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Abstract

Background Colon cancer is a leading cause of cancer-associated death globally, and numerous
evidences show that different expressed gens (DEGs) regulated by differential methylated regions
(DMRs) act an important role in tumor biology. However, the specific regulatory mechanism of DEGs
related to DERs in colonic carcinogenesis is still unclear.

Materials and methods

RNA sequencing data and DNA methylation data of 455 colon adenocarcinoma (COAD) cases and 41
normal controls were downloaded from The Cancer Genomic Atlas (TCGA) to investigate the significant
DEGs and DMRs. Gene ontology (GO) functional enrichment and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses were performed by DAVID database. To identify the hub
genes regulated by methylation, univariate cox and multivariate cox regression analyses were concluded.
Furthermore, Riskscore and nomogram were built to identify the prognosis prediction power of the hub
genes in colon cancer patients.

Results

A total of 133 DEGs regulated by DMRs were identified through analyzing RNA-seq data and DNA
methylation data from TCGA; GO functional enrichment and KEGG pathway enrichment analysis showed
that the genes involved in the initiation and progression of colon cancer. Univariate cox regression
analysis and multivariate cox regression analysis focused on the 7 hub genes associated with overall
survival, whose expression negatively correlated with their methylated level; Riskscore and nomogram
model showed that the hub gens served as potential biomarker for the prognosis prediction of colon
cancer patient.

Conclusion

Our funding suggests that the DEGs regulated by DMRs involve in the carcinogenesis and development
of colon cancer, and the aberrant methylated DEGs associated with overall survival of patients may be
potential diagnosis and therapeutic targets for colon cancer.

Background

In recent years, the morbidity and mortality of colon cancer increase rapidly, both of them have ranged
fourth worldwide. Though surgical-based comprehensive treatments improve the prognosis of colon
cancer, because of lacking available means for early diagnosis, the mortality still maintains a high level
for the patients who suffer advanced stage cancer. The carcinogenesis and development of colon cancer
is very complicated, its origin is the aberrant gene expression, and various factors which can change gene
expressed level involve in procedure of the cancer. Hence, study the specific biomarkers and therapeutic
targets is of great value in improving the prognosis of colon cancer.
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Accumulating evidences have validated that epigenetic modification might promote the carcinogenesis
and development of colon cancer via regulating various gene expression. DNA methylation is an
important modification in the region of epigenetics, the oncogenes or antioncogenes exhibit irregulated
expression if the gene regulatory regions exit abnormal DNA methylation. For example, the oncogene
CCAAT/enhancer-binding protein-beta (C/EBP-B), long interspersed nuclear elemt-1 (LINE-1), F2RL3 and
AHRR and undergoes over expression due to the hypomethylation in the promoter sites(1-4). Therefore,
study the methylation regulated different expressed genes (DEGSs) is necessary for understanding the
mechanism of cancer initiation and development. However, studies on correlation between DNA
methylation and the regulations of gene expression remain inadequate, and the potential value of
different methylation regions (DMRs) correlate with DEGs on predicting prognosis in human colon cancer
still requires to be studied in depth.

In last decades, with the development of next generation sequence technology and microarray platform,
accumulating DEGs and epigenetic alterations such as DMRs have been revealed by bioinformatic
analysis. For instance, Liu(5) at el validated that the DNA Methyltransferase Inhibitor Guadecitabine (SGI-
110) altered the expression of oncogenes or antioncogenes by regulating DNA methylation; Qu et al(6)
analyzed 57 AML patients with normal karyotype by using lllumina's methylation 450k BeedChip platform
and showed that abnormal DNA methylation was altered significantly at enhancer regions and that the
methylation levels at specific enhancers predict overall survival of AML patients. However, there is still a
lack of integrated analysis of the gene expression regulated by DNA methylation in human colon cancer.
Similarly, studies on DNA methylation in predicting the prognosis of patients in large cohorts are
deficient.

