Cancer Informatics

Volume 24: 1-9

© The Author(s) 2025

Article reuse guidelines:
sagepub.com/journals-permissions
DOI: 10.1177/11769351251324545

S Sage

DNA Methylation Biomarker Discovery for Colorectal
Cancer Diagnosis Assistance Through Integrated
Analysis

Yi-Hsuan Tsai'*’, Yi-Husan Lai?, Shu-Jen Chen?, Yi-Chiao Cheng?
and Tun-Wen Pai’

Department of Computer Science and Information Engineering, National Taipei University of
Technology, Taipei, Taiwan. 2Department of Product Development, ACT Genomics Co., Ltd.,
Taipei, Taiwan. 2Division of Colon and Rectal Surgery, Department of Surgery, Tri-Service General
Hospital, National Defense Medical Center, Taipei, Taiwan.

ABSTRACT

OBJECTIVE: This study aimed to identify biomarkers for colorectal cancer (CRC) with representative gene functions and high classification
accuracy in tissue and blood samples.

METHODS: We integrated CRC DNA methylation profiles from The Cancer Genome Atlas and comorbidity patterns of CRC to select bio-
marker candidates. We clustered these candidates near the promoter regions into multiple functional groups based on their functional anno-
tations. To validate the selected biomarkers, we applied 3 machine learning techniques to construct models and compare their prediction
performances.

RESULTS: The 10 screened genes showed significant methylation differences in both tissue and blood samples. Our test results showed
that 3-gene combinations achieved outstanding classification performance. Selecting 3 representative biomarkers from different genetic
functional clusters, the combination of ADHFET, ADAMTSS, and MIR129-2 exhibited the best performance across the 3 prediction models,
achieving a Matthews correlation coefficient>.85 and an F1-score of .9.

CONCLUSIONS: Using integrated DNA methylation analysis, we identified 3 CRC-related biomarkers with remarkable classification perfor-
mance. These biomarkers can be used to design a practical clinical toolkit for CRC diagnosis assistance and may also serve as candidate

biomarkers for further clinical experiments through liquid biopsies.

KEYWORDS: Epigenetics, comorbidity, machine learning, cancer diagnosis, genetic function

RECEIVED: July 17,2024. ACCEPTED: February 13, 2025.
TYPE: Original Research

FUNDING: The author(s) disclosed receipt of the following financial support for the research,
authorship, and/or publication of this article: This work was supported by the National Science
and Technology Council (NSTC 111-2622-E-027-021 and MOST 111-2221-E-027-113-MY2);
and Tri-Service General Hospital (TSGH-E-112281 and MND-MAB-D-114077).

DECLARATION OF CONFLICTING INTERESTS: The author(s) declared no potential
conflicts of interest with respect to the research, authorship, and/or publication of this article.

CORRESPONDING AUTHORS: Yi-Chiao Cheng, Division of Colon and Rectal Surgery,
Department of Surgery, Tri-Service General Hospital, National Defense Medical Center,
No. 325, Sec.2, Chenggong Rd., Neihu District, Taipei 114202, Taiwan.

Email: ndmcjoe @mail.ndmctsgh.edu.tw

Tun-Wen Pai, Department of Computer Science and Information Engineering, National
Taipei University of Technology 1, Sec. 3, Zhongxiao E. Rd., Taipei 10608, Taiwan.
Email: twp@ntut.edu.tw

Introduction

Colorectal cancer (CRC) is the third most common cancer
worldwide. There are approximately 1850000 new cases and
880000 deaths from CRC every year.! The 5-year survival rate
of patients with CRC varies depending on the circumstances;
the average 5-year survival rate of patients with in situ carci-
noma is greater than 90%, whereas it is less than 20% for
patients with metastasis.? The main diagnostic methods for
CRC include colonoscopy, sigmoidoscopy, computed tomogra-
phy (CT) colonography, and fecal immunochemical tests
(FITs); of these, colonoscopy is the most common. Although
colonoscopy has high sensitivity, it has several limitations. First,
it may cause discomfort due to its invasive nature. Second, it
may cause complications such as gastrointestinal perforation
and bleeding. Third, it is expensive and requires bowel prepara-
tion before surgery.® Sigmoidoscopy can only reveal a part of
the gastrointestinal tract and may ignore some abnormal areas.
CT colonography carries the risk of radiation exposure and

requires bowel preparation. FIT reflects a higher number of
false-positive cases than other tests and has relatively low spec-
ificity because cancer does not necessarily require FI'Ts.*

