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Background: Long non-coding RNAs (IncRNAs) are now under discussion as novel
promising biomarkers for clear cell renal cell carcinoma (ccRCC). However, the role of
genomic instability-associated INcCRNA signatures in tumors has not been thoroughly
uncovered. The purpose of our study is to probe the role of genomic instability-derived
INcRNA signature (GILncSig) and to further investigate the mechanism of genomic
instability-mediated ccRCC progression.

Methods: The transcriptome data and somatic mutation profiles of ccRCC as well
as clinical characteristics used in this study were obtained from The Cancer Genome
Atlas database and Gene Expression Omnibus database. Lasso regression analysis
was performed to construct the GILncSig. Gene set enrichment analysis (GSEA) was
performed to elucidate the biological functions and relative pathways. CIBERSORT and
EPIC algorithm were applied to calculate the proportion of immune cells in ccRCC.
ESTIMATE algorithm was utilized to compute the immune microenvironment scores.

Results: In total, 148 novel genomic instability-derived IncRNAs in ccRCC were
identified. Immediately, on the basis of univariate cox analysis and lasso analysis, a
GlLncSig was appraised, through which the patients were allocated into High-Risk and
Low-Risk groups with significantly different characteristics and prognoses. In addition,
we confirmed that the somatic mutation count, tumor mutation burden, and the
expression of UBQLN4, which were ascertainably associated with genomic instability,
were significantly correlated with the GILncSig, indicating its reliability as a measurement
of the genomic instability. Furthermore, the efficiency of GILncSig in prognostic aspects
was better than the single mutation gene in ccRCC. In addition, MNX1-AS1 was defined
to be a potential biomarker characterized by strong correlation with clinical features.
Moreover, GSEA results indicated that the IL6/JAK/STAT3/SIGNALING pathway could
be considered as a potential mechanism of genomic instability to influence tumor
progression. Besides, the immune microenvironment showed significant differences
between the GS-like group and the GU-like group, which was specifically manifested
as high expression of CTLA4, GITR, TNFSF14, and regulatory T cells (Tregs) as well
as low expression of endothelial cells (ECs) in the GU-like group. Finally, the prognostic
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value and clinical relevance of GILncSig were verified in GEO datasets and other urinary

tumors in TCGA dataset.

Conclusion: In conclusion, our study provided a new perspective for the role of
INcRNAs in genomic instability and revealed that genomic instability may mediate tumor
progression by affecting immunity. Besides, MNX1-AS1 played critical roles in promoting
the progression of ccRCC, which may be a potential therapeutic target. What is more,
the immune atlas of genomic instability was characterized by high expression of CTLA4,
GITR, TNFSF14, and Tregs, and low expression of ECs.

Keywords: genomic instability, IncRNAs, ccRCC, MNX1-AS1, immune atlas

HIGHLIGHTS

- Collectively, our study provided a new insight into the role
of genomic instability-derived IncRNAs in the progression
of ccRCC, which may mediate tumor progression by
affecting tumor immunity.

- A total of 148 novel genomic instability-derived IncRNAs in
ccRCC were identified, among which MNX1-AS1 played a
critical role in promoting the progression of ccRCC, which may
be a potential therapeutic target.

- The IL6/JAK/STAT3/SIGNALING pathway was considered as
a potential mechanism of genomic instability to influence
tumor progression. What is more, the immune atlas of genomic
instability was characterized by high expression of CTLA4,
GITR, TNFSF14, and Tregs, and low expression of endothelial
cells.

INTRODUCTION

Renal cell carcinoma (RCC), a malignant tumor originating from
the kidney epithelium, caused nearly 12,000 deaths annually
worldwide (Ljungberg et al, 2015). Its incidence has been
increasing in the past decade, comprising up to 2-3% of all
newly diagnosed tumor cases (Ljungberg et al, 2015). The
median survival time of patients with metastatic RCC was only
13 months, and the 5-year survival rate was less than 10% (Lin
et al., 2016). Although great development has been achieved
in screening, diagnosis, and various treatments, the clinical
outcomes of advanced RCC remained unsatisfied (Garcia and
Rini, 2007; Gulati and Vaishampayan, 2020). Therefore, in order
to provide a better treatment for clear cell RCC (ccRCC) patients,
it was urgent to obtain a deeper understanding of the progression
mechanism of ccRCC.

Genomic instability has been claimed as a hallmark of
cancer, which may serve as a prognostic marker of tumor
patients (Negrini et al., 2010). Moreover, the accumulation of
genomic instability was associated with malignant progression
and prognosis (Ottini et al., 2006). Although the molecular
basis of genomic instability remained blurry, previous findings
have revealed that genomic instability had strong relationships
with aberrant transcriptional and post-transcriptional regulation,
indicating that genomic instability may be measured by
molecular signature. Many studies have been conducted to

analyze the genomic instability signature in various cancers.
For instance, the 12-gene genomic instability signature was
defined by Habermann et al. (2009) to identify prognostic
subtypes of breast cancer. It should be noted that the
expansion of the biological understanding for non-coding RNAs
(ncRNAs) has revealed its important roles in the process
of tumorigenesis and progression. Meanwhile, the aberrant
expression of long non-coding RNAs (IncRNAs) may have an
impact on tumor progression or metastasis (Arun et al., 2016).
Therefore, a novel mutator hypothesis-derived computational
frame has been proposed, which combined IncRNA and
genomic instability for predicting the prognosis of the patient
(Bao et al., 2020).

