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Abstract

Background
Clear cell renal cell carcinoma (ccRCC) is one of the most prevalent renal malignant tumors, which
survival rate and quality of life of ccRCC patients are not satisfactory. Therefore, identi�cation of
prognostic biomarkers of ccRCC patients will contribute to early and accurate clinical intervention and
treatment, and then improve their prognosis.

Methods
We downloaded the original expression data of mRNAs from The Cancer Genome Atlas database and the
zinc �nger(ZNF)-related genes (ZRGs) from UniProt online database. Differentially expressed ZRGs (DE-
ZRGs) was screened from tumor and adjacent nontumor tissues and functional enrichment analysis was
conducted out. A �ve-ZRG signature were constructed by univariate Cox regression, least absolute
shrinkage and selection operator and multivariate Cox regression. Furthermore, we screened out
independent prognosis-related factors to build a nomogram by univariate and multivariate Cox
regression. Potential biological pathways of �ve ZRGs were analyzed by Gene Set Enrichment Analysis
(GSEA). Then, we further quantitatively analyze immune in�ltration and evaluate tumor
microenvironment by single sample GSEA. Finally, drug sensitivity of ccRCC patients was analyzed by the
Genomics of Drug Sensitivity in Cancer database.

Results
TRIM59, VAV3, ZNF189, AGAP9 and PYGO1 were screened to be signi�cantly associated with the
prognosis of ccRCC patients. Through incorporated risk score and clinical parameters, we constructed a
nomogram, which showed a good prognostic performance for ccRCC patients.

1. Introduction
Kidney cancer is the most common malignant cancer of urogenital system with over 400000 cancer new
cases and 175000 cancer deaths worldwide per year [1]. In 2020, there is expected to more than 73000
new cases of kidney cancer and 14000 kidney cancer deaths in the United States [2]. Renal cell
carcinoma (RCC), the most common type of kidney cancer, originates from renal tubular epithelial cells,
which accounts for more than 90% of all kidney cancer cases [3]. RCC is consist of several subtypes with
unique characteristics, of which clear cell RCC (ccRCC) comprise the majority of histological subtypes [4].
Local ccRCC is mainly treated with partial or radical nephrectomy, but approximately 30% of patients with
localized ccRCC eventually develop metastasis postoperatively, which seriously affects the overall
survival (OS) rate in ccRCC patients [5]. Identi�cation of the high risk of ccRCC patients timely is more
conducive to early and accurate clinical intervention and treatment. Therefore, it is imperative to explore
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the effective speci�c biomarkers that can predict prognosis of ccRCC patients accurately and develop
novel treatments for this fatal disease.

Zinc �nger (ZNF) domains exist in at least 5% of human proteins, and ZNF proteins (ZNFs) are one of the
most abundant proteins in human genome, which was �rst discovered due to the characteristics of DNA-
binding proteins [6–8]. Currently, it is increasingly reported that ZNFs can speci�cally bind to a large
variety of substrates such as RNAs, proteins, lipids and post-translational modi�cations. The diversity of
their functions indicates that they may play potential roles in signal transduction, transcriptional
regulation, cell migration, and DNA double-strand break repair [9–11]. In addition, the diverse roles of
ZNFs in gene expression regulation suggest that they may also play an indispensable role in initiation
and progression of cancers [12]. Numerous studies have con�rmed that the vital roles of ZNFs in
occurrence and prognosis of RCC. Marc Henrion et al. conducted a genome-wide association study and
found that the ZEB2 gene is another common susceptibility locus for RCC, and the genetic variation in
ZEB2 can affects the risk of RCC [13]. Furthermore, studies have shown that ZEB2, RBCK1 and ZFX, as
independent prognostic biomarkers, are associated with lower OS time of RCC patients [14–16]. However,
few studies have reported an relation between ZNFs and prognosis of ccRCC patients. Methylation of the
ZNF278 gene promoter indicated a poor prognosis of ccRCC [17]. As a prognosis-related factor, low
expression of CASZ1 was signi�cantly correlated with the unsatisfactory progression-free survival and
OS of patients with ccRCC [18]. However, there are insu�cient studies on the potential biological function
of ZNFs in the progression of ccRCC and their correlation with the prognosis of ccRCC patients. Further
In-depth exploration will help to understand the mechanism involve in ccRCC ontogeny and progression
and develop e�cient and accurate prognostic biomarkers.