In the current study, we downloaded RNA-seq data, DNA methylation data and clinical data of colon
cancer from The Cancer Genome Atlas (TCGA, http://cancergenome.nih.gov) project(7). DEGs and DMRs
were identified, meanwhile, DEGs regulated by DMRs were screened by analyzing their correlations. For
further study on the function and value in predicting prognosis of the genes, GO functional enrichment
and KEGG pathway enrichment analysis were performed. Moreover, the correlations among methylation
status, gene expression level and over survival of colon cancer patients were analyzed, and risks analysis
of prognosis-related DMRs was performed, to discuss the potential biomarkers of diagnosis and
predicting prognosis for colon cancer patients.

Methods

Data and sources

The raw data and clinical information were downloaded from the TCGA-COAD project
(https://cancergenome.nih.gov/)(7). This dataset includes 455 COAD (Colon adenocarcinoma) and 41
normal (non-tumor) samples. The COAD samples were randomly separated into two subsets with equal
size, training dataset (228 tumor / 41 normal sample) and testing dataset (227 tumor / 0 normal
sample).
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Identification of differential expressed genes with altered methylationstatus

The training dataset included colon cancer and normal samples were utilized to identify the differential
expressed genes (DEGs) with altered methylation status. Briefly, Deseq2(8) was applied to identify DEGs
by comparing colon cancer and normal samples(8). The Benjamini-Hochberg method was used to adjust
the p-value. A gene with FDR < 0.05 and [log2FC|>1 is identified as DEG. Then, differential methylated
sites were identified in the colon cancer group compared with normal group by wilcoxon test. We retained
differential methylation regions (DMRs) with p-value < 0.05(9). Furthermore, we identified
hypermethylated genes and hypo-methylated genes based on the loci relative to the DMRs in the colon
and normal samples.

GO functional enrichment and KEGG pathway enrichment analysis

To explore the function of DEGs regulated by methylation in the carcinogenesis and development of
colon cancer, GO functional enrichment analysis was performed using DAVID database
(https://david.ncifcrf.gov/) and three categories: cellular component (CC), molecular function (MF), and
biological process (BP) were analyzed(10). In addition, KEGG pathways were also analyzed using DAVID
database.

Screening for MDGE signatures and establishment of prognostic model

The associations between the expression level of each gene and the overall survival (OS) are evaluating
by univariate cox regression analysis in our training dataset We retained the genes with p-value < 0.2. The
remaining genes were further screened and confirmed by the multivariate cox regression analysis. Genes
with p-value < 0.05 were selected as potential markes. Then, the survival analysis of the remaining genes
was performed by Kaplan-Meier method with the Log-rank test; genes with log-rank p-value < 0.05 were
retained. The prognosis risk score was defined as follows(11):

Risk score =

B is the regression coefficient of gene, which represents the contribution of gene to the prognostic risk
score. Based on the risk score, patients can be assigned to a high-risk or low-risk group according to the
median cutoff of the prognosis risk score. Then the Kaplan-Meier survival curves were calculated to
compare survival and recurrence risk between the high and low-risk groups. The time-dependent receiver
operating characteristic (ROC) curve analysis within 1 year, 3 years and 5 years were performed to
evaluate the predictive accuracy and sensitivity of our prognostic model.

Association analysis of risk score and clinical features

The prognostic effect of various clinicopathological features including age, gender, tumor stage, were
evaluated by univariate cox regression analysis and multivariate cox regression analysis. Then, the
nomogram was constructed based on the results of the multivariate Cox regression analyses of risk score
and clinicopathological features using rms package(12).
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Statisticsanalysis

Data were analyzed using R package. Data were represented as mean + standard deviation (S.D.). All
tests were two sided, and P < 0.05 was considered statistically significant.

Results

Selection of DEGs and DMGs in colon cancer simples

We downloaded RNA-seq data from 455 colon cancer and 41 normal tissues, and screened 4,180 up-
regulated and 7,821 down-regulated DEGs, the DEGs were shown as heatmap in Figure 1B. Meanwhile,
we analyzed DMRs data from TCGA database, and identified 373 hypermethylated gens and 571
hypomethylated genes, the DMRs were shown as heatmap in Figure 1C. Next, we analyzed the
intersection of down-regulated genes and hypermethylated genes, there were 95 genes met the condition
(Figure 2A); similarly, there were 38 genes exited in the intersection of up-regulated genes and
hypomethylated genes (Figure 2B). From Figure 2C, we found that there existed negative correlation
between the expression levels of DEGs and the methylated levels. Therefore, a total of 133 genes met our
requirements and were the candidate genes for further analysis.

