]. Although immunotherapy has brought 
great advantages to improving prognosis, only 

Figure 9. Prediction of potential drugs for risk subgroups.
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some patients benefit from the treatment. 
Moreover, biomarkers based on genomic instabil
ity characteristics for predicting ccRCC clinical 
outcome and ICB therapy response remain poorly 
reported. Therefore, given the possible connection 
between genomic instability and anti-tumor 
immunity, we attempted to find areliable biomar
ker derived from genomic instability.

In this analysis, we obtained genome instability- 
associated genes (GAGs) and then identified two 
ccRCC clusters with different genome instability 
characteristics by consensus cluster analysis based 
on GAGs with prognostic significance, and the 
prognostic analysis showed the survival differences 
of the two clusters. Subsequently, we chose two 
hub genes and then developed agenomic instabil
ity-derived risk index (GIRI) to predict the prog
nosis. The TCGA and ICGC cohorts confirmed 
the robustness of the GIRI in predicting overall 
survival. We also confirmed that the risk index 
ranked higher in more advanced clinicopathologi
cal characteristics groups and worse prognostic 
groups.

Phospholipase C-related catalytically inactive 
protein (PRIP) is officially designated as PLCL, 
including PLCL1 and PLCL2 [25]. PRIP is believed 
to bind to an autophagy-associated initiator, 
microtubule-associated protein 1 light chain 3 
(LC3), thereby limiting autophagosome formation 
[26]. Autophagy involves the degradation process, 
which has necessary implications for keeping cel
lular homeostasis and genomic stability [27,28]. 
However, abundant evidence reveals that although 
autophagy has apositive effect in maintaining 
homeostasis, its tumor suppressor and tumor-pro
moting effects in cancer have not been fully eluci
dated [29–32]. Moreover, PLCL1 has been 
demonstrated in ccRCC to reduce tumor cell 
volume and inhibit tumor progression by up-reg
ulating uncoupling protein 1 (UCP1) and promot
ing lipid browning [33]. We also identified another 
hub gene, namely TBC1 domain family member 1 
(TBC1D1). Heterozygous mutations of TBC1D1 
were found in multiple patients with congenital 
anomalies of the kidneys and urinary tract 
(CAKUT), and severe CAKUT phenotype 
appeared [34]. Also, the mutant TBC1D1 was 
identified as acandidate for the obesity disease 
predisposition locus [35]. These analysis results 

suggested that the well established GIRI not only 
has astrong prognostic predictive potential but 
also can be effectively used as agenomic instabil
ity-associated biomarker for ccRCC patients.

We found that the expression of multiple driver 
genes such as VHL, BAP1, PBRM1, KDM5C, and 
SETD2 decreased in high-risk populations, which 
were confirmed to have tumor suppressor poten
tial in ccRCC [36,37]. For example, researchers 
reported that the loss of BAP1 and PBRM1 expres
sion in early stage ccRCC represents tumor recur
rence and weak prognosis [38]. Similarly, the 
decreased expression of VHL was correlated with 
apoor prognosis [39]. Furthermore, the risk sub
groups defined by GIRI were also proved to have 
widely differing main clinical characteristics, with 
alarger share of advanced age, pathological grades, 
and stages in high-risk populations. Age at diag
nosis has been shown to have significant prognos
tic significance in RCC outcome [40,41]. Multiple 
study cohorts showed that tumor grades and TNM 
stages were important risk factors affecting patient 
prognosis [42,43]. After that, we explored the dif
ferential immune profiles and mutation profiles of 
the risk subtypes. Existing research has proved that 
there is an important connection between the 
initiation and progression of cancer and tumor 
immunity, proposing the implications of immu
nity on tumor prognosis [44]. Tumor-infiltrating 
immune cells (TIICs) gradually embody their roles 
in regulating tumor prospects [17]. There were 
multiple types of TIICs in the risk subtypes with 
different infiltration patterns, such as iTreg, nTreg, 
CD8+ Tcells, macrophages, DCs, neutrophils, 
NKT, and Th17. Regulatory Tcells (Tregs) are 
atype of cell with immunosuppressive function, 
and highly infiltrating Tregs in tumors are related 
to the poor prognosis of multiple malignant 
tumors [45]. Highly infiltrated CD8+ Tcells in the 
tumors are considered to be an indicator of afa
vorable prognosis [46]. There are extensively infil
trated CD8+ Tcells in kidney tumors [47]. But 
studies have revealed that CD8+ Tcell infiltration 
poses the occurrence of poor prognosis in RCC 
[48]. Moreover, although CD8+ Tcells in RCC 
show tumor immune recognition ability, their 
tumor-killing effects are present at aweak level 
[49]. It is suggested that inhibitory cytokines in 
the tumor microenvironment act on dendritic cells 
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(DCs), causing their dysfunction, thereby aggra
vating tumor immune escape [50,51]. The tumor 
suppressor or tumor-promoting properties of 
another differentially infiltrated Thelper 17 cells 
(Th17) in tumors have not been fully elucidated 
[52]. The direct anti-tumor effect of NKT cells 
makes it one of the first-line defense forces against 
tumors [53]. The differential infiltration TIIC sub
types and TIIC-mediated immunity likely interpret 
the differences in prognosis between the risk sub
populations. Therefore, it was speculated that the 
reasons for the poor prognosis of high-risk popu
lations may in part be high infiltration of CD8+ 

Tcells, Tregs, and DCs, low infiltration of NKT, 
advanced age, poor pathological grade and stage, 
low expression levels of VHL, BAP1, PBRM1, 
KDM5C and SETD2, and relatively higher Tcell 
dysfunction score.

