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A B S T R A C T   

Timely accurate and cost-efficient detection of colorectal cancer (CRC) is of great clinical importance. This study 
aims to establish prediction models for detecting CRC using plasma cell-free DNA (cfDNA) fragmentomic fea
tures. Whole-genome sequencing (WGS) was performed on cfDNA from 620 participants, including healthy in
dividuals, patients with benign colorectal diseases and CRC patients. Using WGS data, three machine learning 
methods were compared to build prediction models for the stratification of CRC patients. The optimal model to 
discriminate CRC patients of all stages from healthy individuals achieved a sensitivity of 92.31% and a specificity 
of 91.14%, while the model to separate early-stage CRC patients (stage 0-II) from healthy individuals achieved a 
sensitivity of 88.8% and a specificity of 96.2%. Additionally, the cfDNA fragmentation profiles reflected disease- 
specific genomic alterations in CRC. Overall, this study suggests that cfDNA fragmentation profiles may poten
tially become a noninvasive approach for the detection and stratification of CRC.   

1. Introduction 

Colorectal cancer (CRC) is the third most common malignant 
neoplasm and the second most deadly cancer. Undoubtedly, a large 
number of CRC cases substantially contribute to the global burden of 
public health [1]. Despite advances in therapies for the treatment of 
colorectal cancer, including local ablative therapies for metastases, 
radiotherapy, immunotherapy, palliative chemotherapy, targeted ther
apy, and endoscopic and surgical excision, the morbidity and mortality 
of CRC are still increasing [2,3]. Reportedly, CRC accounts for 10% of 

global cancer incidence and 9.4% of cancer deaths in 2020, and the 
global number of new CRC cases is expected to reach 3.2 million in 2040 
[4]. However, the symptoms of CRC appear only in the advanced stages 
of the disease, which are invasive, malignant, and metastatic. These 
constraints make the problem difficult to solve. Therefore, early detec
tion of CRC is particularly important. 

Recently, liquid biopsy, particularly plasma cell-free DNA (cfDNA), 
has been developed as a potential tool for diagnosis and monitoring in 
clinical oncology [5]. Compared to tumor tissues, plasma cfDNA is 
noninvasive and can provide timely insight into tumor progression, 
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which can be sampled repeatedly with less harm to patients [6]. cfDNA 
can be detected in the plasma of blood from either normal or tumor 
tissue, normally at a low content [7,8]. Several studies have shown that 
the non-random fragmentation patterns of cfDNA can reflect epigenetic 
regulation [9,10] and can be used as a marker for cancer screening 
[11,12], so the distribution of cfDNA fragments is related to histo
pathological status. Notably, the fragment length of cfDNA derived from 
malignant sources exhibits greater variability compared to its non- 
neoplastic counterparts [13]. Furthermore, the cfDNA end motif (the 
first 4 bp nucleotides of molecular ends) of healthy individuals or 
nonmalignant cancer shows different nucleotide preferences compared 
to that of cancer patients [14]. Both of these molecular properties have 
been categorized as cfDNA fragmentomics, which has shown potential 
for cancer detection in several studies [15–17]. Despite these pre
liminary studies for the detection of multiple cancer types, CRC has not 
been studied in detail. 

To investigate the potential of cfDNA fragmentomics for CRC 
detection, we performed whole genome sequencing (WGS) on three 
cohorts to distinguish healthy individuals, patients with benign colo
rectal diseases and CRC patients from each other. Hence, this study 
proved the potential of plasma cfDNA fragmentomic features for sensi
tive detection and stratification of CRC. 

2. Materials and methods 

2.1. Study design and participant enrolment 

In total, 620 participants were recruited for this study, including a 
healthy cohort (395 individuals), a benign patient cohort (97 patients 
with benign colorectal diseases) and a cancer cohort (128 patients with 
CRC). All benign colorectal and CRC patients were enrolled at the time 
of diagnosis in the Second Affiliated Hospital of Guangzhou Medical 
University, the Second Affiliated Hospital of Shenzhen University, and 
Shenzhen Hospital, University of Chinese Academy of Sciences, while 
healthy individuals were enrolled in the Peking University Shenzhen 
Hospital. Detailed information such as age, gender, and related clinical 
records are listed in Supplementary Table S1. All procedures involving 
human participants were performed following the Declaration of Hel
sinki. The protocol obtained review and approval from the Ethics and 
Scientific Committee of the Second Affiliated Hospital of Guangzhou 
Medical University (NO. 2022-YJS-ks-22), Peking University Shenzhen 
Hospital (NO. 2021–075), the Second Affiliated Hospital of Shenzhen 
University (BYL20230310), and Shenzhen Hospital, University of Chi
nese Academy of Sciences (LL-KT-2022053). 