Herein, we constructed a prognosis-related ZNF-related-gene (ZRG) signature of ccRCC patients by
bioinformatics methods. First, we obtained the differentially expressed ZRGs (DE-ZRGs) related to ccRCC
using TCGA database and UniProt online database, and constructed a prognosis-related �ve-ZRG
signature of ccRCC. Then, we evaluated and veri�ed the prognostic performance of the �ve-ZRG model
through many methods. By integrating the �ve-ZRG signature and other prognosis-related clinical
parameters of patients, we established a more accurate nomogram for ccRCC patients. In addition, GO
and KEGG function enrichment analysis on DE-ZRGs and GSEA analysis on prognosis-related �ve ZRGs
were performed to explore the biological process involved in oncogenesis and development of ccRCC.
Finally, based on high- and low-risk patients classi�ed by �ve-ZRG, we explore whether there are
differences in immune cell in�ltration, tumor microenvironment (TME) and drug resistance to multiple
anticancer drugs.

2. Material And Methods

2.1 Data sources and screening of DE-ZRGs
Firstly, the mRNAs expression data and the corresponding clinical information of ccRCC patients in TCGA
database (http://tcga.cancer.gov) were downloaded for using. 525 patients were �nally included after
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excluding patients without complete clinical information and Table S1 showed the characteristics of
these ccRCC patients. The expression data of ccRCC mRNAs are derived from 540 tumor samples and 71
adjacent non-tumor normal samples. Next, we downloaded the ZRGs from the UniProt online database
(https://www.uniprot.org) and intersected them with the ccRCC mRNAs to obtained the ZRGs expressed
in tumor samples and adjacent non-tumor normal samples. Finally, using the “edgeR” package in the R
software to identify the DE-ZRGs between tumor and adjacent non-tumor normal tissues [19] with
|log2FC|>0.5 and adjusted p < 0.05 as the threshold.

2.2 Identify a potential prognosis-related ZRGs (Pr-ZRGs)
signature
We divided all ccRCC patients into two groups equally. The expression data of one group (Training set)
was used to construct a signature of ZRGs with prognostic value, while the expression data of another
group (Testing set) was used to validate the signature we constructed. Firstly, we performed a univariate
Cox regression analysis (HR ≠ 1, p < 0.05) on the expression data of training set (n = 264) to identify the
Pr-ZRGs. Then, we conducted the LASSO regression analysis to sub-select these Pr-ZRGs using “glmnet”
package of the R software, which can scale down the regression coe�cient forcedly [20]. 10-times cross-
validations were conducted to increase the reliability and objectivity of the result [21]. Then, a multivariate
Cox regression analysis was performed on the result of the LASSO regression analysis to get the optimal
prognostic ZRGs signature. Finally, we combined the expression levels of optimal prognostic ZRGs and
their regression coe�cients to establish a risk score, which is as follows:

Exp represents the expression level of ZRGs of patient i, while the coef means its regression coe�cient.

2.3 Evaluation and validation of the ZRGs signature
In the training set, we strati�ed the patients into high-risk and low-risk groups based on the median risk
score. The Kaplan–Meier (KM) survival curve was evaluated to compare the survival differences between
high-risk and low-risk patients and time-dependent receiver operating characteristic (ROC) curve was
employed to evaluated the prognostic accuracy of ZRGs signature [22]. Besides, we also compare the
survival differences of ccRCC patients in different clinical subgroups (including ages, genders, histologic
grades and pathologic stages) to measure the prognostic performance of the ZRGs signature.

In order to validate the prognostic power and applicability of the ZRGs signature, we performed the above
risk score formula on the patients in the testing set (n = 261) and entire set (n = 525). Then, we strati�ed
the patients into the above two groups similarly. The KM survival analysis and time-dependent ROC curve
were also employed to validate the ZRGs signature.