Here, we described a genomic instability-derived
IncRNAs signature based on the mutator hypothesis derived
computational frame to predict the prognosis of ccRCC patients.
In addition, the mechanism of genomic instability-mediated
tumor progression was explored based on the IncRNA signature,
which may provide a new perspective on how genomic instability
influences the prognosis of ccRCC.

MATERIALS AND METHODS

Acquisition of Data

The transcriptome file, IncRNA expression matrix, and somatic
mutation information of patients with ccRCC were collected
from The Cancer Genome Atlas (TCGA) database', including 72
normal cases and 539 tumor cases. Meanwhile, corresponding
clinical data were also obtained (Table 1). Fourteen cases were
deleted due to lack of clinical information. All of the ccRCC
patients included in this study were clustered into two cohorts
according to the mutation characteristics, named GS-like group
and GU-like group separately (Supplementary Table 1). For the
purpose of establishing the prognostic model, the patients were
divided into two sets. The training set consisted of 264 patients,
which were used to identify prognostic IncRNA signatures and
build a prognostic risk model, and the testing set contained
261 patients, which were used to independently validate the
performance of the prognostic risk model (Table 1). Another two
independent ccRCC validation datasets [GSE73731 (Wei et al.,
2017) with 265 samples and GSE53757 (Herrem et al., 2005) with

'https://portal.gdc.cancer.gov/
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TABLE 1 | Clinical characteristics of included patients in the study.

Variables Total Training cohort Validation cohort
(n =525) (n = 264) (n = 261)
Age (year)
<65 347(66.1%) 174 (65.91%) 173 (66.28%)
>65 178 (33.9%) 90 (34.09%) 88 (33.72%)
Gender
FEMALE 182 (34.67%) 100 (37.88%) 82 (31.42%)
MALE 343 (65.33%) 164 (62.12%) 179 (68.58%)
Stage
| 261 (49.71%) 133 (60.38%) 128 (49.04%)
I 56 (10.67%) 31 (11.74%) 25 (9.58%)
I 123 (23.43%) 59 (22.35%) 64 (24.52%)
v 82 (15.62%) 40 (15.15%) 42 (16.09%)
Unknow 3 (0.57%) 1(0.38%) 2 (0.77%)
T stage
™ 267 (50.86%) 136 (51.52%) 131 (50.19%)
T2 68 (12.95%) 40 (15.15%) 28 (10.73%)
T3 179 (34.1%) 82 (31.06%) 97 (37.16%)
T4 11 (2.1%) 6 (2.27%) 5 (1.92%)
N stage
NO 237 (45.14%) 127 (48.11%) 110 (42.15%)
N1 16 (3.05%) 11 (4.17%) 5 (1.92%)
NX 272 (51.81%) 126 (47.73%) 146 (565.94%)
M stage
MO 417 (79.43%) 214 (81.06%) 203 (77.78%)
M1 78 (14.86%) 38 (14.39%) 40 (15.33%)
MX 28 (5.33%) 10 (8.79%) 18 (6.9%)
Unknow 2 (0.38%) 2 (0.76%) 0 (0%)
Grade
G1 13 (2.48%) 7 (2.65%) 6 (2.3%)
G2 226 (43.05%) 111 (42.05%) 115 (44.06%)
G3 204 (38.86%) 103 (39.02%) 101 (38.7%)
G4 74 (14.1%) 38 (14.39%) 36 (13.79%)
GX 5 (0.95%) 2 (0.76%) 3 (1.15%)
Unknow 3 (0.57%) 3 (1.14%) 0 (0%)

144 samples] and corresponding clinicopathological information
were obtained from the Gene Expression Omnibus (GEO)
database?.

Identification of Differential Expression
Genomic Instability-Derived Long
Non-coding RNAs

In order to identify genomic instability-derived IncRNAs, a
computational frame that was proposed in a previous study
was used in this research. This process can be divided into
five steps (Supplementary Figure 1): (i) the total number of
somatic mutations in each patient was calculated; (ii) patients
were ranked in decreasing order of the cumulative number of
somatic mutations and divided into four parts; (iii) the top 25%
of patients with the highest somatic mutations were defined
as the high mutation (HM) group, and the last 25% with the
lowest somatic mutations were defined as the low mutation (LM)
group; (iv) IncRNA expression matrix between the HM group
and the LM group was compared by using Wilcoxon test; (v)

Zhttps://www.ncbi.nlm.nih.gov/geo/

|LogFC| > 1.5and p < 0.05 were used as the criteria for screening
differentially expressed IncRNAs.

