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INTRODUCTION

Colorectal cancer (CRC) is the third most common fatal cancer worldwide (1). As with other cancers, patients with CRC diagnosed at
earlier or intermediate stages have better prognoses than those at
advanced stages (2, 3). Thus, early detection is helpful for improving
the survival of these patients, but there has been limited clinical success
in developing effective, noninvasive diagnostic approaches. Serum
carcinoembryonic antigen (CEA) quantification, a noninvasive biomarker, has shown good specificity for identifying occult CRC, but
its use has been limited due to its low sensitivity, 40 to 60% (4, 5).
Colonoscopy, usually considered to be the best test for early visual
detection and screening of CRC, is uncomfortable, invasive, time-
consuming, and expensive and may lead to complications. All of these
considerations may negatively affect patients’ compliance with recommended screening, indicating the need for the development of specific,
sensitive, and noninvasive biomarkers for the early detection of CRC.
Circulating tumor DNA (ctDNA) is tumor-derived fragmented
DNA in the cell-free fraction of the blood, mainly derived from dead
tumor cells through necrosis and apoptosis (6, 7). Given its origin,
ctDNA carries cancer-specific genetic and epigenetic aberrations,
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which can be used as a surrogate source of tumor DNA in cancer
diagnosis and prognosis. Several studies have assessed the usefulness
of quantitative and qualitative tumor-specific alterations of cell-free
DNA (cfDNA) as diagnostic, prognostic, and monitoring markers
in patients with cancer (8, 9), introducing the concept of liquid
biopsy (10–12). Recently, Cohen et al. reported a blood test for early
detection of eight common cancer types through assessment of the
expression of circulating proteins and mutations in cfDNA (13).
DNA methylation is a major epigenetic modification that is
involved in differentiation and development, aging, tumorigenesis,
and other diseases. Aberrant methylation is a central feature of
carcinogenesis and usually causes defective gene expression (14).
Increased methylation of tumor suppressor genes is an early event
in many tumors, and it may also be one of the first detectable neoplastic changes associated with tumorigenesis (15–17). ctDNA
methylation profiling provides several advantages over somatic
mutation analysis for cancer detection, including higher clinical
sensitivity and dynamic range, multiple detectable methylation target
regions, and multiple altered CpG sites within each targeted genomic
region (18, 19). The alterations in CpG methylation are relatively
constant in each type of cancer, whereas there are usually no predominant somatic mutations. Despite the relatively high frequency
of mutations, specific aberrant patterns are still highly heterogeneous
in individual patients, making somatic mutations less than ideal
markers for early detection of cancers (20). A number of studies have
identified some specific DNA methylation sites, such as SEPT9, as
biomarkers of CRC (21–23). However, the potential value of ctDNA
bearing cancer-specific methylation biomarkers for screening and
early detection of CRC remained to be further investigated.
It is challenging to obtain reliable and quantitative methylation
measurement values with low amounts of cfDNA and considering
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Circulating tumor DNA (ctDNA) has emerged as a useful diagnostic and prognostic biomarker in many cancers.
Here, we conducted a study to investigate the potential use of ctDNA methylation markers for the diagnosis and
prognostication of colorectal cancer (CRC) and used a prospective cohort to validate their effectiveness in screening
patients at high risk of CRC. We first identified CRC-specific methylation signatures by comparing CRC tissues to
normal blood leukocytes. Then, we applied a machine learning algorithm to develop a predictive diagnostic and
a prognostic model using cell-free DNA (cfDNA) samples from a cohort of 801 patients with CRC and 1021 normal
controls. The obtained diagnostic prediction model discriminated patients with CRC from normal controls with
high accuracy (area under curve = 0.96). The prognostic prediction model also effectively predicted the prognosis
and survival of patients with CRC (P < 0.001). In addition, we generated a ctDNA-based molecular classification of
CRC using an unsupervised clustering method and obtained two subgroups of patients with CRC with significantly
different overall survival (P = 0.011 in validation cohort). Last, we found that a single ctDNA methylation marker,
cg10673833, could yield high sensitivity (89.7%) and specificity (86.8%) for detection of CRC and precancerous
lesions in a high-risk population of 1493 participants in a prospective cohort study. Together, our findings showed
the value of ctDNA methylation markers in the diagnosis, surveillance, and prognosis of CRC.
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RESULTS

