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Abstract 

Background and purpose  Early detection, diagnosis, and treatment of colorectal cancer and its precancerous 
lesions can significantly improve patients’ survival rates. The purpose of this research is to identify methylation markers 
specific to colorectal cancer tissues and validate their diagnostic capability in colorectal cancer and precancerous 
changes by measuring the level of DNA methylation in stool samples.

Method  We analyzed samples from six cancer tissues and adjacent normal tissues and fecal samples from 758 par-
ticipants, including 62 patients with interfering diseases. Bioinformatics databases were used to screen for candidate 
biomarkers for CRC, and quantitative methylation-specific PCR methods were applied for identification. The methyla-
tion levels of the candidate biomarkers in fecal and tissue samples were measured. Logistic regression and random 
forest models were built and validated using fecal sample data from one of the centers, and the independent or com-
bined diagnostic value of the candidate biomarkers in fecal samples for CRC and precancerous lesions was analyzed. 
Finally, the diagnostic capability and stability of the model were validated at another medical center.

Results  This study identified two colorectal cancer CpG sites with tissue specificity. These two biomarkers have cer-
tain diagnostic power when used individually, but their diagnostic value for colorectal cancer and colorectal adenoma 
is more significant when they are used in combination.

Conclusion  The results indicate that a DNA methylation biomarker combined diagnostic model based on two CpG 
sites, cg13096260 and cg12587766, has the potential for screening and diagnosing precancerous lesions and colo-
rectal cancer. Additionally, compared to traditional diagnostic models, machine learning algorithms perform better 
but may yield more false-positive results, necessitating further investigation.
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Background
Colorectal cancer is a highly prevalent malignant tumor 
worldwide, posing a serious threat to human health and 
has become one of the major global public health issues 
[1]. Like other tumors, early detection, diagnosis, and 
treatment of the disease can significantly improve the 
prognosis of patients [1, 2]. Therefore, early detection 
will help improve the survival rate and quality of life of 
patients with colorectal cancer. However, clinical success 
in developing effective, noninvasive or minimally invasive 
diagnostic methods is still relatively limited.

The incidence of colorectal cancer is showing a trend 
toward younger ages, and the number of late-stage cases 
at initial diagnosis is gradually increasing, forcing us to 
raise higher demands for early screening and diagnos-
tic methods [3]. The development of colorectal can-
cer mainly involves cumulative genetic and epigenetic 
changes, and it usually takes 10 to 15  years for precan-
cerous lesions to develop into CRC [4, 5]. This provides 
a theoretical basis and the best window for screening by 
identifying tumor-specific changes through the analysis 
of DNA from exfoliated cells in feces. Numerous studies 
have confirmed that effective screening methods can help 
detect and remove precancerous lesions and early colo-
rectal cancer, thereby reducing the incidence and mor-
tality of colorectal cancer. Fecal occult blood tests and 
endoscopic examinations of the digestive system are cur-
rently commonly used as clinical screening tools for CRC 
[6, 7]. However, due to the low participation rate of tradi-
tional screening methods and the limitations of screening 
tool performance, large-scale screening work has become 
difficult [8]. Therefore, it is necessary to adopt more 
effective screening strategies and diagnostic methods to 
strengthen secondary prevention measures for colorectal 
cancer.

The progression of colorectal cancer is intimately asso-
ciated with epigenetic mechanisms, with aberrant DNA 
methylation as one of its central characteristics [9–12]. 
It is typically tightly linked to gene expression defects, 
resulting in an imbalance between the expression of 
proto-oncogenes and tumor suppressor genes. The 
increase in methylation of tumor-related genes and the 
decrease in the degree of whole-genome methylation are 
early events in various types of colorectal cancer. Recent 
research has found that abnormal methylation may have 
occurred before the tumor progresses to the adenoma 
stage, which may be one of the earliest detectable tumor 
changes [13–15]. David et  al. diagnosed adenomas and 
CRC by detecting abnormal methylation changes in the 
vimentin, NDRG4, BMP3, and TFPI2 genes in the DNA 
of exfoliated cells in feces. The research results showed 
that for patients with colorectal cancer, the sensitivity of 
this method is 85%, for adenomas (≥ 1 cm), the sensitivity 

is 54%, and the specificity is 90% [16]. Concurrently, 
Imperiale and colleagues incorporated 9989 asympto-
matic individuals in a similar study involving multi-target 
stool DNA (sDNA) methylation and fecal immunochemi-
cal testing. The results demonstrated that the sensi-
tivity of this method for colorectal cancer was 92.3%, 
the sensitivity for advanced precancerous changes was 
42.4%, the specificity was 86.6%, and its screening per-
formance was notably superior to the standard FIT [17]. 
Based on this research, the U.S. Food and Drug Admin-
istration approved the first sDNA methylation detection 
kit, Cologuard™ (Exact Science, Madison WI), for early 
screening of CRC. However, the diagnostic ability for 
early lesions has not yet met the demand, and the impact 
of racial differences is not yet clear. Therefore, further 
research is needed on the potential value of sDNA carry-
ing cancer-specific methylation genes for CRC screening 
and early diagnosis.

