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INTRODUCTION 
 

Colorectal cancer (CRC) is the third most common 

malignancy and a leading cause of cancer-related death 

worldwide [1–3]. In the past decades, the survival of 

CRC patients has been extended progressively [4]. 

However, the mortality of CRC is still not satisfactory 

[5]. CRC is a heterogeneous cancer with a series of 

critical driver genomic events [6]. Multiple genetic and 

epigenetic changes in CRC are attracting critical 

attention. The gene expression profiles and the DNA 

methylation landscape of CRC have been widely 

investigated [7, 8]. Consensus molecular subtypes have 

been identified by Tejpar’s group for future clinical 

stratification and precision medicine [9]. However, 

subtypes were generated in a diagnostic way. The 

prognostic differences in patients couldn’t be reflected 

[10]. The prognosis of patients with CRC tends to be 
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ABSTRACT 
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2.034, 95% CI: 1.419-2.916, C index: 0.655). The sensitivity and specificity were validated by the receiver 
operating characteristic (ROC) analysis. Furthermore, different pharmaceutical treatment responses were 
observed between the high-risk and low-risk groups. Indeed, the methylation-driven gene signature could act 
as an independent prognostic evaluation biomarker for assessing the OS of CRC patients and guiding the 
pharmaceutical treatment. Compared with known biomarkers, the methylation-driven gene signature could 
reveal cross-omics molecular features for improving clinical stratification and prognosis. 
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highly dependent on the individual. The heterogeneity 

of CRC made it difficult to predict prognosis and make 

therapeutic decisions [11]. Developing effective 

biomarkers is essential for improving the clinical 

outcome. 

 

DNA methylation, one common epigenetic modification 

in eukaryotic genome [12], always exerts critical 

functions in regulation of gene expression and histone 

modifications [13]. Aberrant DNA methylation has 

been demonstrated as an important mechanism of 

oncogenic activation [14]. With the development of 

high-throughput sequencing for DNA methylation, 

genome-wide DNA methylation could be identified 

efficiently [15, 16]. Indeed, both hypo- and 

hypermethylation events in cancer have been reported 

[17]. The revelation of methylation map could be the 

key for understanding epigenetic drivers of cancer [18]. 

Moreover, DNA methylation was dynamic and 

reversible [19, 20]. The DNA methylation was regulated 

by DNA methylation regulators such as 

methyltransferase and demethylase [21]. It is still a 

great challenge to reveal all the molecular mechanisms 

and landscape of DNA methylation.  

 

The molecular mechanism of DNA methylation has 

been demonstrated to be associated with colorectal 

tumorigenesis [22]. Relative research would be 

benefit for developing prognostic evaluation and 

clinical therapy. Bioinformatic analysis showed that 

some specific gene expression could be predicted by 

the hypo- and hypermethylation of corresponding 

genes exactly [23]. Such genes were identified as 

methylation-driven genes. Further research has 

reported disease-related DNA methylation-driven 

genes as biomarkers for early diagnosis or prognosis 

prediction [24].  

 

Herein, we applied the MethylMix R package [25] to 

identify the methylation-driven genes in the datasets of 

patients with CRC from The Cancer Genome Atlas 

(TCGA) database. Subsequently, the potential clinical 

significance of these methylation-driven genes was 

investigated. Some specific methylation-driven genes 

were indicated to be associated with the prognosis by 

Cox regression analysis. A risk score model for survival 

prediction was constructed based on five-gene 

signature. The performance of this survival model was 

evaluated by Kaplan-Meier survival analysis and 

receiver operating characteristic (ROC) analysis. 

Furthermore, the difference of the pharmaceutical 

treatment responses between two groups classified by 

the survival model was investigated. The patients in the 

high-risk group have a higher probability of suffering 

clinical processive disease after chemotherapy than 

patients in the low-risk group. The cases after treatment 

by Capecitabine (Xeloda) in the high-risk group barely 

got complete response (CR) while the complete 

response rate was nearly three quarters in the low-risk 

group.  

 

Consequently, methylation-driven genes could serve as 

a potential biomarker for predicting overall survival 

(OS) with clinical reference for pharmaceutical 

treatment response. 

 

RESULTS 
 

Identification of methylation-driven genes  

 

In this study, the datasets of patients with CRC were all 

available from The Cancer Genome Atlas (TCGA). 

Initially, differential expression genes (DEGs) were 

screened out by edgeR package with the criterion of 

FDR < 0.05 and |log2FC| > 1.5 from 688 cohorts 

involving 638 CRC tissues and 50 normal tissues. A 

total of 3522 genes were identified as aberrant 

expressed genes in CRC (Supplementary Table 1, 

Supplementary Figure 1). Among them, the genes that 

are transcriptionally predictive by the methylation 

status of correlated CpG sites were identified as 

methylation-driven genes. The MethylMix algorithm is 

utilized to deriving such methylation-driven genes. The 

methylation status of each CpG site was quantitatively 

evaluated by the univariate beta mixture model. Then, 

the specific differentially methylated genes in cancer 

were identified by the comparative analysis between 

cancer and normal tissue. Finally, methylation-driven 

genes were determined by a linear regression model for 

association between gene expression and methylation 

status of its corresponding CpG sites. By this method, 

181 genes were identified as methylation-driven genes 

from 352 specimens (308 cancer samples and 45 

normal samples) within the RNA-seq data and the 

matched DNA methylation chip data. (Supplementary 

Table 2). Principal component analysis (PCA) 

