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Abstract
Background: Accumulating evidence suggests that DNA methylation has essential roles in the
development of renal cell carcinoma (RCC). Aberrant DNA methylation acts as a vital role in RCC
progression through regulating gene expression, yet little is known about the role of methylation and its
association with prognosis in RCC. The purpose of this study is to explore the DNA methylation-driven
genes for establishing prognostic-related molecular clusters and providing a basis for survival prediction.

Methods: Differentially expressed genes (DEGs) were calculated by the “limma” R package. DNA
methylation-driven genes (MDGs) were identi�ed using the “methylMix” R package. The differentially
expressed DNA methylation-driven genes (DEMDGs) were obtained by intersecting MDGs and DEGs. RCC
data sets were divided into two groups using “ConsensusClusterPlus” R packet. The prognostic model
was constructed based on multivariate Cox regression analysis. Based on the optimal cut-off value of the
risk score, the patients were divided into high-risk group and low-risk group. The potential molecular
mechanisms of prognostic-related DEMDGs were detected by GO, KEGG and GSEA analysis.

Results: In this study, 146 DEMDGs were selected and two clusters were distinguished by consensus
clustering. We further evaluated the immune status of two clusters and selected 106 DEGs in cluster 1.
Functional enrichment analysis of 106 DEGs and cluster-based immune status analysis provided new
insights for the development of RCC. The prognostic model based on 17 DEMDGs was constructed to
predict prognosis of RCC patients. The predictive nomogram and the web-based survival rate calculator
(http://127.0.0.1:7634/) were built to validate predictive accuracy of prognostic model. Furthermore, the
risk scores were strongly associated with clinical features, immune status and drug susceptibility.

Conclusion: Novel prognosis-related clusters based on the 146 DEMDGs were constructed and might
contribute to precision medicine development. The 17 DEMDGs were utilized to construct a prognostic
model for RCC prediction, which was signi�cantly correlated with prognosis, immune in�ltration, clinical
features and drug sensitivity.

Background
Renal cell carcinoma (RCC) is the most common urologic cancer types. There were an estimated nearly
65,340 new cases and 14,970 deaths worldwide in 2020[1]. With the advancement of diagnostic
approaches, an increasing number of RCC could be diagnosed at early-stage[2]. Early diagnosis of RCC
are essential for prolonging overall survival (OS) of patients[3]. Currently, the most curative treatment for
localized RCC is still considered to be surgical resection[4]. Nowadays, there are already many surgical
methods to remove tumors, including nephron-sparing surgery, radical nephrectomy and laparoscopic
surgery[4]. However, the treatment options are still limited for unresectable and metastatic RCC[5, 6]. Early
and accurate diagnosis of RCC have been regarded as a research priority[3]. Recently, with the biomedical
research progresses, molecular prognostic biomarkers have become one of the basic ideas of precision
medicine. Unfortunately, early-stage diagnosis for RCC by molecular prognostic biomarkers has many
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challenges due to the lack of biomarkers for prediction of progression[7]. For this reason, more molecular
biomarkers are urgently needed to screen for RCC diagnosis.

Modi�cations of the epigenome, such as DNA methylation, play a crucial role in development of many
diseases[8]. The correct methylation pattern is very important for normal biological functions, and
aberrant methylation is one of the drivers for progression of several diseases, especially cancer[9].
Numerous prior studies suggested that hypermethylated and hypomethylated DNA always show different
activities[10]. Abnormal methylation always occurs in cancer cells, leading to some genes aberrantly
activated and some genes aberrantly silenced[11]. Hypomethylation of proto-oncogenes or tumor
suppressor gene methylation is considered one of the leading mechanisms of tumorigenesis in many
cancer types[12, 13]. Therefore, the detection of the methylation patterns alteration of speci�c gene can
aid the cancer diagnosis. Silencing of tumor suppressor genes caused by promoter hypermethylation
provides new ideas for inquiring the molecular mechanisms of RCC[14]. The aberrant methylation is
involved in the progression of RCC. Some studies found that the DNA methylation in RCC silenced the
von Hippel-Lindau (VHL) tumor-suppressor gene[15]. In addition, RCC can be genotyped based on DNA
methylation mutations[16].

There have been many studies focused on DNA methylation or gene expression. However, RCC prognostic
models based on DNA methylation driven genes have barely been explored. In this study, we established
a prognostic model to accurately predict patient survival. In addition, we divided RCC samples into two
clusters according to 146 DEMDGs and further explored the relationship between the tumor immune
status and clusters of RCC. The results we distilled will ultimately contribute to improving diagnostic
accuracy and e�cacy in immunotherapy.