SDC2 belongs to the syndecan family and is highly 
expressed in various cancers, including osteosarcoma, 
breast cancer, and colorectal cancer. High methyla-
tion of the SDC2 promoter region is a common epige-
netic change in the development of colorectal tumors. 
Numerous methylation alterations in the SDC2 gene 
can be identified in the stool of patients with early-stage 
colorectal cancer and advanced adenomas, rendering 
it a potential new target for early detection. The leuke-
mia inhibitory factor receptor (LIFR) is part of the type I 
cytokine receptor family, plays a role in promoting stem 
cell pluripotency, regulating cell proliferation and differ-
entiation, and is also overexpressed in a range of tumor 
tissues [18–20]. Additionally, research has discovered a 
high methylation status in the promoter region of LIFR-
AS1 in colorectal cancer, and according to in  vitro and 
in  vivo studies, its overexpression can significantly sup-
press the proliferation, growth, and invasive phenotype 
of colon cancer cells [21]. However, because SDC2 and 
LIFR are also highly expressed in other tumors, this may 
lead to false-positive diagnoses of other types of cancer. 
Since cancers from different tissue types may have simi-
lar methylation changes, methylation markers used for 
screening or cancer diagnosis in asymptomatic popula-
tions should have tissue specificity [22]. If lacking of tis-
sue specificity, it is impossible to determine the source of 
the tumor and choose subsequent diagnostic methods.

Hence, our study is designed to pinpoint methylation 
markers that are specifically expressed in colorectal can-
cer via bioinformatics analysis. Then, analyze the clinical 
performance of these specifically expressed methylation 
markers in CRC detection, diagnosis of precancerous 
lesions, and other interfering diseases. Subsequently, 
we identified CRC methylation markers in sDNA with 
high specificity and sensitivity and separately established 
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logistic diagnostic models and random forest diagnostic 
models. In the end, the stability and diagnostic effective-
ness of these models were validated in an external cohort.

Methods
Study design
The purpose of this study is to explore and validate new 
biomarkers with tissue-specific methylation by analyzing 
biological databases, utilizing pyrosequencing of colo-
rectal cancer tissues, and CpG sites in the DNA of exfoli-
ated cells in feces. Then evaluate the impact of different 
modeling methods such as conventional modeling meth-
ods and machine learning methods on diagnostic per-
formance. Then, we employ the constructed model for 
external validation in the dataset of a different medical 
center, and evaluate the stability of the model across vari-
ous medical centers. This research has received approval 
from the Human Research Ethics Committee of the 
Sichuan Provincial People’s Hospital, and all participants 
have given their written informed consent (accession nos: 
Ethical Application Review (Research) 2022 No. 306).

Patient and sample collection
The DNA methylation data for screening tissue-specific 
methylation sites mainly come from TCGA (includ-
ing TCGA-COAD and TCGA-READ) and published 
literatures. The DNA methylation data for verifying tis-
sue-specific methylation sites come from the Sichuan 
Academy of Medical Sciences & Sichuan Provincial Peo-
ple’s Hospital and Shanghai Bohao Biotechnology Co., 
Ltd. Complete clinical, molecular, and histopathological 
datasets can be obtained from the Sichuan Academy of 
Medical Sciences & Sichuan Provincial People’s Hospital, 
Chongqing Bohao Diagnostic Technology Co., Ltd., and 
the TCGA website (https://​tcga-​data.​nci.​nih.​gov/​tcga/). 
Both the dual-center data of this study and the TCGA 
dataset use the same platform (Illumina) for methylation 
status analysis.

This study collected samples from 6 cases of cancer tis-
sues and adjacent normal tissues and 758 fecal samples 
from CRC patients, AA patients, patients with inter-
fering diseases (including benign disease patients and 
other tumor disease patients), and healthy individuals. 
The tissue samples were cut into tissue blocks with a 
maximum thickness of no more than 0.5 cm on any side 
within 30  min after being removed from the body, and 
then immediately placed in 2 ml DNA preservation solu-
tion. The tissue preservation solution was left overnight 
in a 4 °C environment, and then transferred to a − 20 °C 
environment for long-term storage. Stool samples were 
collected from patients without bowel preparation, each 
sample weighing approximately 5  g, and then placed in 
a 50  ml centrifuge tube containing 25  ml preservation 

solution. Stool samples were stored at − 20 °C for a long 
time before use. These samples were collected from the 
Sichuan Academy of Medical Sciences and Sichuan Pro-
vincial People’s Hospital and Chongqing Bohao Diagnos-
tic Technology Co., Ltd.

The inclusion criteria for this study are as follows: 
(1) voluntary participation in the study and signing of 
informed consent; (2) age ≥ 18  years, both sexes; (3) 
pathologically confirmed as colorectal cancer at differ-
ent stages; (4) no preoperative radiation, chemotherapy 
or molecular-target or immuno therapy, and no his-
tory of other serious diseases. The exclusion criteria for 
this study are as follows: (1) pregnant or breastfeeding 
women; (2) women of childbearing age who test positive 
for pregnancy at baseline; (3) have had serious cardiovas-
cular diseases within 12 months before enrollment, such 
as symptomatic coronary heart disease, congestive heart 
failure ≥ grade II, uncontrolled arrhythmia, myocardial 
infarction; (4) concurrent severe uncontrolled infections 
or other severe uncontrolled comorbidities, moderate 
or severe kidney injury; (5) not pregnant, breastfeeding 
women or women of childbearing age who test positive 
for pregnancy. The following clinical information of the 
participants were collected, including age, gender, tumor 
size, some tumor indicators, tumor location, histological 
type, lymphatic invasion, distant metastasis, pathological 
staging (determined according to the AJCC 8th edition 
TNM tumor staging system), vascular invasion, nerve 
invasion, microsatellite status, and some gene mutation 
situations.