indicated the significant difference in the expression of 

methylation-driven genes between cancer samples and 

control samples (Figure 1A). Individuals from PCA 

demonstrated that the over-expression of these 

methylation-driven genes was a significant hallmark of 

the cancer tumor. After chromosome location 

annotation, the distribution of 181 DNA methylation-

driven genes were revealed. Except for Y-chromosome, 

DNA methylation-driven genes were distributed in all 

other chromosomes. In the order of the genes organized 

along chromosomes, the transcriptome and DNA 

methylome profiles were showed on the circos plots 

(Figure 1C). Importantly, most of these methylation-

driven genes (123/181, 68.0%) were identified under 

negative association between methylation status and 

transcript level (Supplementary Figure 4) which meant 
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that decreased methylation levels correlate with 

increased expression levels. 

 

Furthermore, Two-third methylation-driven genes 

(118/181, 65.2%) were overexpressed in CRC tissue. 

They were considered as potential biomarkers for 

disease phenotype or clinical features. In further trials, a 

total of 18 genes were demonstrated to be associated 

with the prognosis of CRC (Supplementary Figure 7). 

Among them, five genes (POU4F1, NOVA1, 

MAGEA1, SLCO4C1, and IZUMO2) which were 

highlighted by the red color were 

 

 
 

Figure 1. (A) Principal component analysis (PCA) for methylation-driven genes between solid tumor samples and normal samples; (B) The 
association of methylation status and expression; (C) Circos plot of DNA methylation-driven genes. From the outermost circle to the inner 
circle, the presentation on the map is as follows: (a) Gene symbol; (b) Chromosome location with lines deriving from specific gene locus; (c) 
DNA methylation by bar charts (Purple: hypermethylation, Green: hypomethylation); (d) transcriptome expression by heatmap. 
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recruited to construct the prediction risk model by 

multivariate Cox regression analysis. 

 

Functional analysis of the DNA methylation-driven 

genes 

 

After identification of the methylation-driven genes 

associated with CRC, the molecular functions of these 

genes were investigated. As shown in Figure 2, the 

functional categories of 181 methylation-driven genes 

were defined by the gene-set enrichment analysis (GSEA) 

analysis (Supplementary Figure 6). The enrichment 

analysis showed that methylation-driven genes play 

critical roles in multiple categories involving 27 GO 

biological process (BP) terms, 5 GO cell component (CC) 

and 11 GO molecular functions (MF) terms 

(Supplementary Table 4). Overall, the functions of these 

genes mainly focused on the regulation of transcription. 

Especially, activity of RNA polymerase II was identified 

as the key factor. Besides that, the overexpression of these 

genes would promote cell adhesion and cell proliferation 

which are biological characteristics of cancer cells. The 

results were consistent with their roles in oncogenesis as 

methylation-driven genes. As for 18 survival-associated 

methylation-driven genes, the individual functional 

annotation table was record in supporting material 

(Supplementary Table 5). Finally, the biological processes 

regulated by the 5 genes in the risk score model were 

investigated by individual GO analysis (Supplementary 

Table 6). The results indicated that they were association 

with the transcription as the negative regulators of RNA 

polymerase II promoter (Figure 2B). 

 

Identification of methylation-driven genes associated 

with overall survival (OS)  

 

A total of 581 patients diagnosed with CRCs were 

included in the survival analysis. The median age was 

68 years (range, 30–89 years). The information of TNM 

classification was displayed in Table 1. The Cox 

proportional hazard regression analysis was employed 

to investigate the association between methylation-

driven genes and clinical survival time in the CRC 

patients. Initially, a total of 18 genes among the 

methylation-driven genes were identified to be 

significantly associated with OS of patients with CRCs 

(p-value < 0.005) by univariate Cox regression analysis 

(Table 2). And the significant analysis for association 

between the OS and expression of the individual gene 

was investigated by log-rank test (Figure 3). Focused on 

these genes, multivariate Cox regression analysis was 

further performed to construct a scoring model for 

survival prediction. By the Akaike Information 

Criterion (AIC), 9 genes (ZNF556, CILP2, NAT2, 

REP15, SUSD5, MIOX, RSPO4, PPP1R14A and 

LY6E) were eliminated (Supplementary Table 4). Then, 

step elimination optimization was proposed to ensure all 

the genes in models were statistically significant (p-

value < 0.01, Table 3) Finally, the expression of five 

genes (POU4F1, NOVA1, MAGEA1, SLCO4C1, 

IZUMO2) were defined as the index to obtain the risk 

assessment model (Table 3, Figure 4A, 4B). The risk 

scoring formula was defined as follows: 

RiskScore=POU4F1×1.2040333+NOVA1×1.1272212+

MAGEA1×1.1276608+SLCO4C1×0.8003405+ 

IZUMO2×0.8645822. 

 

The median value of the RiskScore (0.961639) was 

defined as the intergroup cut-off value. According to 

this value, the specimens could be classified into high-

risk group and low-risk group. Further, Mann–Whitney 

testing indicated significant differential expression of 

individual genes in the risk model between the high-risk 

group and the low-risk group (Figure 4C). The 

correlation between expression of the five genes and the 

methylation status was verified by Pearson correlation 

coefficient (Supplementary Figure 2, Supplementary 

Table 3). However, there is no evidence for association 

between OS and methylation pattern of these genes. 