Materials And Methods
Date collection

A total of 28 RNA-seq transcriptional pro�ling of normal samples were downloaded from GTEx dataset
(https://gtexportal.org/). A total of 1021 RNA-seq transcriptome pro�ling (128 normal samples and 893
RCC samples), 872 DNA methylation data (205 normal samples and 667 tumor samples) and
corresponding clinical information of RCC were downloaded from TCGA dataset
(https://gdc.cancer.gov/).

Differentially expressed genes (DEGs) screening in RCC and heatmaps plotting

We standardized RNA-seq transcriptional pro�ling by using “limma” R package, and Wilcoxon rank-sum
test was utilized to identify DEGs[17, 18]. The false discovery rate (FDR) < 0.05 and |log2 fold change
(FC)| > 2 were taken advantage of as cutoff criteria. The “pheatmap” R package was used to plot the
heatmaps[19].

Integrated analysis of gene methylation data and gene expression data 
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Gene expression data and DNA methylation data were standardized by using “limma” R package[17].
DNA methylation-driven genes (MDGs) were identi�ed using the “methylMix” R package[18, 20]. DNA
methylation data and paired gene expression data were integrated and analyzed jointly to identify DNA
methylation status negatively correlated with gene expression of a particular gene, indicating that the
gene is a DNA methylation-driven gene[21]. Inclusion criteria were set to the correlation of methylation
data and corresponding gene expression data of DEGs less than -0.3, |log2FC| > 0 and adjust p <0.05.
The differentially expressed DNA methylation-driven genes (DEMDGs) were obtained by intersecting
MDGs and DEGs for further analysis[18].

Construction of PPI network

The PPI network was established by the Search Tool for the Retrieval of Interacting Genes/Proteins
(STRING) database (https://string-db.org/) and visualized by Cytoscape software (v3.8.2)[22].

Evaluation of immune status and boxplots plotting

The immune cells in�ltration levels in the samples were evaluated by “CIBERSORT” R package, and the
inclusion criteria was p < 0.05 [23]. Stromal score and immune score  also estimated by “estimate” R
package[24]. Boxplots were plotted using the “ggpubr” R package [25]. 

Consensus clustering analysis

We capitalized on k-means clustering algorithm in the “ConsensusClusterPlus” R packet to perform
clustering [26]. The similarity in samples distance was measured by computing Euclidean distance and k-
means algorithm to determine the credibility of our classi�cation. The RCC datasets were grouped into
distinct and nonoverlapping groups according to the consistent expression of 146 DEMDGs. 

Construction of prognostic model

Utilizing the “glmnet” R package, “survival” R package and “survminer” R package, the prognostic model
was constructed [27-29]. The risk scores were calculated according to a linear combination of the gene
expression levels weighted by the regression coe�cients from the multivariate Cox regression
analysis[30]. The “survivalROC” R package was utilized to validate the stability of the prognostic
model[31]. The Kaplan-Meier survival curves were carried out to assess the survival time between high-
and low-risk score RCC patients[32]. We validated the accuracy of optimal cut-off value by the principal
component analysis[33].

Independence of the prognostic model from clinical features

We evaluated the independence of the prognostic model from clinical features via univariate and
multivariate Cox regression analysis[34]. The signi�cant levels were set to p < 0.05 and hazard ratios
(HRs) with 95% CIs were also calculated.
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Construction of the nomogram and the dynamic nomogram

The nomogram was constructed utilizing the “rms” R package [35]. The web-based survival rate
calculator was established using the “shiny” and “DynNom” R packages to predict cancer-speci�c survival
rates dynamically[36, 37].

Gene set enrichment analysis (GSEA) and column diagrams plotting

Gene set enrichment analysis (GSEA) was performed using GSEA4.0 (https://www.gsea-
msigdb.org/gsea/index.jsp/). The annotated gene set �les (c2.cp.kegg.v7.4.symbols.gmt gene set and
c5.go.bp.v7.4.symbols.gmt) were considered as the reference gene set. The inclusion criteria were p <
0.05 and FDR < 0.25. The column diagrams were plotted by GraphPad Prism 7 [38].

