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Abstract: Objectives: Clear cell renal cell carcinoma (ccRCC) is a highly prevalent subtype of malignant renal tumor,
but unfortunately, the survival rate remains unsatisfactory. The aim of the present study is to explore genomic
features that are correlated with cancer stage, allowing for the identification of subgroups of ccRCC patients with
high risk of unfavorable outcomes and enabling prompt intervention and treatment. Methods: We compared the
gene expression levels across ccRCC patients with diverse cancer stages from The Cancer Genome Atlas (TCGA)
database, which revealed characteristic genes associated with tumor stage. We then extracted prognostic genes
and used least absolute shrinkage selection operator (LASSO) regression to select four genes for feature extraction
and the construction of a prognostic risk model. Results: We have identified a total of 171 differentially expressed
genes (DEGs) that are closely linked to the tumor stage of ccRCC through difference analysis. A prognostic risk
model constructed based on the expression levels of ZIC2, TFAP2A-AS1, ITPKA, and SLC16A12 holds significant
prognostic value in ccRCC. The results of the functional enrichment analysis imply that the DEGs are mainly involved
in the regulation of immune-related signaling pathways, and therefore may have a significant function in immune
system regulation of ccRCC. Conclusions: Our study has successfully identified significant DEGs between high- and
low-staging groups of ccRCC using bioinformatics methods. The construction of a prognostic risk model based on
the expression levels of ZIC2, TFAP2A-AS1, ITPKA, and SLC16A12 has displayed promising prognostic significance,
indicating its valuable potential for clinical application.
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Introduction prognosis [5]. However, the traditional tumor,
node, metastasis (TNM) staging system fails to
fully capture the heterogeneity and complexity
of RCC, leading to inaccurate prognostic predic-
tions. Therefore, more comprehensive staging
systems that incorporate genetic and mole-

cular factors are necessary to accurately pre-

Cancer staging is a critical factor in the diagno-
sis and treatment of cancer, providing valuable
insights into clinical management and progno-
sis at the individual level. At the population
level, cancer staging helps analyze tumor bur-

den and related patterns over time, facilitating
the development of cancer control policies and
the evaluation of the effectiveness of cancer
screening programs [1-3]. Additionally, popula-
tion-based cancer staging analyses can facili-
tate the identification of disparities in cancer
prognosis [1, 4]. Renal cell carcinoma (RCC) is
a complex malignancy that exhibits intricate
genetic and molecular alterations, some of
which have been strongly linked to patient

dict the outcome of RCC patients. Such sys-
tems have the potential to improve clinical deci-
sion-making and ultimately enhance patient
outcomes.

RCC is a common malignancy in North America,
with an incidence of 12 per 100,000 and a
peak incidence at ages of 60-70 [6]. Despite
medical advancements, the incidence of RCC
remains high and continues to rise. In the
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United States alone, it is estimated that in
2022, there would be approximately 79,000
new cases and 13,920 deaths from RCC [7].
Clear-cell renal cell carcinoma (ccRCC) is the
dominant histologic subtype of RCC, and the
5-year survival rates decline as the disease
advances to higher stages. Incidental detection
due to the increased use of abdominal imaging
has led to a rise in the incidence of localized
RCC in developed countries, with nearly 70% of
tumors being discovered incidentally [8, 9].
Although clear cell carcinoma is the least malig-
nant among kidney cancers, it is often mixed
with granular cell carcinoma and spindle cell
carcinoma in clinical practice, and microscopic
grading is actually very difficult. Therefore, it is
crucial to explore the genomic characteristics
of renal clear cell carcinoma through staging.
Currently, no validated biomarkers have been
included in clinical guidelines for screening and
prognosis of patients with RCC. Hence, our
study aimed to identify candidate biomarkers
by targeting tumor staging-related gene expres-
sion data in renal clear cell carcinoma.