Patient and sample characteristics
The demographics and clinical characteristics of the participants are
summarized in tables S1 and S2. The methylation profiles were collected for 459 CRC tumor samples from The Cancer Genome Atlas
(TCGA) and 754 normal samples from a dataset used in a previous
methylation study on aging (GSE40279) (28) to identify CRC-specific
methylation markers. Compared with the TCGA dataset, the healthy
controls in the GSE dataset were relatively younger (mean age, 63 versus
68 years) and had a lower proportion of males (46.8% versus 52.9%).
To study the cfDNA in CRC, the plasma samples of 801 CRC
Chinese patients and a contemporary population comprising 1021
healthy controls were analyzed (Fig. 1A). The patients with CRC
enrolled from our institute were older (58 versus 47 years) and had
a higher proportion of males (61.9% versus 46.0%) than those from
the control group.
A total of 16,890 participants were enrolled in the prospective
screening cohort study, and 1493 participants with a high risk of
CRC underwent colonoscopy and cfDNA methylation tests (Fig. 1B).
Clinical characteristics of all participants from this cohort are listed
in table S2. A total of 29 participants were found to have CRC on
colonoscopy (prevalence, 1.9%). A total of 78 participants had
advanced precancerous lesions (prevalence, 5.2%).
cfDNA-based diagnostic prediction model for CRC
We analyzed the entire methylation dataset of 544 markers using the
least absolute shrinkage and selection operator (LASSO) and random
forest algorithms to reduce the number of markers. Samples were
randomly assigned to training and validation sets with a 2:1 ratio
(Fig. 2A). We obtained nine overlapping markers from the two
algorithms and constructed a diagnostic score (cd-score) that was
obtained according to the coefficients from multinomial logistic
regression (fig. S1 and table S3). Using this score, we observed a high
consistency between predicted results and pathological diagnosis
results in both the training and validation datasets (Fig. 2, B to E).
CEA has been explored for CRC diagnosis since decades ago, but its
clinical usage has been hindered by its low sensitivity and specificity
(5), and invasive approaches such as colonoscopy have been instead
investigated for patients with the highest suspicion of CRC. In
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2150 individuals with
high risk enrolled
582 did not undergo colonoscopy
77 did not submit blood sample
1493 could be evaluated

ctDNA methylation
test

Routine
colonoscopy

1493 were included in primary analysis
29 had colorectal cancer
78 had advanced precancerous lesions
114 had non–advanced adenoma
250 had other benign lesions
1012 had negative results

Fig. 1. Workflow of model generation and subject enrolment. (A) Workflow for
building the diagnostic and prognostic models with cfDNA methylation markers.
(B) Enrollment and outcomes of the prospective screening cohort study.

