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Background: Epigenetic alterations driven by chromatin regulators (CRs) are well-recognized cancer
hallmarks. Growing evidence suggests that the imbalance of CRs may lead to the occurrence of various
diseases including tumors. However, the role and prognostic value of CRs in clear cell renal cell carcinoma
(ccRCC) remain undefined.

Methods: Consensus clustering analysis was used to identify different subtypes. Univariate and multivariate
Cox regression analysis were performed to identify prognosis-related CRs and constructed a risk model.
Transcriptome sequencing was used to verify gene expression levels. Kaplan-Meier survival analysis was used
to compare overall survival (OS) between high- and low-risk groups. The area under the curve (AUC) value
of the receiver operating characteristic (ROC) curve was used to evaluate the performance of the model. The
ESTIMATE algorithm and single-sample gene set enrichment analysis (ssGSEA) were executed to evaluate
the immune characteristics of samples. Correlation analysis was used to assess the relationship between risk
score and immune checkpoint genes, the relationship between expression levels of CRs and immune cell
infiltration and drug therapeutic response. Finally, we also compared differences in drug sensitivity between
low- and high-risk groups.

Results: We identified three CRs-related subtypes with different characteristics. A prognostic model
was built with four CRs and can precisely predict the OS of patients in different risk groups. The model
has good stability and applicability and was further verified in the internal and external dataset. The
transcriptomic levels of the four CRs were also validated, and the risk score was an independent prognostic
factor for ccRCC. Obvious differences in the immune microenvironment and the expression levels of
immune checkpoints were observed in low- and high-risk group. Higher immune activity and immune cell
infiltration were found in the high-risk group. Besides, the expression levels of CRs were associated with
drug therapeutic response. Patients with high-risk score may be more sensitive to gemcitabine, vinblastine,
paclitaxel, axitinib, sunitinib, and temsirolimus.

Conclusions: CRs were strongly associated with the occurrence and development of ccRCC. Targeting
CRs may become a new therapeutic strategy for ccRCC. Besides, CRs-related gene signature can predict
the prognosis and therapeutic significance of ccRCC, which provides an important reference for clinical

decision-making.
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Introduction

As a popular malignant tumor in urinary system, the
incidence of renal cell carcinoma (RCC) is increasing
year by year (1). Every year, there are approximately
431,000 new cases of RCC worldwide, resulting in more
than 179,000 deaths (2). Clear cell renal cell carcinoma
(ccRCCQC) is considered as the deadliest and the most
common histological type, accounting for more than
80% of RCC (3). The ccRCC has relatively specific
immunological features, including high immune infiltration
and low tumor mutational burden (TMB), resistance to
chemotherapy, and relative sensitivity to antiangiogenic
and immunotherapy (4). It is insensitive to conventional
chemotherapy and radiotherapy, and nephrectomy, targeted
therapy and immunotherapy are the main therapies for
ccRCC (5-7). However, about 30% of ccRCC patients
have distant metastases at the first diagnosis. Around
30-40% of patients with the early-stage or localized disease
even having undergone surgical resection will develop
metastatic recurrence during follow-up (8). Although
significant progress has been made in targeted therapy
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and immunotherapy, the overall survival (OS) is still not
satisfactory in advanced or metastatic patients (9). Low
response rates to immunotherapy also limit its therapeutic
efficacy (10). Considering the limitations of ¢ccRCC
treatment and bad prognosis of advanced patients, we need
to explore new therapeutic targets to improve the prognosis.

The continuous development of bioinformatics provides
convenience for exploring the biomarkers of tumors. Chen
et al. (11) found SPOCKI1 participates in the epithelial-
mesenchymal transition process and may be a potential
prognostic biomarker in ccRCC. Shao er a/. (12) found
that the down-regulation of ALDOB was closely related to
the clinicopathological features, poor prognosis, immune
infiltration and m6A modification of ccRCC patients
by integrating multiple public databases. Liao er al. (13)
established a survival and prognosis model system by
exploring immune-related genes, and provided an effective
prediction tool for the future. Zhou ez 4/. (14) not only used
data analysis, but also supplemented immunohistochemical
staining and cell line experiments, which proved that
high expression of CD73 contributes to poor prognosis
of ccRCC by promoting cell proliferation and migration.
These findings are good supplement to the study of ccRCC
biomarkers. Identifying novel biomarkers and exploring risk
prediction models to optimize treatment strategies remain
important tasks in precision medicine.