Identification and selection criteria for methylation 
markers
To determine the candidate markers, we performed a 
bioinformatics analysis of the methylation data in the 
public databases (TCGA, TCGA-COAD, and TCGA-
READ) and screened out the candidate tissue-specific 
sites. These methylation data mainly include Infinium 
Human Methylation 450 BeadChip DNA methylation 
data (Illumina, San Diego, CA, USA), which covers tumor 
tissues from 387 CRC patients and colon tissues from 45 
healthy individuals. Subsequently, the DNA methylation 
levels of specific CpG sites in the candidate genes were 
validated by pyrosequencing of colorectal cancer tissues. 
Then, in two retrospective sDNA cohorts, the expression 
of the selected colorectal cancer methylation markers in 
fecal samples was detected using quantitative methyla-
tion-specific PCR (qMSP).

Verification of methylation status of tissue‑paired 
specimens by pyrosequencing
The DNA methylation levels of specific CpG sites 
in candidate genes were quantitatively assessed by 

https://tcga-data.nci.nih.gov/tcga/
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pyrosequencing. The median CpG value in each sample 
represents the DNA methylation status of each gene. 
Primers are designed using PyroMark Assay Design 2.0 
software and synthesized by Bioengineering (Shanghai) 
Co., Ltd. Primer sequences and primer group informa-
tion can be found in Supplementary File 1: Table  S1. 
Pyrosequencing reactions and quantification of DNA 
methylation were performed on the Pyromark Q96 MD 
pyrosequencing system (QIAGEN, Valencia, CA, USA).

We have taken the following quality control measures 
to ensure the accuracy and authenticity of the pyrose-
quencing results. Firstly, the quality of the extracted DNA 
was detected and evaluated using 1% agarose gel electro-
phoresis. Then, a sample group of serial dilutions of fully 
methylated and non-methylated DNA (Human Meth-
ylated and Non-methylated DNA Set, Zymo Research, 
Freiburg im Breisgau, Germany) (0%, 25%, 50%, 75%, 
and 100%) was used as a negative and positive control in 
methylation detection applications against DNA stand-
ards. In addition, the standard and the sample were 
tested simultaneously to evaluate the conversion effi-
ciency of bisulfite. Lastly, it was ensured that all samples 
were mixed in different culture plates, and no template 
control was included in each run of the experiment.

DNA capture and bisulfite conversion
First, the fecal samples are ground into a uniform slurry 
with glass beads, then centrifuged at 4000×g for 10 min, 
the supernatant is taken and this step is repeated. Finally, 
sDNA is extracted using the MagicPure® Fecal and Soil 
Genomic DNA Kit (Full-Form Gold EC801-11, Beijing, 
China). The extracted supernatant is stored at −  20  °C. 
The extracted DNA samples (at least 10 ng) are converted 
and purified with bisulfite, using the EZ DNA Methyl-
ation-Lightning Kit (ZYMO RESEARCH, D5031, Los 
Angeles, CA, USA). The concentration of the extracted 
DNA is quantified using a spectrophotometer, and then 
the samples are stored at − 20 °C for subsequent use.

Detection of quantitative methylation‑specific PCR
Quantitative methylation-specific PCR (qMSP) is used 
to quantitatively detect the methylation status of SDC2 
(including gl3096260), LIFR (including cg12587766), and 
ACTB genes in fecal samples, and ACTB is amplified 
as an internal reference for DNA input. Custom prim-
ers and probes are used for deep sequencing of sDNA 
treated with bisulfite to determine the methylation rate of 
DNA in each sample.

To quantify the level of methylation, we use the Probe 
Ex Taq (Probe qPCR) (TAKARA, RR390A, Kota Osaka, 
Japan) kit, and according to the manufacturer’s instruc-
tions, perform methylation-specific quantitative PCR 
(qMSP) detection on samples treated with bisulfite. 

According to the operating procedure of the Probe Ex 
Taq kit, the cycle threshold (CT value) is calculated by 
pre-determining the cutoff value for each amplification 
curve. Each batch of PCR reactions is performed with 
three controls, ACTB as an internal control, methylated 
cgl3096260 and cg12587766 as positive controls, and 
unmethylated cgl3096260 and cg12587766 as negative 
controls. Target gene capture, bisulfite treatment, and 
PCR amplification will be rerun using the second ali-
quot samples from the samples. Primers and probes are 
designed based on the specific sequences of CpG sites, 
with ACTB as the reference gene, and a two-step PCR 
amplification program is established according to the 
standard operating procedure. The PCR reaction instru-
ment is AB 7500qPCR (Applied Biosystems, Foster City, 
CA, USA). The two-step PCR amplification cycle is as 
follows: 95  °C pre-denaturation for 30  s; 95  °C for 5  s, 
60 °C for 30 s, repeated for 40 cycles. Detailed informa-
tion on the primer and probe sequences of CpG sites and 
reference genes, molecular cloning vector plasmids, real-
time fluorescence qPCR reaction conditions, and plas-
mid gradient dilution can be found in the supplementary 
materials and methods.

Determination of detection limit of methylation markers 
and inclusion of queues in the study
Synthetic plasmids with different template concentra-
tions are diluted from plasmids constructed by Nanjing 
Kingsray Biotechnology Co., Ltd. with candidate CpG 
site sequences, and added to the aforementioned reaction 
system. Then, the detection limit of the methylation bio-
marker test is determined. Finally, it is determined that 
the Ct value of the reference ACTB methylation expres-
sion level should be less than 36, indicating that there is 
sufficient DNA for analysis, and samples with a Ct value 
higher than 36 are considered unqualified. For the meth-
ylation biomarkers cg13096260 and cg12587766, a Ct 
value less than 38 indicates a positive result, while a Ct 
value greater than 38 or not detected indicates a negative 
result.