2.4 Construction of nomogram
To determine whether the ZRGs signature is an independent prognosis-related factor of ccRCC. We set
risk score, ages, genders, histologic grades and pathologic stages as independent variables, while
outcome of prognosis as dependent variable to perform univariate Cox regression analysis. We further
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performed multivariate Cox regression analysis on these variables with statistical differences (p < 0.05) to
determine if they are independent prognostic factors of ccRCC. In order to build an accurate and reliable
clinical predictive model, we constructed a nomogram by integrating all independent prognostic factors
to predict the survival of ccRCC patients in different years (in 1-, 3-, and 5-year) with the “rms” package in
the R software [23]. The nomogram can integrate various prognostic factors to predict the occurrence of
individual clinical events, it was often used to measure the prognosis of patients.

2.5 Evaluate and validate the nomogram
Calibration plots were used to evaluate the performance of our nomogram. In the calibration plots, X-axis
represents the predicted survival rate by the nomogram while Y-axis means the actual survival rate
respectively, and the 45° dotted line represented the best outcome. Then, KM survival analysis and time-
related ROC analysis were were also conducted to measure the predictic power of the nomogram.

2.6 Functional enrichment analysis
To �nd out the potential biological mechanism corrrelated with the ontogeny and progression of ccRCC,
functional enrichment analysis was performed on DE-ZRGs and optimal prognostic ZRGs. As for the DE-
ZRGs, the “clusterPro�ler” package in the R software (P-value of < 0.05 was considered statistically
signi�cant) was used to perform the gene ontology (GO) annotation and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analysis [24].

Gene Set Enrichment Analysis (GSEA) was conducted to identify the potential biological pathways of the
optimal prognostic ZRGs that were �nally screened out. Patients with high- or low- risks were set as the
phenotypes to be compared and the annotated gene set �le (c2.cp.kegg.v7.2.symbols.gmt) was used for
reference. The number of replacements was set to 1000, FDR < 0.05 and p < 0.05 was considered
statistically signi�cant [25].

2.7 Analysis of immune in�ltration and evaluation of tumor
microenvironment
The expression levels of immune cell-speci�c marker genes in each tissues were quanti�ed based on the
single sample gene set enrichment analysis (ssGSEA) algorithm. The marker genes of the main immune
cells were obtained from the previous studies [26]. Using the "GSVA" package in the R software to assess
these genes to identify whether there were differences in immune cell in�ltration and immune cell
function between the high- and low-risk patients. Besides, the “ESTIMATE” algorithm was conducted to
canculate the immune score and the stroma score through the “estimate” package in the R software, and
the formula described by Yoshihara et al was used to infer the tumor purity [27].

2.8 Drug sensitivity analysis of the ZRGs signature
The mRNA expression pro�le of the ccRCC cell lines and the half maximal inhibitory concentration (IC50)
of the anticancer drugs were obtained from Genomics of Drug Sensitivity in Cancer (GDSC) database and



Page 6/25

employed to evaluate drug sensitivity analysis between high- and low-risk groups [28]. P < 0.05 was set as
the threshold.

2.9 Statistical analysis
All statistical analyses were performed by the R software (version 3.6.3) in our study. Statistical tests
were all two sides and p < 0.05 were statistically signi�cant.

3. Results

3.1 DE-ZRGs in ccRCC
Figure 1 showed the �owchart of this study. Firstly, a total of 55266 mRNAs were obtained from the raw
mRNA sequencing data of the TCGA dataset, while a total of 1818 ZRGs were obtained from the UniProt
online database. By intersecting the ccRCC mRNAs and ZRGs, a total of 1753 ccRCC ZRGs were �nally
obtained (Fig. 2A). Principal component analysis (PCA) showed that the expression pro�le of ZRGs
between tumor and adjacent non-tumor tissues were signi�cantly different (Fig. 2B). Subsequently, we
screened out a total of 271 DE-ZRGs, including 175 up-regulated DE-ZRGs and 96 down-regulated DE-
ZRGs (Fig. 2C and Table S2). Figure 2D showed the heatmap of 271 DE-ZRGs in tumor and adjacent
nontumor tissues.