(Supplementary Figure 9) The methylation β mixed 

model of these genes was shown in Figure 4D. The 

black horizontal line was the scale for indicating the 

methylation status in normal specimens. The curves 

were fitted with the subgroups of differential 

methylation in the cancer group, and it could represent 

the trend of methylation distribution in CRC tissues.  

 

Predictive performance of the methylation-driven 

gene signature 
 

The 581 specimens were separated randomly into a 

training dataset (402 samples) and a validation dataset 

(173 specimens) with a ratio of 3:1. The Kaplan–Meier 

analysis was performed to evaluate the predictive value 

of this risk assessment model in the prognosis. The p-

value from log-rank tests and hazard ratios (HRs) from 

the Cox regression analysis indicated that our hazard 

model based on five methylation-driven genes was 

significantly associated with the OS of patients with 

CRC (Training dataset: p-value < 0.005, HR: 2.543, 

95% CI: 1.291–5.008; Validation dataset: p-value < 

0.005, HR: 2.075, 95% CI: 1.421–3.029, Figure 5A). 

The sensitivity and specificity of our prognosis risk 

assessment model were verified by the receiver 

operating characteristic (ROC) curve (Figure 5C). The 

AUC values of both datasets (training dataset: 0.644, 

testing dataset: 0.819) indicated that our risk assessment 

model could be an effective marker for predicting the 

prognosis of CRC. For all the specimens, the cohort was 

classified into two groups according to the median value 

of the RiskScore. The Kaplan–Meier curve showed that 

our five-gene signature could accurately distinguish 
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Figure 2. Gene-set enrichment analysis (GSEA) for methylation-driven genes. (A) molecular functions, biological process, and Cell 
component of 181 methylation-driven genes. (B) biological process of 5 genes in the risk model. 
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Table 1. Clinicopathological characteristics of CRC patients from TCGA. 

Variables 

Patients 

Total Training dataset Test dataset 

No. % No. % No. % 

Gender 
      

Female 310 53.91% 221 54.84% 89 51.45% 

Male 265 46.09% 181 44.91% 84 48.55% 

Age at diagnosis 
     

 Median 68 
 

68 
 

67 
 

 Range 31-90  
 

34-90 
 

37-90 
 

  >60 392 68.17% 277 68.73% 117 67.63% 

  <61 183 31.83% 126 31.27% 52 30.06% 

TNM stage (T) 
     

   T1 19 3.30% 9 2.23% 10 5.78% 

   T2 102 17.74% 66 16.38% 36 20.81% 

   T3 393 68.35% 282 69.98% 111 64.16% 

   T4 61 10.61% 45 11.17% 16 9.25% 

TNM stage (N) 
     

   N0 327 56.87% 222 55.09% 105 60.69% 

   N1 142 24.70% 97 24.07% 45 26.01% 

   N2 106 18.43% 83 20.60% 23 13.29% 

TNM stage (M) 
     

   M0 435 75.65% 303 75.19% 132 76.30% 

   M1 82 14.26% 58 14.39% 24 13.87% 

   Mx 58 10.09% 41 10.17% 17 9.83% 

 

high- and low-risk patients with CRC significantly (p-

value < 0.0001, HR: 2.034, 95% CI: 1.419-2.916). The 

Harrell’s C index revealed a value of 0.655. This meant 

that a significant difference between the high-risk group 

and the low-risk group. The mean OS of patents in the 

high-risk group was 2003 days while the mean OS in 

the low-risk group was identified as NA because of the 

expectable good prognosis. By the same way, the 

effectiveness of five-gene model was validated in an 

independent GEO cohort (GSE39582, Figure 6A). 

Specifically, the result from the multivariate Cox 

analysis for the clinical characteristics (age, sex, grade, 

and TNM classification) and RiskScore demonstrated 

the independence of our risk assessment model (Table 

4). Moreover, the effect of risk factors for predicting 

survival could be evaluated by the nomogram (Figure 

5D, Supplementary Figure 3). Compare to clinical 

characteristics including age, gender and TNM 

classification, RiskScore based on five methylation-

driven gene signature occupied maximum proportion in 

the pointing system. It means that RiskScore played the 

most important role in predicting system.  

 

Finally, the prognostic value of our methylation-driven 

gene signature was validated in 23 patient tumor samples 

provided by Cancer Hospital of China Medical 

University, Liaoning Cancer Hospital and Institute. The 

detail of clinical information was list in the supporting 

information (Supplementary Table 8). Total RNA had 

been extracted for the solid tissues and gene expression 

profiles were detected by qPCR (Supplementary Figure 

10 and Supplementary Tables 7, 9). Similarly, the risk 

score from the 5-gene signature divided patients into 

high- and low-risk groups. Kaplan–Meier curves 

indicated significant differences between the two groups 

(log-rank test, p-value < 0.05; Figure 6D) All the results 

demonstrated that the prognosis risk assessment model 

based on the five-gene signature could be an independent 

applicable predictor for prognosis in evaluation in CRC 

patients. 
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Table 2. The results of univariate Cox analysis. 