In the study, a total of 878 patients participated from 
two medical centers, with 758 participants finally 
included in the study, including 62 participants with 
interfering diseases. Unfortunately, 64 patients were 
excluded due to unsuccessful collection of fecal samples 
or failure to obtain complete clinical case staging infor-
mation, 29 participants were excluded due to insufficient 
reference genes, and 27 participants were excluded due 
to unqualified samples. In addition, DNA methylation 
detection was performed on the feces of 62 patients with 
interfering diseases (fecal samples included 48 cases 
of gastric malignant tumors, 3 cases of GIST, 8 cases of 
benign diseases, 1 case of gastric hyperplastic polyp, and 
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2 cases of liver malignant tumors). Among the 756 par-
ticipants included in the analysis, 344 had CRC, 79 had 
AA, 273 had NED, and 62 had other interfering diseases. 
Supplementary File 1: Tables S2,  S3: The main baseline 
characteristics of the samples are listed.

Data analysis
If the sample data follow a normal distribution, t-tests 
and chi-square tests are used, otherwise rank-sum tests 
are used. Single or multiple biomarkers are used to estab-
lish single-target and dual-target diagnostic logistic 
regression models based on the glm function. The ran-
dom forest model in machine learning algorithms is used 
to establish a random forest diagnostic model. The ROC 
curve is used to calculate the AUC value, 95% confidence 
interval, specificity, and sensitivity, to evaluate the diag-
nostic performance of candidate methylation sites and 
guide the selection of cutoff points. All statistical analy-
ses are performed using SPSS 26.0, R 4.1.1, and GraphPad 
Prism 8 software. The criteria for determining statistical 

significance are *P < 0.05, **P < 0.01, ***P < 0.0001, ns indi-
cates no statistical significance.

Results
Screening of tissue‑specific methylation markers 
and comprehensive analysis of DNA methylation 
expression
The screening process for tissue-specific CRC meth-
ylation marker sites is shown in Fig. 1. According to the 
screening process, two CpG sites that are highly specifi-
cally expressed in CRC and have low or no expression 
in normal tissues and other tumor tissues were iden-
tified through step-by-step screening. Among them, 
cg13096260 is located in the promoter region of SDC2, 
and cg12587766 is located on the LIFR gene.

Based on the analysis results from the TCGA database 
(Fig.  2A), the methylation level of cg13096260 located 
in the promoter region of the SDC2 gene is significantly 
higher in colorectal cancer (COAD, READ), diffuse large 
B cell lymphoma (DLBC), and stomach adenocarcinoma 

• TCGA 

• 432 samples

• 1550 sites

• Calculate the AUC, filter for q < 0.01 & AUC ≥ 0.9, and 
obtain the intersection, resulting in 1246 sites.

• CRC Tumor (tissues): 387

• Normal (tissues): :45

Perform a T-test for differential analysis, with a significanc
e level of P value < 0.01, requiring βtumor ≥ 0.5, and βnor
mal ≤ 0.2, as well as Δβ ≥ 0.3. Remove sex-related effects. 
Retain sites with a SNP distance ≥ 10 or SNP Minor Allele 
Frequency ≤ 0.05 and with gene name annotations. 

CRC methylation gene screening

Methylation genes  has been repo
rted with strong diagnostic perfor
mance for CRC.

Select methylation genes 
SDC2&LIFR

CRC-specific methylation CpG sites
cg13096260 located on the SDC2 gene and 

cg12587766 located on the LIFR gene

Eliminate CpG sites with 
βnormal≥0.1 in normal tissues. 
Screening using random forest 
algorithm and βvalue

Fig. 1  Workflow for screening tissue-specific colorectal cancer methylation markers
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(STAD) tissues compared to normal tissues. Simi-
larly, the methylation level of cg12587766 in the LIFR 
gene (Fig.  2B) is significantly higher in colorectal can-
cer (COAD, READ) and diffuse large B cell lymphoma 
(DLBC) tissues than in normal tissues. Subsequently, we 
analyzed the methylation sequencing data from 432 colo-
rectal cancer and normal tissues in the TCGA database, 
comparing the DNA methylation β-values of cg13096260 
and cg12587766 between normal and colorectal cancer 
tissues (Fig. 3: A, B). The results showed that the meth-
ylation levels of these two candidate CpG sites are sig-
nificantly higher in colorectal cancer tissues compared to 
normal tissues.

Moreover, differential analysis of cg13096260 and 
cg12587766 (Fig.  2C, D) revealed significant differences 
in methylation levels between colorectal cancer (CRC) 
patients and non-colorectal cancer (NED) patients. 
By analyzing the methylation β-values of cg13096260 
and cg12587766 (Fig.  3A, B), we found that the meth-
ylation levels of these two CpG sites are significantly 
higher in colorectal cancer tissues than in normal tissues 
(P < 0.001).

Functional analysis of cg13096260 and cg12587766 
(Fig. 2E and F) showed that cg13096260 is negatively cor-
related with the transcriptional expression level of SDC2 
(P < 0.001), and cg12587766 is negatively correlated with 
the transcriptional expression level of LIFR (P < 0.001). 

Compared to normal colon tissues and other types of 
cancer, cg13096260 and cg12587766 exhibit specific high 
methylation modifications in colorectal cancer tissues, 
with corresponding downregulation in gene expression 
levels. Additionally, using survival data from colorec-
tal cancer patients in the TCGA database, patients were 
divided into high and low methylation groups based 
on cutpoint values. Survival analysis (Fig.  2G and H) 
revealed that the methylation levels of these two sites 
are associated with the prognosis of colorectal cancer 
patients; higher methylation levels correlate with poorer 
prognosis.