Functional and pathway enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis were performed
using “enrichplot” R package, “org.Hs.eg.db” R package and “clusterPro�ler” R package[39, 40]. The
inclusion criteria were set to p < 0.05 and q < 1. The results were visualized by “ggplot2” R package[41].

Statistical analysis

Differential methylation calculated from mean (β-value-cancer) – mean (β-value- normal).           The
differences in variables among different groups were compared by means of the Student’s t-test. All
statistical analysis was conducted using R software (version 4.0.3) (http://www.r-project.org/), Rstudio
software (version 1.4.1106) (https://www.rstudio.com/), Origin (version 2020) and GraphPad Prism7
(GraphPad Software Inc., La Jolla, CA). P < 0.05 was considered to be statistically signi�cant.

Results
Identi�cation of 146 DEMDGs in RCC

The research process of the study was showed in Fig. 1. Based on Wilcoxon rank test, a total of 5198
DEGs were selected from 28 RNA-seq transcriptome pro�ling of normal samples in GTEx dataset and
1021 RNA-seq transcriptome pro�ling (893 RCC samples and 128 normal samples) in TCGA dataset (FDR
< 0.05 and |log2FC| > 2) (Table S1). The heatmap shows the expression of DEGs between RCC samples
and normal samples (Fig. 2A). We screened the 270 methylation-driven genes (MDGs), whose
methylation status negatively correlated with expression levels (Cor < −0.3, |log2FC| > 0 and adjust p <
0.05) (Table S2). The heatmap shows the expression of MDGs between RCC samples and normal
samples (Fig. 2B). Then, 270 MDGs and 5198 DEGs were intersected to obtain 146 DEMDGs for further
analysis (Fig. 2C). We further visualized the methylation levels (Fig. 2D) and gene expression levels (Fig.
2E) of 146 DEMDGs in RCC samples and normal samples. The comprehensive landscape of DEMDGs
interactions and DEMDGs connection for RCC patients was depicted with the DEMDGs network (Fig. 2F).



Page 6/27

The above results found 146 signi�cantly DEMDGs in RCC and normal samples. These abnormal
DEMDGs were interconnected and may be involved in the occurrence and development of RCC.

Consensus clustering based on 146 DEMDGs and immune status analysis of clusters

To select optimized cluster number, we calculated k-means clustering algorithm with the
ConsensusClusterPlus R packet. K = 2 was identi�ed with optimal clustering stability (Fig. 3A-D). Then,
we analyzed the methylation levels and gene expression levels of 146 DEMDGs, as well as the clinical
features of paired patients. There were signi�cant differences in the methylation levels and gene
expression levels between cluster 1 and cluster 2, and the clinical features were evenly distributed in two
clusters (Fig. 3E-F). The RCC patients in cluster 2 (n = 419) had a better overall survival (OS) than the
patients in cluster 1 (n = 435, p < 0.001) (Fig. 3G).

Immune checkpoint inhibitors (ICIs) are administered for the treatment of RCC. We investigated whether
the two clusters were related to ICI-related biomarkers. The results showed that cluster 1 was positively
correlated with high expression of LAG3 (p < 0.001), CD160 (p < 0.001), HAVCR2 (p < 0.001), CTLA4 (p <
0.001) and TIGIT (p < 0.001), and the stromal score and immune score were signi�cantly higher in cluster
1 compared with cluster 2 (p < 0.001) (Fig. 4A). The abundance of B cells naive (p < 0.001), T cells CD8 (p
< 0.001), T cells CD4 memory activated (p < 0.001), T cells follicular helper (p < 0.001), T cells gamma
delta (p < 0.001) and Macrophages M1 (p < 0.001) was signi�cantly higher in cluster 1 compared with
cluster 2 (Fig. 4B). The higher immune in�ltration level corresponded to cluster 1, and lower immune
in�ltration level corresponded to cluster 2 (Fig. 4C). The RCC patients in high-immune score group had a
worse OS than the patients in low-immune score group (p < 0.001) (Fig. 4D). Besides, we accessed the
correlation of immune cells in cluster 1 and cluster 2. In cluster 1, the positive correlation between T cells
CD8 and T cells follicular helper was the strongest, in which correlation coe�cient was 0.55. The
correlation coe�cient between T cells CD8 and T cells CD4 memory resting was -0.66, the lowest
negative correlation (Fig. 4E). However, in cluster 2, the cells with the strongest negative correlation were
activated T cells CD8 and Macrophages M2, in which correlation coe�cient was -0.46 (Fig. 4F). These
results showed that the two clusters based on 146 DEMDGs were closely associated with prognosis and
immune status in RCC patients.