Functional and pathway enrichment analysis for candidate genes

To understand potential biological function of the 133 candidate genes, GO functional and KEGG
pathway enrichment analysis was performed for them. A total of 17 enriched GO terms in biological
process (BP) and 6 terms in molecular function (MF) were identified (Figure 2D). From the results of GO
analysis, we found that the candidate genes mainly enriched in cancer-associated functions, such as
xenobiotic glucuronidation, cellular hormone metabolic and second-massager-mediate signaling. In
addition, there were 10 pathways significantly enriched from the results of KEGG pathway enrichment
analysis (Figure 2E). “Drug metabolism cytochrome P450", “Complement and coagulation cascades” and
“Chemical carcinogenesis” involved in the carcinogenesis and development of clone cancer based on the

prevenient reports.
Identification of key methylated DEGs associated with poor prognosis

The univariate cox regression analysis confirmed 32 genes that significantly related with prognosis.
Subsequently, the multivariate cox regression analysis focused on 7 genes, which were CDH4, CR2,
KRT85, LGl4, NPAS4, RUVBL1 and SP140(Table 1). Next, we selected the 7 genes for further study. The
expression levels of the 7 genes in cancer and normal tissues were shown in Figure 3A, the methylation
levels of the 7 genes in cancer and normal tissues were shown in Figure 3B. However, from the results of
Kaplan-Meier survival analysis, we found that the expression level of RUVBL1 significantly correlated with
the overall survival rate of colon patients (Figure 3C).

Table 1 Cox regression analysis of clinical factors and hub genes

Page 5/16



Univariate cox Multivariate cox

log 95%Cl P log (HR)  95%ClI P

(HR)
Age 0.1012 "-0.5091"-0.7115 n.s. 0.2830 "-0.3472"-0.9133 n.s.
Gender 0.0518 "-0.4836"-0.5873 n.s. 0.1129 "-0.4392"-0.6649 n.s.
Tumor 0.9370 0.0885-1.7854 0.03 1.2712 0.3904-2.1520 0.004
stage
Riskscore 0.5552  0.3628-0.7477 <0.001 0.6304 0.4274-0.8335 <0.001
CR2 0.0589 0.0275-0.0903 <0.001 0.2046 0.0236-0.3856 0.03
KRT85 2.0704  0.9047-3.2361 <0.001 2.5114 1.0993-3.9234 <0.001
LGl4 0.1448 0.0054-0.2842 0.04 0.1983 0.0131-0.3835 0.04
NPAS4 3.8793 0.4403-7.3182 0.03 -19.9721  "-38.0522"- 0.03

"-1.8921"

SP140 0.4395 0.2049-0.6742 <0.01 0.7001 0.1804-1.2197 0.008
RUVBL1 0.0830 0.0113-0.1547 0.02 0.1327 0.0267-0.2388 0.01
CDH4 2.4616 1.1367-3.7865 <0.001 1.9639 0.1010-3.8268 0.04

Building a risk score to predict prognosis

To estimate the prediction power of the key methylated DEGs, a risk score was built. Using the median of
the risk score as the cutoff point, in training cohort, the patients in high risk score group had a poorer
overall survival than those patients in low risk group (Figure 4 A and B). Meanwhile, a ROC model was
built, and we found that the AUC>0.5 and it met power of prognosis prediction (Figure 4C). Similarly, in
validating cohort, the risk score model also achieved the prognosis prediction power (Figure 4D-F).

Nomogram analysis for prognosis prediction

From the multivariate Cox regression analysis, we found that the pathology stage and RiskScore were the
independent predicting factors for overall survival (Figure 5A). Finally, we construed a simple-to-use
nomogram based on RiskScore and clinical characterization, such as, gender, age at diagnosis and
pathology stage of colon cancer patients (Figure 5B). The nomogram provided some useful information
in prediction of survival for the patients based on multivariate cox regression, and it suggested a good
prediction.