Methods
Sample collection and screening

Using The Cancer Genome Atlas (TCGA) data-
base available at http://xena.ucsc.edu/, we
gained access to RNA sequencing (RNA-seq)
data and associated clinical information for
individuals diagnosed with ccRCC. Patients
who lacked survival data were excluded from
the clinical information screening, and 529
patients ultimately qualified for further an-
alysis.

Difference analysis

We defined stage | and Il patients as low-stag-
ing and stage lll and IV patients as high-stag-
ing. Using the R package “limma”, we derived a
list of genes that were differentially expressed
between the high- and low-staging groups. The
filtering criteria were set as false discovery rate
< 0.050 and [log2FC| > 1.000.

Consensus cluster analysis
Initially, 171 DEGs were identified from previous

studies in the context of ccRCC. Subsequently,
unsupervised clustering analysis was conduct-
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ed on 529 cases of ccRCC based on the expres-
sion levels of these 171 genes. The number of
sample clusters was determined using the
consensus clustering algorithm. The “Con-
sensusClusterPlus” R package was utilized to
conduct cluster analysis on ccRCC patients
and identify three distinct clusters. We per-
formed log-rank test to detect discrepancies in
the survival curves between the two clusters.
To ensure the stability and reliability of the clas-
sification, we ran the analysis for 50 cycles.

Construction of the prognostic model

We extracted the expression matrix of the 171
DEGs and then identified genes associated
with the prognosis of ccRCC by applying uni-
variate Cox regression analysis (P < 0.05).
Next, multivariate Cox regression analysis and
least absolute shrinkage selection operator
(LASSO) regression analysis were conducted to
identify stage-related genes and construct a
prognostic model. The risk score was calculat-
ed using the following formula: Risk score =
Coef gene x Expr gene, where Coef gene repre-
sents the correlation between a gene and
patient survival in ccRCC, and Expr gene repre-
sents the expression level of the gene. Each
patient with ccRCC was assigned a risk score
based on this formula. Utilizing the cutoff func-
tion available in the survival package, patients
were categorized into high-risk and low-risk
groups. A ROC curve was generated using the
“timeROC” package to assess the accuracy of
the model.

Functional analysis

Gene set enrichment analysis (GSEA) was con-
ducted to explore the potential biological pro-
cesses and pathways in which the DEGs might
participate. The DEGs were subjected to
Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) analyses using
the “clusterProfiler” package in R (version
4.2.1) for GSEA. For GSEA, curated reference
gene sets from the cb5.all.v7.2.symbols.gmt
MgDB file were selected. The pathways that
were enriched were ranked according to their
normalized enrichment score (NES) and cor-
rected p value. Furthermore, functional or
pathway terms with an adjusted p-value below
0.05 and a false discovery rate (FDR) lower
than 0.25 were deemed significantly enriched.
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Immune analysis

For the immune cell infiltration analysis, the
CIBERSORTXx algorithm was utilized to estimate
the levels of 22 different immune cell types.
The association between the risk score and lev-
els of tumor-infiltrating immune cells, as deter-
mined via CIBERSORTx analysis, was subse-
quently evaluated.

Survival analysis

Kaplan-Meier plots were generated to visualize
the survival outcomes of patients, and the log-
rank test was conducted using the “survival”
package to evaluate the statistical significance
of the differences in survival between groups.
Additionally, we performed Cox regression anal-
yses, including both univariate and multivariate
models, to identify genes that had an indepen-
dent impact on patient outcomes. We per-
formed a multivariate Cox regression analysis,
including prognostic factors that showed a p
value of less than 0.1 in the previous univariate
Cox regression analysis. We created a forest
plot to present the results of the Cox regression
analysis using the “survminer” R package.

Statistical analysis

All statistical tests were performed using R
4.2.1. The Wilcoxon rank-sum test or Student’s
t test was employed to evaluate discrepancies
between groups, as appropriate. Pearson or
Spearman correlation tests were utilized for
correlation analysis, depending on the nature
of the data. Kaplan-Meier plots were generat-
ed, and log-rank tests were conducted to deter-
mine the significance of survival curve varia-
tions. Statistical significance was defined as a
two-sided P value of 0.05.