contrast, the cd-score demonstrated superior sensitivity and specificity
to CEA for CRC diagnosis [area under curve (AUC), 0.96 versus 0.67;
Fig. 2F]. In addition, using a best cutoff value, as determined via the
Youden index method (29), the cd-score demonstrated sensitivity
and specificity of 87.5 and 89.9%, respectively, for discriminating
CRC from normal controls in the training dataset, and 87.9% and
89.6%, respectively, in the validation dataset (Fig. 2, G and H).
We then examined the usefulness of the cd-score in assessing the
staging of CRC, the presence of residual tumors after treatment, and
the response to treatment (such as surgery or chemotherapy). The
cd-scores of patients with detectable residual tumor after treatment
were significantly higher than those without detectable tumor
(P < 0.001; fig. S2A). Similarly, there was good correlation between
the cd-scores and tumor stage. Patients with early-stage (I and II)
disease had substantially lower cd-scores compared with those with
advanced-stage (III and IV) disease (P < 0.001; fig. S2B). The
cd-scores of patients with primary tumor on the right side were also
higher than those with primary tumors on the left side (fig. S2C).
Furthermore, the cd-scores were significantly higher in patients before
treatment compared with those who underwent surgical resection
(P < 0.001; fig. S2D). The scores also increased after relapse (fig. S2D).
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that methyltransferase or demethylase might simultaneously modify
adjacent CpG sites within the same DNA strand. Similar to the concept
of haplotype blocks of adjacent single-nucleotide polymorphisms in
DNA, these adjacent stretches of CpG methylation increase the
accuracy of determining allele methylation status (24–26). We have
termed these stretches of DNA “methylation correlated blocks
(MCBs)” (24, 27).
Our previous study showed that the cfDNA methylation profile
can be used in the diagnosis, surveillance, and prognostication of hepatocellular carcinoma (HCC) (24). Here, we focused on evaluating the
potential usefulness of cfDNA methylation markers for CRC surveillance and the efficacy of CpG markers in screening for CRC. Multiple
statistical methods were applied to construct diagnostic and prognostic prediction models with selected methylation markers (Fig. 1).
We further obtained a ctDNA-based molecular subtype of CRC using
an unsupervised clustering method. In addition, we determined the
sensitivity and specificity of this methylation-based screening approach
in a large prospectively enrolled Chinese cohort with high risk of CRC.
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Fig. 2. cfDNA methylation analysis for CRC diagnosis. (A) Workflow for building the diagnostic model. (B and C) Unsupervised hierarchical clustering of methylation
markers differentially methylated between CRC and normal subject DNA in the training (B) and validation (C) testing cohorts. Each row represents an individual patient,
and each column is a CpG marker. (D and E) Receiver operating characteristic (ROC) curves and the associated areas under curves (AUCs) of the diagnostic prediction
model (cd-score) using cfDNA methylation analysis in the training (D) and validation (E) testing cohorts. (F) ROC curves and corresponding AUCs of cd-score and CEA for
CRC diagnosis in the validation dataset. (G and H) Confusion matrices built from the diagnostic model prediction in the training (G) and validation (H) testing cohorts.
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cfDNA-based prognostic prediction model for CRC
On the basis of the cfDNA methylation analysis, we introduced a
combined prognosis score (cp-score) for the prognostication of CRC,
in combination with clinical and demographic characteristics including
age, gender, primary tumor site, and AJCC (American Joint Committee on Cancer) stage. We analyzed the same training dataset as in
the diagnostic section, which contained 528 observations with 157 events,
and a validation dataset containing 273 observations with 77 events.
The median follow-up time was 26.6 months (range, 1 to 42 months).