Recent studies have shown that in addition to gene vari-
ants, changes in epigenetics, such as DNA methylation,
histone modification, chromatin conformation, and micro-
RNAs, are also important factors leading to cancers.
Among these changes, DNA methylation has greater stabil-
ity and reliability across various cellular conditions.® DNA
methylation is a process that regulates gene expression by
adding a methyl group to the fifth position of cytosine
through DNA methyltransferases (DNMTs) to form
5-methylcytosine without changing the DNA sequence.”
Compared to the irreversible characteristic of genetic muta-
tions, DNA methylation is a reversible process that can be
inhibited by certain drugs to inactivate DNMTs.® Therefore,
interventions that may alter DNA methylation are potential
therapies for various cancers.

@ @@ Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons Attribution-NonCommercial
4.0 License (https://creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, reproduction and distribution of the work without
further permission provided the original work is attributed as specified on the SAGE and Open Access pages (https://us.sagepub.com/en-us/nam/open-access-at-sage).


https://uk.sagepub.com/en-gb/journals-permissions
mailto:ndmcjoe@mail.ndmctsgh.edu.tw
mailto:twp@ntut.edu.tw

Cancer Informatics

Aberrant DNA methylation is associated with several dis-
eases, including cancer, autoimmune diseases, metabolic syn-
dromes, and neurological disorders.” There are 2 patterns of
DNA methylation: hypermethylation and hypomethylation.
Hypermethylation typically occurs at CpG sites near promot-
ers, suppressing gene expression. Silencing tumor suppressor
genes through hypermethylation can increase the risk of cancer
development. In contrast, hypomethylation typically occurs
outside CpG islands, leading to the upregulation of gene
expression.’® DNA methylation microarrays have several
advantages compared to other analytical methods, including
lower cost and amount of DNA required. Traditionally, tissue
samples have been used to analyze DNA methylation during
cancer detection; however, this technique has several limita-
tions. First, acquiring tissue specimens requires invasive sam-
pling, and the location of the tumor can affect the difficulty in
acquiring samples, thereby increasing the risk of sampling. In
addition, issues regarding the quality of surgically resected tis-
sues may affect the experimental results.!!

Circulating tumor DNA (ctDNA) is a type of cell-free
DNA (cfDNA) that consists of DNA fragments derived from
tumor cells in the blood. When tumor cells rupture or undergo
apoptosis, DNA fragments are released into body fluids, pri-
marily the blood.?? Compared to tissue biopsies, cCDNA meth-
ylation testing requires only a blood sample from a subject,
without the need for any invasive surgical procedures. Moreover,
cfDNA methylation testing has potential advantages for early
cancer detection because it can detect the methylation status of
specific genes even before tumorigenesis occurs.

Most previous studies have been limited to using only one
type of sample, such as tissue, blood, or stool, to identify bio-
markers associated with CRC. In this study, we aimed to iden-
tify biomarkers with high accuracy in both tissue and blood
samples. Specifically, genome-wide methylation and comor-
bidity association analyses were performed to identify candi-
date biomarkers associated with CRC. Biomarkers suitable for
methylation in clinical trials were selected to verify the differ-
ential gene methylation status between patients with cancer
and normal controls. Finally, several machine learning methods
were used to select specific biomarkers from various functional
gene clusters for testing. We used tissue samples as the training
dataset and included blood samples in the testing dataset to
evaluate the classification accuracy of the selected biomarkers.

Materials and Methods
Dataset description

In this study, CRC DNA methylation profiles from The
Cancer Genome Atlas (TCGA) were used for genome-wide
methylation analyses and machine learning model training.
The dataset comprised 314 patients with CRC and 38 nor-
mal subjects. Additionally, fDNA methylation profiles from
the Gene Expression Omnibus (GEO, https://www.ncbi.
nlm.nih.gov/geo) database were used to validate the selected

biomarkers. The GSE122126 dataset consisted of cfDNA

blood samples from 4 subjects with CRC, 3 with breast can-
cer subjects, 4 with lung cancer, and 30 normal subjects.’® The
GSE129374 dataset consisted of cfDNA blood samples from
22 pairs of patients with liver cancer and normal controls.™
The GSE220160 and GSE274189 datasets consisted of 8
and 12 patients with CRC, respectively. All data from the
TCGA database and the GSE122126 and GSE129374 data-
sets from the GEO database were derived from the Illumina
Infinijum HumanMethylation450 (450K) BeadChip array,
covering 485577 CpG sites. Data from the GSE220160 and
GSE274189 datasets were derived from the Illumina Infinium
HumanMethylationEPIC BeadChips, covering 868565
CpG methylation sites for each array. Both BeadChips plat-
forms are known for storing and accessing methylation pro-
files, which are saved as IDAT files.