Results

Differentially expressed genes between stages
of renal clear cell carcinoma

As shown in Figure 1, we set stage 1 and
stage 2 patients with ccRCC as low grade and
stage 3 and stage 4 patients as high grade
and conducted difference analysis on the two
types of patients. A total of 171 differentially
expressed genes were obtained. As shown in
Figure 1A, the most significantly upregulated
genes in high-grade patients included PLEK-
HS1, LINC01234, SLC38A5, PITX1, MFSD2A,

5147

AC104654.2, PAEP, SAA1, PTPRH, and IL20-
RB, and the downregulated genes included
LIN7A, HMGCLL1, SCN4A, AGTR1, RP11-
133F8.2, ENAM, SLC5A8, and CD30O0LG.
According to the obtained list of 171 genes, we
also drew an expression heatmap of these
genes, which is depicted in Figure 1B. The anal-
ysis revealed notable differences in the expres-
sion levels of these 171 differentially expressed
genes across patients at various stages.

Consensus clustering according to differen-
tially expressed genes

Through differential analysis, 171 significant
DEGs were obtained. The expression levels of
these genes represented the gene expression
characteristics of ccRCC patients in different
tumor stages, and the expression levels of
these 171 genes varied among tumor stages.
We then performed a consensus cluster analy-
sis on the expression data of these 171 genes
(Figure 2). The analysis revealed that patients
with renal clear cell carcinoma can be distinctly
divided into two groups based on the expres-
sion traits of these 171 genes, and the cluster-
ing outcomes were associated with the respec-
tive tumor stages. Furthermore, we generated
a survival curve between the two groups and
compared their survival rates. The findings
indicated significant differences in survival
between the two groups of patients, implying
that the 171 genes could offer useful guidance
for assessing prognosis and may have clinical
applications.

Functional analysis of DEGs

To better understand the biological functions of
these 171 DEGs, we analyzed the signaling
pathways in which they may be involved by
GSEA to speculate on their roles in the occur-
rence and development of ccRCC (Figure 3).
We selected the relevant channels in the GO,
KEGG and REACTOME databases for analysis.
The results showed that the upregulated genes
were enriched in the immunoglobulin complex
circulating pathway and the immunoglobulin
receptor binding pathway. In the KEGG data-
base, upregulated genes were enriched in the
primary immunodeficiency and systemic lupus
erythematosus signaling pathways. According
to the REACTOME database, upregulated genes
were enriched in the pathway “CD22-mediated
B-cell receptor (BCR) regulation and antigen-
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Figure 1. Differential expressing analysis. A: Differential expressing genes between high stage and low stage; B: The expression spectrum of the differentially ex-

pressed genes (DEGS).
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Figure 2. Consensus cluster. A: The consensus cluster of the clear cell renal cell carcinoma (ccRCC) patients by 171
differentially expressed genes (DEGs) expression levels; B: The survival difference between the two clusters.

activated BCRs, leading to the generation of
second messengers”. The identified DEGs are
primarily associated with the regulation of
immune-related signaling pathways, suggest-
ing that these genes may be involved in the
functional regulation of the immune system in
ccRCC.

Construction of the prognostic model

Cox-LASSO regression was used to fit the
expression data of 171 genes with the prognos-
tic survival data and delete the redund-
ant genes with high collinearity (Figure 4) by
LASSO regression. A total of 4 prognostic gen-
es were obtained, namely, ZIC2, TFAP2A-AS1,
ITPKA, and SLC16A12, which showed statisti-
cally significant prognostic value in ccRCC
patients. To evaluate the overall prognostic sig-
nificance of these 4 genes, risk factors were
constructed by summing the value of the prod-
ucts of the expression levels of these prognos-
tic genes and their regression coefficients. The
higher the score of the patient, the higher the
risk. Then, we plotted the survival curves to
compare the low-score and high-score patients,
which showed a significant difference.