To explore the possible reasons causing worse OS in cluster 1, we selected 106 DEGs from two clusters
(Cor < −0.3 and |log2FC| > 1). We used heatmap visualizing the gene expression levels of 106      DEGs in
RCC and normal samples (Fig. S1). We performed GO and KEGG analysis to analyze underlying functions
and pathways of 106 DEGs (p < 0.05). Results of GO analysis were signi�cantly enriched in regulation of
T cell activation, T cell proliferation, positive regulation of leukocyte proliferation, positive regulation of T
cell proliferation, positive regulation of cell-cell adhesion, etc. (Fig. 4G, S2A and S2B). Results of the KEGG
pathways were signi�cantly enriched in pathogenic Escherichia coli infection, natural killer cell mediated
cytotoxicity, viral myocarditis, one carbon pool by folate, cytokine-cytokine receptor interaction, etc. (Fig.
4H). The above results indicated that the 106 DEGs were in close contact with immune
microenvironment, which may be the causing for OS difference between two clusters.

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7136565/figure/F2/
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Construction and evaluation of the prognostic model

To determine the prognostic value of 146 DEMDGs, univariate Cox regression analysis, LASSO and
multivariate Cox regression analysis were used to identify them. Subsequently, the prognostic model was
constructed based on 17 independent and prognostic DEMDGs (including TRIM4, TCF19, SH3BGR,
PPP1R18, NMI, NCKAP1L, NAPSA, MYH14, MOB3A, FMNL1, FAXDC2, ESRP2, EMP3, CX3CL1, C1orf54,
BST2, BDH1) (Fig. 5A-D). We analyzed the association between the gene expression and the survival of
the patients. The patients’ OS with high-expression of TRIM4, TCF19, SH3BGR, PPP1R18, NMI, NAPSA,
MYH14, MOB3A, FMNL1, FAXDC2, ESRP2, EMP3, CX3CL1, C1orf54, BST2 and BDH1 were worse than the
low-expression group (p < 0.05) (Fig. S3). The methylation levels of 17 DEMDGs were inversely correlated
with their expression level (p < 0.001) (Fig. S4). The risk score was calculated as follows = SH3BGR*
(-0.0896) + BDH1*(-0.0667) + MOB3A*(-0.0244) + CX3CL1*(-0.0343) + NMI*(0.0516) + NAPSA*(-0.0068)
+ PPP1R18*(0.0375) + TCF19*(0.0231) + FMNL1*(0.0946) + C1orf54*(-0.0348) + FAXDC2*(-0.03550) +
BST2*(0.0037) + MYH14*(-0.0410) + ESRP2*(-0.0836) + NCKAP1L*(-0.1905) + TRIM4*(-0.0840) + EMP3*
(-0.0132). The coe�cients of each gene were showed in Table 1.

RCC patients were split into high- and low- risk groups according to optimal cut-off value of the risk
score (Fig. 5E). The AUC of the ROC curves was 0.788, 0.743 and 0.747 within 1-, 2-, 3-year, which
demonstrated that risk score had a good prognostic value (Fig. 5F). The distributions of the risk score in
high- and low-risk groups were showed in Fig. 5G. Patients’ mortality risk increased with increasing risk
score (Fig. 5 H). The survival curve was carried out to assess the survival time between high- and low-risk
score groups. The survival time of high-risk group was signi�cantly worse than the low-risk group (p <
0.001) (Fig. 5I). RCC samples were clearly structured in two different groups by the principal component
analysis, which suggested our study could signi�cantly re�ect the prognosis differences of RCC patients
(Fig. 5J). To investigate the prognostic value of the signature for OS in RCC patients strati�ed by clinical
features, RCC patients were strati�ed according to gender, grade, clinical stage, T stage, N stage and M
stage. For all different strati�cations, the OS time of the high-risk group was shorter than that of the low-
risk group (p < 0.001) (Fig. 6). These results showed that the 17 DEMDGs for OS could accurately predict
the prognosis of RCC patients and that the prognostic model could accurately re�ect the survival of
patients under different clinical features.