Fragment size and motif features are extracted from the sequencing 
data, and all features are used to train a model through a back- 
propagation algorithm based on the Adam (Adaptive Moment Estima
tion) optimizer. The model learns and fits the data features of the 
training set and can make decisions based on the data features of new 
samples. The resulting score was used to predict the clinical diagnosis of 
the subject corresponding to the sample. All participants underwent 
experiments and data analysis workflows, as illustrated in Fig. 1. 

2.2. Cell-free DNA extraction from plasma samples 

Peripheral blood was collected from all 620 participants, each 6–10 
mL into a cfDNA preservation tube (cat. 20,092,421, Hebei Xinle Med
ical Instrument Technology Inc., Xinle, China) and shipped at room 
temperature to the Molecular Genetics Laboratory (Shenzhen RAFA 
Biotechnology Inc., China) for cfDNA extraction within 72 h after blood 
draw. Plasma was obtained by centrifugation of whole blood at 1600g 
for 10 min. The supernatant was transferred to a new tube and further 
centrifuged at 10,000g for 15 min to remove cell debris from the plasma. 
For each participant, cfDNA was isolated and purified from 3 mL plasma 
using the HiPure Circulating DNA Midi Spin Kit S (Magen Biotech Inc., 
Guangzhou, China) into a final elution volume of 50 μL. Quality control 
was performed on these libraries using Qsep100 (Bio-optic. Inc., Taiwan, 
China) for fragment size distribution and Qubit 4.0 (Thermo Fisher Inc., 
MA, USA) for concentration, and cfDNA samples with abnormal frag
ment size distribution (showing distribution outside the normal cfDNA 
peak) and ultrahigh concentration were identified as contaminated with 
genomic DNA (mainly from dead white blood cells during logistics). 
None of the 620 participants had genomic DNA contamination, and the 
data was used for downstream analysis. 

2.3. Whole-genome sequencing library construction and sequencing 

For all 620 participants in this study, WGS was performed using 10 
ng cfDNA input for each participant. WGS libraries were constructed 
using the RainbowOne Universal DNA Library Prep Kit for MGI (Rapha 
Biotechnology Inc., China) following the fundamental principles for 
WGS library preparation, including molecular end repair, sequencing 
adaptor ligation, and library clean up. The libraries were then amplified 
using VAHTS HiFi Amplification Mix (cat. N616–01) and purified using 
VAHTS DNA Clean Beads (cat. N411–02), both purchased from Vazyme 
Biotech Co., Ltd., Nanjing, China. Quality control was performed on 
these libraries using Qsep100 (Bio-optic. Inc., Taiwan, China) and Qubit 
4.0 (ThermoFisher. Inc., MA, USA), and libraries were sent for 

Fig. 1. General workflow of this study.  

J. Zhou et al.                                                                                                                                                                                                                                    



Genomics 116 (2024) 110876

3

sequencing in batches of 24, each on one lane of an MGI-2000 sequencer 
(BGI Genomics Inc., Wuhan, China) using DNBSEQ™ technology and 
sequencing mode. Following such design of pooling for sequencing, the 
average sequencing depth for each library is around 1.2×, which is 
within the recommended range (0.5×-5×) for low depth WGS based 
cancer detection using cfDNA fragmentation [18]. 

2.4. Fragmentation profile and end motif feature 

A total of 620 WGS data samples were included in the data analysis. 
First, raw sequencing data were filtered by fastp [19] as part of the 
quality control protocol. The qualified reads were then mapped onto the 
human reference genome (GRCh37/UCSC hg19) using the sequence 
aligner BWA [20]. PCR duplicates were then marked by SAMtools 
[21]. The fragment size for every read pair with a mapping quality score 
above 30 for either read was extracted from every sample by in-house 
scripts. According to the relevant studies of cfDNA fragmentation pat
terns, short fragments were defined as having lengths between 100 and 
150 bp, and long fragments were defined as having lengths between 151 
and 220 bp [22,23]. The fragment profile was generated using the 
short/long fragment ratio, as previously described in the DELFI 
approach [13]. The ratios of the short/long fragments for each sample 
were examined in 5 Mb bins, resulting in a total of 472 features from the 
472 bins genome-wide after excluding the Duke blacklisted regions and 
the low mappability regions. All 472 fragment features were then used 
as the input to build the prediction model for colorectal cancer 
detection. 