Prognostic significance of risk factors

To understand the prognostic significance of
the risk factor model, we performed multivari-
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ate Cox regression for the four genes included
in the model and plotted a graph by integrating
the risk factors with other clinical features
(Figure 5). ITPKA gene expression was signifi-
cantly associated with prognosis, while SLC-
16A12 expression tended to be associated
with prognosis. High ITPKA expression was
associated with worse outcomes for patients
with kidney cancer, and SLC16A12 was a risk
factor for patients with RCC (although not sta-
tistically significant). Subsequently, we investi-
gated the predictive ability of the model for
renal cancer prognosis by drawing the ROC
curve. The ROC curve showed that this model
demonstrated excellent accuracy in predicting
the 1-year, 3-year and 5-year survival rates of
ccRCC patients. The prediction accuracy for the
1-year survival rate reached 70%. The predic-
tion accuracy for 3-year survival rate reached
66%. The prediction accuracy for the 5-year
survival rate reached 69%.

Association of immune infiltration levels with
risk factors

We explored the association between the risk
score and the levels of immune components in
the renal clear cell carcinoma microenviron-
ment through correlation analysis (Figure 6).
The findings demonstrated a significant correla-
tion between risk score and the infiltration lev-
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Figure 4. Lasso-Cox regression. A: Ten-time cross-validation for tuning parameter selection in the least absolute
shrinkage selection operator (LASSO) model; B: LASSO coefficient profiles of the 171 differentially expressed genes
(DEGs); C: Distribution plots of the risk score; D: The K-M curves between the high- and low-risk groups.

els of multiple immune cells, such as naive B
cells, CD8 T cells, CD4 memory resting T cells,
Tregs, and M2 macrophages. The risk score
was similar to that of naive B cells, CD4 memo-
ry resting T cells, monocytes, M1 macrophages,
M2 macrophages, and resting dendritic cells.
The risk score had a significant negative corre-
lation with the levels of resting mast cells. The
risk score demonstrated a positive correlation
with the levels of CD8 T cells, Tth cells, Tregs,
MO macrophages, and activated dendritic cells.

Discussion

The stage of a tumor is a crucial factor in deter-
mining a patient’s prognosis. The TNM classifi-
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cation system is currently the most commonly
employed method of tumor staging, and its sig-
nificance in predicting prognosis and guiding
cancer treatment is indisputable. As precision
medicine continues to advance rapidly and new
breakthroughs are being made, it is becoming
increasingly important to develop more detail-
ed and personalized treatment plans for
patients based on their cancer stage. In recent
years, several novel prognostic prediction sys-
tems have emerged for ccRCC patients. One
such system is the Stage, Size, Grade, and
Necrosis (SSIGN) Score, which was initially
reported in 2002 and has been found to pos-
sess superior predictive capability compared
to the TNM classification system [10]. Another

Am J Transl Res 2023;15(8):5145-5158
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Figure 6. The correlation between risk score and TILs. A-L: The correlation between risk score and naive B cells, CD8
T cells, resting memory CD4 T cells, Tfh cells, Tregs, Monocytes, MO macrophages, M1 macrophages, M2 macro-

phages, resting DC, activated DC and resting mast cells.

staging system, which takes tumor grade, N
stage, and patient performance status into
consideration, has been shown in studies to
be effective in differentiating between RCC
patients with varying survival probabilities [11].
However, these schemes rely on parameters
that are subjectively evaluated by expert
pathologists, and predictions may be influ-
enced by interobserver variability. Therefore,
more concise and practical tools are urgently
needed to improve prognostic predictions for
ccRCC patients. To address this issue, we
explored the gene expression profiles of differ-
ent stages and established a gene expression-
based prognostic prediction model for renal
clear cell carcinoma. We combined stage | and
stage Il renal clear cell carcinoma patients into
one group and compared them with stage llI
and IV patients, which led to the identification
of 171 DEGs associated with tumor stage. We
then extracted prognostic genes from these
characteristic genes and selected four genes
to develop a prognostic risk model. Our study
has shown that our model has significant prog-
nostic ability in ccRCC, enabling the identifica-
tion of high-risk subgroups of ccRCC patients to
guide timely interventions and treatments.