Gene Ontology, KEGG Pathway, and

Gene Set Enrichment Analysis

Pearson correlation coefficients (Pripp, 2018) were computed
to measure the correlation between the paired expression of
IncRNAs and mRNAs, and the top 10 mRNAs with the strongest
correlation with the paired IncRNAs were selected as the co-
expressed partners. In order to predict the potential functions of
IncRNAs, GO enrichment analysis was conducted to comprehend
the biological process and molecular function of the mRNAs,
while KEGG enrichment analysis was applied to identify potential
related biological pathways. Besides, gene set enrichment analysis
(GSEA) was performed in order to probe the biological pathways
associated with IncRNAs in genomic instability-derived IncRNA
signature (GILncSig).

Assessment of Immune Infiltrating Cells
CIBERSORT (Chen et al., 2018) was a deconvolution algorithm
that used 547 tag gene expression values to characterize the
composition of immune cells in tissues. In order to assess
the association between genomic instability and immunity, this
algorithm was applied to estimate the relative proportion of 22
immune infiltrating cells in ccRCC patients. We uploaded the
corrected transcriptome data to the CIBERSORT website’ and set
the algorithm to 1,000 rows. p < 0.05 was used as the criteria.

Assessment of Stromal Cells

The immune score and stromal score that contained all
stromal cells, including cancer-associated fibroblasts (CAFs),
endothelial cells (ECs), mesenchymal stem cells (MCSs), and
pericytes, were calculated by ESTIMATE algorithm (Yoshihara
et al, 2013). By uploading the corrected gene expression
data that were normalized by “limma” package to the EPIC
website*, we obtained the proportions of CAFs, MCSs, and ECs
in ccRCC patients.

Statistical Analysis

According to the genomic instability-derived IncRNAs that
were identified above, hierarchical cluster analysis was
performed using Euclidean distances. Genomic instability-
derived IncRNAs, which were significantly associated
with  survival, identified by wusing wunivariate cox
proportional hazard regression. For predicting the outcomes
of ccRCC patients, lasso regression analysis was performed
to estimate a GILncSig, which can be described as follows:

were

n
GILncSig (patients) = Z exp(In cRNAi)*coef(In cRNAi).
i=1
Exp (IncRNAI) represented the expression level of IncRNAi for

the patients, and coef (IncRNAi) represented the contribution of
IncRNAi to GILncSig, which was obtained from the regression

*http://cibersort.stanford.edu/
*http://epic.gfellerlab.org/
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coefficient of lasso regression analysis. The patients in the training
set were divided into a High-Risk group with high GILncSig
and a Low-Risk group with low GILncSig by using the median
scores calculated by the GILncSig model. The survival rate and
median survival for each prognostic risk group was calculated
by using the Kaplan-Meier method, and the log-rank test was
used to assess the difference in survival between two groups
with a criteria level of p < 0.05. Multivariate cox regression
was used to assess the independence of GILncSig compared
with other clinical factors like T, M, N, and Stage. Hazard
ratio (HR) and 95% confidence interval (CI) were calculated
by cox analysis. The credibility and predictive value of the
GILncSig were evaluated through a time-dependent receiver
operating characteristic (ROC) curve. Tumor mutation burden
(TMB; Goodman et al., 2017) was also calculated to evaluate
the correlation between GILncSig and genomic instability. In
addition, Wilcoxon test was used to assess the association
between the expression of IncRNAs in GILncSig and immune
microenvironment, while Pearson correlation coefficient was

applied to calculate the correlation between IncRNAs and
immune-related characteristics including immune checkpoints
(Dyck and Mills, 2017) and immune cells. All statistical analyses
were performed using R-version 3.6.0.

RESULTS

Identification of Genomic
Instability-Derived Long Non-coding
RNAs in Clear Cell Renal Cell Carcinoma

Patients

According to the cumulative numbers of somatic mutations in
each patient, the top 25% (n = 84) of the samples with the highest
somatic mutations were considered to be the HM group and
the last 25% (n = 84) of the samples with the lowest somatic
mutations were considered to be the LM group (Supplementary
Figure 1 and Supplementary Table 1). Through Wilcoxon test,
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148 novel genomic instability-derived IncRNAs in ¢ccRCC were
identified, including 126 down-regulated IncRNAs and 22 up-
regulated IncRNAs (Figure 1A and Supplementary Table 2).
By conducting unsupervised hierarchical clustering analysis, 539
ccRCC samples were clustered into two groups according to
the expression levels of the 148 differentially expressed IncRNAs
(Figure 1B and Supplementary Table 3). The group with higher
cumulative somatic mutations was defined as the GU-like group,
and the other group was defined as the GS-like group. The
somatic mutation counts, UBQLN4 and TMB, which were newly
identified as drivers of genomic instability (Dyck and Mills,
2017), were significantly differentially expressed between the two
groups (p < 0.05; Figure 1C). In order to predict the potential
functions of the identified IncRNAs, we calculated the Pearson
correlation coefficients between the paired IncRNAs and target
mRNAs (Supplementary Table 4). The top 10 protein coding
genes with the strongest correlation with the paired IncRNAs
were selected as the co-expressed partners. A IncRNA-mRNA
co-expression network was constructed where the nodes were
IncRNAs and mRNAs (Figure 1D). GO analysis revealed that
the GO terms of the mRNAs in this network were significantly
associated with immune-associated pathways including negative
regulation of cytokine secretion, negative regulation of immune