Discussion

Many reports validate that epigenetic regulation involves in the carcinogenesis and development of
cancers, and DNA methylation which is the most common form of epigenetic modification plays an
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important role in the regulation of gene expression. The alteration of DNA methylation in gene promoter
region changes the expression level of gene. In general, the hypermethylation inhibits the gene
expression, by contrary, hypomethylation promotes the gene expression(13-15). For colon cancer, DNA
methylation alters are found in many patients, for example, SST1 pericentromeric repeats existed
hypomethylation, which resulted in the mutation of TP53, and the mutated TP53 associated with genome
damage, which related to the tumorigenesis and development of colon cancer (16). Similarly,
hypermethylation appeared in the promoter of antioncogenes SFPR1, SFPR2 and WIF1, leaded to
downregulation expression of genes, inhibition of gene function, action of Wnt/B-catenin signal pathway
and promotion of colon cancer(17); ADHFEI is also an antioncogene, the hypermethylation of ADHFEI
promotes proliferation of the colon cancer cell via regulating cell cycle progression (18). The abnormal
methylation of the genes above predicted poor prognosis of colon cancer. However, the systematic
analysis of the correlation between DEGs and DMRs was still deficient. Therefore, to provide potential
prognosis and target therapeutic targets, it is meaningful to study the gene expression regulated by DNA
methylation.

Our study also validated that there existed a lot of DEGs and DMRs in colon cancer tissues (Figure 1B&C).
Based on methylated regulation pattern, we focused on 133 genes, 95 of them were down regulated but
hypermethylated, and 38 of them were up regulated but hypomethylated (Figure 2A). Similarly, negative
regulated correction was found between DEGs and DMRs (Figure 2B). DAVID gene enrichment analysis
and KEGG pathway enrichment analysis are useful for predicting the function and pathway of gene set.
From the results of GO functional analysis, we found that the 133 DEGs regulated by DMRs played an
important role in carcinogenesis and development of colon cancer. In biological process (BP) of GO
enrichment analysis, as many as 9 terms related to metabiotic regulation. A lot of reports show that
retinoic acid metabolic process associates with colonic tumorigenesis and metastasis, such as retinoic
acid metabolizing enzymes CYP26B1, LRAT and CYP26A1 over expressed in colorectal cancer tissues
and that LRAT and CYP26B1 significantly associated with the prognosis of the colorectal cancers(19).
Xenobiotic metabolic process also involves in the carcinogenesis and development of cancer, because
colonic epithelium is exposed to various compounds from diet, and the compounds can be metabolized
to the procarcinogens, which are the risks of colonic cancer(20, 21). Similarly, in cellular companion (CC)
module, there were 4 terms relative to molecular binding. Some reports found that retinoid acid binding
receptor inhibited cancer cell apoptosis by regulating miR-22/NUR77 axis (21, 22). Interestingly, from the
results of KEGG pathway enrichment analysis, we found that the genes mainly enriched in molecular
metabolism, being consistent with BP of GO enrichment, and the drug, retinoid and porphyrin metabolism
are proved involving in irregulated tumor cell metabolism, and resulted in chemotherapy resistant(23).

To screen the genes which associate with the prognosis of colon cancer patients, univariate and

multivariate cox regression analysis was performed to test the independent significance of different

factors. We found that 7 genes from the candidate gens significantly related to the overall survival of

colon cancer patients. Meanwhile, the expression levels of the 7 genes were negatively related to their

methylated levels, which proved the expression of the genes were regulated by methylation (Figure 4A).

From previous reports, we find the 7 genes involve in carcinogenesis and development of various cancers.
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For example, in glioblastoma, CDH4 plays a role of oncogene through proliferating and infiltrating the
brain parenchyma, which resulted in highly impaired(24); similarly, CDH4 acts as an oncogene role
through initiating and maintaining epigenetic suppression of multiple tumor suppressor genes in
colorectal cancer(25); in human basal carcinoma, the abnormal expression of KRT85 resulted in cancer
stem cell exhaustion(26); LGI4 interacts with ADAM promotes proliferation and differentiation of neuronal
precursors and adipocytes; in breast cancer, the interactions between LGI4 and ADAM also relate to
carcinogenesis(27). However, though the abnormal expression of the 7 gens could be seemed as the
independent risk factors of over survival for colon cancer patients, the expression levels of the gens didn't
relate to over survival rate of patients, excepted for RUVBL1 (Figure 4B). RUVBL1 is an oncogene that
relate to the prognosis of patients in various cancers, and it promotes carcinogenesis through regulating
Wnt/B-catein signal pathway(28-30). Therefore, RUVBL1 has the potential value of prognosis and
therapeutic target for cancer patients.