Gene HR z 95%CI p value 

SLCO4C1 0.8560  -2.9084  0.86 [0.77, 0.95] 0.0036  

ZNF556 1.1087  2.8937  1.11 [1.03, 1.19] 0.0038  

MAGEA1 1.1157  2.7109  1.12 [1.03, 1.21] 0.0067  

AFAP1.AS1 1.0764  2.6837  1.08 [1.02, 1.14] 0.0073  

CILP2 1.1273  2.6260  1.13 [1.03, 1.23] 0.0086  

NAT2 0.8921  -2.5460  0.89 [0.82, 0.97] 0.0109  

REP15 0.8971  -2.4593  0.90 [0.82, 0.98] 0.0139  

POU4F1 1.1202  2.4028  1.12 [1.02, 1.23] 0.0163  

EPHX4 0.8765  -2.2504  0.88 [0.78, 0.98] 0.0244  

MIOX 1.1170  2.1943  1.12 [1.01, 1.23] 0.0282  

SUSD5 1.1184  2.1421  1.12 [1.01, 1.24] 0.0322  

RSPO4 1.0843  2.1218  1.08 [1.01, 1.17] 0.0339  

IZUMO2 0.9140  -2.1136  0.91 [0.84, 0.99] 0.0346  

NOVA1 1.1012  2.0521  1.10 [1.00, 1.21] 0.0402  

EPHX3 1.1272  2.0510  1.13 [1.01, 1.26] 0.0403  

AXIN2 0.8946  -2.0120  0.89 [0.80, 1.00] 0.0442  

PPP1R14A 1.1511  1.9970  1.15 [1.00, 1.32] 0.0458  

LY6E 1.1462  1.9954  1.15 [1.00, 1.31] 0.0460  

 

Comparison of prognosis model based on 

methylation-driven genes with other known 

biomarkers 
 

In recent years, several prognostic biomarkers in CRC 

based on molecular features such as aberrant 

expressions were developed. For instance, high 

expression of MALAT1 suggested poor prognosis in 

CRC patients [26]. HOTAIR could be identified as a 

negative prognostic factor both in primary tumors and 

blood of CRC patients [27, 28]. PCAT-1, identified as 

prostate cancer–associated ncRNA transcripts 1, was 

also demonstrated to be associated with worse 

prognosis clinical outcomes in CRC [29]. Furthermore, 

multi-gene signatures were also developed as novel 

prognosis biomarkers by multivariate Cox analysis. H. 

Chen, Sun, et al. [30] reported a seven-gene signature 

(PPIP5K2, PTPRB, NHLRC3, PRR14L, CCBL1, 

PNPO, and ZDHHC21) as prognostic biomarkers by 

analyzing a gene microarray of 64 specimens. Zhuang 

Li, et al. [31] developed a five-gene signature (KIF15, 

NAT2, GPX3, SCG2, and CLCA1) for predicting the 

OS of CRC patients in two independent GEO cohorts. 

 

Herein, the sensitivity and specificity of above known 

biomarkers and our risk assessment model were verified 

uniformly by ROC analyses. The data from TCGA 

program (COAD, READ) were used as the validation 

dataset. As a result, our risk assessment model based on 

five methylation-driven genes showed effective and 

reliable performance (Figure 5C). The signature of five 

methylation-driven genes was demonstrated to be an 

effective predictor for OS of patients with CRC.  

 

Pharmaceutical treatment response of patients from 

the risk assessment model 
 

More than the prognosis, the differences in 

pharmaceutical treatment response between the high-

risk group and the low-risk group were observed. the 

clinical information of pharmaceutical therapy events 

and the matched treatment responses were also 

available in TCGA database. A total of 828 events of 

pharmaceutical therapy from 232 patients with CRC 

were recorded. According to the Riskscore, the patients 

were classified in the high-risk group and the low-risk 

group. Then, statistical analysis revealed the difference 

of treatment responses between two groups. Generally, 

treatment response of patients in the low-risk group was 

better of the two groups. The proportion of patients with 

complete response (CR), partial response (PR), 

progressive disease (PD) and stable disease (SD) and 

were 53.0%, 10.6%, 27.3% and 9.1% in the high-risk 

group and 67.2%, 10.3%, 15.5% and 6.9% in the low-

risk group, respectively. Two thirds of cases from the 

low-risk group achieved clinical complete response 

after chemoradiotherapy vs 53% in the high-risk group. 

Moreover, patients in the high-risk group had higher 
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Figure 3. The association between the OS and individual gene expression of the 18 survival-associated genes. 
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Table 3. The results of multivariate Cox analysis. 

Gene coef exp(coef) se(coef) z Pr(>|z|) 

SLCO4C1 -0.2227  0.8003  0.0556  -4.0087  0.000061  

MAGEA1 0.1201  1.1277  0.0412  2.9166  0.003539  

POU4F1 0.1857  1.2040  0.0508  3.6529  0.000259  

IZUMO2 -0.1455  0.8646  0.0459  -3.1668  0.001541  

NOVA1 0.1198  1.1272  0.0451  2.6533  0.007972  

 

 
 

Figure 4. (A) Hazard Ratio of genes form the survival model; (B) Coefficient of genes form the survival model; (C) Expression of five genes in 
high-risk and low-risk groups, (“L”: low-risk group, “H”: high-risk group), Mann–Whitney test was used to evaluate the differences between 
the two groups,****: p-value < 0.0001, ***: p-value = 0.0002; (D) Mixture models of five genes. 
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rates of suffering clinical progressive diseases after 

chemotherapy (27.3% vs 15.5%). Treatment responses of 

specific drugs were displayed by pie charts (Figure 7A). 