system process, regulation of WNT signaling pathway, negative
regulation of tumor necrosis factor superfamily cytokine
production, regulation of B-cell receptor signaling pathway, and
negative regulation of leukocyte activation. In addition, KEGG
analysis revealed that the prominent enriched pathways for
co-expression mRNAs were T-cell receptor signaling pathway,
WNT signaling pathway, B-cell receptor signaling pathway,
and signaling pathways regulating pluripotency of stem cells,
among others (Figure 1E). These pathways indicated that the
148 differentially expressed genomic instability-derived IncRNAs
had a strong correlation with immunity, which indicated that
genomic instability may mediate tumor progression through
immune mechanism.

Establishment and Evaluation of a
Genomic Instability-Derived Long
Non-coding RNAs Signature in the

Training and Validation Sets

In order to investigate the prognostic effects of these candidate
genomic instability-derived IncRNAs, 525 ccRCC patients from
the TCGA database combined with clinical information were
divided into the training set (n = 264) and the testing set

A Pvalue Hazard ratio ! B
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(n = 261; Table 1). Here, some cases were removed due to lack
of clinical information. Among the identified 148 differentially
expressed IncRNAs, 15 IncRNAs that had significant associations
with the prognosis of ccRCC patients were selected through
univariate cox regression analyses (p < 0.05; Figure 2A). Then,
lasso regression analysis was applied to construct a prognostic
model (Figures 2B,C). Finally, we got four IncRNAs (LINC02268,
MNX1-AS1, AC013391.3, and AC122710.3; Figure 2D). Then, a
GILncSig was constructed to assess the prognosis risk of ccRCC
patients based on the coefficients of lasso regression analysis
and the expression level of four independent prognostic genomic
instability-derived IncRNAs as follows:

GILncSig = (0.1225*MNX1 — AS1) + (0.0673*AC013391.3)
+ (0.7766*AC122710.3) + (0.3861*LINC02268) .

In addition, patients in the training group and validation group
were separated into different prognostic groups via the median
GILncSig score (0.074) as a threshold. The distribution of
somatic mutation counts and the expression level of UBQLN4
in ccRCC was displayed (Figures 2E,F). The results from the
K-M analysis indicated that high-risk patients had lower overall
survival than low-risk patients in both the training group and
the validation group (p < 0.05, Figures 3A-C). According to
group information, we observed that the higher counts of somatic
mutations and high TMB significantly corresponded with the
high-risk type while there was no significant difference in the
expression of UBQLN4 between the two groups (p < 0.05;
Figures 3D-F). Besides, four IncRNAs in GILncSig showed
significant correlation with TMB, which indicated that these
IncRNAs significantly related to genomic instability (p < 0.05,
Supplementary Figures 2A-D). The ROC curve prompted that
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FIGURE 3 | Identification of the predictive efficacy of the model. (A) Kaplan-Meier curves of overall survival of patients with low or high risk predicted by the
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TABLE 2 | Univariate and Multivariate cox regression analysis of the GILncSig and overall survival in different patient sets.

Variables Univariate analysis Multivariate analysis

HR 95% CI P-Value HR 95% CI P-Value
TCGA set (n =525)
Age 1.565 1.147-2.136 0.004 1.525 1.115-2.084 0.008
Gender 0.957 0.694-1.318 0.789
Grade 2.667 1.870-3.802 0.000 1.655 1.136-2.411 0.008
Stage 4.250 3.047-5.928 0.000 3.328 1.716-6.457 0.000
T 3.415 2.488-4.686 0.000 0.890 0.483-1.639 0.709
M 2.144 1.695-2.712 0.000 1.546 1.160-2.061 0.002
N 0.859 0.735-1.004 0.056
RiskScore 4.893 2.799-8.553 0.000 1.898 1.002-3.595 0.049
Train set (n = 264)
Age 1.537 0.995-2.374 0.052
Gender 1.155 0.741-1.799 0.5624
Grade 2.725 1.659-4.474 0.000 1.654 0.968-2.827 0.065
Stage 4.508 2.845-7.141 0.000 2.604 1.108-6.121 0.028
T 3.475 2.242-5.386 0.000 1.170 0.529-2.588 0.697
M 2.383 1.701-3.338 0.000 1.605 1.046-2.463 0.030
N 0.830 0.663-1.039 0.104
RiskScore 7.304 3.823-13.95 0.000 2.905 1.322-6.387 0.007
Test set (n = 261)
Age 1.575 1.009-2.460 0.045 1.518 0.963-2.392 0.071
Gender 0.7683 0.479-1.216 0.256
Grade 2.611 1.572-4.339 0.000 1.677 0.980-2.868 0.058
Stage 4.046 2.488-6.578 0.000 3.277 1.025-10.48 0.045
T 3.423 2.149-5.453 0.000 0.913 0.312-2.667 0.868
M 1.991 1.430-2.771 0.000 1.463 0.969-2.208 0.069
N 0.895 0.716-1.118 0.329
RiskScore 2.241 0.723-6.940 0.161