For experimental validation, 30 paired normal and CRC tissue
samples were preserved in 10% neutral-buffered formalin after
surgical excision (IRB: C202105205). Each sample consisted of 2
tissue sections less than 3 X 2cm in size. All tissue samples were
processed to create formalin-fixed paraffin-embedded (FFPE)
specimens, which were subsequently subjected to DNA extrac-
tion. The total amount of DNA extracted from the normal tissues
ranged from 120 to 5548 ng, whereas the total amount of CRC
tumor-isolated DNA ranged from 192 to 13480ng.

Candidate biomarker selection

This study utilized the R package ChAMP to import methyla-
tion profiles in the IDAT format.”® First, the data preprocess-
ing procedures included filtering out the methylation probes
and Beta-Mixture Quantile
Normalization (BMIQ) was subsequently performed.'® Due to
experimental noise, the distribution of beta values for certain
CpG sites was not concentrated. To address this issue, we
applied the interquartile range (IQR) method to identify and
eliminate outliers in beta-values at each CpG site. Any values
that were more than 1.5 IQR below Q1 or more than 1.5 IQR
above Q3 were considered outliers. Next, the beta value differ-
ence (AB) between the experimental group (subjects with can-
cer) and the control group (normal subjects) was calculated.
Adjusted p-values and A thresholds were also set to identify
differentially methylated positions.

unsuitable for analysis,

Some potential diseases associated with tumor formation
and progression may occur before carcinogenesis.!” Therefore,
the comorbidities highly correlated with CRC were deter-
mined and analyzed to enhance the detection potential of can-
didate biomarkers. The biomarkers associated with CRC and
its comorbidities were selected from DisGeNet, the largest
comprehensive database containing information on human
disease-associated genes and variants.!3

Gene functional clustering analysis

We classified candidate biomarkers near promoter regions into
multiple functional clusters based on the functional similarity
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between genes to select representative and functionally diverse
biomarkers. Gene Ontology (GO) representation was used to
systematically annotate the functions of each gene. Each GO
term represented a specific function and was classified into one
of the following 3 categories: cellular components (CC),
molecular functions (MF), or biological processes (BP). These
terms are organized into a directed acyclic tree structure.

Although not all genes were comprehensively annotated,
most of them and their corresponding functions were assigned
atleast 1 GO annotation. Before the similarity between 2 genes
was calculated, the similarity of all pairs of GO terms was cal-
culated. The algorithm used to calculate GO term similarity
was based on semantic similarity,!” and can be divided into 2
categories: information content-based methods and graph-
based methods.? The Python package GOntoSim utilized in
this study is based on the graph-based approach.?! In contrast
to the other methods, GOntoSim considers both the lowest
common ancestor and the common descendants of 2 GO
terms to calculate both upward and downward similarities.!
This approach can fix errors arising from the node depth.

The similarity between 2 genes was obtained by calculating
the similarity across all GO term pairs. For example, if there
were 2 genes, A and B, their GO terms were divided into 3
categories: CC, BP, and MF. The GO similarity for each cate-
gory was calculated using equation (1), where GOy; and GOy,
are the ith GO term of gene A and the jth GO term of gene B,
respectively, and 7 and 7 are the numbers of GO terms of
genes A and B, respectively. The overall similarity between the
genes A and B was calculated using equation (2), where #BP,
#CC, and #MF are the numbers of GO terms belonging to BP,
CC, and MF, respectively, and Simgp, Sim ¢, and Sim,, are the
GO similarities of BP, CC, and MF, respectively.

n_ o Sim(GO, ,GO, )