3.2 Identify a Pr-ZRGs signature in the training set
According to our screening criteria, a total of 99 Pr-ZRGs were screened in the training set (Table S3). In
order to screen out the ZRGs with better prognostic value, we performed LASSO regression with 10-times
cross-validations and obtained 11 candidate ZRGs (Fig. 3A, B). Then, these candidate ZRGs were further
performed on multivariate Cox regression analysis. Finally, �ve ZRGs with the optimal prognostic value
were identi�ed (Fig. 3C). Figure 3D showed the expression levels of the optimal Pr-ZRGs in tumor and
adjacent nontumor tissues. The prognostic power of each optimal Pr-ZRGs was shown in Fig. 4.
Furthermore, we established a risk score formula through combining the expression levels of the �ve
optimal Pr-ZRGs and their corresponding regression coe�cients, and calculated the risk score of all 525
patients according to the formula. The formula is as follows: (Risk score = Exp(TRIM59)*0.327921772-
Exp(VAV3)*0.077385777-Exp(ZNF189)*0.050279296 + Exp(AGAP9)*0.21099254 + 
Exp(PYGO1)*0.321962062)

3.3 Evaluation and validation of the �ve-ZRG signature
We strati�ed patients into high-risk (n = 132) and low-risk group (n = 132) based on the median risk score
(1.063) of the training set (Fig. 5A). The survival status of the patients was shown in Fig. 5B, while the
heatmap of the expression levels of the �ve optimal Pr-ZRGs was shown in Fig. 5C. The KM survival
curve shows that the high-risk patients had signi�cantly worse overall survival (OS) than low-risk patients
(Fig. 5D). The ROC curve shows that the �ve-ZRG signature had a reliable prognostic accuracy with the
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area under the curve (AUC) was 0.812 (Fig. 5E). Besides, we measured the prognostic performance of the
signature between different clinical subgroups and the results also showed that the high-risk patients had
signi�cantly worse OS than low-risk patients (Fig. 6A-D).

We futher applied the risk score folmular to the testing set and the entire set to validate the constructed
�ve-ZRG signature. Consistent with the training set, both sets presented that the OS of high-risk groups
was signi�cantly lower than that of low-risk groups (Fig. 7A, B). The AUC of the testing set was 0.652 and
that of the entire set was 0.745 (Fig. 7C, D). In summary, the signature constructed by us had good
prognostic power for ccRCC patients.

3.4 Construction, calibration and validation of the
nomogram
After univariate and multivariate Cox regression analysis, the risk score based on the �ve-ZRG signature
and other clinical parameters (ages of patients, histologic grades and pathologic stages) were identi�ed
as the independent prognostic factors for ccRCC (Fig. 8A, B). Then, a nomogram consists of the risk
score, ages of patients, histologic grades and pathologic stages was constructed to predict the survival of
ccRCC patients at 1-, 3-, and 5-year (Fig. 8C).

The calibration plots revealed that the predicted outcome of the nomogram are in good agreement with
the actual outcome at 1-, 3-, and 5-year (Fig. 8D). Besides, the KM survival analysis and the time-
dependent ROC curve indicated that the nomogram has a better prognostic performance than the �ve-
ZRG signature (Fig. 8E, F) and consistent results were got in the testing and entire set (Fig. 9A-D).

3.5 Functional enrichment analysis
The GO and KEGG enrichment analysis were performed on the 271 DE-ZRGs to identify the potential
biological functions. The results of GO showed that DE-ZRGs were enriched in some biological processes
including regulation of GTPase activity, transcription initiation from RNA polymerase  promoter, and
intracellular receptor signaling pathway, etc. (Table S4 and Fig. 10A). KEGG pathway enrichment showed
that DE-ZRGs were mainly enriched in �ve signaling pathways, including Herpes simplex virus 1 infection,
Endocytosis, Phosphatidylinositol signaling system, Choline metabolism in cancer, and Glycerolipid
metabolism (Table S5 and Fig. 10B).

