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Abstract
BACKGROUND: Blood test has a better uptake for colorectal cancer screening than stool test and
colonoscopy but suboptimal detection of early-stage colorectal neoplasia (CRN), including advanced
adenoma and stage I cancer, limits its application. The present study aimed to evaluate whether clonal
hematopoiesis (CH) from peripheral blood can be used as a biomarker for early-stage CRN screening and
improve the detection of blood tests by machine-learning approach.
METHODS: The CH pro le was evaluated in 63 early-stage CRNs and 32 controls by error-corrected
sequencing and classi ed by machine-learning method. Diagnostic performance was measured by
receiver operator characteristic analysis. Additional 20 early-stage CRNs and 10 controls were used to
validate the machine-learning model. We simultaneously used mutational signature analysis to study
predictors based on CH.
RESULTS: We identi ed 1,446 variants and clari ed the uniqueness of variants from the peripheral bloods
of early-stage CRNs. The machine learning model identi ed early-stage CRNs from controls and its AUC,
sensitivity and speci city were 0.988, 94.2% and 99.3%, respectively. The CH-based CRN detection model
was further veri ed. The accuracy, sensitivity, and speci city were 0.933 (p=0.00065), 95.0%, and 90.0%,
respectively. Furthermore, the mutational signature analysis of those unique variants in CRNs revealed
the in uence of genetic architecture on DNA damages.
CONCLUSIONS: Our results reveal the potential of CH to a mark produced by the carcinogenesis in earlystage CRN. We developed a CH-based blood test with machine learning approach, which not only
increase screening uptake but also improve the detection rate of early-stage CRN.

1. Background
Colorectal cancer (CRC) draws attentions because it is the third most common cancer and the second
leading cause of cancer-related deaths worldwide1. In Taiwan, the incidence of CRC was 42.9 cases per
100,000 residents in 2017 and was the most common cancer than lung cancer and breast cancer. CRC
has high mortality in advanced stages but it is preventable by removal of precancerous lesions
(advanced adenoma, AA) or detection of CRC in early stage2. Among the various screening modalities,
colonoscopy remains the gold standard and reduces the mortality rates by 67%3,4. However, it remains
debated whether colonoscopy quali ed as rst-line screening modality because of its inconvenience,
invasiveness, and cost, which limit the adherence of general population to the screening program.
Currently, fecal immunochemical test (FIT) and fecal DNA test are approaches as non-invasive tests for
screening CRC. Although FIT can help reduce the mortality of CRC, its low speci city and sensitivity have
hampered its clinical application in the identi cation of early-stage colorectal neoplasia (CRN)5. Even
fecal DNA tests can detect early-stage neoplasia better than FIT, the social acceptance, high cost, and
limited screening data also limit its utility as a screening purpose6,7. Compared with stool-based
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screening, blood-based screening has an overwhelming advantage, which highlights the necessity and
potential advantages of developing a highly reliable blood-based test to identify early-stage CRN.
In the past decade, emerging data have demonstrated that clonal hematopoiesis (CH) in the peripheral
blood may imprecate the microenvironment in disease8-14. CH is a term referred to the clonal expansions
of mutated hematopoietic cells and is common in aging human15-18. The DNMT3A, TET2, ASXL1 and

JAK2 are canonical CH genes and common mutated in acute myeloid leukemia (AML) and
myelodysplastic syndrome (MDS)19,20. Recent genetic studies have shown that CH is common in
individuals without hematological malignancies and is associated with the cardiovascular disease and
stroke by promoting in ammation of blood vessel walls17,21,22. CH was also reported to be relevant in the
immune response to tumors by preventing T-cell exhaustion through the DNMT3A deletion in CD8+ T
cells, which led to enhanced response to PD-1 checkpoint inhibitor in mice23.
In addition, recent studies have shown the application of "error-corrected sequencing" (ECS) in CH
research. Its "error suppression and mutation call" is designed as a "unique molecular index" (UMI), which
improves the detection sensitivity of achieving variant allele frequency (VAF) ≥ 0.000124. Genetic
analysis of human blood samples using ECS has proven that rare hematopoietic clones have found in
almost everyone over the age of 5025,26. It is worth noting that those rare hematopoietic clones are below
the detection limit of the standard WES.
In this study, we hypothesized that CH variants in peripheral blood may re ect the beguiling environment
and serve as a detection landmark for early cancer screening. Therefore, we enrolled the coloscopyinformed CRN patients and risk-matched healthy controls for CH identi cation by ECS. A unique spectrum
of CH variants was discovered and CH-based predictors were identi ed by machine-learning approach.

2. Methods
2.1. Patients
This study protocol was approved by the Institutional Review Board of the National Taiwan University
Hospital (No.201712033RIN). Respective colorectal neoplasm patients and risk-matched controls were
retrieved from Health Management Center at National Taiwan University Hospital. Eligible patients were
at least 40 years of age and classi ed based on the histological examination and coloscopy assay. Earlystage CRN was de ned as AA and stage I cancer.