Simy, = (1)
BP ; = mxn
Table 1. The sequences of primers used in the gMSPCR assay.
GENE FORWARD PRIMER SEQUENCE (5" TO 3°)
ADHFET GTGGATGGTGCGAGC
ADARB2 GTGCGTTTGGGAGAGATC
PLD5 TGTGGCGATGTAAATACGTTC
IRF4 CGGTTTTTATAGGTTTCGGC
EFS GGGGGTTTGAGGTCGTC
NRG1 TTGTTCGTAGTTTTAGTAGTCGTC
KCNQ5 AGGATTCGTTCGTGTGC
ADAMTS5 GGTAGTTGCGAGCGTC
MMP23B CGTTTTGATTTAAGGGGTTC
MIR129-2 AGTGGTGAGATTGAGTCGC

#BP x Simpp, + #CC x Sim, + #MF x Sim
#AIlGO termsof Aand B 2)

Sim(A,B)z

To facilitate functional clustering, we represent the similari-
ties between all genes as a distance matrix. The greater the
similarity, the closer the distance between 2 genes, representing
a greater correlation between their functions. Ward’s method
was used to cluster genes based on their distances, which
reduced the variability within each gene cluster.

Clinical validation of the selected DNA

methylation biomarkers

The DNA of 30 paired normal and CRC tumor samples were
extracted from FFPE tissue specimens. These samples were
subjected to bisulfite conversion using an EZ DNA
Methylation-Lightning™ kit (Zymo Research, Cat. #D5031)
following the manufacturer’s instructions. Next, the bisulfite-
converted DNA was subjected to quantitative polymerase
chain reaction (qQPCR), which was performed on an Applied
Biosystems QuantStudio™ 6 Flex Real-Time PCR System
using the standard SYBR green method and methylation-spe-
cific primers to determine the methylation levels via pre-
defined calibration curves. The primer sequences used in the
quantitative methylation-specific PCR (gMSPCR) assay are
listed in Table 1.

gMSPCR is typically used to detect hypermethylated pro-
moter genes (HPGs).?2 Hypomethylated loci possess variable
features with relatively low levels of methylation. Hence, we
selected only hypermethylated genes as candidate biomarkers
to design primers for clinical qRT-PCR experiments.

Furthermore, we compared the methylation levels of the loci
used in the clinical experiments with our in silico methylation
analytical results to ensure consistent degrees of methylation.
Both beta and M-values were used to evaluate the methylation
levels of the selected loci, as these 2 values provide different

REVERSE PRIMER SEQUENCE (5" TO 3°)
CTATCTAAACCTCAAACCAATCG
ACAAAACGAACTAAACTATCCG
CCCGATTCTAAATAAACACCG
AAATCGAACGATAAAACTAAAAATACG
CGTCGAAAAAACAATCCCG
AACGTAAAAATAAAAAAACTACTCCG
TTCCAAATATTATCTAACCTAAAAACTAAAACG
AAAATTACCATTACAAAATAACATACCG
CCCAAACCCTACCTAAAACG
GACTTCTTCGATTCGCCG
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perspectives on the methylation status of genes. Studies have
shown that the M value method provides better statistical
power, whereas the beta value has more biological
significance.?324

Classification testing of gene combinations

To identify methylation biomarkers that can accurately
detect CRC and gene combinations that maintained con-
sistency in methylation status between tissue and blood
samples, 3 machine learning methods, namely, support vec-
tor machine (SVM), random forest, and logistic regression,
were applied. Tissue samples from TCGA were utilized as
training datasets and 5-fold cross-validation was performed.
Next, the samples from the GEO database were used as the
testing datasets to validate the classification accuracy. Since
we expected that our selected biomarkers would demon-
strate specificity for CRC, the datasets from other cancers
(breast, lung, and liver cancer) were included to ensure that
our model can distinguish CRC from these other cancers.
During the testing procedure, we regarded the CRC sub-
jects as the experimental group (labeled as 1) and the sub-
jects with other cancers, along with the normal subjects, as
the control group (labeled as 0).

According to the practical probe design for gMSPCR
experiments, the number of genes within the testing toolkit
should be limited. We aim to use as few genes as possible to
achieve a high detection performance. In addition, we con-
sidered selecting a representative gene from a specific func-
tional group to avoid selecting redundant genes with similar
biological functions or within the same biological pathway.
The selected HPGs were classified into different functional
groups and gene combinations containing different numbers
of genes were generated. Each combination was evaluated
using different machine learning models. We used the F1
score and MCC to evaluate the classification performance of
each combination. The combination with the highest aver-
age classification metrics was subsequently selected, and the
representative biomarkers from the proposed procedures
were considered the target biomarkers for CRC diagnosis.