Verification of DNA methylation status in CRC tissues using 
pyrosequencing
The DNA methylation status of the aforementioned two 
candidate genes in 6 cases of CRC and paired normal tis-
sues was detected using pyrosequencing. The box plot 
of the average β values of the methylation status of these 
two genes is shown in Fig. 3C, D. The average differences 
in methylation levels of cgl3096260 and cg12587766 in 
cancer tissues and paired normal tissues are Δβ = 36.46 
and Δβ = 19.372, respectively. The two genes show signifi-
cantly different higher methylation (P < 0.05). This is con-
sistent with the conclusions obtained through database 
annlyses, the methylation status of the screened genes 
can significantly distinguish between primary colorectal 

Fig. 2  Analysis of β-values for cg13096260 (A) and cg12587766 (B) across 33 common tumor tissues in the TCGA database; hierarchical 
clustering heatmaps of cg13096260 (C) and cg12587766 (D) between healthy controls and colorectal cancer patients; E negative correlation 
between methylation level of cg13096260 and transcriptional expression of the SDC2 gene; F negative correlation between methylation level 
of cg12587766 and transcriptional expression of the LIFR gene; G relationship between methylation level of cg13096260 and survival in colorectal 
cancer patients; H relationship between methylation level of cg12587766 and survival in colorectal cancer patients
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cancer and normal tissues. Hence, these two genes are 
incorporated into further validation studies.

Establishment of CRC diagnostic prediction model based 
on tissue‑specific methylation markers in stools
The methylation levels of cgl3096260 and cg12587766 
in 344 CRC, 79 AA, 273 NED, and 62 interfering dis-
ease fecal samples were detected by qMSP. It was found 
that the methylation level of cg13096260 in the NED 
group was significantly lower than that in the AA and 
CRC groups, and the methylation level in the AA group 
was significantly lower than that in the CRC group 
(Fig.  3E). It was found that the methylation level of 
Cg12587766 in the NED group was significantly lower 
than that in the CRC group, and the methylation level 
in the AA group was also significantly lower than that 
in the CRC group, but there was no significant differ-
ence between the AA group and the NED group. This 

may be related to the extremely low detection rate of 
cg12587766 in precancerous lesions and NED (5/273) 
patients (Fig. 3F).

To clarify whether methylation markers that perform 
well in tissues can be reproduced in fecal samples and 
have equally good diagnostic capabilities. We randomly 
divided 598 fecal samples into a training set and a valida-
tion set at a ratio of 7:3 (Fig. 4). The training set includes 
fecal samples from 200 cases of CRC, 54 cases of AA, 
and 165 cases of NED. The validation set includes fecal 
samples from 86 CRC patients, 25 AA patients, and 68 
NED patients. This training set is used to evaluate the 
predictive ability of the two candidate CpG sites for the 
disease and to construct a joint diagnostic model. We 
constructed single-target models for cg13096260 and 
cg12587766, and a dual-target joint diagnostic model for 
cg13096260 and cg12587766. The cutoff value is estab-
lished using the validation set to determine the clinical 

Fig. 3  Analysis of methylation levels of cg13096260 and cg12587766. The β values of cg13096260 (A) and cg12587766 (B) in the sequencing 
of colorectal cancer tissue samples in the TCGA database. The β values of DNA methylation of cg13096260 (C) and cg12587766 (D) in CRC 
and paired normal tissues were detected by pyrosequencing. E–F: methylation levels of cg13096260 and cg12587766 in fecal samples from NED, 
AA, and CRC patients collected by two medical centers
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significance and verify the diagnostic efficacy of the two 
sites.

Establishment of logistic regression diagnostic model
Based on the Ct values of the two candidate CpG sites 
in the training set and their corresponding groups and 
the aforementioned sample threshold, the ROC curves 
of single target and dual target of different groups are 
obtained and the area under the curve (AUC) is calcu-
lated. The detection results are used to construct a sin-
gle-target logistic regression diagnostic model (Fig.  5: 
A–C) and a dual-target logistic regression (LR combine) 
diagnostic model (Fig. 6: A–C). In the validation set, the 
aforementioned established models are used to construct 
ROC curves for different groups and calculate the AUC 
values of the corresponding groups. The area under the 
ROC curve (AUC) for the methylated cg13096260 and 
cg12587766 in the validation set was observed to be 
similar to that in the training set. The false-positive rates 
(FPR) for the SDC2 and LIFR genes were approximately 
0.0203 and 0.0041, respectively. This suggests that these 
two candidate CpG sites have a high discriminatory abil-
ity for the disease and a low false-positive rate, indicat-
ing potential for large-scale screening (Fig.  5: D–F).It is 
determined that these two methylation markers will be 
used for further analysis and testing.

Validation of the dual‑target logistic regression diagnostic 
model
In the validation set, the ROC curve of the dual target 
was constructed through the Ct values of the two tar-
gets and the AUC value was calculated. Compared with 
the single-target model established by Cg13096260 and 
Cg12587766, the area under the ROC curve (AUC) of the 
dual target has improved to varying degrees. Measured 

by the area under the ROC curve (AUC), the dual-target 
model’s ability to distinguish between colorectal cancer, 
adenoma, and NED queues is significantly higher than 
that of the single-target model. Additionally, the specific-
ity of the dual target for the CRC + AA cohort is 98.5% 
(CI 95.7–100%), and the sensitivity is 82.0% (CI 74.8%-
89.1%). The specificity for CRC is 98.2% (CI 96.1–100%), 
and the sensitivity is 88.4% (CI 84.0–92.9%). For AA, the 
specificity is 98.5% (CI 95.7–100%), and the sensitivity is 
75.9% (CI 64.5–87.3%). The false-positive rates for the 
combined model of cg13096260 and cg12587766 were 
0.018 in the training set and 0.15 in the dual-target vali-
dation set. This demonstrates extremely high specificity 
and relatively high sensitivity, as well as very low false-
positive rates. Therefore, dual-target DNA methylation 
detection can more effectively detect clinically typical 
lesions compared to single-target models.