We conducted a variable selection on the training set and built the
composite score on the validation set (Fig. 1). The UniCox and LASSO-
Cox methods were implemented to reduce the dimensionality, and
a Cox-model was constructed to predict prognosis with a five-marker
panel (Fig. 3A and table S4). Kaplan-Meier curves were generated
using the dichotomized composite score, which separated the
patients into high-risk and low-risk groups relative to the median.
The median survival time in the low-risk group was significantly better than that in the high-risk group (P < 0.001 in the training
cohort and P = 0.0012 in the validation cohort) (Fig. 3, B and C).
We used time-dependent ROC (30) to characterize the discrimination potential of the composite score, AJCC stage, CEA concentration, primary tumor location, and the combination of all the existing
biomarkers. Multivariate Cox regression analysis indicated that the
cp-score highly correlated with risk of death and was an independent
factor of survival in both the training and validation sets (table S5).
As expected, the TNM (tumor, node, metastasis) stage (as defined
by the AJCC guidelines), CEA status, and primary tumor location
were also prognostic factors for survival of patients with CRC (table
S5). Time-dependent ROC analysis showed that the combination of
cp-score and clinical characteristics improved our ability to predict
prognosis [training cohort: AUC, 0.82; and 95% confidence intervals
(CI), 0.77 to 0.87; validation cohort: AUC, 0.87; 95% CI, 0.82 to 0.93]
(Fig. 3, D and E), when compared with cp-score or clinical characteristics, such as TNM stages, primary tumor site, and CEA status.
We developed a nomogram with a point scale of the four variables
(cp-score, CEA concentration, TNM stage, and primary tumor location, identified as independent predictive factors in multivariate Cox
regression analysis; table S5) to predict the overall survival of patients
with CRC (fig. S6). Figure S6B shows the calibration graph for the
Luo et al., Sci. Transl. Med. 12, eaax7533 (2020)
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nomogram, in which the probability of 3-year overall survival as predicted by the nomogram is plotted against the corresponding observed
survival rates obtained by the Kaplan-Meier method. The c-index of this
model was 0.78 in the validation cohort, indicating good discrimination.
cfDNA-based subtyping of CRC
To generate cfDNA methylation–based subtypes of CRC, we used
an unsupervised clustering method modified from a recent study
(31, 32). The method applied an iteration strategy that could derive
the optimal signature and clusters from a consensus similarity
matrix generated by consensus clustering (Fig. 4A). Using the same
training dataset as in the prognostic model, we obtained two clusters
of CRC samples with 45 markers that were differentially methylated
between the clusters (Fig. 4, B and C, and table S6). We also observed
distinctly different methylation profiles of the 45 markers between
the two clusters (Fig. 4D) in the validation dataset. Among these
markers, three were also in the diagnostic markers list, and one was
in both the diagnostic and prognostic marker lists (fig. S7A).
To explore the clinical relevance of the two subtypes, we systematically tested the associations between the subtype and clinical factors
including TNM stage, tumor site, mismatch repair status, microsatellite
stability status, tumor burden, sex, mutation status of a limited gene
panel (including KRAS, NRAS, BRAF, PIK3CA, and PTEN), and
survival outcomes. Cluster 1 tumors were frequently observed in
females with left-sided lesions (table S7) and usually diagnosed in
earlier stages (I and II) (Fig. 4E, lower panel, both P < 0.05, 2 test).
Cluster 2, in both the training and validation datasets, showed a significantly poorer survival rate than that of cluster 1 (Fig. 4E, upper
panel, both P < 0.01, log-rank test). Further analysis showed that
cp-scores in cluster 2 were significantly higher than those in cluster
1 in both datasets (fig. S7, B and C, both P < 0.001, Wilcoxon test,
and table S8). These differences in prognosis with unsupervised