Epigenetic alterations are driven by chromatin regulators
(CRs), which are currently recognized hallmarks of
cancer (15). CRs have been shown to be the indispensable
upstream regulators of epigenetics (16). CRs play distinct
regulatory effect in epigenetics, which are commonly classified
into three types: DNA methylators, histone modifiers, and
chromatin remodelers (17-19). Previous research has shown
that the dysregulation of CRs is closely involved in many
biological processes, including inflammation, autophagy,
apoptosis, and proliferation (20-23). Further exploration
revealed that mutations and dysregulation of CRs
contribute to tumorigenesis, heterogeneity of tumor, and
drug resistance (24-28). CCCTC-binding factor (CTCF)
is a transcriptional regulator and uniquely participates in
regulation of epigenetic, including the regulation of cancer-
specific genes and cell cycle (29,30). Damaschke ez a/. (31)
found that dysregulation of chromodomain helicase DNA-

Transl Cancer Res 2024;13(1):150-172 | https://dx.doi.org/10.21037/tcr-23-1383



152

binding protein 8 (CHDS8) and CTCEF leads to abnormal
chromatin structure and epigenetic alterations in cancer-
related genes, ultimately leading to prostate cancer
progression and poor prognosis. Chromobox 7 (CBX7) is
considered as a tumor suppressor gene, which can inhibit
the progression of bladder cancer by down-regulating
AKRI1B10 and further inactivating ERK signaling (32).
Furthermore, high mRNA levels of CBX7 in ovarian
clear cell adenocarcinoma tissues usually indicate a bad
prognosis (33). Enhancer of zeste homolog 2 (EZH?2) is
a vital epigenetic regulator and EMT inducer, which was
found to be strongly associated with the metastasis of
multiple cancers (34). Zhang er al. (35) found that EZH?2
can promotes osteolytic metastasis of breast cancer through
regulating transforming growth factor beta (TGF)
signaling. Besides, the high expression levels of EZH2 were
also involved in invasiveness of prostate cancer, cutaneous
melanoma, and endometrial cancer and promotes disease
progression to the advanced stage (36-39). Expression of
HX family members is also thought to correlate with cancer
progression and survival time. Zinc fingers and homeoboxes
2 (ZHX2), a potent inhibitor of cyclins A and E expression,
can inhibit cell proliferation in hepatocellular carcinoma
(HCC) and reduce xenograft tumor growth in mice (40).
Decreased expression of zinc fingers and homeoboxes
1 (ZHX1) and zinc fingers and homeoboxes 3 (ZHX3) is
associated with advanced pathological stages and poor OS of
ccRCC (41). A variety of biological functions are controlled
by WD repeat domain 5 (WDRS5) via epigenetic regulation of
gene expression. It has been found that WDRS can promote
the tumorigenesis of oral squamous cell carcinoma (42) and is
closely related to the immune escape of pancreatic cancer (43).
These studies have demonstrated that CRs contribute to
tumorigenesis and progression.

Yet, only a few studies have been conducted on the
specific functions of CRs in ¢ccRCC. The role and
prognostic value of CRs in ccRCC remain unclear. We
speculate that CRs may play a tumor-promoting role
in ccRCC and is related to the prognosis of patients.
In this research, we investigated the expression profile
and the prognostic value of CRs in ccRCC based on
bioinformatics approaches, as well as its impacts on tumor
microenvironment (TME) and therapeutic response. This
provides new ideas and insights for predicting the prognosis
of ccRCC patients and developing possible treatment
strategies. We present this article in accordance with the
TRIPOD reporting checklist (available at https://tcr.
amegroups.com/article/view/10.21037/tcr-23-1383/rc).
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Methods
Data collection and processing

Transcriptome information and clinicopathological features
of 539 cases of ccRCC and 72 cases of normal renal tissues
were obtained from the Cancer Genome Atlas (TCGA)
database (https://portal.gdc.cancer.gov/repository). The
somatic mutation data of ccRCC can also be found in the
TCGA database. ArrayExpress database (https://www.ebi.
ac.uk/biostudies/arrayexpress) provides transcriptomic
and clinical information of the E-MTAB-1980 cohort
(101 ccRCC cases). A total of 870 CRs were obtained
from previously published research (16). In addition, we
obtained 318 tumor-associated transcription factors (TFs)
from the Cistrome cancer database (http://cistrome.org/
CistromeCancer/). The information of 507 ccRCC samples
was obtained after integrating CR transcriptional data and
survival information (survival time >30 days) in the TCGA
dataset. Then, a ratio of 7 to 3 was executed to stochastically
divide the patients into a training cohort and a testing
cohort. The flowchart of the study is shown in Figure SI.

Identification of differentially expressed CRs in ccRCC

The mNRA levels of all CRs were firstly extracted from
the TCGA dataset and the E-MTAB-1980 dataset, which
were normalized by R packages to reduce the effects of the
batch effect. The “limma” R package was then executed to
identify the differentially expressed CRs between ccRCC
and normal renal tissues in the TCGA dataset with the
set threshold was llog fold change (FC)| >1 and false
discovery rate (FDR) <0.001. Next, the same method was
performed to examine the differentially expressed TFs
between tumor and normal tissues. The protein-protein
interaction (PPI) network of these CRs was obtained via
the STRING database (https://cn.string-db.org/cgi/input).
Univariate Cox regression analysis was executed on CRs to
evaluate their prognostic value, and a prognostic network
was presented via the corresponding R package. The
correlation analysis was executed to establish a regulatory
network between prognosis-related CRs and differentially
expressed TFs (cor >0.6 and P value <0.001) and visualized
in Cytoscape.

Consensus clustering analysis of differentially expressed
CRs

We performed consensus cluster analysis through the
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R package “ConsensusClusterPlus” to identify different
subtypes according to the expression of differentially
expressed CRs. We think it is the best result when the
subtype number k=3. Subsequently, functional enrichment
analysis was used to investigate the biological function
differences of CRs in different subtypes, including Gene
Ontology (GO) analysis and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway analysis, and FDR <0.05
was considered to be meaningful results.