Irregulated DNA methylation is an important factor for carcinogenesis, and it can be used for diagnosis
and predicting prognosis of cancer patients, because DNA methylation profiles are tissue or cell specific.
In our study, we built a risk score to estimate the power of the 7 hub genes in predicting the prognosis of
colon patients. We found that the 7 hub genes had a good performance in prognosis prediction, which
illustrated the aberrant methylation in cancer tissue could be used to diagnosis and therapeutic targets.
Next, our nomogram showed that Riskscore was a good predictor for 1-, 3- or 5-year overall survival in
colon cancer patients, it visualized the correction between Riskscore and clinical features, including age
and tumor stage. While, these results should be validated by further studies.

Finally, there are some limitations in this study should be noted. First, our RNA sequencing, DNA
methylation and clinical data were obtained from TCGA database, but no clinical samples were used for
validating the results. Therefore, it is necessary to select large clinical samples for testing the
effectiveness of the biomarkers associated with the hub genes above. Second, we screened the
biomarkers through using the method of statistical and bioinformatic analysis, but not biological
experiment. So, the mechanisms of the biomarkers are still unknown, and it need some biological
experiments to understand the roles of the candidate markers in carcinogenesis and development of
colon cancer. Third, there are potential bias in this study, because we didn't analyze some important
clinical information, especially for treatment factors (such as operation, chemotherapy and radiotherapy).
Therefore, prospective studies and multicenter clinical trials are necessary for further validation.

Conclusion

In conclusion, the DEGs regulated by methylation play an important role in carcinogenesis of colon
cancer, and the hub gens regulated by DNA methylation are potential tool for predicting prognosis of
colon cancer patients.

Declarations

Page 8/16



Ethics approval and consent to participate

Not applicable.

Consent for publication

Not applicable.

Availability of data and materials

Not applicable.

Competing interests

All of the authors declare that there is no conflict of interest.
Funding

This study is supported by grants from the Fundamental Research Funds for the Central Universities,
South China University of Technology (No. 2018MS21).

Authors' contributions

XWP conceived and designed the analyses; DD analyzed the data; WTOu and YKX analyzed the data;
YQL revised the paper.

Acknowledgements

Not applicable.

References

1. Xiong L, Wu F, Wu Q, Xu L, Cheung OK, Kang W, et al. Aberrant enhancer hypomethylation contributes
to hepatic carcinogenesis through global transcriptional reprogramming. Nat Commun.
2019;10(1):335.

2. Hur K, Cejas P, Feliu J, Moreno-Rubio J, Burgos E, Boland CR, et al. Hypomethylation of long
interspersed nuclear element-1 (LINE-1) leads to activation of proto-oncogenes in human colorectal
cancer metastasis. Gut. 2014;63(4):635-46.

3. Touzart A, Boissel N, Belhocine M, Smith C, Graux C, Latiri M, et al. Low level CpG island promoter
methylation predicts a poor outcome in adult T-cell acute lymphoblastic leukemia. Haematologica.
2019.

4. Alhamdow A, Lindh C, Hagberg J, Graff P Westberg H, Krais AM, et al. DNA methylation of the cancer-
related genes F2RL3 and AHRR is associated with occupational exposure to polycyclic aromatic
hydrocarbons. Carcinogenesis. 2018;39(7):869-78.

Page 9/16



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

. Liu M, Zhang L, Li H, Hinoue T, Zhou W, Ohtani H, et al. Integrative Epigenetic Analysis Reveals

Therapeutic Targets to the DNA Methyltransferase Inhibitor Guadecitabine (SGI-110) in
Hepatocellular Carcinoma. Hepatology. 2018;68(4):1412-28.

.QuY, Siggens L, Cordeddu L, Gaidzik VI, Karlsson K, Bullinger L, et al. Cancer-specific changes in DNA

methylation reveal aberrant silencing and activation of enhancers in leukemia. Blood.
2017;129(7):e13-e25.