Results

Significantly different DNA methylation
biomarkers and comorbidity-related genes for CRC

To screen for genes with significant differential methylation
and associated CRC comorbidities, we filtered 485512 CpG
sites using a quality control procedure,’® and 241088 CpG
sites remained after filtering. Next, Ap and false discovery rate
(FDR)-adjusted ~ p-value  thresholds  (FDR-adjusted
P-value <.01; |AB| =.5) were set, and 599 CpG sites met the
threshold criteria (525 hypermethylated CpG sites and 74
hypomethylated CpG sites); these loci were subsequently
mapped to 252 genes. These genes were defined as significantly
differentially methylated candidate biomarkers.

The significant comorbidities of CRC, including hemor-
rhage of the gastrointestinal tract, hemorrhoids, constipation,
duodenal ulcers, peptic ulcers, unspecified functional disorders
of the stomach, and abdominal pain, were identified from the
literature.?>% We then identified the genes associated with
CRC and its comorbidities using DisGeNet. The number of
genes associated with each comorbidity is shown in Table 2.

After intersecting significantly differentially methylated
biomarkers and CRC comorbidity-related genes, 141 genes
remained, of which 42 hypermethylated genes were located
near promoter regions. As tumor suppressor genes located near
promoter regions can easily cause genetic abnormalities and, in
turn, lead to carcinogenesis,’! we performed further functional
analyses of these candidate genes.

Functional clustering analysis of HPGs

A similarity matrix of the 42 HPGs was obtained by calculat-
ing pairwise gene-gene distances (Figure 1). We utilized Ward’s
hierarchical clustering method to classify the HPGs, and the
clustering results are graphically presented as a dendrogram in
Figure 2. For the practical design of the testing kit, the 42

Table 2. Comorbidities of colorectal cancer.

ICD COMORBIDITIES GENENUM

578 Hemorrhage of the 158
gastrointestinal tract

455 Hemorrhoids 33

564 Constipation 804

532 Duodenal ulcer 120

533 Peptic ulcer 168

536 Unspecified functional 118
disorder of the stomach

789 Abdominal pain 1025

Figure 1. Similarity matrix of the 42 hypermethylated promoter genes
identified in this study.
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Figure 2. Dendrogram of the hierarchical clustering result of the 42 HPGs identified in this study.

HPGs were divided into 2 to 4 clusters. In addition, we queried
the DAVID database® to identify the predominant GO anno-
tation features within each functional cluster. The first cluster
was characterized by the following GO terms: BP, regulation of
transcription from the RNA polymerase II promoter; CC,
nucleus; MF, RNA polymerase 11 transcription factor activity,
and sequence-specific DNA binding. The second cluster
included GO terms such as adult locomotor behavior (BP),
plasma membrane (CC), and receptor binding (MF). The third
cluster included GO terms such as extracellular matrix organi-

zation (BP), extracellular matrix (CC), and metallopeptidase
activity (MF).

Clinical validation of the target biomarkers

Only 20 candidate loci were chosen from the 42 initial HPGs
for methylation-specific primer synthesis based on 3 criteria:
(1) high accuracy and adjusted P-value in distinguishing tumor
specimens from normal samples, (2) candidates from each
functional cluster were included based on the proportions of
the gene counts, and (3) any predicted non-specific primers or
primers with dimers or hairpin issues were excluded.

In addition, primer performance tests were conducted with
20 methylation-specific primer pairs using 0%, 50%, and 100%
methylated DNA. Our results demonstrated that only 10
primer pairs successfully amplified specific PCR products
under 50% and 100% methylated DNA conditions. Thus, only
10 candidate CRC biomarkers were screened for further clini-
cal validation.

After performing qMSPCR on 30 patients with CRC, the
Cr methylation values were used to estimate the degree of
methylation in each patient. In addition, differences in meth-
ylation between the experimental group (patients with CRC)
and the control group (normal subjects) were determined.
Lower methylation C- values indicate a lower number of PCR
cycles required to reach a specific methylation threshold, indi-
cating a greater degree of methylation. In other words, meth-
ylation Cr values showed an inverse correlation with the degree
of methylation. Figure 3A shows that subjects in the control
group generally had higher methylation C; values for the 10
target biomarkers. If outliers were excluded, all genes except
IRF4 showed significant differences in methylation. To
enhance the reliability of the clinical experiments, we extracted

the beta- and M-values of TCGA CRC subjects for the 10
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Figure 3. (A) Boxplot of the C; values for the 10 target biomarkers in
patients with CRC for clinical validation. (B) Boxplot of the beta values
obtained for the 10 target biomarkers in subjects with CRC in TCGA. (C)
Boxplot of the M-values obtained for the 10 target biomarkers in subjects
with CRC in TCGA.

target biomarkers (Figure 3B and C). We found that all bio-
markers exhibited significant methylation differences (1 way
ANOVA test P<.01).