We found that the cumulative mutation counts 
and TMB of the high-risk population showed 
higher levels, which also partially hinted at the 
poor prognosis of this population. The loss-of- 
function mutation of PBRM1 reflects apositive 
effect on improving the response of metastatic 
RCC to anti-PD-1 treatment [54]. In the stratified 
survival analysis, we found that the OS prediction 
performance of GIRI is not affected by TMB levels 
and PBRM1 status, suggesting the GIRI has the 
potential to be regarded as abiomarker for predict
ing ICB therapy response independently of 
PBRM1 status and TMB levels. Although 
Mcdermott etal. showed that TMB has limited 
benefit in the prediction of RCC immunotherapy 
response [7]. The high expression of immune 
checkpoint molecules mainly appeared in high- 
risk populations, such as PD-1, CTLA4, LAG3, 
and TIGIT. Highly expressed PD-1 on the surface 
of activated Tlymphocytes in the tumor microen
vironment is regarded as aT cell brake, and its 
binding to the PD-L1 ligand expressed on the 
surface of tumor cells triggers the reduction of 
tumor suppressor factors, thereby inhibiting the 
anti-tumor immune response and tumor-killing 
potential mediated by cytotoxic Tcells [55,56]. 
The immunosuppressive mechanisms of CTLA4 
are also similar to PD-1 [57]. This might explain 
the weak tumor-killing ability of CD8+ Tcells and 
higher Tcell dysfunction scores in high-risk popu
lations. From the perspective of the differential 

distribution of TIDE scores, we speculated that 
the high-risk group defined by GIRI are more 
likely to benefit from ICB therapy. And arecent 
large-scale cohort study on ICB therapy for 
advanced RCC also proved that low-risk patients 
have less advantage from ICB therapy compared to 
high- or intermediate-risk patients who signifi
cantly yielded from ICB therapy (nivolumab plus 
ipilimumab) [58]. It was speculated that ICB ther
apy-mediated relief of immunosuppression and 
restoration of tumor cell killing ability of Tcells 
may be the potential reasons why high-risk popu
lations benefit from ICB therapy.

GSVA revealed that the poor prognosis of high- 
risk populations was associated with the increased 
activities of multiple DNA damage repair path
ways (cell cycle, mismatch repair, DNA replica
tion, and nucleotide excision repair), which were 
thought to be related to the phenomenon of gen
ome instability [59–63]. Moreover, oxidative phos
phorylation is an important signaling crosstalk 
pathway in clear cell RCC [64]. Finally, small 
molecule drugs such as NU-7441, PIK-90, fludro
cortisone, megestrol, amonafide, and digitoxin 
identified based on differential expressed genes 
might provide some new insights in treatment 
for patients. Therefore, it was speculated that the 
established GIRI has good performance in predict
ing the prognosis and ICB therapy response of 
ccRCC.

Many previous studies have proposed risk 
indexes based on gene expression, in hopes of 
predicting ccRCC prognosis. You-Peng Zhang 
etal. have presented arisk signature of 18- 
lncRNA to perform the stratification and predic
tion of ccRCC prognosis [65]. The 10-gene risk 
signature, which was highly associated with 
immune infiltration and immune checkpoint 
expression, acted as aprognostic factor of VHL- 
mutant patients [66]. However, there are few 
risk signatures for the prediction of ICB therapy 
response. The introduction of ICB therapy is 
amilestone in the field of renal carcinoma treat
ment, but the clinical response is limited to 
apart of patients. For the first time, we consid
ered the correlation between genome instability 
and prognosis and immune microenvironment, 
and then established aGIRI that can predict clin
ical outcome and ICB therapy response, and 
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predicted small molecule drugs that may target 
risk subtypes. This was the main novelty of our 
work.

However, the limitations of this work must be 
disclosed: (I) The sample sizes of the external inde
pendent dataset are not sufficient, which may reduce 
the reliability of the prediction results; (II) The 
comparison results between risk subgroups based 
on GIRI only represent statistical differences, and 
their clinical significances need to be verified; (III) 
The results of the correlation between GIRI and 
tumor mutation burden are obtained through sta
tistical data, and its inherent regulatory relationship 
is not yet clear; (IV) The differential immune pro
files, mutation profiles and drug prediction of the 
risk subgroups are all predicted based on bioinfor
matics methods, and have not been fully verified in 
the actual clinical cohort; (V) More study is needed 
to explore the potential mechanisms and reasons of 
high-risk populations responding to ICB therapy.

Conclusion

In summary, we constructed and verified ageno
mic instability-derived risk index (GIRI). The 
GIRI was apotential prognostic biomarker for 
assessing the overall survival of clear cell renal 
cell carcinoma and might provide areference 
value for predicting the response of patients to 
ICB therapy.
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