Furthermore, the first four bases of the R1 end of each cfDNA frag
ment were used as motif codes, and the proportion of 44 motif codes in 
each sample was counted as motif features. A total of 728 dimensions of 
features were used to train our model. 

2.5. Prediction models 

To build an automatic prediction model using WGS data, three ma
chine learning methods were implemented (including random forest 
[24], LightGBM [25], XGBoost [26] and 1- to 15-layer neuron net
works were tested. GridSearchCV [27] was used to search hyper
parameters such as the number of estimators, max depth, and learning 
rate. Eventually, the parameters were set as 150 estimators, max depth 
2, and learning rate 0.1 for training the model. After comparing the 
results from three machine learning methods, LightGBM was chosen as 
the optimal approach to build prediction models for multiple clinical 
stratifications. The participants in each cohort were randomly assigned 
into a training set and validation set at an 8:2 ratio to build these pre
diction models according to the designed pipeline (Fig. 1). This ratio of 
8:2 was determined by convention. 

2.6. Criteria 

Typically, the performance of a classifier is evaluated according to 
four basic statistics: true positive (TP), true negative (TN), false positive 
(FP), and false negative (FN). TP is an example of a correctly labelled 
positive; TN is an example correctly marked as negative; FP is a negative 
example incorrectly labelled as positive; FN is a positive example that 
has been incorrectly marked as negative. 

Based on the four basic statistics of cancer prediction, the sensitivity, 
specificity, accuracy, true positive rate (TPR) and false positive rate 
(FPR) were further calculated. 

TPR = Sensitivity =
TP

TP + FN  

FPR =
FP

FP + TN  

Specificity =
TN

TN + FP  

Accuracy =
TP + TN

TP + FP + TN + FN 

According to the TPR and FPR, the receiver operating characteristic 
(ROC) curve can be drawn to evaluate the performance of the model. 
ROC curves were created by plotting TPR against FPR at different 
threshold settings. The area under the ROC curve (AUC) is used to 
evaluate the prediction performance, and the higher the AUC value is, 
the better the prediction performance. 

2.7. Transcription factor analyses from CRC 

To study transcription factors (TFs) related to CRC, RNA gene 
expression data for 740 healthy individuals, 524 TCGA colon cancer 
(COAD) patients, and 177 TCGA rectal cancer (READ) patients were 
downloaded from the TCGA database. The count values of all samples 
were concatenated into one file for differential gene expression analysis 
using edgeR (R package). According to the results of this analysis, only 
the genes with a fold change >1.5 and a P-value <0.05 were identified as 
significantly differentially expressed genes (SDEGs). Furthermore, these 
SDEGs were annotated using Animal TFDB (a transcription factor 
database) and then subjected to Gene Ontology (GO) enrichment anal
ysis for biological interpretation. 

We utilized the Gene Transcription Regulation Database (GTRD) to 
obtain detailed transcription factor binding site (TFBS) information. Due 
to the potentially high number of TFBSs for each TF, TFs with fewer than 
1000 defined sites in the GTRD were omitted. We recalculated the po
sition of each TF by focusing on the peak ChIP-seq signals in the GTRD 
database, and extracting the top 1000 sites supported by the majority of 
analysed samples (1000-msTFBS). Coverage data for TFBS within 
±1000 bp regions were computed, and the coverage data for each site 
were standardized using copy number variation and average coverage. 
For each position surrounding the TFBS, the mean coverage is shown. By 
comparing the TF coverage across cfDNA data from healthy individuals, 
patients with colorectal benign diseases, and CRC patients in this study, 
we identified the final CRC-specific TFs. 