Through LASSO regression analysis, we identi-
fied several genes linked to the prognosis of
renal clear cell carcinoma, with four key genes
being particularly relevant. These genes are
ZIC2, ITPKA, SLC16A12, and TFAP2A-AS1.
ZIC2 functions as a transcription factor and
belongs to the ZIC family, regulating cellular
processes such as cell proliferation, differenti-
ation, and migration [12]. Although the role of
ZIC2 in ccRCC is not yet fully elucidated, stud-
ies have suggested that it may contribute to
the progression of various cancer types, such
as nasopharyngeal carcinoma, bladder cancer,
and liver cancer [13-15]. Specifically, Wu et al.
demonstrated that ZIC2 can promote the over-
expression of RUNX2 through upregulation of
expression levels as part of the Zic2/Runx2/
NOLC1 signaling axis, leading to the malignant
proliferation and migration of tumor cells in
renal clear cell carcinoma [16]. Liu et al. identi-
fied ITPKA as a protein that promotes cell motil-
ity and increases the metastatic capacity of
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tumor cells [17]. Expression of the ITPKA gene
was significantly upregulated in stage IV com-
pared to stage | renal clear cell carcinoma
patients [17]. Similarly, Zhu et al. found that
ITPKA promotes the growth, migration, and
invasion of renal cell carcinoma via the activa-
tion of the mTOR signaling pathway and is
overexpressed in RCC patients [18]. Guan et al.
reported that elevated expression of ITPKA is
linked to greater vascular infiltration and short-
er survival time in liver cancer patients [19].
SLC16A12 is a member of the solute carrier
group of membrane transport proteins, and its
precise function is not yet clearly understood
[20]. Mei et al. have demonstrated that de-
creased levels of SLC16A12 expression may be
linked to an adverse prognosis in individuals
with renal clear cell carcinoma, suggesting that
SLC16A12 might play a critical role as a tumor
suppressor [21]. The SLC16A family of trans-
port proteins has been associated with the
development and advancement of various
forms of cancer, primarily by regulating the
transmembrane transportation of monocarbox-
ylic acids, including but not limited to lactic
acid, pyruvate, and butyric acid [22-25]. In the
development of a prognostic model for renal
clear cell carcinoma, a long non-coding RNA,
TFAP2A-AS1, was included alongside protein-
coding RNA as a risk factor. Studies have sug-
gested that TFAP2A-AS1 serves as a tumor
suppressor and is linked to a favorable progno-
sis in breast cancer. Furthermore, Zhou et al.
demonstrated that in breast cancer, TFAP2A-
AS1 functions as a miRNA sponge for miR-933,
which results in the degradation of smad2
MRNA and impedes the growth and migration
of breast cancer cells [26]. Interestingly, in a
different study conducted by Jiang et al., high
levels of TFAP2A-AS1 expression were found to
be associated with a poor prognosis in ccRCC
patients [27]. The observed contrasting asso-
ciation between TFAP2A-AS1 expression levels
and prognosis in patients with breast cancer
and ccRCC may be explained by the differences
in the biological behavior of the tumor and may
highlight the complex and varied roles played
by IncRNAs in different cancers [28-30]. Based
on various studies that have identified the roles
of the genes comprising the predictive model in
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cancer progression, we can conclude that there
is a significant theoretical basis for the applica-
tion value of its constituent genes in patients
with kidney cancer. The crucial role of ITPKA
should also not be overlooked, as indicated by
multivariate Cox regression analysis, which
demonstrated its significant prognostic value.
This conclusion is also supported by several
additional publications. Therefore, the prognos-
tic model proposed in this study holds promis-
ing guiding significance for predicting the prog-
nosis of RCC patients, and the ITPKA gene, as
one of its components, may warrant further
investigation as a potential target for the future
treatment of kidney cancer.