Clinical veri�cation of prognostic model and enrichment analysis of prognostic model

We investigated the relationship between the risk score of RCC and several variables. We found that T
stage (p < 0.001), N stage (p < 0.05), clinical stage (p < 0.0001), tumor grade levels (p < 0.05), cluster (p <
0.0001) and immune score (p < 0.01) were signi�cantly associated to the risk score. The risk score level
of the T1, T2 and N0 stage were clearly lower than that of the T3, T4 and N1, N2 stage (Fig. 7A-B). The
higher level of clinical stage had higher level of risk score (Fig. 7C). The risk score increased with the
grade of the tumor (Fig. 7D). The risk score of the cluster 1 was signi�cantly higher than that of the
cluster 2 (Fig. 7E). The low immune score group had lower risk score than high immune score group (Fig.
7F).
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To further annotate functions enriched in the high- and low-risk groups, GSEA was queried to con�rm the
signaling pathways in which the genes are enriched. The results were represented in Fig. 7G-J (p < 0.05).
The following biological processes were enriched in the high-risk group: regulation of DNA damage
response signal transduction by p53 class mediator, chondrocyte development, negative regulation of
gene expression epigenetic, positive regulation of leukocyte proliferation and cardiac epithelial to
mesenchymal transition. The following signaling pathways were enriched in the high-risk group: cytokine-
cytokine receptor interaction, vascular smooth muscle contraction, cell cycle, nod-like receptor signaling
pathway, jak-stat signaling pathway. To clarify the possible molecular mechanism of 17 prognosis-
related DEMDGs, we also performed GO and KEGG pathway analysis. Results of GO analysis were
signi�cantly enriched in negative regulation of cytokine production, response to interferon-gamma,
cortical actin cytoskeleton organization, multivesicular body, SCAR complex, Rac GTPase binding, actin
binding, etc. (Fig. 7K, S5A and S5B). Results of KEGG analysis were signi�cantly enriched in synthesis
and degradation of ketone bodies, pathogenic Escherichia coli infection, regulation of actin cytoskeleton,
butanoate metabolism (Fig. 7L). These results suggested that the risk score was correlated with clinical
features, cluster and immune score and that the above biologic functions and signaling pathways might
impact RCC patients’ prognosis. 

The predictive accuracy of prognostic model

In order to determine whether the risk score could be presented as an independent prognostic factor for
RCC patients, we employed univariate and multivariate Cox proportional hazards regression analysis. In
the univariate analysis and multivariate analysis, the risk score, age and M stage showed pronounced
effects on the RCC prognosis (p < 0.05) (Fig. 8A-B). Beyond this, we constructed a nomogram with the
signi�cant variables in the multivariate analysis (Fig. 8C). Results suggested that risk score had the
signi�cant in�uence on survival prediction. The 1-, 2-, and 3-year predicted calibration curves also
respectively suggested that the model had a good prediction accuracy (Fig. 8D-F). We also established a
dynamic web-based survival rate calculator (http://127.0.0.1:7634/), which could individually predict the
survival of patients according to their clinical features and risk score. For example, the 3-year cancer-
speci�c survival rate was approximately 55% (95% CI 42–72%) for patients with low risk, M0 stage and
aged < 65 years (Fig. 8G-H).

Prognostic model correlated with tumor-in�ltrating immune cells and drug susceptibility

To further analyze the relationship between prognostic model and tumor-in�ltrating immune cells, we
performed a detailed spearman correlation analysis and the result was presented with the lollipop shape
(Fig. 9A). High-risk group were more positively correlated with tumor-in�ltrating immune cells, including
CD8+ T cells, Macrophage M1, B cell , monocytes, Myeloid dendritic cell, T cell regulatory and myeloid
dendritic cells, etc. The detailed results were showed in Table S3. We also attempted to identify
associations between prognistic model and the e�cacy of six common chemotherapeutic drugs for the
treatment of RCC. The high-risk score was associated with the lower half maximal inhibitory
concentration (IC50) of chemotherapeutics such as Temsirolimus (p = 1.1e-09), Sunitinib (p < 2.22e-16),
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Pazopanib (p = 0.0041), Doxorubicin (p = 0.0054), Bleomycin (p = 0.012), Axitinib (p = 7.1e−06) (Fig. 9B-
G). The above results showed that this model closely correlated with tumor-in�ltrating immune cells and
drug susceptibility.

Discussion
Previous studies had described that RCC possesses a high number of genetic alterations and epigenetic
alterations[42, 43]. As the major epigenetic modi�cation, DNA methylation studies have become a
research hotspot in many cancers, speci�cally in RCC[44]. In this paper, we identi�ed 146 DEMDGs by
integrating transcriptomic and DNA methylation pro�les. Two clusters were identi�ed by consensus
clustering based on 146 DEMDGs, and we developed a reliable prognostic model consisting of 17
DEMDGs.