Association of CR-related subtypes with prognosis and
clinicopathological features

We compared the differences of clinical features and
prognosis among different subtypes to judge the clinical
value of CR-related subtypes derived from consensus
clustering analysis. The clinical characteristics of patients
included survival status, gender, age, Tumor Node
Metastasis (TNM) stage, grade, and the American Joint
Committee on Cancer (AJCC) stage. The differences in
OS and progression-free survival (PFS) among different
subtypes were examined by the Kaplan-Meier curves.

Construction and validation of a CR-related prognostic
model

We executed multivariate Cox regression analysis on
the prognosis-related CRs obtained by above analysis to
distinguish independent prognostic factors. Then, a risk
prognostic model was built in training cohort. Using the
following formula to count patient’s risk score:

Risk score = Y (CixEi) (1]

where Ci represented the risk coefficient and Ei represented
mRNA levels of each gene. Patients in the training cohort
were divided into low- and high-risk group on the basis of
the median value of risk score. The difference in prognosis
between two groups was compared by Kaplan-Meier curves
produced by survival analysis. The efficiency of the model
was judged according to the area under the curve (AUC)
values corresponding to the receiver operating characteristic
(ROC) curves. On the basis of the “ggplot2” R package, we
performed the T-distributed stochastic neighbor embedding
(t-SNE) analysis to determine the ability of the model
to discriminate patients in different groups. The testing
cohort, TCGA entire cohort, and E-MTAB-1980 external
cohort were as validation datasets to further confirm the

predictive capability of the model.
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Clinical correlation, independent prognostic analysis and
stratification analysis of the model

Chi-squared test was executed to assess the correlation
between clinical features and risk score, including patient’s
age, gender, T stage, M stage, grade, and AJCC stage.
Univariate and multivariate Cox risk regression analyses
were subsequently used to evaluate the impact of clinical
characteristics and risk score on ccRCC. Besides, we
conducted a stratification analysis to assess whether the
model maintained predictive performance in different
clinical subgroups.

TME and immune checkpoints

We calculated the TME scores for all samples through
the ESTIMATE algorithm to assess the difference in the
TME between two groups. The CIBERSORT algorithm
was executed to quantify the infiltrating levels of 22 human
immune cells in ¢ccRCC samples. Then, correlation test
was performed to evaluate the relevance between risk score
and immune cells. The single-sample gene set enrichment
analysis (ssGSEA) was run to estimate the infiltration
fraction of 16 immune cells and the activity of 13 immune-
related pathways among two groups. Furthermore, the
expression levels of common immune checkpoint between
two groups were also analyzed in this study.

Gene Set Enrvichment Analysis (GSEA)

GSEA was run based on the gene set c2.cp.kegg.
v7.4.symbols.gmt derived from the MSigDB database
(http://www.broad.mit.edu/gsea/msigdb/, c2.cp.kegg.
v7.4.symbols.gmt) to further explore the potential
molecular mechanism of the difference between two group.
FDR <0.25 and P values <0.05 were considered a significant
enrichment criterion.

Somatic mutation and drug sensitivity analysis

We used the waterfall diagram generated by the “maftools”
R package to evaluate the frequency of somatic mutations
between two groups. We downloaded the NCI-60 data
from the CellMiner platform (https://discover.nci.nih.gov/
cellminer/home.do), including the efficacy of common
anticancer drugs and gene expression information of
cancer cells. Correlation test was carried out to evaluate
the relationship between the expression levels of CRs and
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therapeutic response. The semi-inhibitory concentration
(IC50) values of drugs were estimated via the “pRRophetic”
R package for exploring the difference in sensitivity to
common anticancer drugs among two groups, and P value
<0.05 was considered statistically significant.

Tissue samples and transcriptome sequencing

A total of 18 tumor samples and 6 paracancerous
samples were collected from 6 ccRCC patients treated at
Guangdong Provincial People’s Hospital, and the specimens
were cryopreserved in liquid nitrogen for subsequent
transcriptome sequencing. The pathology of the patient’s
postoperative tumor specimen was reviewed and determined
to be ccRCC by two independent pathologists. According
to the manufacturer’s agreement, transcriptome sequencing
was performed for each case of ccRCC tissue and matched
with paracancerous samples. The study was conducted in
accordance with the Declaration of Helsinki (as revised in
2013). The study was approved by the Ethics Committee of
Guangdong Provincial People’s Hospital (IRB number: KY-
7-2021-657-01) and informed consent was obtained from
all individual participants.

Statistical analysis

The Wilcoxon test was conducted to compare the
differences between two groups. The Chi-squared test
was run for the comparison of categorical variables. All R
packages and statistical analysis methods were execucating
that CRs may p0.4). All the results of statistical analyses are
two-sided, the AUC values of the model greater than 0.5
and P value less than 0.05 was considered to be meaningful
results.