the GILncSig had dominant credibility and predictive value in the
training set (1-year os AUC = 0.758, 3-year os AUC = 0.680, and
5-year os AUC = 0.732; Figure 3G).

Independent Validation of Genomic
Instability-Derived Long Non-coding
RNAs Signature in the Clear Cell Renal
Cell Carcinoma Dataset With RNA-seq
Platform and the External Gene
Expression Omnibus Dataset With

Microarray Platform

In order to test the robustness of the GILncSig, the prognostic
performance of GILncSig was tested by the independent TCGA
testing set (n = 261) and the total TCGA validation set (n = 525).
By constructing univariate analysis, the HR of the High-Risk
group versus the Low-Risk group for overall survival in the whole
validation set was 4.893 (95% CI: 2.799-8.553, p < 0.05, Table 2).
To assess whether GILncSig was independent of other clinical
features, we divided the clinical information into different types,
including Age < 65 and Age > 65, FEMALE and MALE, G1-G2
and G3-G4, M0 and M1, NO and N1, Stage I-II and Stage III-
IV, and T1-2 and T3-4. We found that GILncSig can effectively

divide patients into high and low survival groups among patients
from different ages and stages, indicating independent predictive
power (Figures 4A-F). By constructing Kaplan-Meier analysis,
we found that all of these four IncRNAs were risk factors because
their high expression were associated with poor prognosis,
which corresponded to coefficients in GILncSig (Figure 5A).
To estimate the correlation between four IncRNAs and clinical
features, Wilcoxon test and Kruskal-Wallis test were involved.
When clinical traits had two characteristics, Wilcoxon test was
used to examine the correlation between the expression of the
these IncRNAs and clinical features, and Kruskal-Wallis test
was applied when the clinical features had more than two
characteristics. The result suggested that LINC02268, MNX1-
AS1, AC013391.3, and AC122710.3 were associated with the
progression of tumors where it showed significant correlation
with grade, stage, and T stage (p < 0.05, Figures 5B-E).

The Efficiency of Genomic
Instability-Derived Long Non-coding
RNAs Signature Was Better Than That of

the Single Mutation Gene
To evaluate the prognostic efficacy of GILncSig and high-
frequency mutation genes, we selected the top six most
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frequently mutated genes, including VHL, PBRMI, TTN,
SETD2, BAP1, and MTOR (Figure 6A). The result showed
that the proportion of patients with VHL and SETD2
mutations in the High-Risk group was significantly higher
than that in the Low-Risk group among the TCGA set
(Figure 6A). In the TCGA set, the proportion of High-Risk
group patients (58%) possessed significantly higher SETD2
mutations than the Low-Risk group (39%; p < 0.01). Similarly,
the proportion of High-Risk group patients (18%) possessed
significantly higher VHL mutations than the Low-Risk group

(7%; p < 0.01). This result indicated that GILncSig may
be a promising mutation marker. To further test whether
the efficiency of GILncSig was better than VHL and SETD2
mutation status, we combined the GILncSig information with
VHL and SETD2 mutation information. The TCGA set
was divided into four groups, including VHL Mutation/H-
GILncSig, VHL Mutation/L-GILncSig, VHL Wild/H-GILncSig,
and VHL Wild/I-GILncSig. The survival curves of four groups
demonstrated remarkable differences (p < 0.05, Figure 6B).
The patients with combined VHL Mutation/L-GILncSig had
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prognosis and the increasing level of clinical factors.

FIGURE 5 | Identification of the clinical characteristics and overall survival of genomic instability-derived INcRNAs in GILncSig. (A) Kaplan-Meier curves of overall
survival of MNX1-AS1, AC013391.3, AC122710.3, and LINC02268. (B) Boxplots of LINC02268 expression level in different clinical factors like Grade, T stage, and
Stage. The expression level of LINC02268 was significantly associated with poorer prognosis and the increasing level of clinical factors. (C) The expression level of
LINC02268 was significantly associated with poorer prognosis and the increasing level of clinical factors. (D) The expression level of AC013391.3 was significantly
associated with poorer prognosis and the increasing level of clinical factors. (E) The expression level of AC122710.3 was significantly associated with poorer

ge
Data source:TCGA Data source: TCGA

significantly higher overall survival rate than the patients
labeled VHL Mutation/H-GILncSig, while the patients with
combined VHL Wild/L-GILncSig had significantly higher overall
survival rate than the patients labeled VHL Wild/H-GILncSig.
With regard to SETD2, consistent results were obtained
(Figure 6C). Consequently, the GILncSig and the genomic
instability information had greater prognostic efficiency than
VHL or SETD2 mutation status alone.