As shown in Fig. 10C, the result of GSEA indicated that primary immunode�ciency, intestinal immune
network for IgA production, cytokine-cytokine receptor interaction, base excision repair and p53 signaling
pathway were closely associated with the worse OS of the high-risk patients (Fig. 10C).

3.6 Immune in�ltration and tumor microenvironment related
to �ve-ZRG signature
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Immune in�ltration analysis showed that the percentages of aDCs, T helper cells, pDCs, CD8+ T cells,
Macrophages, Tfh, Th1 cells, Th2 cells, and TIL cells of the high-risk patients were signi�cantly higher
than those in the low-risk patients, while the percentages of iDCs and Mast cells were signi�cantly lower
(Fig. 11A). The immune function analysis showed that the scores of HLA, CCR, check-point, cytolytic
activity, in�ammation-promoting, APC co-stimulation and parain�ammation were signi�cantly higher in
the high-risk patients, while Type  IFN Response was signi�cantly lower (Fig. 11B).

The tumor microenvironment analysis revealed that the high-risk patients had signi�cantly higher
immune scores and stromal scores than the low-risk patients, while the tumor purity scores of the high-
risk patients were lower (Fig. 11C). The above results all indicated that there was a signi�cant immune
heterogeneity between the two groups strati�ed based on the �ve-ZRG signature, which provided a
reference for exploring tumor development and immunotherapy.

3.7 Drug sensitivity analysis of the two subgroups
As the result, the IC50 of 28 anticancer drugs differed between the two subgroups, and the IC50 of these
28 drugs in the high-risk patients were all higher than low-risk patients (Fig. 12). This result also provided
a reference for the treatment of ccRCC in the future.

4. Discussion
ccRCC is considered to be an immunogenic and heterogeneous tumor caused by various carcinogenic
factors [29]. Although, ccRCC can be successfully treated with surgical strategies, some of patients will
develop metastasis, which is the main cause of death in ccRCC patients [30]. To reduce the mortality of
ccRCC patients and improve their prognosis, there is urgently required to screen signi�cantly prognosis-
related biomarkers for patients with ccRCC. For the past few years, ZNFs have been found to be closely
correlated with various biological processes, and they are signi�cantly involve in the ontogeny,
progression and prognosis of many tumors, indicating that ZNFs have the potential to be used as
prognosis-related biomarkers. The objective of this study is to construct a group of signi�cantly Pr-ZRGs
of ccRCC and to stratify risk of ccRCC patients by ZRGs signature, so as to achieve individual prognosis
analysis and then guide early intervention and treatment of ccRCC patients.

We analysed the DE-ZRGs between tumor tissues and adjacent normal renal tissues through TCGA
database and 271 DE-ZRGs were �nally screened out. Then, through a series of regression analysis in the
training set, we constructed a �ve-ZRG signature, including TRIM59, VAV3, ZNF189, AGAP9 and PYGO1,
which is validated an independent prognostic factor of patients with ccRCC. According to the risk score
formula based on �ve-ZRG signature, patients were strati�ed into two groups (high-risk and low-risk). KM
survival analysis showed that the high-risk patients had a signi�cantly lower OS time than that in the low-
risk patients. ROC curve showed that the combination of �ve ZRGs signature had good prognostic
accuracy. We further validated these �ndings in the testing set and entire set. Furthermore, to establish a
more reliable and individualized clinical prediction method, we incorporated the �ve-ZRG signature with
other prognosis-related clinical factors, including age, stage and grade, to construct a nomogram. The
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predicted outcome of the nomogram in 1-, 3-, and 5-year OS showed a good agreement in actual outcome
in the calibration plot, and KM survival analysis and ROC curve indicated that the nomogram also had a
better prognostic performance.