. Wang Z, Jensen MA, Zenklusen JC. A Practical Guide to The Cancer Genome Atlas (TCGA). Methods

Mol Biol. 2016;1418:111-41.

. Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for RNA-seq data

with DESeq2. Genome Biol. 2014;15(12):550.

. Doi A, Park IH, Wen B, Murakami P, Aryee MJ, Irizarry R, et al. Differential methylation of tissue- and

cancer-specific CpG island shores distinguishes human induced pluripotent stem cells, embryonic
stem cells and fibroblasts. Nat Genet. 2009;41(12):1350-3.

Gene Ontology C. The Gene Ontology project in 2008. Nucleic Acids Res. 2008;36(Database
issue):D440-4.

Kim SK, Kim SY, Kim JH, Roh SA, Cho DH, Kim YS, et al. A nineteen gene-based risk score classifier
predicts prognosis of colorectal cancer patients. Mol Oncol. 2014;8(8):1653-66.

Zhang S, Tong YX, Zhang XH, Zhang YJ, Xu XS, Xiao AT, et al. A novel and validated nomogram to
predict overall survival for gastric neuroendocrine neoplasms. J Cancer. 2019;10(24):5944-54.
Parrella P. The value of epigenetic biomarkers in breast cancer. Biomark Med. 2018;12(9):937-40.

Liu C, Bettington ML, Walker NI, Dwine J, Hartel GF, Leggett BA, et al. CpG Island Methylation in
Sessile Serrated Adenomas Increases With Age, Indicating Lower Risk of Malignancy in Young
Patients. Gastroenterology. 2018;155(5):1362-5 e2.

Hao X, Luo H, Krawczyk M, Wei W, Wang W, Wang J, et al. DNA methylation markers for diagnosis
and prognosis of common cancers. Proc Natl Acad Sci U S A. 2017;114(28):7414-9.

Samuelsson JK, Dumbovic G, Polo C, Moreta C, Alibes A, Ruiz-Larroya T, et al. Helicase Lymphoid-
Specific Enzyme Contributes to the Maintenance of Methylation of SST1 Pericentromeric Repeats
That Are Frequently Demethylated in Colon Cancer and Associate with Genomic Damage.
Epigenomes. 2017;1(1).

Liu X, Fu J, Bi H, Ge A, Xia T, Liu Y, et al. DNA methylation of SFRP1, SFRP2, and WIF1 and prognosis
of postoperative colorectal cancer patients. BMC Cancer. 2019;19(1):1212.

Hu YH, Ma S, Zhang XN, Zhang ZY, Zhu HF, Ji YH, et al. Hypermethylation Of ADHFE1 Promotes The
Proliferation Of Colorectal Cancer Cell Via Modulating Cell Cycle Progression. Onco Targets Ther.
2019;12:8105-15.

Brown GT, Cash BG, Blihoghe D, Johansson P, Alnabulsi A, Murray Gl. The expression and prognostic
significance of retinoic acid metabolising enzymes in colorectal cancer. PLoS One.
2014;9(3):e90776.

Page 10/16



20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Nogacka AM, Gomez-Martin M, Suarez A, Gonzalez-Bernardo O, de Los Reyes-Gavilan CG, Gonzalez
S. Xenobiotics Formed during Food Processing: Their Relation with the Intestinal Microbiota and
Colorectal Cancer. Int J Mol Sci. 2019;20(8).

Wu JC, Tsai ML, Lai CS, Lo CY, Ho CT, Wang YJ, et al. Polymethoxyflavones prevent
benzo[a]pyrene/dextran sodium sulfate-induced colorectal carcinogenesis through modulating

xenobiotic metabolism and ameliorate autophagic defect in ICR mice. Int J Cancer.
2018;142(8):1689-701.

Hu Y, French SW, Chau T, Liu HX, Sheng L, Wei F, et al. RARbeta acts as both an upstream regulator
and downstream effector of miR-22, which epigenetically regulates NUR77 to induce apoptosis of
colon cancer cells. FASEB J. 2019;33(2):2314-26.

Kralova J, Kolar M, Kahle M, Truksa J, Lettlova S, Balusikova K, et al. Glycol porphyrin derivatives and
temoporfin elicit resistance to photodynamic therapy by different mechanisms. Sci Rep.
2017;7:44497.