Results
Differentially expressed CRs in ccRCC

A total of 89 differentially expressed CRs were identified
in the TCGA-KIRC dataset compared to normal tissue,
including 58 up-regulated CRs and 31 down-regulated
CRs. Figure 1A4,1B shows their expression heatmap and
volcano plot. In order to analyze the interaction of these
CRs, we used the STRING database to set the lowest
interaction score to 0.9 (the highest confidence), and
finally obtained their PPI network excepting isolated genes

© Translational Cancer Research. All rights reserved.
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(Figure 1C). Based on these dysregulated CRs, we executed a
univariate Cox prognostic analysis to assess their predictive
value (Figure 1D). The prognostic network showed
more intuitively correlation among these CRs and their
relationship with prognosis (Figure 1E). In addition, we also
identified 60 differentially expressed TFs in normal kidney
tissue and ccRCC (Figure 1F). The interaction between
TFs and genes is an important way to regulate gene
transcription. In tumor tissue, their regulatory relationship
may undergo major changes. So, we constructed a network
of possible regulatory relationships between CRs and TFs
(Figure 1G), which provides possible predictions for further
research on the mechanisms of CRs and tumorigenesis or
inhibition.

CR-related subtypes in ccRCC

To investigate the correlation between different subtypes
and expression levels of CRs, we performed the consensus
clustering analysis on differentially expressed CRs using
the “ConsensusClusterPlus” R package. We think it is the
best classification subtypes when the subtype number k=3,
and finally determine three CR-related subtypes (C1, C2,
and C3) (Figure 2A4-2C). Kaplan-Meier survival curve was
utilized for comparing the survival differences among three
subtypes. The results showed the strong differences in OS
and PFS among the three subtypes. The subtype C3 had
the best prognosis, followed by subtype C1, and subtype
C2 had the worst prognosis (Figure 2D,2E, P<0.001). The
obvious differences were also found in survival status,
TNM stage, grade, and AJCC stage among three subtypes
(P<0.001), but meaningless difference in age (Figure 2F).
Specifically, subtype C2 was more common in men and
had bad grade, AJCC stage, and TINM stage. The patients
with subtype C2 showed high expression of CRs as a whole,
and the proportion of deaths was the highest, indicating
that CRs are strongly involved in the tumorigenesis and
prognosis of ccRCC. In addition, we further excavated the
biological function differences of CRs in different subtypes
through functional enrichment analysis. Immune-related
biological processes were discovered by GO enrichment
analysis, such as B cell-mediated immunity, complement
activation, lymphocyte-mediated immunity, etc. (Figure 2G).
KEGG enrichment analysis showed significant enrichment
in pathways such as cytokine-cytokine receptor interaction,
protein digestion and absorption, cell cycle, p53 signaling
pathway etc. (Figure 2H).
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Figure 1 Identification of differentially expressed CRs in ccRCC. (A,B) The expression heatmap and volcano plot of 89 differentially

expressed CRs. Red dots indicate genes whose expression is up-regulated, green dots indicate genes whose expression is down-regulated,

and black dots indicate genes whose expression is not significantly different. (C) The PPI network of differentially expressed CRs. (D) The

result of univariate Cox prognostic analysis on differentially expressed CRs. (E) The prognostic network of 33 CRs. The line connecting

the CRs represents their interaction, blue and pink represent negative and positive correlations, respectively. (F) The expression heatmap of
60 differentially expressed TFs. (G) The regulatory network of TFs and CRs. **, P<0.01; ***, P<0.001. FDR, false discovery rate; FC, fold

change; CI, confidence interval; CRs, chromatin regulators; ccRCC, clear cell renal cell carcinoma; PPI, protein-protein interaction; TFs,

transcription factors.

A CR-related prognostic model

Multivariate Cox regression analysis was performed
on prognosis-related CRs to judge their independent

prognostic value for the prognosis of ccRCC patients.
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Finally, four CRs with independent prognostic value,
including TTK, L3MBTLI, glycine-N-acyltransferase-like
1 (GLYATL1) and TOX3, were identified for predicting
OS, and a risk prognostic model was established in the
training cohort. Among them, TTK and L3MBTLI were
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biological process; CC, cellular component; MF, molecular function.
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Figure 3 Construction of a CR-related prognostic model. (A) The four CRs with independent prognostic value were identified. (B) Kaplan-
Meier survival curves for OS of patients with ccRCC between the low- and high-risk group. (C) The ROC curves of 1-, 3-; and 5-year
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regulator; OS, overall survival; ccRCC, clear cell renal cell carcinoma; ROC, receiver operating characteristic.

identified as risk genes, and GLYATLI1 and TOX3 were
identified as favorable genes (Figure 34).

Risk score = (1.101x TTK mRNA ) +(0.976 x L3IMBTL1 mRNA ) +

(—0‘201>< GLYATLA mRNA)+(-0.627xTOX3 mRNA) [2]

The patients with high-risk score had a poor OS
according to Kaplan-Meier survival analysis (Figure 3B,
P<0.001). The AUC value of the risk prognostic model at
1-, 3-, and 5-year were 0.730, 0.681, and 0.763, respectively,
revealing its excellent prediction performance (Figure
3C). Furthermore, the survival time of patients decreased
and death rate increased significantly with the risk score
increased, indicating the negative correlation between

© Translational Cancer Research. All rights reserved.

prognosis and risk score (Figure 3D,3E). The result of the
t-SNE analysis showed the good ability of the model to
distinguish patients with different risks (Figure 3F).