Among them, significant difference in CR rates of 

treatment by capecitabine (Xeloda) was observed. The CR 

rates were 75% in the low-risk group while 12.5% in the 

high-risk group. Different efficacy of capecitabine 

(Xeloda) was reflected. We extracted the patients treated 

with Capecitabine (Xeloda) from the TCGA datasets and 

carried out systematic survival analyses. The association 

between the OS and individual gene was investigated 

(Supplementary Figure 8.). Consistently, the risk scores 

from the methylation-driven gene signature indicated the 

risk of prognosis. As shown in Figure 7B, the significant 

different of OS in two group was demonstrated by the log-

rank test (p-value < 0.00032). 

 

DISCUSSION 
 

Critical driver genomic events that contribute to 

oncogenesis are important mechanisms of the 

developmental processes of CRC. Molecular signatures 

such as aberrant expression, mutation, and methylation 

have been indicated to be various biomarkers. For 

example, oncogenes like PCAT-1[29], MALAT1 [26], 

and NDRG4 [32] which associated with progression in 

pan-cancer had also been identified as prognostic 

biomarkers in CRC. High HOTAIR expression in 

primary tumors or in the blood of CRC patients was 

associated with poor prognosis [28]. With the 

development of high through-put technology, it’s 

convenient to get gene expression profiles. The clinical 

values of multi-gene signatures were widely investigated. 

However, it is difficult to evaluate the prognostic value of 

biomarkers uniformly because of the differences in 

analysis methods and data sources. As potential effective 

and convenient biomarkers, DEG-based signature is 

deserved to be further investigated.  

 

DNA methylation was an important epigenetic event in 

driving oncogenesis. DNA methylation on specific sites 

could regulate corresponding gene expression. Such gene 

 

 
 

Figure 5. The Kaplan–Meier curves of the OS for high-risk and low-risk. (A) Training dataset (p-value < 0.005); (B) Validation dataset 
(p-value < 0.005); (C) ROC analysis of sensitivity and specificity (Green: Training dataset, Red: Validation dataset; (D) Nomogram of 
clinicopathological characteristics and RiskScore. 



 

www.aging-us.com 22824 AGING 

Table 4. The predictive values of related clinical characteristics and RiskScore. 

Clinical Characteristic coef exp(coef) se(coef) z Pr(>|z|) 

TNM stage (T) 0.7595  2.1372  0.2029  3.742 0.000182  

TNM stage (N) 0.5062  1.6590  0.1187  4.266 0.000020  

TNM stage (M) 0.2624  1.3001  0.1248  2.102 0.035549  

age 0.0334  1.0340  0.0081  4.127 0.000037  

gender 0.0287  1.0291  0.1880  0.153 0.878587  

RiskScore 0.2500  1.2841  0.0436  5.741 9.39E-09 

 

was identified as methylation-driven gene. Cancer-

specific methylation-driven genes were demonstrated 

with vital clinical value [33].  

 

In this study, a total of 181 genes were identified as 

CRC-specific methylation-driven genes. Functional 

enrichment analysis indicated that these genes would 

contribute to the cell cellular transformation and 

aberrant translation in CRC. Then, 18 genes among the 

181 methylation-driven genes were demonstrated to be 

associated with the OS of CRC patients. Based on these 

survival-related genes, the five-gene signature 

 

 
 

Figure 6. (A) Kaplan–Meier curves of the OS in dataset GSE39582 (p-value < 0.05); (B) Kaplan–Meier curves of the OS in the dataset from 
TCGA (p-value = 0.0001); (C) ROC curves of five methylation-driven gene signature and other known biomarkers for prognosis in CRCs. (D) 
Kaplan–Meier curves of the OS in clinical samples (p-value = 0.019).  
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(SLCO4C1, MAGEA1, POU4F1, IZUMO2, and NOVA1) 

was developed as a prognostic prediction biomarker for 

CRC (Supplementary Figure 5). In previous research, 

SLCO4C1 promoter methylation have been identified as 

prognostic biomarker for prostate cancer [34]. NOVA1 

was proven to be a crucial factor promoting telomerase 

activity in cancer cells [35]. The aberrant expression of 

MAGE-A1 and POU4F1 was also reported to be 

associated with multiple diseases [36, 37]. In this study, 

there five-gene signature construct a risk assessment 

model for predicting the prognosis of patients with CRC. 

Genes ontology annotation indicated that they could 

increase the translation by negative regulation of RNA 

polymerase II promoter. The sensitivity and specificity 

 

 
 

Figure 7. (A) Pharmaceutical treatment responses of patients in the low-risk group and the high-risk group. (B) Kaplan–Meier curves of the 
OS of patients treated with XELODA in TCGA (p-value = 0.00032). 
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of the model were verified by Harrell’s C index and 

receiver operating characteristic (ROC) analysis. The 

log-rank test demonstrated that there was significant 

difference between the high-risk group and the low-

risk group (p-value < 0.0001, log-rank). Multivariate 

Cox analysis and nomogram indicated that the five-

gene signature was an independent prognostic 

biomarker for CRC. Thus, the signature of the five 

CRC-specific methylation-driven indicators should be 

an effective prognostic candidate biomarker. 