Specificity verification in other gastrointestinal tumors 
and benign diseases
To further evaluate the specificity of the methylation sites 
in the study, a total of 62 patients with other interfering 
diseases were included in this study, and the methyla-
tion levels of the screening sites were tested. The negative 
rate of cg 13,096,260 in other gastrointestinal tumors and 
benign diseases is 84.91% (45/53) and 100% (9/9), respec-
tively, with an overall negative rate of 87.10%. The nega-
tive rate of Cg12587766 in other gastrointestinal tumors 
and benign diseases is 100% (53/53) and 100% (9/9), 
respectively, with an overall negative rate of 100%. The 
negative rate of other gastrointestinal tumors and benign 
diseases in the combined diagnostic model is 84.91% 
(45/53) and 100% (9/9), respectively, with an overall neg-
ative rate of 87.10%. Based on the detection situation of 

Fig. 4  Workflow for constructing a diagnostic model using sDNA methylation markers
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interfering diseases, the selected methylation sites exhibit 
extremely high specificity.

Establishment of machine learning diagnostic prediction 
model
Machine learning is a subfield of artificial intelligence 
that uses statistical methods to optimize models for spe-
cific tasks without predefining all rules or parameters. 
Thus, machine learning models may outperform regres-
sion models.

In this study, we assessed the influence of machine 
learning and logistic diagnostic models on the diagnos-
tic performance of dual targets. Based on the Ct values 
of the two candidate CpG sites in the training set and 
their corresponding groups, the ROC curve of the dual 
targets was constructed using the random forest algo-
rithm, and the area under the curve (AUC) value was 
calculated. The dual-target combination random for-
est (RF combine) diagnostic model was built using the 
detection results (Fig. 6: A–F). Compared to the logistic 
regression model, the random forest diagnostic model 
showed improved diagnostic efficiency. The sensitivity of 

the RF combine model for the CRC + AA cohort is 91.3% 
(CI 87.8%-94.8%), and the specificity is 95.8% (CI 92.7–
98.8%). For CRC, the sensitivity is 95.5% (CI 92.6–98.4%), 
and the specificity is 95.8% (CI 92.7–98.8%). For AA, the 
sensitivity is 81.5% (CI 71.1–91.8%), and the specificity is 
97.6% (CI 95.2–99.9%). Additionally, in the random for-
est model, the false-positive rate of the dual target in the 
training set for AA + CRC versus Normal mixed samples 
is 0.042, and in the validation set, it is 0.015. For AA ver-
sus Normal samples, the false-positive rate in the training 
set is 0.024, and in the validation set, it is 0.029. Com-
pared to single-target and conventional regression mod-
els, the random forest model has higher sensitivity and 
specificity and a lower false-positive rate. This suggests 
that machine learning algorithms may have advantages in 
establishing diagnostic prediction models and merit fur-
ther exploration and development.

Verification of the logistic diagnostic model and random 
forest diagnostic model with dual‑center data
To further assess the stability and performance of the 
established model, fecal samples were collected from 

Fig. 5  ROC curves and AUC of cg13096260 and cg12587766 in the fecal sample training set, predictive ability of AA and CRC (A), CRC (B), AA (C). 
ROC curves and AUC of cg13096260 and cg12587766 in the fecal sample validation set, predictive ability of AA and CRC (D), CRC (E), AA (F)
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72 patients with colorectal cancer who visited the Gas-
trointestinal Surgery Department of Sichuan Provin-
cial People’s Hospital from June 2022 to March 2023, 
28 patients with other gastrointestinal tumors (7 out of 
36 patients were excluded due to unqualified samples, 1 
was excluded due to lack of clinical data), and 41 patients 
without disease (1 out of 42 patients was excluded due to 
unqualified samples) for validation. The baseline table of 
the subjects can be seen in Additional file: Table S2.

Using the established models, ROC curves were con-
structed for different groups, and AUC values were cal-
culated for each group. It was found that the area under 
the ROC curve (AUC) of methylated cg13096260 and 
cg12587766 in the validation set was similar to that 
in the training set (cg13096260 AUC = 0.8482, 95% 
CI 0.7864 − 0.9099; cg12587766 AUC = 0.6967, 95% 
CI 0.6349 − 0.7585), indicating that our targets main-
tain good disease differentiation ability across centers 

(Fig. 7A). In the LR combine model, the AUC in the cen-
tral validation set was 0.8613 (95% CI 0.8029 − 0.9196), 
showing good performance(Fig.  7B). The AUC of the 
RF combine diagnostic model was 0.8664 (95% CI 
0.799 − 0.9337) (Fig.  7C). The false-positive rate for 
cg13096260 was 0.025, and for cg12587766 it was 0.00. 
This indicates that the selected markers exhibit good dif-
ferentiation ability and low false-positive rates in other 
centers.