3. Results 

3.1. cfDNA fragmentation profiles of three cohorts 

All 620 participants recruited in this study underwent WGS and data 
analysis, including QC and mapping, yielding an average sequencing 
depth of 1.2× and an average map-rate of 91.99% (Supplementary 
Table S2). To visualize the cfDNA fragmentation profiles obtained from 
WGS data for each sample from the three cohorts, we plotted the frag
ment feature of the bin minus the average fragment feature of all 472 
bins on the Y-axis, while the X-axis marks the order and location of all 
472 bins by chromosome (Fig. 2A). In general, the profiles of the CRC 
cohort showed much stronger fluctuations than those of the healthy 
cohort, while the fluctuation of the curves of both the healthy cohort and 
the colorectal benign disease cohort was limited to a narrow range. 

Next, we plotted the cfDNA fragmentation profile of CRC patients by 
different stages according to clinical records (Fig. 2B). As the stage 
increased, the fragmentation profile of CRC patients deviated further 
from the profile range of the healthy cohort, especially in some chro
mosome arms, such as 4q, 5q, 7p and 18q. To simplify this scenario, we 
integrated all sample profiles of the same stage into one curve, as shown 
in Fig. 2C. 

3.2. Plasma cfDNA end motifs of three cohorts 

From the same WGS data, molecular end motif features were 
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Fig. 2. Fragmentation profiles of cfDNA samples from different cohort. (A) Fragmentation profiles of cfDNA samples from the healthy cohort (curves in green), 
colorectal benign disease cohort (curves in blue) and CRC cohort (curves in red). (B) Fragmentation profiles of cfDNA samples from CRC patients with different 
stages. The X-axis represents 5 Mb bins across the human genome, while Y-axis represents the difference to the average ratio of short to long cfDNA fragments for 
each bin. (C) Simplified scenario of fragmentation profiles of CRC patients at different stages. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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extracted for all 620 participants and sorted into three cohorts (Sup
plementary Table S3). The overall end motif features of the three cohorts 
were compared, and we found that the motif feature values of the three 
groups of data were different and had certain regularities on the top 10 
selected motifs by proportion (Fig. 3). The motif feature values of 
healthy individuals were the largest and the smallest of CRC patients. 
Therefore, 256 motif eigenvalues can be identified (Supplementary 
Fig. S1), which can be used as markers of CRC prediction model. 

3.3. Prediction model for CRC patient detection using cfDNA 
fragmentation profile 

To discriminate between healthy individuals and CRC patients, 523 
samples were used for modelling, including a healthy cohort marked as 
negative (395 samples) and a cancer patient cohort marked as positive 
(128 samples). Healthy individuals and patient samples were randomly 
split at a ratio of 8:2 for training and validation, respectively. This ratio 
of 8:2 is determined by convention. The results on the test set show that 
our method can accurately detect whether subjects have CRC based on 
cfDNA information. The sensitivity and specificity were 96.2% and 
88.8%, respectively. The optimal ROC curve was plotted as shown in 
Fig. 4A with an AUC of 0.9494. 

To discriminate between colorectal benign patients and CRC, 225 
samples were used to build the prediction model, including the colo
rectal benign diseases cohort (97 samples) representing negative sam
ples and the CRC cohort (128 samples) representing positive samples. 

Benign and malignant samples were randomly divided in an 8:2 ratio for 
training and validation, respectively. The validation set gave a sensi
tivity and specificity of 96.15% and 89.47%, respectively. The optimal 
ROC curve was plotted as shown in Fig. 4B with an AUC of 0.9575. 

Furthermore, we also evaluated the performance of our machine 
learning methods for discriminating noncancer participants (including 
healthy individuals and patients with colorectal benign diseases) from 
CRC patients. As a result, the validation set gave a sensitivity and 
specificity of 84.62% and 91.84%, respectively. The optimal ROC curve 
was plotted as shown in Fig. 4C with an AUC of 0.9305. Overall, these 
results suggests that cfDNA fragmentation profiles may potentially 
become a noninvasive assay for the detection and stratification of CRC. 

3.4. Prediction model for early-stage CRC patient detection using the 
cfDNA fragmentation profile 

To discriminate between healthy individuals and early-stage CRC 
patients, 440 samples were used for modelling, including a healthy 
cohort marked as negative (395 samples) and CRC patients at stage I-II 
marked as positive (45 samples). Healthy individuals and patient sam
ples were randomly split at a ratio of 8:2 for training and validation, 
respectively. This ratio of 8:2 is determined by convention. The results 
on the test set show that our method can accurately detect whether 
subjects have CRC based on cfDNA information. The sensitivity and 
specificity were 96.2% and 88.8%, respectively. The optimal ROC curve 
was plotted as shown in Fig. 5A with an AUC of 0.9480. 