ctDNA methylation signatures confirmed the clinical relevance of
the intrinsic biological processes implicated in each cluster group.
Methylation marker cg10673833 for screening and early
diagnosis of CRC in high-risk populations
It is essential to make screening methods for cancer as simple as
possible. In our analysis, methylation status of CpG site cg10673833
demonstrated great efficiency in diagnostic performance in CRC.
Thus, we prospectively investigated the potential of cg10673833 as
a methylation marker for the detection of CRC and precancerous
lesions in high-risk populations in plasma samples. From January
2015 to December 2017, we enrolled 16,890 participants for this
prospective cohort study. All the participants were first invited to take
a cancer risk assessment by an established Clinical Cancer Risk Score
System (33). A total of 1493 participants between the ages of 45 and
75 years, who were considered to be at high risk for CRC, were
scheduled to undergo screening colonoscopy and were recruited into
the study to undergo methylation profiling at the time of the screening procedure (Fig. 1B). Table 1 and table S9 show the colonoscopy
screening results and cg10673833 methylation test. The cg10673833
methylation test identified 19 of 21 participants with CRC, and 7 of
8 participants with CRC in situ (diagnosis as high-grade dysplasia),
with a sensitivity of 89.7% (95% CI, 0.727 to 0.978), a specificity of
86.8% (95% CI, 0.849 to 0.884), and AUC of 0.90 (95% CI, 0.885 to
0.942). The positive predictive value and negative predictive value
were 0.118 (95% CI, 0.101 to 0.138) and 0.998 (95% CI, 0.993 to 0.999),
respectively (table S10). For advanced precancerous lesions, the sensitivity
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Both the cd-score and CEA values were correlated with the tumor
stage (fig. S2, B and E). The cd-score was more strongly affected by
surgical resection than CEA (fig. S2, D and F).
We also calculated the diagnosis efficiency of each of the nine
markers in the diagnostic model (fig. S3), and cg10673833 showed
the best diagnostic performance, yielding AUCs of 0.904 and 0.91 in
the training and validation datasets, respectively (fig. S3). We, thus,
investigated the usefulness of cg10673833 as a marker of treatment
response. We monitored longitudinal dynamic changes of the methylation values of this marker in patients with CRC with a series of
specimens before and after treatment. The results showed that the dynamic changes in cg10673833 methylation were consistent with treatment outcomes, and these changes were more pronounced than those
of CEA (fig. S4). In patients with serial samples, those with positive
treatment (surgery or chemotherapy) responses had a concomitant decrease in cg10673833 methylation compared with untreated patients,
and a further reduction in cg10673833 methylation was observed in
patients after surgery. In contrast, patients with progressive or recurrent disease showed increased methylation (fig. S5).
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Fig. 4. cfDNA methylation subtyping analysis in 801 patients with CRC. (A) Schematic diagram of the core algorithm used in the sample clustering. (B) Iteratively
unsupervised clustering of cfDNA methylation markers identified two subtypes/clusters in training data. Clinical and molecular features are indicated by the annotation
bars above the heatmap. Patients without such information were colored in white. Mutation status was defined by the mutation detected in one or more of the following
genes: BRAF, KRAS, NRAS, and PIK3CA. (C) Silhouette analysis of the clusters in the last iteration. (D) Predicted subtypes/clusters of validation using the 45 markers.
(E) Upper panel: Overall survival for each of the cfDNA methylation patterns in each subtype (log-rank test, P < 0.05). Lower panel: Proportion of patients with stage III to
IV CRC in two clusters (2 test, **P < 0.01; left, training cohort; right, validation cohort).
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Table 1. Sensitivity and specificity of the cfDNA methylation test for colonoscopy findings.
Colonoscopy finding