To further assess the specificity of the methylation sites 
under study at another center, fecal samples from 28 
patients with other gastrointestinal tumors but without 
colorectal tumors were incorporated into this research, 
and the methylation levels of the selected sites were 
examined. The negativity rate of cg 13,096,260 in other 
gastrointestinal tumors is 85.8% (4/28). The negativity 
rate of cg12587766 in other gastrointestinal tumors and 
benign diseases is 100% (28/28). The negativity rate of 

Fig. 6  The predictive ability of the dual-target combined diagnostic (LR combine) model of cg13096260 and cg12587766 in the fecal 
sample training set for AA and CRC (A), CRC (B), AA (C). The predictive ability of the dual-target combined diagnostic model of cg13096260 
and cg12587766 in the fecal sample training set within the random forest model (RF combine) for AA and CRC (A), CRC (B), AA (C). The predictive 
ability of the dual-target combined diagnostic (LR combine) model of cg13096260 and cg12587766 in the fecal sample validation set for AA 
and CRC (D), CRC (E), AA (F). The predictive ability of the dual-target combined diagnostic model of cg13096260 and cg12587766 in the fecal 
sample validation set within the random forest model (RF combine) for AA and CRC (D), CRC (E), AA (F)
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the combined diagnostic model for other gastrointestinal 
tumors is 87.30% (4/28). This indicates that the selected 
methylation sites still have extremely strong specificity in 
the samples of other centers.

Discussion
Timely removal of late-stage adenomas can effectively 
reduce the incidence of colorectal cancer, and timely 
diagnosis of early-stage colorectal cancer followed by 
radical surgery at the resectable stage can significantly 
reduce its mortality. Commonly used tools for colorec-
tal cancer screening include the fecal occult blood test 
(gFOBT), fecal immunochemical test (FIT), colonoscopy, 
and fecal DNA testing, among others. Large-scale rand-
omized controlled trials and observational studies have 
found that gFOBT, FIT, and colonoscopy can reduce the 
mortality rate of colorectal cancer patients [23]. How-
ever, the low specificity and sensitivity of gFOBT and FIT, 
misdiagnosis and missed diagnosis may occur. Simulta-
neously, colonoscopy, being an invasive examination, has 
low compliance, requires complex preoperative prepara-
tion, and may carry risks such as discomfort, bleeding, 
and perforation, making it difficult to expand the scope 
of screening.

The occurrence of colorectal cancer is closely related to 
genetic and epigenetic changes [24]. The DNA of tumor 
cells shed in feces contains cancer-specific genetic and 
epigenetic changes, so it can be used as a marker for non-
invasive diagnosis of colorectal cancer. Differential meth-
ylation analysis of colorectal cancer tissues and normal 
tissues to screen for potential sDNA methylation mark-
ers is a commonly used method. The frequency of SDC2 
promoter methylation in colorectal cancer tumor tissues 
is extremely high, which is a marker with great potential 

[25]. Yoon Dae Han and others evaluated the methyla-
tion level of SDC2 in the free DNA of 585 patients to 
assess the application ability of SDC2 in the early detec-
tion of colorectal cancer. They found that the sensitivity 
and specificity of SDC2 are both over 90.2% [26]. Impe-
riale and others developed the first multi-target free 
DNA methylation detection kit Cologuard™ using fecal 
DNA methylation detection and fecal immunochemical 
detection. Its sensitivity to colorectal cancer is 92.3%, its 
sensitivity to late precancerous lesions is 42.4%, and its 
specificity is 86.6% [17]. Although we have found many 
biomarkers with high sensitivity, it is still uncertain 
whether these markers have tissue specificity. Methyla-
tion markers used for colorectal cancer detection in the 
past may be interfered with by other cancers and lack tis-
sue specificity. For example, SEPT9, which is currently 
approved for clinical detection of colorectal cancer, is 
expressed in multiple cancers such as colorectal cancer, 
cervical cancer [27], and gastric cancer [28].If meth-
ylation markers lacking tissue specificity are applied to 
the clinic, they have high sensitivity, which may lead to 
erroneous further examinations or misdiagnoses. This 
contradicts our principle of expecting precise screening 
through sDNA; therefore, we believe that cancer screen-
ing should have tissue specificity.

To select colorectal cancer methylation biomarkers 
with tissue specificity, we utilized a large public meth-
ylation database to assess the methylation levels of the 
chosen markers in common tumor tissues and normal 
tissues, to ascertain whether these markers are specifi-
cally found in colorectal cancer. Through this screening 
method, we can maximize the assurance that the selected 
markers have a high degree of tissue specificity for the 
detection of colorectal cancer and its precancerous 

Fig. 7  Validation of the single-target and dual-target logistic regression (LR) models and random forest models at another center, 
including the single-target LR diagnostic model (A), the dual-target LR combined diagnostic model (B), and the dual-target RF combined diagnostic 
model(C)
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lesions. Finally, we screened out two methylation sites 
with high tissue specificity, cg13096260 located in the 
SDC2 gene and cg12587766 located in the LIFR gene.

In this study, we first used pyrosequencing to validate 
the DNA methylation levels of specific CpG sites of the 
biomarkers screened from the database in actual clinical 
samples. We then measured the sDNA methylation lev-
els of cg13096260, cg12587766, and the reference gene 
in the feces of colorectal cancer (CRC), adenoma (AA), 
and no pathological evidence disease (NED) patients 
using qMSP to test their tissue specificity and sensitivity 
in real clinical samples. We found that the cg13096260 
marker showed high sensitivity and fairly high specific-
ity in diagnosing colorectal cancer and its precancerous 
lesions. In contrast, the biomarker cg12587766 per-
forms moderately in diagnosing precancerous lesions but 
shows an extremely low detection rate among patients 
with precancerous lesions and those without pathologi-
cal evidence, indicating exceptionally high specificity. 
Therefore, the cg12587766 marker may help improve the 
specificity of dual target and diagnosis in some cases. 
Ultimately, the outcomes of our model prediction also 
substantiated this perspective.