Optimal gene combinations

To screen for functionally representative biomarkers with
good predictive performance, we selected 1 gene from each
functional cluster to form various gene combinations. Hence,
the total number of combinations depended on the defined
number of functional clusters. There were 9 gene combina-
tions if only 2 functional groups were defined, 20 if there were
3 defined functional groups, and 24 if there were 4 defined
functional groups. To determine the best combinatorial num-
ber of candidate genes, we compared the classification perfor-
mance of the 2-, 3-, and 4-gene combinations using the SVM,
random forest, and logistic regression prediction models. The
results of the SVM or logistic regression prediction models
showed that the average F1 score and MCC of all 3-gene and
4-gene combinations were approximately 0.9. For the random
forest model, there was only one 2-gene combination with an

SUM_F1 SVM_MGC LF1 LMCC LF1 _MCC

Figure 4. Boxplot of the test results for 20 gene combinations. The x-axis
represents the F1 score and MCC of the 3 machine learning methods,
while the y-axis indicates the metric values. Each point in the plot
represents a gene combination.

F1 score of over 0.9; five 3-gene combinations and seven
4-gene combinations had F1 scores of over 0.9. These results
showed that adding a fourth gene did not significantly
improve the overall test performance. Therefore, the 3-gene
combination was considered the most effective predictor of
CRC diagnosis in this study.

Boxplots were then used to represent the test performance
(MCC and F1 score) for the twenty 3-gene combinations
obtained (Figure 4). The gene combination with the best perfor-
mance comprised ADHFE1, ADAMTSS5, and MIR129-2. The
best MCC and F1 scores of the 3 machine learning methods
were 0.92 and 0.94 for SVM, 0.87 and 0.90 for random forest,
and 0.92 and 0.93 for the logistic regression model, respectively.

Discussion

DNA methylation has recently become the most promising
and effective method for cancer diagnosis. For asymptomatic
patients at different stages of cancer, biomarkers with signifi-
cantly different methylation and associations with specific
comorbidities can be used for cancer diagnosis, which enables
them to receive proper prognostic treatment and thereby
increasing their survival rate. In this study, we performed a
differential methylation analysis of CRC samples and ini-
tially screened 252 genes with notable methylation differ-
ences. Among these, 141 were associated with various CRC
comorbidities. After gene selection and applicability screen-
ing for hypermethylation characteristics, 10 genes (4DHFE]I,
ADARB2, EFS, ADAMTS5, MMP23B, PL.D5, MIR129-2,
IRF4, NRG1, and KCNQS5) were selected for clinical valida-
tion using gMSPCR. The results showed that these 10 genes
had significant differences in Ct values in CRC tissue sam-
ples. To meet the requirements of the diagnostic kits and limit
the number of methylation biomarkers, we performed gene
functional analysis to select representative genes from each
functional group. Next, functionally representative biomarker
combinations were selected to construct prediction models.
Twenty biomarker combinations were assembled into 3 func-
tional clusters. Our results showed that the 3-gene combina-
tion ADHFE1, ADAMTSS5, and MIR129-2 provided the best
predictive performance among the 3 machine learning mod-
els employed, with MCCs greater than 0.85 and F1 scores
greater than 0.9.
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Recently, the use of epigenome-wide DNA methylation
data to identify methylation biomarkers associated with spe-
cific cancers has gained popularity. For instance, Shen et al
identified 2 CRC biomarkers (SDC2 and SHOX?2) associated
with precancerous lesions using qMSPCR and validated them
using blood and stool samples.33 Chang et al identified the
TMEM?240 gene and showed that this hypermethylated gene
can repress cancer cell proliferation and migration.?* In the
study by Baharudin et al,>> 10 HPGs were identified through
DNA methylation analysis of 54 paired tumor—adjacent nor-
mal colon samples from Malaysian subjects using the 450k
assay. Among these, 5 HPGs including ADHFE1, USP44,
ADARB2, ZNF582, and ZNF132 also presented in our list of
42 HPGs. However, our functional clustering analysis revealed
that these 5 HPGs were clustered in the same functional group,
suggesting potential genetic function redundancy. Furthermore,
half of the 10 HPGs belong to the ZNF gene family, and 4 of
them also appeared in our 42 HPGs. Previous studies have
shown that ZNF family genes are significantly associated with
CRC development, acting as either oncogenes or tumor sup-
pressor genes.?%37 In the study by Muthamilselvan et al,38 27k
CRC methylation data from TCGA were profiled, and 7
hypermethylated stage-salient genes in promoter regions were
identified. Our results showed that while these genes exhibited
significantly differential methylation, they were not associated
with CRC comorbidities. Therefore, these genes were not
included in our final biomarker list. These findings suggest that
incorporating genes related to CRC comorbidities could pro-
vide a substantial impact on the identification of candidate
biomarkers.