Patients (n = 1493)

ctDNA methylation test (n = 1493)
Positive results

Negative results

CRC

No.

No.

No.

Stage I–III CRC

21

19

2

90.5 (72.7–97.8)

High-grade dysplasia

8

7

1

87.5 (47.4–99.7)

All CRC

Sensitivity

Specificity

% (95% CI)

% (95% CI)

89.7 (72.7–97.8)
78

26

52

33.3 (23.1–44.9)

66.7 (55.1–76.9)

Nonadvanced
adenoma

114

25

89

21.9 (14.7–30.7)

78.1 (69.4–85.3)

Other benign lesions

250

20

230

8.0 (4.9–12.1)

92.0 (87.9–95.1)

Negative on
colonoscopy

1012

123

889

87.9 (85.7–89.8)

All nonadvanced
adenoma and
non-neoplastic findings
and negative results on
colonoscopy

1386

168

1218

87.9 (86.0–89.6)

All noncancer

1464

194

1270

86.8 (84.9–88.4)

*Advanced precancerous lesion includes the following: villous adenoma, adenoma >1.0 cm in size, and sessile serrated polyps >1.0 cm in size.

factors (CEA status, TNM stage, and primary tumor location), the
discrimination potential of the cp-score was found to be superior.
The combination of cp-score with clinical characteristics improved
prognostic estimation, which helped identify patients who would need
more aggressive treatment and surveillance. In addition, a nomogram
consisting of the cp-score, CEA status, TNM stage, and primary tumor
location to predict patient survival was constructed for clinical
decision-making, and its performance was validated in both training
and validation cohorts. The nomogram showed favorable predictive
capability and can, therefore, be considered as a potential tool for
CRC prognostication. However, our study was limited by a relatively
short clinical follow-up (median follow-up time, 26.6 months), and
further investigations with longer clinical surveillance to adequately
assess the reliability of this score in clinical decision-making for
patients are still needed.
Gene expression–based subtyping is widely accepted as a relevant
source of disease stratification (34), but similar cfDNA-based subtyping is still lacking. With an iteration strategy, we could divide
patients into two molecular subgroups based on 45 cfDNA methylation
markers. The patients in these two subtypes have different staging
distributions and prognoses. Further study of correlation between
this cfDNA-based methylation subtyping and clinical factors [including
TNM stage, tumor site, microsatellite stable (MSS) status, tumor
burden, sex, mutation status of limited gene panels, and survival
outcomes] might deepen the understanding surrounding the evolution
of CRC while providing a more personalized treatment strategy.
We found an association between cfDNA-based subtype group and
clinical variables; however, the subtyping part of the study was a
retrospective analysis, and most of our patients did not have enough
gene mutation and transcriptomic information to type based on
current consensus molecular subtypes. It is therefore difficult to
compare our cfDNA-based subtypes and the current consensus
molecular subtypes based on available data.
Luo et al., Sci. Transl. Med. 12, eaax7533 (2020)
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Through sequencing of bisulfate-converted DNA (bis-DNA), we
identified many CpG markers that are differentially methylated in
cancer versus normal plasma. Among the downstream genes of these
CpG markers, some have known functions [such as ATXN1 as a
chromatin-binding factor that represses Notch signaling (35),
BMPR1A as a receptor of transforming growth factor– (TGF-)
pathway associated with juvenile polyposis syndrome (36), MYO1G
as a master regulator of membrane tension in T cells (37)], but the
majority of them do not have clear relationships with carcinogenesis
and development of cancers, including CRC. On the other hand, the
mechanism by which the methylation of specific CpG markers affects
the expression of downstream genes is very complex. Some transcription factors can even preferentially recognize methylated CpG
and activate more than 100 genes (38). Further investigation of the
underlying functional mechanism of these CpG markers might deepen
our understanding of the origin of CRC and provide potential
therapeutic targets.
Several blood-based methylation marker candidates have been
proposed for the early detection of CRC, such as TMEFF2, NGFR,
and SEPT9, with AUC values for discrimination between CRC and
healthy controls of 0.72, 0.70, and 0.80, respectively (39). Church et al.
conducted a large, prospective trial to assess the accuracy of circulating methylated SEPT9 DNA for detecting CRC in 7941 patients
using a commercially available assay. The results showed low sensitivity
and specificity of 48.2% and 91.5%, respectively (22). In our study,
we evaluated the efficacy of colonoscopy and cg10673833 methylation
testing for CRC screening in a prospective study. The results showed
that cg10673833 methylation testing identified 26 of 29 participants
with CRC, with a sensitivity of 89.7% (95% CI, 0.727 to 0.978), a
specificity of 86.8% (95% CI, 0.849 to 0.884), and AUC of 0.9 (95% CI,
0.885 to 0.942). For advanced precancerous lesions, the sensitivity
was 33.3%, much higher than that of SEPT9, another blood methylation
marker used in CRC screening, whose sensitivity was only 11.2%
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MATERIALS AND METHODS