We selected 5198 DEGs from normal samples and RCC samples. Then, 270 MDGs of RCC were identi�ed
by using the MethylMix algorithm. 146 DEMDGs were identi�ed by intersecting 5198 DEGs and 270
MDGs. RCC patients were successfully divided into two clusters based on the 146 DEMDGs, and patients
of different clusters had different clinical features, methylation level and gene expression level. The OS of
patients in cluster 2 was signi�cantly longer than those in cluster 1. Immune status, immune score,
immune checkpoints and in�ltrating percentage of immune cells in two clusters also showed signi�cant
differences. Two clusters had different survival rate for the following possible reasons. (1) Aberrant DNA
methylation could contribute to tumor progression due to gene aberrant transcriptional responses[45].
Aberrant DNA methylation patterns are a feature of tumor development[46]. (2) Tumor-in�ltrating immune
cells of RCC could in�uence the prognosis and progression of tumor[47]. Additionally, cluster 1 had the
higher immune score and immune cells in�ltration. There were studies reporting that high immune score
as well as high in�ltration of immune cells were associated with poor prognosis, which was similar with
our results[48]. We identi�ed 106 DEGs from cluster 1 to perform further analysis. Many results of
biological processes were signi�cantly enriched in immunity, including positive regulation of I-kappaB
kinase/NF-kappaB signaling, leukotriene D4 metabolic process, etc.. This provided further evidence that
the different immune status of two clusters may be the possible cause for different survival satus.

Subsequently, 17 DEMDGs (including SH3BGR, BDH1, MOB3A, CX3CL1, NMI, NAPSA, PPP1R18, TCF19,
FMNL1, C1orf54, FAXDC2, BST2, MYH14, ESRP2, NCKAP1L, TRIM4, EMP3) prognostic model was
constructed to act as a reliable predictor by univariate and multivariate Cox analysis. Risk score also was
calculated based on the gene expression and regression coe�cients of each gene. Patients were divided
into high-risk group and low-risk group based on their risk scores. The AUC of 1-, 2- and 3-year survival
was 0.788, 0.743 and 0.747, respectively. Patients in the low-risk group had a longer overall survival
compared with those in the high-risk group (p < 0.001). For all different clinical features, the high-risk
group had worse survival than the low-risk group signi�cantly with P < 0.001. We used GSEA to con�rm
the signaling pathways where the genes were enriched in the high- and low-risk groups. The high-risk
group mainly enriched in immune-related processes. Then, we performed GO analysis and KEGG analysis
on the 17 DEMDGs. We noted that BP group of GO analysis were mainly enriched in immune-related
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processes. These results suggest a closely relation between prognosis and immune status in RCC. The
multivariate Cox regression analysis results indicated that our prognostic model was unaffected by
clinical features. Besides, we constructed a nomogram and a dynamic web-based survival rate calculator
to verify prediction accuracy of prognostic model. The above outcomes indicate that our prognostic
model has a good predictive ability and excellent predictive accuracy.

We further explored the relationship between tumor-in�ltrating immune cells and risk score with seven
common acceptable methods of estimating the immunoin�ltrating cell, including TIMER[49],
CIBERSORT[49], XCELL[50], QUANTISEQ[51], MCPcounter[52], EPIC[53], and CIBERSORT-ABS[54]. The
synthetical analysis showed that risk score was more positively related to tumor-in�ltrating immune cells.
Finally, we evaluated the relationship between risk score and the e�cacy of six common anti-tumor drugs
the treatment of RCC. The results showed IC50s of six drugs signi�cantly inversely correlated to risk
score. Here, this study demonstrated that a novel prognostic model constructed by 17 DEMDGs that
could predict prognosis for patients with RCC and might help distinguish those who could bene�t from
anti-tumor immunotherapy. However, our �ndings still need to be demonstrated by experimental methods.