Herein, we identi�ed �ve closely Pr-ZRGs of ccRCC patients. Interestingly, previous studies have reported
that they were involved in the initiation, progression and prognosis of numerous tumors. Rongkun Li et al.
found that TRIM59 could enhance glycolysis by activating the PI3K/AKT/mTOR pathway, which
eventually led to the progression of pancreatic cancer [31]. Studies showed that up-expression of TRIM59
was indicated the poor prognosis of NSCLC and breast cancer [32, 33]. As a new carcinogenic
EGFR/STAT3 signal regulator, TRIM59 promoted the occurrence of glioblastoma by inhibiting STAT3
dephosphorylation, which related to poor prognosis of glioblastoma [34]. In addition, TRIM59 might
promote prostate cancer cell proliferation and tumor growth through its effect on cell cycle progression
[35]. VAV3, a member of the VAV family of oncoproteins, is a carcinogenic gene [36]. Studies showed that
overexpression of VAV3 led to abnormal expression of cell cycle control and metastasis-related molecules
in colorectal cancer cells by activating PI3K/AKT signal pathway, which might be used as an independent
prognosis-related biomarker of colorectal cancer patients [37]. VAV3 is also overexpressed in gastric
cancer, and its overexpression is related to poor prognosis and short survival time of patients [38].
Additionally, VAV3 is correlated with the oncogenesis and development of prostate carcinoma by
regulating the activity of androgen receptor [39, 40]. PYGO1 is a key regulatory gene of Wnt signaling
pathway, which is correlated with the development of kidney and the transcription of colorectal
carcinoma cells [41, 42]. Herein, we conducted GO and KEGG analysis of 271 DE-ZRGs. The result of GO
analysis showed that DE-ZRGs were mainly associated with the regulation of GTPase activity and the
ubiquitin-related proteases activity, suggesting that these ZRGs were involved in the ontogeny and
progression of tumors such as migration, invasion and tumor angiogenesis [43, 44]. KEGG enrichment
analysis showed ccRCC ontogency and progression may related to the signal pathways of endocytosis,
phosphatidylinositol signaling system, choline metabolism in cancer and glycerolipid metabolism.
Furthermore, to explore the potential biological effects of �ve screened ZRGs, we conducted GSEA
analysis and found that they were related to intestinal immune network, natural killer cell-mediated
cytotoxicity and cytokine receptor interaction, suggesting that the �ve Pr-ZRGs signature may be strongly
correlated with the immune response process in the microenvironment of ccRCC.

In the two groups of ccRCC patients based on �ve-ZRG signature model classi�cation, we found that
immune in�ltrating cells in the tumors of high-risk group were mainly T cells, tumor-in�ltrating
lymphocytes and macrophages, suggesting that chronic in�ammation may promote tumor progression
and reduce the survival time of patients. Further analysis of immune function in the two groups showed
that CCR, check-point, cytolytic activity, para-in�ammation and T cell co-stimulation were signi�cantly
increased in high-risk ccRCC patients. In the TME score, they also had signi�cantly higher stromal score,
immune score, and estimate score and lower tumor purity than that in low-risk patients. These results
indicate that immune microenvironment of ccRCC plays a crucial role in the development of tumors.
Immune cells and stromal cells in TME may promote the proliferation and migration of tumor cells, which
resulted in the poor prognosis of ccRCC patients. Finally, we found that the different groups of patients
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have different sensitivities to many antineoplastic drugs. For the 28 antineoplastic drugs identi�ed, high-
risk patients had a higher IC50, suggesting that tumor resistance in the high-risk patients was stronger.
However, some limitations have existed in this research. First, this study is only a mining analysis of the
database based on bioinformatics, multicenter and prospective studies are needed to further con�rmed
these �ndings accurately. Second, it is quite necessary to further explore the potential molecular
mechanism of the proteins encoded by the �ve ZRGs in ccRCC.