Study design
This study aimed to identify cfDNA methylation–based biomarkers
for the early detection of CRC (2). First, we identified differential
methylation markers from public CRC and healthy blood DNA
methylation datasets. We then tested the markers in a retrospective
cfDNA cohort consisting of blood samples from patients with CRC
and healthy people. Patients who presented with CRC from stages I
to IV were selected and enrolled in this study. The cfDNA methylation
data from this cohort were randomly divided into training and validation datasets with a 2:1 ratio to build both diagnostic and prognostic
models. To note, variables were selected with a machine learning
algorithm before the model construction. The models were evaluated
with cross-validation and ROC methods and then compared with the
CEA concentrations in the cohort. With the cfDNA methylation
profile of those patients, we also built two cfDNA methylation CRC
clusters via a modified unsupervised clustering method. We further
designed a prospective study to investigate the potential value of
cg10673833, which demonstrated high efficiency as a cfDNA methyl
ation marker for malignant lesions and advanced adenomas of the
colon and rectum in the high-risk screening population, using colonoscopy as the reference method.
Screening study sample size calculation
On the basis of published reports, the area under the ROC of SEPT9
or other clinical characteristics for screening CRC was estimated to
be 70 to 75% (22, 39). We hypothesized that the diagnostic accuracy
rate could be increased to 85% with the introduction of the cd-score.
With a two-sided significance level at 0.05, dropout rate of 20%, and
nuisance parameter at 0.30, 1284 participants were needed in the
prospective screening cohort to ensure a power of 90% to detect
the assumed improvement in area under the ROC (according to the
PASS 15.0 software of equivalence tests for the difference between
two correlated proportions). In this study, we enrolled 1493 highLuo et al., Sci. Transl. Med. 12, eaax7533 (2020)
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risk participants into the prospective CRC high-risk cohort, meeting the sample size standard. Considering that the missing data only
accounted for a very small proportion (3.6%) of the study participants, all those with missing data were excluded.
Patients and sample collection
Tissue DNA methylation data were obtained from the TCGA (TCGA,
TCGA-COAD, and TCGA-READ). Complete clinical, molecular,
and histopathological datasets are available at the TCGA website:
https://tcga-data.nci.nih.gov/tcga/. Whole-blood DNA methylation
profiles from healthy donors were generated in an aging study
(GSE40279) (28). Of note, the dataset from the TCGA and aging
study used the same platform (Illumina 450K) for profiling methylation status. The cfDNA cohort consisted of 801 patients with CRC
and 1021 healthy controls. Patients’ characteristics and tumor features are summarized in table S1. This cohort was collected from
the Sun Yat-sen University Cancer Center in Guangzhou, Xijing
Hospital in Xi’an, and the West China Hospital in Chengdu, China.
The prospective CRC screening cohort was composed of a total of
16,890 subjects, aged between 45 and 75 years and without CRC-
related symptoms, who participated in this study between January
2015 and December 2017.
Prospective CRC screening cohort study design
The CRC screening cohort originated from a subset of the Cancer
Screening Program in Urban China or individuals undergoing a screening
test for CRC. All the participants were first invited to take a cancer risk
assessment by an established Clinical Cancer Risk Score System (see data
file S1), containing information on demographic characteristics, smoking history, family history of cancer, height, weight, body mass index
(BMI), medical history, health behaviors, and health status. Participants
enrolled into the study if they met the following criteria: (i) men and
women, (ii) age 45 to 75 years, (iii) never diagnosed with cancer,
(iv) consent to receive and complete investigation questionnaire, (v) able
and willing to undergo a screening colonoscopy within 90 days of
enrollment, and (vi) able and willing to provide plasma samples. Subjects
who had a personal history of colorectal neoplasia, digestive cancer,
or inflammatory bowel disease; had undergone colonoscopy within
the previous 10 years or a barium enema, computed tomographic
colonography, or sigmoidoscopy within the previous 5 years; had undergone colorectal resection for any reason other than sigmoid diverticula;
or had overt rectal bleeding within the previous 30 days were excluded.
The detailed procedure regarding how the Clinical Cancer Risk
Score System defined high-risk CRC can be found elsewhere (33).
Briefly, the system defined high-risk CRC based on the revised Harvard
Risk Index (33), which considered the following risk factors: BMI,
dietary intake of whole grains, fresh vegetables, processed meat,
high-fat diet intake, history of gallstones and chronic colitis, family
history of CRC in first-degree relatives, results of previous fecal
occult blood test, and history of colonic polyps. Each risk factor was
assigned a score by the expert panel (33) based on the magnitude of
its association with CRC. The cumulative risk scores were calculated
and then divided by the average risk score in the general population
to get the final individual relative risks. Individuals with relative risks
over 1.50 were defined as high-risk for CRC.
Those participants who were deemed to be at high risk for CRC
were recommended to undergo colonoscopy and cfDNA methyl
ation tests. Figure 1B shows the analytic sample selection process for
the prospective CRC screening cohort. Among the 16,890 subjects,
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(22). The cg10673833 marker performed less well for precancerous
lesions, as would be expected; however, in this circumstance, it might
be beneficial to use more than just one marker. Our results indicated
that cg10673833 was superior to other currently reported cfDNA
methylation markers for CRC screening. It is estimated that less than
20% of the eligible population in China has been screened by colonoscopy, mostly due to its inconvenience (33). The cfDNA methylation
marker described here provides a noninvasive, effective screening tool
with likely good compliance for early detection of CRC. The noninvasive screening strategy investigated here may enhance screening
adherence and increase participation rates.
However, there are some limitations that need to be emphasized.
We identified a CRC special marker panel by comparing CRC tissue
DNA methylation data from TCGA and normal blood leukocyte
methylation data from an aging study, but inconsistencies in sample
types might increase data deviation in marker screening. Second,
this was not a randomized controlled study, which might have
introduced some amount of selection bias.
Collectively, our findings demonstrated the usefulness of cfDNA
methylation markers for diagnosis, prognostication, and surveillance of
CRC, with the potential to be used for early detection of asymptomatic
patients with CRC. The results of this study offer support for setting up
large-scale randomized clinical trials to validate its clinical applicability.