2.2. Blood collection and DNA extraction
Whole blood was collected in K2EDTA tube and processed from 2-6 hours after blood drawn. Peripheral
blood DNA was extracted from PBMC using QIAamp Blood DNA Mini kit (Qiagen, Hilden Germany)
according to the manufacturer's instructions. Additional fragmentation was performed from 100 ng
peripheral blood DNA using KAPA Freg kit (KAPA Biosystems, Wilmington, MA) under the condition of
37°C incubation for 30 minutes.
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2.3. Library preparation and next-generation sequencing
Sequencing libraries were prepared according to the manufacturer’s instructions of AVENIO Expanded kit
(Roche sequencing solution, Pleasanton, CA) with 30 ng of fragmented peripheral blood DNA. The library
pro le was analyzed with the Agilent 2200 Bioanalyzer (Agilent Technologies, Palo Alto, CA) and
quanti ed using QuBit dsDNA HS Assay kit (ThermoFisher, Waltham, MA). For a single sequencing run,
the 8 or 16-multiplexed library was created by pooling the libraries and sequenced on a lane of Illumina
HiSeq 4000 ow cell or NovaSeq 6000 S1 ow cell with 2×150-bp paired-end reads. Raw sequencing was
analyzed using AVENIO ctDNA analysis software (version 1.1.0) with the setting of "Default-ExpandedPanel-Work ow ".

2.4. Statistical analysis
Statistical analysis was performed in R (version 3.6.1). Two-sample T test was used for comparisons of
the VAF distributions. Wilcoxon rank-sum test was performed to test the probability of difference in VAFs
observed between the CRN patients and controls. Cosine correlation similarity was in using the
"MutationalPatterns" package to measure the closeness of mutational signatures. Visualizations of
variants in different groups were carried out in using the R package "ggplot2" and "reshapre2".

2.5. Model-training method
A semi-supervised learning framework with pre-processing ltering was used for the establishment of
statistical model. The classi cation framework of model-training used the R package "caret" and
"mlbench". Con dence intervals for AUC, sensitivity and speci city of training-model were generated by
70:30 resamplings and 200 bootstrap with the setting as 10-fold CV as a leave-one-out cross-validation
framework.

2.6. Mutation signature analysis
The contribution of known mutation process to the mutations was assessed by "Mutational Signatures in
Cancer" (MuSiCa) using the COSMIC signature set v227. Mutations were pooled across individuals to
evaluate mutation signatures present in CRN patients, risk-matched controls or model-training in CRN
patients for given comparisons.

3. Results
3.1. Reshaping the mutational spectrum of CH in peripheral blood by error-corrected sequencing
As a step towards developing a non-invasive method for early-stage CRN screening, we characterized
mutations including CH-related variants in peripheral blood mononuclear cells (PBMCs) using the ECS
approach (Supplementary Fig. S1.). Initially, 63 early-staged CRN patients and 32 risk-matched healthy
individuals were enrolled for the feature discovery (Table 1). Before further analysis of the variants, we
implemented a quality control to ensure that the unique depth of each individual is greater than 3,000X
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(Supplementary Fig. S2). By using ECS method in this study, 1,446 variants were identi ed in the testing
cohort (Fig. 1). There were 1,171 variants identi ed in CRN patient group and 753 of 1,171 (64.3%)
variants were unique and not shared with the risk-matched controls. On the other hand, 693 variants were
identi ed in risk-matched control group and 275 of 693 (39.7%) variants were unique and not shared with
CRN patient group. The average number of variants in CRN patients and risk-matched controls were
128.2 (92-167) and 127.2 (101-166), respectively (Supplementary Fig. S3). Somatic mutations with VAF
greater than 0.02 are the traditional clonal hematopoiesis indeterminate potential (CHIP) de nition, only 7
(11.11%) were found in 63 CRN patients, and 3 (9.38%) were found in 32 risk-matched controls
(Supplementary Table1).
Not surprisingly, the rare hematopoietic clones (de ned as VAF lower than 0.02, also refer to "low-allelefraction variants" in this study) were detected in all samples (Fig. 2). The average proportion of rare
hematopoietic clones was 39.05% (12.63%-53.33%) in CRN patients and 37.07% (8.6%-54.3%) in riskmatched controls. Notably, the mean proportion of variants with VAF lower than 0.001 were 15.88%
(3.16%-27.5%) and 16.1% (3.31%-26.53%) in CRN patients and risk-matched controls, respectively. There
was no statistical signi cance in the difference of the variant quantities between CRN patients and riskmatched controls.