Validation of the prognostic model

We validated the risk prognostic model in the testing
cohort, TCGA entire cohort, and E-MTAB-1980 external
cohort. Survival analysis showed that patients with high-risk
score had shorter OS in testing cohort and TCGA entire
cohort, compared to patients with low-risk score (Figure
4A4,4B, P<0.001). In testing cohort, the AUC value of the
ROC curve of the prognostic model at 1-, 3-, and 5-year

Transl Cancer Res 2024;13(1):150-172 | https://dx.doi.org/10.21037/tcr-23-1383
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Figure 4 Validation of the prognostic model in internal and external cohorts. (A,B) The Kaplan-Meier survival curves of the two groups
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were 0.700, 0.758, and 0.721, respectively (Figure 4C). In
TCGA entire cohort, the AUC value of the prognostic
model at 1-, 3-, and 5-year were 0.717, 0.705, and 0.754,
respectively (Figure 4D). Besides, consistent with the results
of TCGA cohort, patients with high-risk score also had
poor OS in E-MTAB-1980 external cohort (Figure 4E,

© Translational Cancer Research. All rights reserved.

P<0.001). The AUC value of the model for predicting OS
at l-year, 3-year, and 5-year were 0.866, 0.857, and 0.829,
respectively, showing its excellent predictive performance
(Figure 4F). The risk distribution curves of the three cohorts
also revealed the negative correlation of risk score and
prognosis (Figure 4G-41). These data reveal the accuracy of
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Genome Atlas.

the risk prognostic model for predicting the prognosis of
ccRCC patients.

Validation of the mRNA levels of four CRs

We validated the mRNA levels of four CRs by high-
throughput sequencing of 18 tumor samples and 6
paracancerous samples collected. The Figure 5A-5D shows
the mRNA levels of the four CRs in TCGA dataset. The
same results were observed in sequencing data, TTK
and L3MBTL1 were highly expressed in ¢ccRCC, and
GLYATLI and TOX3 were lowly expressed in ccRCC
(Figure SE-5H).

Risk score was an independent prognostic factor for ccRCC

To estimate the independent prognostic value of the
risk score constructed by the four CRs, univariate and
multivariate Cox regression analyses were carried out.
The results showed that patient’s age, grade, AJCC stage,
T stage, M stage, and risk score were independent factors
for poor survival in ccRCC (Figure 64, P<0.001). Age,
grade, AJCC stage and risk score were still considered

© Translational Cancer Research. All rights reserved.

as independent prognostic indicators for ccRCC after
removing interference between confounding factors
using multivariate Cox regression analysis (Figure 6B,
P<0.01). In addition, we also obtained consistent results in
E-MTAB-1980 external cohort (Figure 6C,6D, P<0.001).
These results suggest that the risk score constructed by four
CRs was an independent prognostic risk factor for ccRCC.

Relationship between prognostic model and clinical features

To evaluate the effect of risk score on clinical features, we
used Chi-square test to judge whether the gene signature
based on four CRs was related to the tumorigenesis
and progress of ccRCC. Obvious differences in gender
(P<0.01), grade (P<0.001), AJCC stage (P<0.001), T stage
(P<0.001), and M stage (P<0.001) between high- and low-
risk groups were found, but insignificant difference in age
(Figure 7A4). Specifically, high-risk score was related
to terminal grade, T stage, M stage, and AJCC stage.
Male patients also had higher risk score than female
patients (Figure 7B). Furthermore, stratification analysis
demonstrated that compared with low-risk group, patients
with high-risk score had a significantly poorer OS in all

Transl Cancer Res 2024;13(1):150-172 | https://dx.doi.org/10.21037/tcr-23-1383
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subgroups except those age >65 years (Figure §). These
results showed good applicability and reliable prediction
value of the risk model.

Functional envichment analysis and immune
characteristics between low-and bigh-risk groups

The results of GSEA showed that alpha linolenic acid
metabolism, NOD-like receptor signaling pathway, primary
immunodeficiency, chemokine signaling pathway, cytokine-
cytokine receptor interaction, systemic lupus erythematosus,
and taste transduction were significantly enriched in the
high-risk group, while oxidative phosphorylation, fatty acid
metabolism, PPAR signaling pathway, drug metabolism
cytochrome p450, retinol metabolism, tight junction, valine
leucine, and isoleucine degradation were majorly enriched
in the low-risk group (Figure 94,9B). The results of the
ESTIMATE algorithm revealed significant difference
in TME score between two groups, and high-risk group

© Translational Cancer Research. All rights reserved.