Conclusions
To sum up, our study indenti�ed 146 DEMDGs in RCC. The consensus clustering based on 146 DEMDGs
could be used to predict prognosis of RCC, and the clusters were associated with the immune
microenvironment of RCC. We utilized 17 DEMDGs to construct a new OS-related prognostic model for
early diagnosis of RCC, and risk score was signi�cantly correlated with prognosis, immune in�ltration,
clinical features and drug sensitivity. Different from previous studies, we taken TCGA dataset and GTEx
dataset together to perform analysis, overcoming the short plank of smaller numbers of normal samples
in TCGA dataset. Notably, we broke the limitations of previous studies by analyzing all pathological types
of RCC instead of the main pathological type.
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Tables
Table 1. Multivariate Cox regression analysis of 17DEMDGs
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gene coef HR HR.95L HR.95H P value

SH3BGR -0.089591804 0.914304325 0.835447896 1.00060387 0.05155323

BDH1 -0.066725946 0.93545153 0.87129257 1.004334934 0.065673923

MOB3A -0.024448556 0.975847889 0.951130436 1.001207686 0.061795815

CX3CL1 -0.034306301 0.966275488 0.956947105 0.975694805 4.17E-12

NMI 0.051625706 1.052981544 0.9865486 1.123887999 0.120503784

NAPSA -0.006786017 0.993236956 0.984133671 1.002424448 0.148596204

PPP1R18 0.037539918 1.038253441 1.015357262 1.061665927 0.000968562

TCF19 0.023148109 1.023418106 1.006399079 1.040724938 0.006820406

FMNL1 0.094605219 1.099224816 1.032025414 1.170799846 0.003288516

C1orf54 -0.034766087 0.96583131 0.937848268 0.994649296 0.020470177

FAXDC2 -0.035496821 0.965125802 0.921525969 1.010788459 0.132323501

BST2 0.003667575 1.003674309 1.00153526 1.005817926 0.000753672

MYH14 -0.040967121 0.959860689 0.922629315 0.998594481 0.042392429

ESRP2 -0.083628303 0.919773069 0.84971504 0.995607303 0.038557916

NCKAP1L -0.190480134 0.826562178 0.772928142 0.883917917 2.63E-08

TRIM4 -0.084023915 0.919409268 0.872812021 0.968494226 0.001543821

EMP3 -0.013155528 0.986930627 0.979068285 0.994856108 0.001265433

Coef, coe�cient; HR, hazard ratio; CI, con�dence interval.

Figures
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Figure 1

The �ow diagram. TCGA, The Cancer Genome Atlas; GTEx, Genotype-Tissue Expression; DEGs,
differentially expressed genes; MDGs, methylation-driven genes; DEMDGs, differentially expressed
methylation-driven genes; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; K–M,
Kaplan–Meier.
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Figure 2

Screening of 146 DEMDGs. (A) Heatmap of DEGs in normal samples and RCC samples. (B) Heatmap of
MDGs in normal samples and RCC samples. (C) Venn diagram for 146 DEMDGs in normal samples and
RCC samples. The blue circle represents 5198 DEGs and the yellow circle represents 270 MDGs. (D)
Heatmap of methylation levels of 146 DEMDGs. (E) Heatmap of gene expression levels of 146 DEMDGs.
(F) PPI network of 146 DEMDGs.
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Figure 3

Consensus clustering based on 146 DEMDGs. (A) CDF for RCC. (B) The area under the CDF curve in RCC.
(C) Consensus clustering matrix for RCC at k = 2. (D) Tracking plot for k from 2 to 9. (E) Heatmap of
methylation levels of 146 DEMDGs in the two clusters, and the distribution of clinical features were
compared in the two clusters. (F) Heatmap of gene expression levels of 146 DEMDGs in the two clusters,
and the distribution of clinical features were compared in the two clusters. (G) The survival curves
showed signi�cant prognostic differences in two clusters.
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Figure 4

Immune status analysis of two clusters and functional enrichment analysis of 106 DEGs. (A) Expression
of immune checkpoints in two clusters of RCC. (B) The abundance of immune cells in two clusters of
RCC. (C) The heatmap of abundance of immune cells in two clusters. (D) The survival curves of high and
low immune score group showed signi�cant prognostic differences. (E) Correlation matrix of in�ltrating
immune cells in cluster 1. (F) Correlation matrix of in�ltrating immune cells in cluster 2. The numbers in
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the two matrices represent the Pearson correlation coe�cient. Coral circle represents a positive
correlation, blue circle represents a negative correlation, and white circle represent no correlation between
two kinds of cells. (G) GO term enrichment in biological process of 106 DEGs. (H) KEGG enrichment
analysis of 106 DEGs. *p < 0.05; **p < 0.01; ***p < 0.001.