In this study, we separately utilized cg13096260 and 
cg12587766 to construct single-target and dual-target 
combined diagnostic models. We found that both mod-
els could precisely differentiate between colorectal can-
cer patients and normal individuals, exhibiting extremely 
high specificity and sensitivity, and maintained good 
stability in external data validation. Compared with FIT 
testing, our study’s sensitivity was 95.5% versus 73.8%, 
and specificity was 95.8% versus 94.9% [17]. Compared 
with the first clinically used SEPT9 assay, sensitivity was 
95.5% versus 90.2%, and specificity was 95.8% versus 
90.2% [26]. Compared with the established multi-target 
detection assay Cologuard™, sensitivity for colorectal 
cancer was 95.5% versus 92.3%, and specificity was 95.8% 
versus 86.6% [17]. Additionally, the dual-target model in 
our study showed a sensitivity of 81.5% and a specificity 
of 97.6% for adenomas. Compared with current related 
models, the methylation markers selected in our study 
may have greater value in diagnosing colorectal cancer 
and precancerous lesions and even possess the potential 
for early detection of asymptomatic colorectal cancer 
patients or adenomas.

A significant highlight of this research is that we con-
structed a dual-target diagnostic model utilizing the 
random forest algorithm, and we tested its perfor-
mance in the training queue and validation queue. The 
ROC curve demonstrates that, in comparison with the 
logistic diagnostic model, the random forest diagnos-
tic model possesses stronger predictive capability and 
stronger differentiation potential. Hence, it is more 

probable to become a potent tool for predicting precan-
cerous changes and colorectal cancer, which will assist 
us in more accurately identifying patients who require 
active examination and treatment. Nonetheless, clinical 
prediction models constructed by machine learning algo-
rithms necessitate the analysis of a vast amount of data, 
and if the datasets utilized for development and usage 
differ, data drift might occur, potentially leading to the 
model misidentifying and generating incorrect diagno-
ses. Consequently, we employed an independent dataset 
from another center to validate the stability of the ran-
dom forest model. Even though the model still exhibits 
excellent performance on the new dataset, to thoroughly 
assess its reliability in clinical decision-making, further 
verification is required on a larger scale and data from 
different centers.

To our knowledge, although a few previous studies 
reported that the two genes corresponding to the CpG 
sites found in our study may have the potential to diag-
nose colorectal cancer, they did not validate the actual 
diagnostic ability of these genes in actual clinical samples 
or dual-target models [29, 30]. Cho discovered, utilizing 
quantitative methylation-specific PCR (qMSP), that the 
methylation frequency in the LIFR promoter region in 
colon cancer tissues is significantly higher than in normal 
colon tissues and mucosal tissues of non-cancer patients 
[31]. Dapeng Li noted the current absence of colorectal 
cancer markers with tissue specificity and discovered and 
validated that cg18174928, cg12602374, and cg11841722 
situated in the LIFR promoter region possess tissue spec-
ificity, and thus they might serve as noninvasive sDNA 
markers for diagnosing colorectal cancer [32]. Coinci-
dentally, another research found that cg13096260 could 
potentially act as a screening and early diagnostic marker 
for colorectal cancer and precancerous changes, but the 
study did not substantiate its tissue specificity, nor was it 
verified utilizing an external dataset.

In our study, we used the whole-genome methylation 
data of various cancers in the bioinformatics database 
to find markers with tissue specificity, which provides a 
possible research path for finding methylation markers 
with colorectal cancer tissue specificity. Our research 
demonstrates innovation in the following points. Firstly, 
we discovered two CpG sites with tissue-specific meth-
ylation patterns. In a substantial number of real clinical 
specimens, we assessed the sensitivity and specificity of 
these two sites in sDNA testing and constructed various 
predictive models. Secondly, considering that other types 
of gastrointestinal tumors might interfere with the sites 
we screened, we also incorporated other types of gas-
trointestinal tumors and benign diseases to evaluate the 
robustness of our screened sites and dual-target models. 
Thirdly, we introduced an external dataset to validate 
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the diagnostic capability of the sites we screened and the 
models we constructed. Lastly, our research also found 
that machine learning algorithms might be a more prom-
ising method of modeling, which is vital for us to create a 
more advantageous clinical predictive model.

Naturally, our research also has some limitations. 
First, our sample database contains only 33 common 
types of tumors, meaning similar targets present in 
other rare types of tumors or benign diseases might not 
be included. Secondly, although the dual-target model 
using the random forest algorithm outperformed the 
logistic regression model in classification performance, it 
may produce more false-positive results in certain cases. 
Therefore, further testing and evaluation in more cent-
ers are needed to ensure the model’s stability. Addition-
ally, most of the subjects participated in the screening 
due to symptoms like gastrointestinal bleeding, diarrhea, 
and changes in bowel habits, so the detection sensitiv-
ity for asymptomatic screening subjects might be lower 
than our reported data. Lastly, all subjects have the same 
genetic background, and future studies may need to con-
sider racial differences.

Conclusions
This study conducted a detailed assessment of the meth-
ylation patterns of cg13096260 and cg12587766, validat-
ing the efficacy of these two sites, both individually and 
in combination, for diagnosing colorectal cancer and pre-
cancerous changes. Additionally, through the evaluation 
of different modeling methods, we found that machine 
learning algorithms exhibit superior performance. There-
fore, the results of this study support the subsequent 
development of screening kits and the implementation 
of large-scale randomized clinical trials to validate its 
clinical applicability and explore the use of different mod-
eling methods to improve diagnostic efficacy. However, 
we also note that multi-target models may lead to more 
false-positive results while increasing sensitivity and 
specificity.
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