Gene Set Enrichment Analysis

Uncovered That the
IL6/JAK/STAT3/SIGNALING Pathway

May Be a Potential Pathway for

Explaining How Genomic
Instability-Derived Long Non-coding

RNAs Affected Tumor Progression

To explore the biological function of IncRNAs (LINC02268,
MNX1-AS1, ACO013391.3, and ACI122710.3) and GILncSig
in the progression of ccRCC, we performed GSEA analysis

based on the TCGA cohort. Significant enrichment
pathways of these LncRNAs were presented, in which no

significant pathways were enriched by AC013391.3 and
AC122710.3 (Figure 7A). Enrichment result indicated that
the IL6/JAK/STAT3/SIGNALING pathway can be activated
by MNXI1-AS1, AC013391.3, AC122710.3, LINC02268, and
GILncSig, while only MNX1-AS1, LINC02268, and GILncSig
showed significant correlation (p < 0.05, Figure 7B). The
IL6/JAK/STAT3/SIGNALING pathway has been proved that it
was aberrantly hyperactivated in various types of cancer and had
a strong relationship with poor clinical prognosis. In the tumor
microenvironment, IL6/JAK/STAT3/SIGNALING played an
important role in promoting the proliferation and metastasis of
tumor while strongly inhibiting the antitumor immune response
(Johnson et al., 2018). Interestingly, this result indicated that
the IL6/JAK/STAT3/SIGNALING pathway may be a potential
pathway for explaining how genomic instability-derived IncRNAs
affected tumor progression.

Genomic Instability Had a Strong
Correlation With Checkpoints and

Immune-Associated Cells
For the purpose of analyzing whether genomic instability
promoted the progression of ccRCC through affecting immunity,
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which was indicated by the GSEA, GO, and KEGG results,
ESTIMATE algorithm was used to calculate immune scores,
ESTIMATE scores, stromal scores, and tumor purity. As shown
in Figure 8A, all of these scores displayed significant differences
between GS-like and GU-like groups. Specifically, immune
scores, ESTIMATE scores, and stromal scores shared the same
phenomenon that the scores in the GU-like group were notably
higher than those in the GS-like group, while tumor purity had
a completely opposite tendency. This result suggested that the
genomic instability may influence the prognosis of ccRCC by
disturbing the tumor microenvironment. Then, we calculated the
proportion of 22 types of immune infiltrating cells in ccRCC by
uploading the normalized transcriptome data to the CIBERSORT
website. Concretely, the proportion of follicular helper T cells,
regulatory T cells (Tregs), macrophage MO, and neutrophils in
the GU-like group were notably higher than those in the GS-
like group, while in the GU-like group, resting dendritic cells
and resting mast cells processed lower proportion than that in
the GS-like group (Figure 8B). To further verify the association
between genomic instability and immunity, we acquired the
proportion of immune cells including CAFs, ECs, MCSs, and
pericytes through the EPIC website. Wilcoxon test was employed
to assess the association between genomic instability and immune
cells. The result was consistent with previous findings that all
cells were significantly differently infiltrated between the GU-
like group and the GS-like group (Figure 8B). This phenomenon

suggested that the GS-like group had a more stable immune
microenvironment than the GU-like group. In addition, we
examined the expression of immune checkpoints in different
groups of ccRCC patients. Most of the checkpoints presented a
significant difference between the GS-like group and the GU-
like group, among which only BTN2A1 and OX40 showed lower
expression in the GU-like group while 21 other checkpoints,
namely CD272, CD226, CD27, CD28, CD40LG, CD70, B7-
1, B7-2, CD96, CTLA4, GAL9, PD-L2, PD-1, CD155, SIRPA,
TIGIT, GITR, CD137, TNESF14, OX40L, and CD137L, shared
higher expression in the GU-like group (Figure 8B). It was well
known that immune checkpoints (Bruni et al., 2020) promoted
tumor progression by suppressing the expression of immune
cells, which may explain the reason why the GU-like group
had worse survival rates than the GS-like group. Therefore,
all evidence suggested that genomic instability revealed poor
immune characteristics, and it may promote tumor progression.
As a result, GU-like group patients had significantly lower
overall survival rate than the GS-like patients, which verified the
previous assumptions.