had higher immune score and stromal score (Figure 9C).
Correlation analysis showed that the four CRs used to
construct the model were closely related to most immune
cells (Figure 9D). The results of the ssGSEA showed
higher levels of immune cell infiltration in the high-risk
group, especially CD8" T cells, macrophages, plasmacytoid
dendritic cells (pDCs), regulatory T cells (Treg), tumor
infiltrating lymphocytes (TIL), T helper cells, T follicular
helper cells (Tth), Thl cells, and Th2 cells (Figure 9E).
Moreover, higher immune activity was also found in the
high-risk group. Except for the type II interferon response,
the activity of other nine kind immune pathways was higher
in the high-risk group (Figure 9F). Finally, we compared
the expression levels of common immune checkpoint genes
among the two groups. Thirty-six immune checkpoints
were differentially expressed between low- and high-risk
group. And most of them were up-expressed in the high-
risk group, including CTLA-4, LAG3, PD-1, PD-L1, etc.
(Figure 9G).
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Figure 8 The Kaplan-Meier survival curves of OS differences stratified by age, gender, grade, AJCC stage, T stage, and M stage between
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Figure 9 Functional enrichment analysis and immune characteristics between low- and high-risk groups. (A,B) The results of GSEA

between the two groups. (C) Obvious difference in TME score between the two groups were observed according to the ESTIMATE

algorithm. (D) The four CRs used to construct the model were closely related to most immune cells. (E,F) The differences in infiltration

fractions of 16 human immune cells and the activity of 13 immune-related pathways between the two groups. (G) There were differences in

the expression levels of 36 immune checkpoint genes between two groups. *, P<0.05; **, P<0.01; ***, P<0.001. KEGG, Kyoto Encyclopedia

of Genes and Genomes; TME, tumor microenvironment; aDCs, activated dendritic cells; DCs, dendritic cells; iDC, immature dendritic cell;

NK, natural killer; pDCs, plasmacytoid dendritic cells; Tth, T follicular helper cells; TIL, tumor infiltrating lymphocytes; Treg, regulatory

T cells; APC, antigen-presenting cells; CCR, C-C chemokine receptor; HLA, human leukocyte antigen; MHC, major histocompatibility

complex; IFN; interferon; GSEA, Gene Set Enrichment Analysis; CRs, chromatin regulators.
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Figure 10 The waterfall diagram of the top 20 genes with the highest frequency of somatic mutation in the low- and high-risk group.
(A) Distribution of somatic mutations in the high-risk group. (B) Distribution of somatic mutations in the low-risk group. TMB, tumor

mutation burden.

Somatic mutation

Gene mutations is considered to be a vital factor in
tumorigenesis and progression. Therefore, we analyzed
the somatic mutation status among two groups. Figure 10
shows the top 20 genes with the highest frequency of
somatic mutation in two groups. Our results showed that
missense mutation was the most popular type of somatic
mutation in ccRCC, followed by frameshift deletion and
nonsense mutation. The largest differences in mutations
between groups were in VHL mutations, BAP1 mutations,
and KDM5C mutations. Specifically, BAP1 mutations and
KDMS5C mutations were usual in the high-risk group (13%
vs. 7%; 9% wvs. 3%), while VHL mutations were popular in
the low-risk group (45% vs. 39%).

Therapeutic response and drug sensitivity analysis

To improve the clinical value of CRs, we conducted a
correlation analysis after acquiring and integrating data
from the CellMiner platform (Figure 11). Cancer cells
with higher mRNA levels of TTK may be more sensitive
to nelarabine, but they may be associated with increased
resistance to mithramycin. Higher expression levels of
TOX3, cancer cells are more sensitive to LOXO-101,
but they may be associated with increased resistance
to pazopanib. Cancer cells with higher expression of
GLYATL1 may be more sensitive to erlotinib, but it may

© Translational Cancer Research. All rights reserved.

be associated with increased resistance to vinorelbine and
vinblastine. To improve the efficiency of clinical decision-
making, we analyzed the drug sensitivity of two groups to
common anticancer drugs. Higher IC50 values of lapatinib,
AKT inhibitor VIII, and HER2 kinase inhibitor are
observed in the high-risk group, suggesting patients with
low-risk score were more sensitive to these drugs. While
the IC50 values of vinblastine, gemcitabine, paclitaxel,
axitinib, sunitinib, and temsirolimus were higher in the low-
risk group, indicating patients with high-risk score may be
more sensitive to these drugs (Figure 12).

Construction of a nomogram

In order to promote the clinical application of the risk
model, we built a nomogram based on risk score and
the patient’s age, grade and AJCC stage. It contains four
prognostic indicators, which can be better used to assess the
survival probability of individuals in clinic (Figure 134). The
satisfied consistency between predicted and actual survival
of patients can be observed from the calibration curve of the
nomogram, confirming the superior predictive ability of the
nomogram (Figure 13B).

Discussion

The ccRCC is a relatively special tumor. Unlike most
tumors, its epigenetic regulators are frequently mutated

Transl Cancer Res 2024;13(1):150-172 | https://dx.doi.org/10.21037/tcr-23-1383
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Figure 11 Correlation of CRs expressions with therapeutic response. CRs, chromatin regulators.

(such as SETD2, PBRM1I, and BAP1), while gene pathways
mutations in other common cancers (such as RAS, BRAF,
and TP53) are largely absent (44-47). Previous studies (48)
have demonstrated that inactivation of the VHL is a tumor-
initiating incident in ccRCC, while the epigenetic expansion
of VHL-HIF signaling output was considered to be a key
link in driving multiple organ metastasis in RCC (49). These
evidences suggest that epigenetic alterations are strongly
related to the tumorigenesis and progression of ccRCC.
However, how CRs drive epigenetic alterations function in
ccRCC and their impacts on prognosis remain unclear.