To explore the biological functions and underly-
ing mechanisms associated with the prognosis
of renal clear cell carcinoma, we performed
functional enrichment analysis of DEGs using
the GO, KEGG, and REACTOM databases. Our
findings suggest that these genes may play a
role in regulating immune function in individu-
als with renal clear cell carcinoma. Specifically,
we observed that upregulated genes were
enriched in the immunoglobulin complex circu-
lating pathway and the immunoglobulin recep-
tor binding pathway. Moreover, examination of
the KEGG database revealed that the upregu-
lated genes were enriched in signaling path-
ways pertaining to primary immunodeficiency
and systemic lupus erythematosus. Further-
more, analysis of the REACTOME database
revealed that the upregulated genes were
enriched in the “CD22-mediated BCR regula-
tion and antigen activation of BCRs, leading to
the generation of second messengers”. Our
study also demonstrated a significant rela-
tionship between risk factors and immune cell
invasion levels, including CD4 memory resting
T cells, CD8 T cells, Tregs, and M2 macro-
phages. Interestingly, our analysis revealed
that the risk factor score was closely corre-
lated with the levels of naive B cells, CD4
memory resting T cells, monocytes, M1 macro-
phages, M2 macrophages, and resting dendrit-
ic cells, whereas the score was significantly
negatively correlated with the infiltration levels
of resting mast cells. Moreover, the levels of
resting mast cells were positively correlated
with those of CD8 T cells, Tfh cells, Tregs, MO
macrophages, and activated dendritic cells.
These findings are of interest, as previous stud-
ies have proposed that the prognostic genes
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included in our risk model may be linked to
immune infiltration levels. For instance, Lv et
al. discovered that ZIC2 could exert a substan-
tial influence on tumorigenesis by modulating
TMB and MSI, manipulating cancer immune
infiltrating cells, and regulating immune check-
points, MMRs, DNA methyltransferase genes,
and N6-methyladenosine (MG6A) RNA methyla-
tion, all of which could ultimately impact pa-
tient prognosis [31]. Similarly, Sun et al. re-
ported a significant correlation between ZIC2
MRNA expression levels and the infiltration of
immune cells, including B cells, CD8+ T cells,
CD4+ T cells, macrophages, neutrophils, and
dendritic cells, in the immune microenviron-
ment of liver cancer [32]. Overall, we suggest
that the DEGs identified in this study might
have a crucial function in controlling the
immune system and microenvironment compo-
sition in ccRCC. As shown by the strong inter-
pretability of our proposed model, the calculat-
ed risk score reflects the microenvironment
characteristics of the tumor and exhibits regu-
latory effects on several key pathways of bio-
logical function regulation, thus highlighting
specific functional changes in tumors.

Nevertheless, there are some limitations to
our research. First, the data we used were pre-
dominantly from the TCGA database, which
mostly includes data on Caucasian patients.
As such, the generalizability of our findings to
Asian populations requires further investiga-
tion. Second, as a retrospective study, it may
be difficult to adjust the research design in real
time. Finally, we would like to emphasize that
although our study utilized bioinformatics algo-
rithms to identify genes associated with prog-
nosis in renal clear cell carcinoma, the results
reported here are still speculative and should
be confirmed through laboratory experiments.
Despite these limitations, our study presents
credible and noteworthy findings regarding the
genetic differences in ccRCC patients with
varying disease stages. As such, we believe our
results warrant further attention and continued
investigation.

Conclusion

By employing bioinformatics tools, we have
identified ZIC2, TFAP2A-AS1, ITPKA, and SLC-
16A12 as genes that are closely linked to the
tumor stage of renal clear cell carcinoma.

Am J Transl Res 2023;15(8):5145-5158
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Moreover, the construction of a prognostic risk
model based on the expression levels of these
four genes has displayed promising prognostic
significance, indicating its valuable potential in
clinical settings.
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