Description of the Genomic

Instability-Derived Immune Atlas
For the purpose of identifying the immune characteristic of
genomic instability, Pearson correlation test was applied to
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calculate the correlation between genomic instability-derived
IncRNAs and immune-associated cells as well as immune
checkpoints. There were several immune-associated cells that
showed a strong relationship with genomic instability, where
Tregs had a significant positive correlation with genomic
instability and ECs had a significant negative correlation
with genomic instability. In addition, CTLA4, GITR, and
TNEFSF14 had a significant positive correlation with genomic
instability (p < 0.05, Figure 8C). A cross-platform validation
from GSE53757 and GSE73731 was involved to verify the
correlation between genomic instability and these immune
features, and the result was similar to the correlation in the
TCGA set (Figure 8C). Specifically, CTLA4, GITR, TNFSF14,
and Tregs showed higher expression in the GU-like group,
while ECs showed lower expression in the GU-like group
(Supplementary Figure 3). Finally, these results uncovered the
immune atlas of genomic instability and provided ideas for
subsequent immunotherapy.

The Practicability of the Genomic
Instability-Derived Long Non-coding
RNAs Signature Was Verified by Other

Urinary Tumors

For the purpose of verifying the broad applicability of GILncSig,
IncRNA expression matrix and paired clinical information of
patients with kidney renal papillary cell carcinoma (KIRP)
and prostate adenocarcinoma (PRAD) were collected from the
TCGA database. By using GILncSig, every patient’s GILncSig
score was calculated. The ROC curve prompted that the
GILncSig had dominant credibility and predictive value in the
KIRP set (1-year os AUC = 0.782; 3-year os AUC = 0.670;
Figure 9A). Meanwhile, the 1-year overall survival AUC of
PRAD patients was 0.94. The results from the K-M analysis
indicated that High-Risk patients had significantly lower overall
survival than Low-Risk patients in KIRP (p < 0.05; Figure 9A).
This result proved that GILncSig had wide practicability in
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FIGURE 8 | Identification of the characteristics of immune microenvironment and genomic instability and description of the immune atlas of genomic instability.
(A) Boxplot of the expression level of ImmuneScore, ESTIMATE, StromalScore, and TumorPurity in the GU-like group and GS-like group. The expression level of
ImmuneScore, ESTIMATE, and StromalScore in the GU-like group was significantly higher than that in the GS-like group. However, the expression level of
TumorPurity in the GU-like group was significantly lower than that in the GS-like group. (B) Boxplot of the expression level of immune-associated cells and immune
checkpoints in the GU-like group and GS-like group. (C) Correlation of immune cells and immune checkpoints with INcRNAs in TCGA samples and GEO samples.
Regulatory T cells (Tregs), CTLA4, GITR, and TNFSF14 had a significant positive correlation with genomic instability characteristics and endothelial cells had a
significant negative correlation with genomic instability characteristics.

urinary tumors. A cross-platform validation from GSE53757
was involved to verify the correlation between these IncRNAs
and clinical features, in which the higher expression of MNX1-
AS1 was significantly correlated with stage III-IV, which
showed the same tendency with the result in the TCGA set
(p < 0.05, Figure 9B). In conclusion, MNX1-AS1 may be a
potential biological marker promoting tumor progression by
affecting genomic instability. Moreover, GILncSig from KIRP
patients shared the same clinical relevance with that from
ccRCC patients (Figure 9B). The GILncSig scores increased
gradually with the progress of clinical stages and showed
significant differences.

DISCUSSION

With the development of scientific research, traditional
histopathological features (tumor size, stage, and grade) may not
satisfy the need for diagnosis and prognosis of ccRCC. Radical
nephrectomy has been proved to be a definitive treatment
for localized RCC, after which many patients may finally

experience progression or recurrence (Garcia and Rini, 2007;
Barata and Rini, 2017). Genomic instability has become the
focus in recent years, which may serve as a molecular target
in multiple tumors (Bartkova et al, 2005; Gorgoulis et al,
2005). In addition, IncRNAs, as novel biological markers,
have been applied in many cancers (Gupta et al., 2010; Arun
et al, 2016). However, many current studies were limited
to the effects of genomic instability and IncRNA on tumor
prognosis and ignore the potential mechanisms behind genomic
instability and IncRNA (Zeng et al., 2019; Bao et al., 2020).
Based on previous studies on IncRNA and genomic instability,
we explored the effects of genomic instability-derived IncRNAs
on tumor prognosis in depth and explored the potential
mechanisms through which genomic instability promoted the
progression of ccRCC.

In this study, we identified 148 novel genomic instability-
derived IncRNAs by combining the IncRNA expression profile
with the somatic mutation profile of ccRCC. By analyzing the
function of target genes of genomic instability-derived IncRNAs,
a majority of immune-associated pathways were enriched.
Immune response can inhibit and promote the development
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and progression of tumor lesions through a process called
immunoediting. Immunoediting during tumor progression was
considered to be a three-steps process: elimination, balance, and
escape. In the elimination stage, cancer cells can completely
elude immune surveillance by using immunosuppressive signals,
which promoted tumor growth and spread (Schreiber et al., 2011;
O’Donnell et al,, 2019). Consequently, genomic instability may
mediate tumor progression through immunoediting. Similarly,
Yang et al. developed a risk signature based on genomic
instability-related IncRNAs for prognosis prediction and drug
guidance in ccRCC. Their research provided new insights into
the role of genomic instability-derived IncRNAs in ccRCC. In
particular, in addition to the prognostic correlation, we paid more
attention to the impact of genomic instability-derived IncRNAs
on the immune microenvironment and provided targets for
immunotherapy (Mirgayazova et al.,, 2019).