SCIENCE TRANSLATIONAL MEDICINE | RESEARCH ARTICLE
1493 subjects were identified as high-risk for CRC and were enrolled
into the CRC high-risk cohort. All 1493 participants were scheduled
for colonoscopy and cfDNA methylation tests within 2 months after
risk assessment. Any abnormal findings discovered by colonoscopy
were sent to pathologists to confirm whether they were CRC. This
project was approved by the institutional review board from ethics
committee of Sun Yat-sen University Cancer Center (accession nos.
YB2014-11-10 and B2017-019-01).
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Fig. S1. List of methylation correlated blocks used for cd-score generation.
Fig. S2. ctDNA methylation analysis for predicting tumor burden, staging, and treatment
response using a cd-score in patients with CRC.
Fig. S3. The diagnosis efficiency of each marker among the nine markers in the diagnostic model.
Fig. S4. Patient treatment response monitoring with methylation rate of cg10673833.
Fig. S5. Methylation values correlated with treatment outcomes in patients with CRC with
serial plasma samples.
Fig. S6. Nomogram for predicting overall survival of patients with CRC.
Fig. S7. Comparison of subtype markers, diagnosis markers, and prognosis markers.
Fig. S8. Unsupervised hierarchical clustering of the top 1000 methylation markers differentially
methylated between CRC tumor DNA and normal blood.
Table S1. Clinical characteristics of the entire study cohort.
Table S2. Clinical characteristics of the screening study cohort.
Table S3. Characteristics of the nine methylation markers and their coefficients in diagnosis.
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Methylation marks the spot
The detection of circulating tumor DNA in the blood is a noninvasive method that may help detect cancer at
early stages if one knows the correct markers for evaluation. Luo et al. analyzed methylation patterns in blood
samples from multiple large cohorts of patients, including a prospective screening cohort of people at high risk of
colorectal cancer. The authors identified and validated a methylation-based diagnostic score to help distinguish
patients with colorectal cancer from healthy controls, as well as a prognostic score that correlated with patients'
survival. One methylation marker in particular appeared to have high sensitivity and specificity for identifying
patients with cancer.