However, the prognostic value of this assessment 

model needs to be further verified by clinical trials in 

the future. 

 

More than other biomarkers based on DEG, the 

expression of methylation-driven genes was associated 

with the DNA methylation status of corresponding sites. 

Correlation between the expression of five genes and 

methylation status was demonstrated by Pearson 

correlation coefficient. According to the expression, the 

foregoing hyper-or hypomethylation events could be 

inferenced. This could be convenient for assessing the 

cross-omics molecular features of tumor tissue.  

 

Furthermore, DNA methylation has been reported as a 

possible driver of therapeutic resistance. Importantly, 

the difference in pharmaceutical treatment response 

between the high-risk group and the low-risk group was 

observed. Patients in the high-risk group are more likely 

to suffer clinical progressive diseases after 

chemotherapy. This might be one reason of the shorter 

OS. Especially, Capecitabine (XELODA) hardly got 

complete response from patients in the high-risk group. 

Similarly, DNA methylation was reported to lead to 

capecitabine resistance in mesothelioma [38]. Although, 

the underlying mechanism in CRC remains unclear, 

some reference suggestions for clinical therapy will be 

provided by the signature of five methylation-driven 

genes. 

 

CONCLUSIONS 
 

In conclusion, the methylation-driven genes associated 

with CRC were identified by analyzing gene-expression 

profiles and corresponding DNA methylation data which 

are available at the TCGA database. Among these genes, 

a total of 18 genes were indicated to be significantly 

associated with the OS of patients. A risk assessment 

model for predicting the prognosis was constructed based 

on five methylation-driven genes. After verification, the 

signature of five methylation-driven genes was 

demonstrated to be an independent prognostic biomarker 

for CRC. Further clinical response evaluation indicated 

that the patients classified as high risk would always be 

with worse pharmaceutical treatment response. Our 

findings would provide a novel biomarker for improving 

the clinical outcome of CRC patients and new insights 

into aberrant DNA methylation in CRC. 

 

MATERIALS AND METHODS 
 

DNA methylation data and gene expression data 

preprocessing 
 

The data for DNA methylation, RNA-Sequencing (RNA-

Seq) and corresponding clinical information were 

downloaded for The Cancer Genome Atlas (TCGA). The 

DNA methylation data had been generated from the 

Illumina Infinium Human Methylation 450K platform. 

The DNA methylation status was evaluated by β value 

after preprocessing. RNA sequencing data were 

normalized by the “edgeR” package in R software. 

Specimens used for survival analysis required complete 

survival information. Clinical samples were provided by 

Cancer Hospital of China Medical University. Liaoning 

Cancer Hospital and Institute. 

 

Analysis of differentially expressed genes 

 

After preprocessing, differentially expressed genes 

(DEGs) were screened out by means of the quasi-

likelihood F test as per its instruction. We as a result 

selected the differential genes with |logFC| > 1.5 and p-

value < 0.05 for further research. 

 

Identification of methylation-driven genes 
 

The methylation-driven genes were identified by the 

"methylmix" package. The specimens used for 

analyzing contained both DNA methylation chip data 

and corresponding RNA-seq data. For investigating the 

correlation between methylation status and expression 

(cis-regulation) of specific genes, the methylation status 

of each gene was evaluated by a single-variable β mixed 

model based on Bayesian information criterion (BIC) 

and the Wilcoxon rank sum test. Linear regression was 

used to simulate the correlation between the 

methylation status and expression profile of each gene. 

The genes were identified as methylation-driven genes 

if the correlation coefficient was low than -0.4 and 

|DM-values (differential methylation values)|>0. 

Chromosome positions of DNA methylation-driven 

genes were visualized by “OmicCircos” (R package). 

The methylation status and the copy number variation 

were displayed synchronically. 

 

Gene Ontology enrichment analysis of DNA 

methylation-driven genes 

 

The “clusterProfiler” package was used to perform gene 

set enrichment analysis of gene-set enrichment analysis 

(GSEA) on DNA methylation-driven genes with  
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p-value-Cutoff was set at 0.05 as the filter criteria. After 

that, “enrichplot” package was operated to visualize 

holistic authentic results. 

 

Cox regression analysis  

 

The Cox regression analysis was conducted by using 

“survival” package. We performed univariate Cox 

regression analysis of all DNA methylation-driver genes 

in TCGA following removing censored data, from 

which eighteen genes were identified for they were 

significantly associated with survival (p value < 0.05). 

After that, multivariate cox regression analysis was 

performed to explore the association between the 

survival time of patients and predictor variables thus 

building a risk model. Finally, five genes were obtained 

for risk assessment and risk assessment formula was: 

n

i i

i 1

    Coef *ExpRisk score



  

where Coefi belongs to the coefficient of a specific 

model gene, and Expi pertains to the expression level of 

each selected gene. The Harrell’s C index was 

calculated by the “survcomp” package.  

 

Survival analysis 
 

The prognostic value of risk score based on 

methylation-driven genes on OS of patients with CRC 

was investigated by Kaplan–Meier analysis with log-

rank test (Mantel–Cox) using the “survival” package. 

ROC curves were built by the “survivalROC” package. 

Nomogram analysis for independence of biomarkers 

were performed with “rms” package. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 
 

 

 
 

Supplementary Figure 1. Hierarchical cluster dendrogram of differentially expression genes from the TCGA dataset. 
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Supplementary Figure 2. The correlation between expression of the five genes and the methylation status was verified by 
Pearson correlation coefficient.  