Fig. 3. Motif feature of three cohorts on the top 10 selected motifs by proportion. The abscissa represents the motif sequence, and the ordinate represents the 
proportion of each of the 10 motifs. 

J. Zhou et al.                                                                                                                                                                                                                                    



Genomics 116 (2024) 110876

6

To discriminate between patients with colorectal benign patients and 
early-stage CRC, 142 samples were used to build the prediction model, 
including the colorectal benign diseases cohort (97 samples) repre
senting negative and CRC patients at stage I-II (45 samples) representing 
positive. Benign and malignant samples were randomly divided in an 8:2 
ratio for training and validation, respectively. The validation set gave a 
sensitivity and specificity of 77% and 89.4%, respectively. The optimal 
ROC curve was plotted as shown in Fig. 5B with an AUC of 0.9474. 
Altogether, these results indicated that cfDNA fragmentation profiles 
exhibit a better diagnostic value for the detection of early-stage CRC. 

3.5. CRC-associated transcription factors 

Abnormal gene expression is usually associated with disease [28], 
especially for the key component for the regulation of gene expression, 
e.g. transcription factors (TFs). Numerous studies have reported the 
altered expression of TFs in cancer patients [29]. TFs can be used to 
predict cancer risk [30] and to differentiate cancer subtypes (such as 
lung cancer [31]), making the study of TFs related to CRC particularly 
important. 

Gene expression differential analysis was conducted on the three 
TCGA datasets, with the differential analysis results for the three com
parison groups shown in Fig. 6A. Compared to healthy individuals, CRC 
patients exhibited significant differential expression of 3208 genes 
(Fig. 6B). Among these differentially expressed genes, several TFs genes, 
such as ARID3A, BCL6, FOXM1, FOXD2, and ZIC2, were identified, and 
previous literature has reported that the aberrant expression of the TFs 
ARID3A, BCL6, FOXM1, FOXD2, ZIC2, etc., is associated with the 
occurrence and development of CRC [32–36]. Through enrichment 

analysis via Gene Ontology (GO), the aforementioned genes were 
identified to be involved in carcinogenic signalling pathways, including 
pathways related to transcription regulation, cell fate decision and 
regulation of oncogenes and tumor suppressor genes (Fig. 6C). 
Furthermore, by analysing the coverage of the TFBS of these TFs in 
cfDNA data from healthy individuals, patients with colorectal benign 
diseases, and CRC patients, compared to that in the healthy individual 
group, there was a significant increase in the depth of HLF binding sites 
in the colorectal benign diseases group, and an even greater depth in the 
CRC patient group (Fig. 6D). TFs exhibiting significant inter-group dif
ferences in coverage were selected as CRC-specific TFs (Supplementary 
Table S4). These analyses suggested that the clinicopathological status 
of CRC patients was closely related to the specific TFs. The aforemen
tioned differential genes of TFs can be used as candidate CRC-specific 
TFs that will be validated by genome-wide cfDNA fragments in the 
future studies. 

4. Discussion 

Over the past decade, multiple invasive and noninvasive screening 
modalities of CRC have been explored worldwide, including colonos
copy, stool DNA tests, and many more aided by artificial intelligence. 
However, the sensitivities of these methods are generally insufficient for 
accurate early detection of CRC [37]. Due to rapid advances in tech
nology, cfDNA detected in patient blood samples is considered a valid 
indicator of disease progression from tumor occurrence to recurrence 
[38]. In this study, to obtain the data source to extract cfDNA frag
mentomic features, we performed WGS on the plasma cfDNA of 620 
participants, including healthy individuals, benign colorectal patients 

Fig. 4. Machine learning models detect CRC patients with high sensitivity and specificity based on cfDNA fragmentation profiles. (A) ROC curves of the 
prediction model to discriminate CRC patients from healthy individuals. (B) ROC curves of the prediction model to discriminate CRC patients from patients with 
colorectal benign diseases. (C) ROC curves of the prediction model to discriminate the malignant patients from noncancer participants. 