In this research, we firstly identified 89 differentially

© Translational Cancer Research. All rights reserved.

expressed CRs between ccRCC and normal renal tissue
in TCGA database and constructed their PPI network.
Among them, TTK, TOP2A, BUB1, AURKB, and PBK
are at the core of the network. At the same time, we also
identified 60 differentially expressed TFs, and constructed
a regulatory network between TFs and CRs. Thirty-three
CRs were related with the prognosis of ccRCC, indicating
that CRs may play a vital effect in tumorigenesis and
progression of ccRCC. Based on 89 differentially expressed
CRs, we executed an unsupervised clustering analysis of
ccRCC patients in TCGA dataset and finally identified
three subtypes. Obvious differences in CRs expression,
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Figure 12 Differences in drug sensitivity between low- and high-risk group.

OS, PFS, and clinical features among the three subtypes
were found. Compared with the other two subtypes, the
overall expression of CRs in patients with subtype C2
was higher, while OS and PFS were shorter. In addition,
subtype C2 was more common in men and was associated
with poor histological grade, AJCC stage and TNM
stage. Functional enrichment analysis was conducted to

© Translational Cancer Research. All rights reserved.

further research on the biological function differences of
CRs in different subtypes. We discovered some immune-
related biological processes and cancer-related signaling
pathways, such as lymphocyte-mediated immunity, B cell-
mediated immunity, complement activation; cytokine-
cytokine receptor interaction, cell cycle, p53 signaling
pathway, etc. The immune effects mediated by immune
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Figure 13 Construction of a nomogram for predicting survival. (A) A nomogram combining the clinical features and risk score was

constructed to predict 1-, 3-, and 5-year OS. (B) The calibration curve of the nomogram showed excellent consistency between the actual

and predicted survival of the patients. OS, overall survival.

cells can affect the progression of tumor. Li et al. (50)
found that B cells recruited by tumor can significantly
increase the invasive and metastatic ability of RCC. Ou
et al. (51) found that regulation of IL-8 by B cells in
the TME through mediated immune effects increased
bladder cancer metastasis. In addition, inflammatory
cytokines mediated by B cells were strongly associated with
progression of colorectal cancer (52). P53 is mainly involved
in biological processes such as cell cycle arrest, senescence,
DNA repair, apoptosis, etc. In recent years, researchers have
found that p53 is also involved in many other pathways,
such as autophagy, cellular metabolism, ferroptosis, and
pathways in metabolism of reactive oxygen species (53). The
dysregulation of p53 signaling pathway and cell cycle may
lead to the occurrence of many diseases including tumors.
These evidences indicate that these biological processes

© Translational Cancer Research. All rights reserved.

and related pathways identified from CR-related subtypes
are of great significance, revealing the possible potential
mechanisms of CRs in the occurrence and progression of
ccRCC.

Subsequently, we identified four CRs (T'TK, L3MBTLI,
GLYATL, and TOX3) with independent prognostic value
by performing a multivariate Cox regression analysis. We
successfully constructed a risk prognostic model using
these four CRs. Survival curves and ROC curves showed
the excellent predictive performance of the model and the
model was validated in internal and external datasets. TTK
is essential for the regulation of mitosis and chromosome
attachment (54). It has been reported that TTK contributes
greatly to the tumorigenesis and progression of many
tumors (55-57). Zhang et al. (58) reported that TTK

promoted cancer cell proliferation in colon cancer by
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activating PKCa/ERK1/2 pathway and inhibited tumor
differentiation by inactivating PI3K/Akt pathway. Huang
et al. (54) reported that TTK can regulate cancer cells’
apoptosis and proliferation by the Akt-mTOR signaling
pathway in gastric cancer and silence of T'TK inhibits tumor
cell proliferation and increases apoptosis. Another study also
showed that TTK can activate the Akt-mTOR signaling
pathway in a p53-dependent manner, thereby promoting
the proliferation and migration of hepatoma cells (59).
Furthermore, Liu et a/. (60) found that highly expressed
in ccRCC tissues, TTK can promote tumor growth and
metastasis via inducing cell proliferation and invasion. In
mammals, L3MBTLI1 was shown to be a transcriptional
repressor and a suspected tumor suppressor gene (61).
L3MBTLI interacts with Tel/Etv6 and participates in the
regulation of hematopoiesis in adults (62). L3AMBTL may be
the key gene of q12 deletion on chromosome 20 in human
myeloid malignant tumors (63). However, no mutation of
L3MBTL has been identified in patients with 20q deletion
or in patients with normal cytogenetics (64). Gurvich
et al. (65) suggested that 20q(-) hematopoietic malignancies
develop as a result of replication stress and DNA damage
caused by loss of L3MBTLI expression. Highly expressed
in breast cancer, L3MBTLI was related to low histological
grade and hormone receptor positivity, which contributes to
good prognosis (61). GLYATL1, a member of the GLYATL
gene family, is located in mitochondria and encodes an
enzyme involved in catalyzing aryl acetyl transfer (66).
Studies have shown that GLYATLI is involved in many
physiological metabolism, but is also associated with
tumors. Guan ez 4l. (67) found that high levels of promoter
methylation of the GLYATL1 may silence the expression of
GLYATL1, which leads to the occurrence of hepatocellular
cancer and poor OS. Another research reported that
GLYATL1 was up-expressed in primary prostate cancer and
was regulated by the ETS TF ETVI (68). As a member
of the TOX gene family, TOX3 is abnormally expressed
or mutated in malignant tumors. The TOX3 expression
in mammary epithelial cell progenitors may lead to
tumorigenesis of breast cancer (69). The up-regulation of
TOX3 was observably related to the PFS and OS of lung
adenocarcinoma (70). Besides, TOX3 is also considered to
be a tumor suppressor gene, and the up-expressed of TOX3
inhibits the migration and invasion of ccRCC (71). This
evidence suggests that the four CRs we identified may be
potential therapeutic targets for many tumors, including
ccRCC. Interestingly, we verified the expression level of
the four CRs by high-throughput sequencing of tumor
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specimens. The results of univariate and multivariate Cox
analyses also demonstrated that risk score constructed by
four CRs can independently predict survival outcomes in
ccRCC.