Figure 5
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Establishment and validation of the prognostic model based on 146 DEMDGs. (A) The hazard ratios (HR)
and 95% con�dence intervals (CI) of 17 DEMDGs in RCC were computed by univariate Cox regression
analysis. (B) The changing trajectory of each independent variable. (C) Con�dence intervals for each
optimal lambda. 10-fold cross-validation for tuning parameter selection in the LASSO model. (D) The HR
and 95% CI of 17 DEMDGs in RCC were computed by multivariate Cox regression analysis. (E) Risk score
for 893 RCC samples; the maximum in�ection point is the cut-off point accessed by the AIC. (F) The 1-, 2-,
and 3-year ROC of the optimal model suggested that all AUC values were over 0.7. (G-H) Distribution of
the risk scores of RCC patients. (I) The survival curves were plotted to show the survival difference based
on the risk score. (J) Principal component analysis performed on RCC samples based on risk scores.
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Figure 6

Survival curves for the high- and low-risk groups strati�ed by clinical features. Kaplan-Meier survival
curve analysis showed the OS rates of high- and low-risk RCC patients strati�ed by female and male;
clinical stages I-II and clinical stages III-IV; grades I-II and grades III-IV; T1-2 and T3-4; N0 and N1-2; M0
and M1-2. (T, tumor size; N, lymph node metastasis; M, metastasis).
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Figure 7

Relationship between risk score and clinical features of RCC and functional enrichment analysis of
prognostic model. (A-F) The distribution of risk score in high- and low-risk patients strati�ed according to
(A) T stage (T1-2 vs. T3-4); (B) N stage (N0 vs. N1-2). (C) clinical stage (stages I-II vs. stages III-IV). (D)
grade (grades I-II vs. grades III-IV). (E) cluster (cluster 1 vs. cluster 2). (F) immune score group (high score
vs. low score). T, tumor size; N, lymph node metastasis. (G) Biological processes enriched in the high-risk
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group. (H) Biological processes enriched in the low-risk group. (I) Signaling pathways enriched in the
high-risk group. (J) Signaling pathways enriched in the low-risk group. (K) GO enrichment analysis of 17
DEMDGs in biological process. (L) KEGG enrichment analysis of 17 DEMDGs.

Figure 8

Assessment of the accuracy of the prognostic model. (A-B) Univariate (A) and multivariate (B) Cox
regression analysis for the relation between risk score and clinical features. (C) Construction of the
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nomogram model. (D-F) The calibration curves of 1-, 2-, 3-year in nomogram. (G) Patients with low-risk,
M0 stage and aged < 65 years according to the web survival rate calculator (95% CI 42–72%). (H) 95%
con�dence interval according to the web survival rate calculator.

Figure 9

Estimation of tumor-In�ltrating cells and drug susceptibility by the prognostic model. (A) Spearman
correlation analysis between risk score and tumor-in�ltrating immune cells. (B-G) The model had the
potential to predict chemosensitivity because high-risk score was associated with a lower half maximal
inhibitory concentration (IC50) of chemotherapeutics such as Axitinib (p = 7.1e-06), Bleomycin (p =
0.012), Doxorubicin (p = 0.0054), Pazopanib (p = 0.0041), Sunitinib (p < 2.22e-16), Temsirolimus (p =1.1e-
09).

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

Fig.S1.jpg

Fig.S2.jpg

Fig.S3.jpg

Fig.S4.jpg

https://assets.researchsquare.com/files/rs-621150/v1/5cd5f7ac2686029c53df3a6f.jpg
https://assets.researchsquare.com/files/rs-621150/v1/7b066c05ec46ada6922cd0c9.jpg
https://assets.researchsquare.com/files/rs-621150/v1/189f330fb6345c35647d0e03.jpg
https://assets.researchsquare.com/files/rs-621150/v1/cec3ba78408fb5740b8545a2.jpg


Page 27/27

Fig.S5.jpg

TableS1.xlsx

TableS2.xlsx

TableS3.xlsx

https://assets.researchsquare.com/files/rs-621150/v1/cb719b150e2ea8c133cfb895.jpg
https://assets.researchsquare.com/files/rs-621150/v1/4959f6f8e9214c5cfc415a9d.xlsx
https://assets.researchsquare.com/files/rs-621150/v1/8d68f4ac5c94ec0344cf580e.xlsx
https://assets.researchsquare.com/files/rs-621150/v1/c1fc588b73f40ffd17623973.xlsx