Fig. 5. Machine learning models detect early-stage CRC patients using cfDNA fragmentation profile. (A) ROC curves of the prediction model to discriminate 
early- stage CRC patients from healthy individuals. (B) ROC curves of the prediction model to discriminate early- stage CRC patients from patients with colorectal 
benign diseases. 
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and CRC patients. Then, we built automatic prediction models for early 
cancer detection using three machine learning methods. The prediction 
model to discriminate CRC patients from healthy controls and to 
discriminate CRC patients from benign patients both achieved sensi
tivity over 90% (92.31% and 96.15%, respectively) and specificity of 
approximately 90% (91.14% and 89.47%, respectively), which are 
higher than those of the ctDNA methylation haplotype patterns reported 
by Mo et al [39]. In technical aspects, all data were obtained only 
through low pass WGS (approximately 1.2×) in our study, which 
maintains low cost and labor consumption compared to DNA 
methylation-based tests. Additionally, the sampling approach of this 
study was blood draw rather than stool collection, which greatly in
creases compliance in real-world practice, especially for screening CRC 
in a large population. 

In CRC screening, high sensitivity and specificity in detecting early- 
stage disease are critical to improve patient outcomes [39]. In this 
study, we further tested the potential of our method for the early 
detection of CRC by setting up prediction models to discriminate early- 
stage CRC patients (stage 0-II) from healthy individuals or colorectal 
benign patients and these two models showed high diagnostic accuracy 
for early-stage CRC (AUC = 0.9480 and 0.9474, respectively). However, 
the sensitivity of the model for the detection of early-stage CRC from 
colorectal benign patients is only 77%, which is probably due to the 
small number of negative samples input in the validation set of this 
model. Therefore, we admit that the precision of our method depends 
highly on the sampling size and the balance between the positive vs. 
negative groups. In this sense, larger and balanced sampling of 

colorectal benign patients and stage 0-II CRC patients should increase 
the precision of prediction models based on machine learning algo
rithms, which can be validated further in a larger cohort study. 

Furthermore, to test if our method could discriminate all noncancer 
participants from CRC patients, we combined a healthy cohort and a 
patient cohort with colorectal benign patients together to form a non
cancer group to be marked as negative against the CRC patient cohort 
marked as positive. This prediction model also achieved remarkable 
performance with a sensitivity of 84.62% and specificity of 91.84%, 
which provide enough precision for clinical utility. 

Of note, by analysing CRC transcriptome data from the TCGA data
base and the coverage of TFBS in cfDNA data from each group. we 
identified specific TFs that are closely associated with clinical patho
logical status. The fragmentation patterns of plasma cfDNA can reflect 
the in vivo gene-regulation status across multiple molecular layers, such 
as nucleosome positioning and gene expression [40,41]. Recent studies 
have reported specific TFs used for distinguishing small cell lung cancers 
from non–small cell lung cancers [31] or detecting of liver cancer [17]. 
Thus, the analysis of disease-specific TFs using genome-wide cfDNA 
fragments may improve the detection and identification of tissues of 
origin in cancer patients [29]. Furthermore, future prospective studies 
are needed to improve machine learning algorithms to detect CRC in 
combination with CRC-specific TFs. 

In summary, this study has identified clearly different profiles of 
cfDNA fragmentation of the CRC cohort compared to the healthy cohort 
or colorectal benign cohort, including both the cfDNA fragmentation 
profile and end motifs. Based on these molecular traits, the detection 

Fig. 6. CRC Candidate TFs Analysis. (A) The results of differential expression analysis among the three comparison groups. (B) The intersection of significantly 
differentially expressed genes among groups. (C) Enrichment analysis of gene ontology for differential TFs between healthy individuals and CRC patients. The 
abscissa represents the ratio of number of genes annotated against the total number of genes in each of the pathways. In addition, the ordinates on the left are the 
names of the GO pathways, while the ordinate on the right are the -log10 (P) (minus log10 of the P value obtained using Fisher’s exact test and representing the 
significance of enrichment) and count (number of genes annotated from the data of this study) values. (D) The read depth of HLF binding sites in the healthy cohort 
(curves in green), colorectal benign disease cohort (curves in blue) and CRC cohort (curves in red). (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 

J. Zhou et al.                                                                                                                                                                                                                                    



Genomics 116 (2024) 110876

8

and staging of CRC achieved considerable performance. Therefore, this 
is a proof of principle study for a minimally invasive, accurate, cost- 
efficient and convenient approach for the early detection of CRC. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.ygeno.2024.110876. 
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