More and more evidences show the importance of TME
in tumorigenesis, development and metastasis. Our findings
revealed a momentous difference in TME between low- and
high-risk group. Patients with high-risk score had higher
immune score and stromal score, indicating higher levels of
immune cells and stromal cells. The results of the ssGSEA
demonstrated that patients with high-risk score generally had
higher levels of immune cell infiltration and immune pathway
activity, which was similar to known research (72). However,
the high-risk group had a worse prognosis, indicating the
complexity of the microenvironment in ¢ccRCC. On the
one hand, ccRCC may have a special immunophenotype.
Although it possesses many immune cells, these cells
cannot penetrate into the tumor cell nucleus, but are
confined to the peripheral stroma of the tumor cell (73).
On the other hand, immune cells in the microenvironment
can be induced by various signaling pathways to become
dysfunctional (74-76). Based on the above reasons, immune
cells cannot exert the effect of killing tumors. The result
of correlation analysis showed that the four CRs used
to construct the model were obviously associated with
most immune cells. In addition, we also observed that 36
immune checkpoints were differently expressed between
two groups, including CTLA-4, LAG3, PD-1 and PD-
L1, etc. Thus, we speculate it may also be a vital factor for
the bad prognosis of high-risk group. Some new researches
reported the interaction between cancer cell metabolism
and immune cell metabolism can regulate anti-tumor
immunity and affect the efficacy of immunotherapy (77).
One of the characteristics of ccRCC is the mutation of
target genes involved in metabolic pathways (78), thereby
exhibiting distinct metabolic patterns. We found that
CR-based gene signatures were enriched in cancer and
metabolic-related pathways, such as NOD-like receptor
signaling pathway, PPAR signaling pathway, chemokine
signaling pathway; alpha linolenic acid metabolism, drug
metabolism cytochrome p450, fatty acid metabolism,
oxidative phosphorylation, valine leucine, and isoleucine
degradation. Based on the above evidence, we speculate that
CRs may decide tumor progression by affecting the immune
signature and metabolic pattern of the TME. This suggests
that targeting CRs may regulate the TME, enhance the
efficacy of immunotherapy, and become a new therapeutic
strategy.
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To improve the value of CR-related prognostic model
in clinical decision-making, we explored the relationship
between CRs and the sensitivity of general anticancer drugs.
Cancer cells with high expression of TOX3 may be more
sensitive to LOXO-101. According to a study, LOXO-
101 has a considerable effect on patients with advanced
solid tumors that harbour an NTRK gene fusion (79).
"Tyrosine kinase inhibitors are commonly used drugs for
the treatment of ccRCC. However, up-regulation of TOX3
may increase resistance to pazopanib. Cancer cells with high
GLYATL1 expression may be more sensitive to erlotinib.
Erlotinib induces cell cycle arrest by inhibiting epidermal
growth factor receptor (EGFR), which prevents tumor cell
division, and initiates programmed cell death in human
tumor cells with overexpression of EGFR (80). However,
the increased expression of GLYATLI may increase drug
resistance of vinorelbine and vinblastine. In addition, we
found that patients with high-risk score may be more
sensitive to vincristine, gemcitabine, paclitaxel, axitinib,
sunitinib, and temsirolimus. This information can provide
an important reference for clinical decision-making. Finally,
we integrated the patient’s clinical information and the risk
score to develop a nomogram, which can better apply in
clinical setting.

We have to admit that there are some limitations in our
research. Firstly, the data we analyzed were from public
databases, which need to be verified in forward-looking
queue. Secondly, the risk prognostic model also needs to
verify its predictive performance in more ccRCC cohorts.
Finally, more researches are needed to explore the specific
mechanism of CRs affecting the biological behavior of
ccRCC.

Conclusions

Our research revealed the important role of CRs in
the occurrence and development of ccRCC. The CR-
related gene signature can predict the prognosis and drugs
therapeutic significance of ccRCC, which provides an
important reference for clinical decision-making. Targeting
CRs may be a potential strategy for the treatment of ccRCC
in the future.
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