Ceresa D, Alessandrini F, Bosio L, Marubbi D, Reverberi D, Malatesta P, et al. Cdh4 Down-Regulation
Impairs in Vivo Infiltration and Malignancy in Patients Derived Glioblastoma Cells. Int J Mol Sci.
2019;20(16).

Xia L, Huang W, Bellani M, Seidman MM, Wu K, Fan D, et al. CHD4 Has Oncogenic Functions in
Initiating and Maintaining Epigenetic Suppression of Multiple Tumor Suppressor Genes. Cancer Cell.
2017;31(5):653-68 €7.

Morgan HJ, Benketah A, Olivero C, Rees E, Ziaj S, Mukhtar A, et al. Hair follicle differentiation-specific
keratin expression in human basal cell carcinoma. Clin Exp Dermatol. 2019.

Caselli N, Intonti F, Riboli F, Gurioli M. Engineering the mode parity of the ground state in photonic
crystal molecules. Opt Express. 2014;22(5):4953-9.

Mello T, Materozzi M, Zanieri F, Simeone |, Ceni E, Bereshchenko O, et al. Liver haploinsufficiency of
RuvBL1 causes hepatic insulin resistance and enhances hepatocellular carcinoma progression. Int J
Cancer. 2019.

Chen J, Liu G, Wu Y, Ma J, Wu H, Xie Z, et al. CircMYO10 promotes osteosarcoma progression by
regulating miR-370-3p/RUVBL1 axis to enhance the transcriptional activity of beta-catenin/LEF1
complex via effects on chromatin remodeling. Mol Cancer. 2019;18(1):150.

Li H, Tong X, Xu Y, Wang M, Dai H, Shi T, et al. Functional genetic variants of RUVBL1 predict overall
survival of Chinese patients with epithelial ovarian cancer. Carcinogenesis. 2019;40(10):1209-19.

Figures

Page 11/16



RNA-seq/Methylation Data | I
(TCGA) ,
|

>y

DEGs ][ DMRs

[ [
v
Marker genes/DMRs

(Cox regression)

L.

|
[$,]

I-0.5

Scaled expression level
L

Survival analysis

v

Cross-validation ]

. Cancer

M Normal

HE

S I 0.5

=

0

g .05

B

oH

Q

w
Figure 1

Page 12/16



/

5
278 j.ll

J

Down-regulated
(7821) (373)

retingit ackd metaboke process |
=orabiolic ghieurordation |
Rarvonok metabobc process |
cellular glucuronidation |
ARAOMHONE MEabok: prociid |
wronie ackl metabobe process |
ghucuronate metabolc process |
b0l melaboks poced |

A0paniH Melabok [/ocoss <

terpenoid metabosc process |

callar homona melabole pocess |
relaxation of candiac muscle {

eallular response 10 xencbiobic stmuus |
Isopranok mestabokc process |
second-messenger-mediated sgnaling {
oyt assemily |

fetingid banding |

rotinoic. acid binding {

Boprencid Binding |

Gt 0nos firaraferase actnity |

monacamonc ackl binding |

wighycaride lipase actty |

=
w
o

Figure 2

Hyper-Methy.

o

Up-regulated
(4180)

Page 13/16

Hypo-Methy.
(571)

Retinel matabolism

Drug matabolism = ciochiomns P4ST
Metadolism of xencbiotics by crtochrome Pas0
Drug Masabolism - CEhor GnTymas

Complement and coagulation cascades

Chomical carcinogonesis |

Ascorate and aidarate metabolism |

Puntose and ghucuronate ileroomersions

Porphyyrin and chiceophyll metabolism

Steroid hormone basyrihesis

Methlation

20 30
Expression

009 0.1



KRTES
CDH4 cR2 NPAS4

20.04

038
0.15. 17.5
0.30
150
025
125
0.20
10.0

0.05: .e
7.54

0.00- e

2.5

e
=
st .
r o~ o @
F{unq e s a
e o o o
8 B & &
s
&%—’.v.r . .
o
g

AN
hY
AN
%
%
A

KRT85 LG SP140
0.94 08s
08
08 090
07 085 08
06 080 07
05 075
06
04 070
05
03 065 5
-

o o

C P RUVBL1
0.75
z
3
©
2
a 0.50
T
2
]
=
w
0.25
— lOW expression
== high expression
log rank p: 0.02
0.00 i 1 i T T L) L]
0 250 500 750 1000 1250 1500 1750