We further investigated whether genomic instability-
derived IncRNAs can predict clinical outcomes and establish a
GILncSig, including four genomic instability-derived IncRNAs
(LINC02268, MNX1-AS1, AC013391.3, and AC122710.3). In
addition, the significant correlation between GILncSig and
tumor mutator phenotype, TMB, and UBQLN4 indicated that
GILncSig can serve as a good indicator of genomic instability.
Meanwhile, the practicability of the GILncSig was verified in
the ccRCC dataset, GEO dataset, and other urinary tumors
such as KIRP and PRAD. By performing clinical correlation
analysis, we found that all of these four IncRNAs were associated
with the progression of the tumor, which was consistent with

previous results. Quite especially, MNXI1-AS1 was verified
by external data as a driver of ccRCC progression. Previous
studies have found that MNX1-AS1 can be used as a prognostic
indicator for patients with gastric cancer. MNX1-AS1 activated
by TEAD4 can promote the GC process through EZH2/BTG2
and miR-6785-5p/BCL2 axes, suggesting that it was a novel
and effective therapeutic target for gastric cancer (Shuai et al.,
2020). Another study showed that MNX1-AS1 can promote the
progression of intrahepatic cholangiocarcinoma through c-myc
and Hippo pathways (Li J. et al., 2020). Therefore, current studies
have shown that MNX1-AS1 was involved in the occurrence and
development of a variety of malignant tumors (Chu et al., 2019;
Liu et al,, 2019; Li F. et al., 2020).

Through functional annotation and pathway enrichment
analysis, the mechanisms of genomic instability-derived IncRNAs
mediating ccRCC development were intuitively outlined. The
result suggested that these IncRNAs were enriched in many
different pathways, but IL6/JAK/STAT3/SIGNALING can be
enriched by all of these four IncRNAs and GILncSig. It has
been proved that the IL6/JAK/STAT3/SIGNALING pathway
was aberrantly hyperactivated in various types of cancer that
had a strong relationship with poor clinical prognosis. In the
tumor microenvironment, IL6/JAK/STAT3/SIGNALING played
an important role in promoting the proliferation and metastasis
of tumor while strongly inhibiting the antitumor immune
response (Johnson et al., 2018). IL-6 was produced by a variety
of cell types located in the tumor microenvironment, including
tumor-infiltrating immune cells, stromal cells, and tumor cells
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themselves (Walter et al., 2009; Nagasaki et al., 2014; Kumari
et al,, 2016). IL-6 directly acted on tumor cells and induced
the increasing expression of STAT3 target genes. The proteins
encoded by STAT3 target genes subsequently precipitated tumor
proliferation (such as cyclin D1, BCL-xL). STAT3 promoted IL6
gene expression and led to a feedforward autocrine feedback
loop. STATS3 also increased the expression of angiogenic factors,
such as VEGE matrix metalloproteinases, IL-10, and TGF-f
(Yu and Jove, 2004; Yu et al., 2009). To summarize, genomic
instability may enhance the progression and metastasis of ccRCC
through activating the IL6/JAK/STAT3/SIGNALING pathway
and suppressing immune response, which laid the foreshadowing
for the follow-up research.

For the purpose of analyzing whether genomic instability
promoted the progression of ccRCC through immunoediting,
ESTIMATE, stromal score, and tumor purity were used to
appraise the relationship between genomic instability and the
immune microenvironment. Interestingly, the result suggested
that the genomic instability may deteriorate the prognosis of
ccRCC by disturbing the tumor immune microenvironment.
Then, we acquired the proportion of immune cells and calculated
the relationship between immune cells and genomic instability.
The result suggested that the proportion of several immune
cells was significantly infiltrated including follicular helper T
cells, Tregs, macrophage MO, resting dendritic cells, resting
mast cells, and neutrophils. Meanwhile, all cells calculated
by the EPIC algorithm were differentially infiltrated between
the GU-like group and the GS-like group. In addition,
CTLA4, GITR, TNFSF14, and Tregs had a significant positive
correlation with genomic instability. This result indicated that
genomic instability portended poor immune characteristics and
a complex immune microenvironment, which may account for
the mechanism through which genomic instability promoted the
progression of ccRCC.

Though our study provided important insights into the
relationship between genome instability and the prognosis
of ccRCC, it still had some limitations that required further
study. For example, the mechanism by which genomic
instability affected tumor immunity remained unclear. The
specific mechanism needs further elucidation. However, our
research provided a vital approach and a new perspective
for the role of IncRNAs in genomic instability and revealed
potential mechanisms through which genomic instability affected
tumor progression.

CONCLUSION

Based on mutator hypothesis-derived computational frame,
a GILncSig was established as an independent prognostic
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