 

 
 

Supplementary Figure 3. Nomogram of clinicopathological characteristics and RiskRank. 
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Supplementary Figure 4. Association between methylation status and expression. 

 

 

 
 

Supplementary Figure 5. Expression of 5 candidate genes in risk model in cell lines. 
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Supplementary Figure 6. Gene-set enrichment analysis (GSEA) for 181 methylation-driven genes. (A) Molecular functions;  
(B–H) Biological process (BP). 
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Supplementary Figure 7. The association between the OS and individual gene expression of the candidate genes. 
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Supplementary Figure 8. The association between the OS of patients who had treated with Capecitabine (Xeloda) and 
individual gene.  

 

 

 
 

Supplementary Figure 9. The association between OS and methylation status of 5 genes. (A) Hazard Ratio of genes form the 
survival model; (B) Survival curve. 
 

 
 

Supplementary Figure 10. Ct value from q-pcr in 23 clinical samples. 
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Supplementary Tables 
 

Please browse Full Text version to see the data of Supplementary Tables 1, 2 and 5. 

 

Supplementary Table 1. Differential expression genes in colorectal cancer tissue. 

 

Supplementary Table 2. Methylation-driven genes among the DEGs.  

 

Supplementary Table 3. Pearson correlation coefficient. 

Gene Pearson r 95% confidence interval R squared P value P value summary 

POU4F1 -0.5424 -0.6168 to -0.4584 0.2942 <0.0001 **** 

NOVA1 -0.3723 -0.4648 to -0.2719 0.1386 <0.0001 **** 

SLCO4C1 -0.4212 -0.509 to -0.3247 0.1774 <0.0001 **** 

IZUMO2 -0.7123 -0.7633 to -0.6525 0.5074 <0.0001 **** 

MAGEA1 -0.358 -0.4517 to -0.2565 0.1282 <0.0001 **** 

 

Supplementary Table 4. 9 genes selected in multi-variation cox regression through Akaike Information Criterion. 

  coef exp(coef) se(coef) z p-value 

SLCO4C1 -0.22759 0.79645 0.05719 -3.979 6.91E-05 

MAGEA1 0.10437 1.11001 0.04248 2.457 0.01402 

AFAP1.AS1 0.06345 1.06551 0.02872 2.21 0.02714 

POU4F1 0.21784 1.24339 0.05376 4.052 5.08E-05 

EPHX4 -0.0948 0.90955 0.06291 -1.507 0.13185 

IZUMO2 -0.12456 0.88288 0.04751 -2.622 0.00875 

EPHX3 0.11068 1.11704 0.06058 1.827 0.06771 

NOVA1 0.13369 1.14304 0.04786 2.793 0.00522 

AXIN2 -0.1214 0.88568 0.06292 -1.929 0.05367 

 

Supplementary Table 5. Gene ontology for 18 survival-associated methylation-driven genes. 
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Supplementary Table 6. Gene ontology for 5 survival-associated methylation-driven genes. 

  IZUMO family member 2(IZUMO2) 

GOTERM_BP_DIRECT regulation of transcription, DNA-templated, 

GOTERM_CC_DIRECT nucleus, integral component of membrane, 

GOTERM_MF_DIRECT 
transcription factor activity, sequence-specific DNA binding, sequence-specific DNA 

binding, transcription regulatory region DNA binding, 

  MAGE family member A1(MAGEA1) 

GOTERM_BP_DIRECT 
negative regulation of transcription from RNA polymerase II promoter, transcription, DNA-

templated, negative regulation of Notch signaling pathway, 

GOTERM_CC_DIRECT nucleus, cytoplasm, plasma membrane, 

GOTERM_MF_DIRECT protein binding, histone deacetylase binding, 

  NOVA alternative splicing regulator 1(NOVA1) 

GOTERM_BP_DIRECT 
mRNA splicing, via spliceosome, RNA processing, chemical synaptic 

transmission, locomotory behavior, RNA splicing,regulation of RNA metabolic process, 

GOTERM_CC_DIRECT nucleus, nucleolus, intracellular membrane-bounded organelle, 

GOTERM_MF_DIRECT RNA binding, mRNA binding, poly(A) RNA binding, 

  POU class 4 homeobox 1(POU4F1) 

GOTERM_BP_DIRECT 

negative regulation of transcription from RNA polymerase II promoter, suckling 

behavior, ventricular compact myocardium morphogenesis, regulation of transcription from 

RNA polymerase II promoter, transcription from RNA polymerase II 

promoter, axonogenesis, synapse assembly, mesoderm development, positive regulation of 

gene expression, cell migration in hindbrain, trigeminal nerve development, central nervous 

system neuron differentiation, habenula development, neuron projection development, positive 

regulation of apoptotic process, negative regulation of neuron apoptotic process, positive 

regulation of transcription from RNA polymerase II promoter, neuron fate 

specification, sensory system development,peripheral nervous system neuron 

development, regulation of neurogenesis, proprioception involved in 

equilibrioception,innervation, positive regulation of cell cycle arrest, regulation of signal 

transduction by p53 class mediator, negative regulation of transcription elongation from RNA 

polymerase I promoter, 

GOTERM_CC_DIRECT nuclear chromatin, nucleoplasm, neuron projection, 

GOTERM_MF_DIRECT 

RNA polymerase II distal enhancer sequence-specific DNA binding, RNA polymerase II 

transcription factor activity, sequence-specific DNA binding, transcriptional activator activity, 