Among the selected methylation biomarkers, ADHFET is a
common CRC biomarker. Our results showed that biomarker
combinations containing ADHFFET had excellent performance,
indicating that ADHFE] is important for enhancing the over-
all performance of biomarker combinations. Moon et al and
Hu et al reported that the hypermethylation of ADHFET pro-
motes the proliferation of CRC cells.3*4 Furthermore, Tae
et al reported that the hypermethylation of ADHFET is asso-
ciated with CRC cell differentiation.*! In addition, we identi-
fied several biomarkers known to be associated with CRC
(ADAMTSS5 and KCNQ5). Li et al reported that ADAMTSS
can inhibit the migration and invasion of CRC cells but has no
effect on cell growth or apoptosis.*? Gao et al indicated that the
methylation of the MIR129-2 promoter CpG islands may lead
to dysregulation of methylation in CRC.#3

Compared with the present studies which perform in silico
DNA methylation analysis to select CRC biomarkers, our
study includes multiple test datasets containing normal sub-
jects and subjects with other cancer types. In addition, we per-
formed clinical experiments to ensure that the methylation
status of our target biomarkers is consistent across both in silico
DNA methylation analysis and clinical experiments. Although
our study included only a small amount of cfDNA samples in

the testing dataset, the results showed that the 10 biomarkers
exhibitdc significant methylation differences in these samples,
indicating that these biomarkers may play as potential candi-
dates for clinical experiments on ¢fDNA samples from CRC
subjects. Our test results suggest that the selected biomarkers
either have high robustness and specificity for CRC or demon-

strate excellent classification performance.

Conclusion

In this study, we performed an integrated DNA methylation
analysis and identified effective CRC biomarker combina-
tions that showed significantly different hypermethylation in
both tissue and blood samples, suggesting their potential as
candidate biomarkers for further clinical experiment for CRC
subjects using liquid biopsies. These biomarkers were strongly
associated with certain CRC comorbidity patterns and dem-
onstrated high accuracy in CRC detection. Notably, our
results showed that the biomarker combination ADHFE]I,
ADAMTSS, and MIR129-2 achieved the best classification
performance across the 3 machine learning models employed.
Because of budget constraints, we only included 30 clinical
samples for preliminary experiments. Nonetheless, we expect
that the selected biomarkers will be used to detect CRC in a
larger cohort in the near future.

Abbreviations

CRC Colorectal Cancer

CT Computed Tomography

FIT Fecal Immunochemical Test

DNMT DNA methyltransferase

ctDNA Circulating tumor DNA

cfDNA Cell-free DNA

TCGA The Cancer Genome Atlas

GEO Gene Expression Omnibus

FFPE Formalin-fixed paraffin-embedded

ChAMP Chip Analysis Methylation Pipeline

BMIQ_ Beta-Mixture Quantile Normalization

DMPs Differentially Methylated Positions

GO Gene Ontology

CcC Cellular Component

MF Molecular function

BP Biological Process

LCA Lowest Common Ancestor

FFPE formalin-fixed, paraffin-embedded

gPCR quantitative polymerase chain reaction

gMSPCR quantitative Methylation-specific Polymerase
Chain Reaction

HPGs Hypermethylated promoter genes

SVM Support Vector Machine

MCC Matthews correlation coefficient

DAVID Database for Annotation, Visualization and
Integrated Discovery

PCR Polymerase Chain Reaction
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