Time (days)

Figure 3

Page 14/16



>

Risk score

8
E

3000 -

2000 4

Overall survival(days)
=)
b=t
1L

04 e

L ]

S| I‘IIIIIIIIIIIFII ||II|I MR IIIIIIIIIH|

WL

KRTB5
LG4
NPAS4
RUVBL1
CDH4

«* . * o8
* 0y @
Pe & o .

L L™
Y .I'..I #
s LA A .
o (1]
- & ., ‘o.'. o’
S0 ¢ & s%s & 0.'

o‘l.:

|Q...' . ot

.0‘

;. % IV-'

. s e

.‘..

-
-
',

L]
.

‘
-
o’

(&)

N ]
e !
@ 1
3 i
[ 1
1
40004 -
_— . .
g .
Faooo4 | .
i ..
=3 . .
< 20004 ° . ¢ ., .
= . s 2,
Pl Zoen o Lo g s
= T ¢ noo’ . L e *%e [
o % '..:- .‘-:' :..': L * de ....hl ‘.. J ) b.. ..:
0-‘., i .'."- !:f.- ".ll - - t ’A. ,*~:l.‘=
SP140 lIIIlI I DULIR S0 N OO AU ¥ 1
KRT85 |
et U OO0 1L B AR |I|||||||||I|II||l
RUVBL1

Llrhlll IMI IHII|| lIMIHII rll Hllililll

Figure 4

-04
=0.8
o Alive
L] Dead
0 8

Page 15/16

w
g

0.75
£
¥
g
@ 0.50
;
=]
@
0.25+
= Low RiskScore
== High RiskScore:
log rank p: 0.01
0.00
8 T T T T T T T
250 500 750 1000 1250 1500 1750

—— 1 yearAUC{%95 CI) = 0.55(D.46-0.64)
—— 3yearsAUC(%95 CI) = 0.56(0.47-0.64)

Fa
0.0 —— 5 yearsAUC(%35 CI) = 0.56{0.43-0.69)
T T L T T T
0.0 0.2 0.4 X 0.8 1.0
1-Specificity
E 1.00 -
0.75
£
=
Eom
z
€
3
w
0.254
= Low RiskScore
—— High RiskScore
log rank p: 0.05
00
. T T T T T T T
250 500 750 1000 1250 1500 1750
Time (days)
F 1.0+

= 0.6
=
H
‘B
=
L3
& 0.4
0.2+
’ —— 1 yearAUC(%95 CI) = 0.56(0.48-0.65)
—— 3 yearsAUC(%95 CI) = 0.54(0.44-0.64)
0.0 —— 5 yearsAUC(%85 CI) = 0.57(0.45-0.69)
T T T T T T
0.0 0.2 0.4 08 1.0

1-Specificity




A

Gender|male vs. female) - :
- [ 1
Age(>= 60 vs, < 60) | . |
Tumor stage(lli+Vi vs. 1+1() : - :
RiskScore - |—.—|
T T T T
-05 00 05 15 20 25

log(HR) (85% CI)

B

0 10 20 30 40 50 60 70 80 90 100
POlntS | PR BRI EEPU S R S U S U R UPU S U NS S NS |
RiskScore r T T T T T T T T T )

-3 -2 -1 0 1 2 3 4 5 6 7
Tumor stage(lll+VI 1,
vs. |+Il) 0

1

Age(>= 60 vs. < 60) —

0
Total Points RS LA RN RS AR LR R AR IR IS LR L LR

0 10 2 30 40 50 60 70 80 90 100 120
Linear Predictor | DR DL DL A LA BN DL DL DL DL BENLEN BNLANN DL B |

-3 -2 -1 0 05 1 15 2 25 3 35
1 year survival . . T 1
0.9 0.7 0.5 03 0.1
3 year survival . . — .
0.9 0.7 05 03 041
5 year survival . . — 1
0.9 0.7 05 0.3 0.1
Figure 5

Page 16/16