RNA polymerase II core promoter proximal region sequence-specific binding, transcriptional 
activator activity, RNA polymerase II distal enhancer sequence-specific binding,chromatin 

binding, single-stranded DNA binding, transcription factor activity, RNA polymerase II distal 

enhancer sequence-specific binding, sequence-specific DNA binding, GTPase binding, 

  solute carrier organic anion transporter family member 4C1(SLCO4C1) 

https://david.ncifcrf.gov/geneReportFull.jsp?rowids=126123
http://www.ebi.ac.uk/QuickGO/GTerm?id=GO:0006355
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GOTERM_BP_DIRECT 
multicellular organism development, spermatogenesis, cell differentiation, sodium-independent 

organic anion transport, 

GOTERM_CC_DIRECT 
plasma membrane, integral component of plasma membrane, basolateral plasma 

membrane, extracellular exosome, 

GOTERM_MF_DIRECT sodium-independent organic anion transmembrane transporter activity, 

 

Supplementary Table 7. The primers used in Q-PCR. 

SLCO4C1 Forward primer CAGACATGAAGAGCGCCAAAG 

  Reverse primer AATCAGGCCAGTCAGGGAAC 

        

IZUMO2 Forward primer CGTGGTCATCGTGGTCTCAT 

  Reverse primer TGCAGCAGGAGTTTTCGGTT 

  
   

Gapdh Forward primer TCACACCAAGTGTCAGGACG 

  Reverse primer CGCCTTCTGCCTTAACCTCA 

 

Supplementary Table 8. Clinical information of cancer samples. 

barcode sex age Drug Treatment 

MCA 1 male 61 FOLFOX 

MCA 2 male 76 capecitabine (Xeloda) 

MCA 3 male 62 NULL 

MCA 4 famale 67 capecitabine (Xeloda) 

MCA 5 famale 72 capecitabine (Xeloda) 

MCA 6 famale 71 capecitabine (Xeloda) 

MCA 7 male 57 FOLFOX 

MCA 8 famale 68 FOLFOX 

MCA 9 famale 66 NULL 

MCA 10 famale 64 capecitabine (Xeloda) 

MCA 11 famale 59 capecitabine (Xeloda) 

MCA 12 famale 67 FOLFOX 

MCA 13 male 53 FOLFOX 

MCA 14 famale 50 capecitabine (Xeloda) 

MCA 15 male 59 NULL 

MCA 16 male 78 NULL 

MCA 17 male 56 NULL 

MCA 18 male 55 FOLFOX 

MCA 19 famale 79 capecitabine (Xeloda) 

MCA 20 famale 79 NULL 

MCA 21 male 70 NULL 

MCA 22 famale 52 Oxaliplatin 

MCA 23 male 51 FOLFOX 
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Supplementary Table 9. Ct value from q-pcr in 23 clinical samples. 

 
IZUMO2 MAGEA1 NOVA1 POU4F1 SLCO4C1 Gapdh 

MCA 1 21.2807 18.8851 22.2272 20.92933 15.99579 21.73122 

MCA 2 24.74783 23.8481 24.07526 23.5759 20.77292 22.97907 

MCA 3 20.47353 19.7904 20.36304 21.20656 13.98269 22.05626 

MCA 4 21.66257 19.0181 16.91892 22.44433 16.9999 19.23123 

MCA 5 22.17938 21.66666 23.48081 22.61432 15.41321 24.69027 

MCA 6 23.4627 19.10828 23.46263 21.44453 21.0001 21.2314 

MCA 7 20.86937 20.36985 23.26934 22.77899 14.1883 24.23537 

MCA 8 20.18949 19.89247 21.73698 21.63366 16.36054 18.74711 

MCA 9 16.31971 17.86882 22.99384 21.23036 11.99153 19.45321 

MCA 10 20.97392 18.9877 19.52654 19.97768 15.83085 20.42057 

MCA 11 18.06733 19.49522 24.47073 22.69279 15.3938 22.42538 

MCA 12 18.96714 19.35577 22.27516 22.14325 18.06514 21.05424 

MCA 13 19.73353 18.68184 19.04233 19.25841 15.81936 18.69569 

MCA 14 17.97098 18.05894 20.50971 19.97168 11.27671 21.31431 

MCA 15 22.69149 22.6906 23.95446 24.08643 18.82267 20.59124 

MCA 16 15.73483 16.96355 21.87625 20.01548 11.75069 18.21312 

MCA 17 19.919 18.19356 18.4443 18.84975 14.586 19.13123 

MCA 18 15.96251 17.81798 23.04227 21.00624 13.92239 20.23101 

MCA 19 19.25487 19.81127 22.45747 22.4641 19.03538 21.23134 

MCA 20 17.13829 18.34815 23.40846 21.53818 14.57399 21.26089 

MCA 21 20.52018 20.57807 24.27254 24.29998 19.98587 22.23132 

MCA 22 21.24378 18.24666 20.46705 20.39868 17.87598 21.44672 

MCA 23 18.54152 23.53904 24.21647 23.83018 18.53573 23.88021 

 