5. Conclusions
Our study identi�ed a novel prognosis-related �ve-ZRG signature with high accuracy, which is an
independent prognostic factor for ccRCC. Furthermore, we integrated �ve-ZRG signature and other clinical
features to construct a nomogram, which can predict the clinical outcome of ccRCC patients more
accurately and reliably. Subsequently, we found that the �ve-ZRG signature were not only related to the
prognosis of ccRCC, but related to tumor immune microenvironment and drug sensitivity. These �ndings
may provide a new �eld of vision for immunotherapy and molecular targeted therapy in patients with
ccRCC.
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Figure 1
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The �owchart of this study. TCGA: The Cancer Genome Atlas; ZRGs: Zinc �nger(ZNF)-related-genes; DE-
ZRGs: differentially expressed ZNF-related-genes; Pr-ZRGs: prognosis-related ZNF-related-genes; Lasso:
Least absolute shrinkage and selection operator. TIME: tumor immune microenvironment.

Figure 2

Screening of the DE-ZRGs. (A) The ZRGs expressed in tumor specimens and adjacent nontumor renal
specimens. (B) Principal components analysis (PCA) plot of the expression pro�le of ZRGs between
tumor and normal tissue. (C) Volcano plot of DE-ZRGs between tumor and normal tissue. (D) Heatmap of
the DE-ZRGs.
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Figure 3

Identi�cation of 5 optimal Pr-ZRGs and their expression levels in ccRCC. (A) LASSO coe�cients pro�les
of 99 Pr-ZRGs. (B) 11 candidate ZRGs obtained by LASSO regression with 10-fold cross-validation using
minimum λ value. (C) 5 optimal Pr-ZRGs got by Multivariate Cox regression analysis. (D) Expression
pattern of the 5 optimal Pr-ZRGs between tumor and normal kidney tissue.
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Figure 4

Kaplan–Meier (KM) survival analysis of TRIM59, AGAP9, PYGO1, VAV3 and ZNF189.

Figure 5

Prognostic analysis of �ve-ZRG signature in the training set. The dotted line represented the median risk
score and strati�ed the ccRCC patients into low- and high-risk group. (A) The curve of risk score. (B)
Survival status of the ccRCC patients. (C) Heatmap of the expression levels of the �ve optimal Pr-ZRGs in
low- and high-risk group. (D) KM survival analysis of the �ve-ZRG signature. (E) Time-dependent ROC
curve analysis of the �ve- ZRG signature.



Page 18/25

Figure 6

KM survival analysis of the �ve-ZRG signature in different subgroups including (A) younger than 65 years
old, older than 65 years old; (B) male, female; (C) grade1/2, grade3/4; (D) stage I-II, stage III-IV.
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Figure 7

Validation of the �ve-ZRG signature. KM survival analysis of the �ve-ZRG signature in the testing set (A)
and entire set (C). Time-dependent ROC curve analysis of the �ve-ZRG signature in the testing set (B) and
entire set (D).
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Figure 8

Identifying the independent prognostic factors and construction of ZRG-based nomogram. (A) Forrest
plot of univariate Cox regression analysis in ccRCC. (B) Forrest plot of multivariate Cox regression
analysis in ccRCC. (C) Nomogram integrated �ve ZGR-based risk score, age, grade and stage. (D) The
calibration plot of the nomogram for agreement test between 1-, 3- and 5-year OS prediction and the
actual outcome. (E) OS of the high-risk group was signi�cantly worse than that of the low-risk group. (F)
Time-dependent ROC curves of the nomogram.
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Figure 9

Validation of the nomogram in the testing and entire set. KM survival analysis of the nomogram in the
testing set (A) and entire set (C). Time-dependent ROC curve analysis of the nomogram in the testing set
(B) and entire set (D).
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Figure 10

Functional enrichment analysis. (A) GO enrichment analysis of the DE-ZRGs. (B) KEGG enrichment
analysis of the DE-ZRGs. (C) GSEA plot for signi�cant enriched biological processes associated with the
�ve optimal Pr-ZRGs.
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Figure 11

The landscape of immune in�ltration and tumor microenvironment in ccRCC. (A) The in�ltrating levels of
immune cell in high- and low-risk group. (B) The immune function between high- and low-risk group. (C)
The tumor microenvironment between high- and low-risk group.
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Figure 12

Drug sensitivity analysis between the high-and low-risk group.
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