3.2. Machine learning constructs the CH-based CRN detection model for early-stage CRN identi cation
In this case-control study, those variants were scattered and it was di cult to deal with those statistical
extremes through traditional analysis methods. Therefore, we implemented machine learning (ML)
methods to discriminate early-stage CRN patients from risk-matched controls. Initially, the pre-processing
ltering was performed using the 1,446 variants from the discovery cohort with following lters: (1)
removed the shared variants present in CRN patient and risk-matched controls with a Wilcoxon rank sum
test p-value >0.1, (2) removed the unique variants (only in CRN patients or controls) with less than two
cases in the discovery cohort, (3) rescued the ltered unique variants which reported with the
pathogenicity signi cantly. With the lter criteria, 108 resulting variants were used as the variables for
model training (Fig. 3A). Next, we performed the model training with the ML package based on a leaveone-out cross-validation framework method. The result of model training was that the AUC was 0.988, the
sensitivity was 94.2%, and the speci city was 99.3% (Fig. 3B). It is worth noting that in this cohort, the FIT
test sensitivity of the AA group and the stage I cancer group were 48.9% and 72.2%, respectively.
Another validation cohort, including 20 early-staged CRN patients and 10 risk-matched controls, was used
to validate the model training. The accuracy of the validation study was 0.933 (95% CI, 0.779-0.982; p
=0.00065), the sensitivity was 95.0%, and the speci city was 90.0% (Table 2).

3.3. Mutational signature analysis reveals the in uence of genetic architecture on DNA damages
To understand the mechanism and in uence of identi ed variants, we performed the mutational
signature analysis by COSMIC mutational signature v2, in which may re ect the activity of 30 speci c
mutational processes. Initially, we compared the contribution of mutational signatures generated from
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753 unique variants unique in the early-stage CRN group to 693 variants observed in the risk-matched
control group (Fig. 4A). As the result as shown in Fig. 4C, signature 1, 3, 12, 13, 20, 22, 28 were
contributed in both CRN unique group and risk-matched control group. Contrastively, signature 15, 18, 21
were uniquely contributed in the CRN-unique group as the related-contribution score as 0.024, 0.007,
0.013, respectively. Next, we analyzed the contribution of mutational signatures for 86 CRN-unique
variants of 108 variants used in ML approach (Fig. 4B). Signature 3, 10, 12, 15, 20, 21, 22, 30 were
contributed from those 86 variants and signature 10, 15, 21 and 30 were uniquely contributed from those
86 variants compared to the risk-matched control group. The cosine similarity value between 86 CRNunique ML model variants and 753 CRN-unique variants was 0.855. Relatively, the cosine similarity value
between 86 CRN-unique ML model variants and 693 variants in control group was 0.558.
About the characteristics of these four signatures, signature 10 has been found in six cancer types
including CRC. The proposed etiology of signature 10 is to alter the activity of the error-prone polymerase
POLE. Samples exhibiting signature 10 have been termed "ultra-hypermutators". Signature 15, has been
found in gastric cancer and small cell lung cancer, is associated with defective DNA mismatch repair
(MMR) and with high numbers of small indel (shorter than 3 bp) at mono/polynucleotide repeats. The
etiology of signature 21 remains unknown but it was found only in samples that also have signature 15
and signature 20. As a result, signature 21 is probably related to microsatellite instable (MSI) tumors. The
etiology of signature 30 remains unknown. Furthermore, we found that signature 1 did not contribute to
the 86 variant groups, which may indicate that age-related variants are common in both groups28 , which
is why the ML method did not select the variant related to signature 1.

4. Discussion
In the present study, we reshaped the CH landscape in early-stage CRN patients. It was not a surprise that
high rate of low-allele-fraction variants were measured in almost all people when using the ECS
techniques for CH pro ling. However, as far as we know, there is limited knowledge about the dynamics
of genetic diversity in the large clonal-expansion in the regenerating hematopoietic stem cell populations.
Indeed, most studies identi ed those low-allele-fraction variants in white blood cells and served those
variants as "background" or "contaminate" in cell-free DNA (cfDNA) pools. What sets us apart in this
study is that we reshaped the genetic variation pattern of each individual and determined the uniqueness
of the variation distribution from this case-control study. It is worth noting that these unique variants are
scattered in the cohort, which increases the di culty of using traditional analysis methods to deal with
those statistical extremes. Therefore, we proved the potential of machine learning methods in improving
statistical analysis and established an ML-based CRN detection model with a performance of 0.988 in
AUC. When applying this method to panel design, it is essential that the risk of model over tting should
be reduced. Otherwise, over tting of the model may lead to overly optimistic results. Therefore, an
independent veri cation queue is essential for model veri cation. On the other hand, su cient unique
sequencing depth (coverage of more than 3,000X as shown in this study) is required to ensure the
accuracy of detection.
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In the pathogenicity of view, most of those low-allele-fraction variants are not canonical pathogenic
variants but still selected by the machine-learning method for the model training. To test the causality, the
mutational signature analysis was performed in this study. As a result, three unique mutational
signatures with ultra-hypermutator, defective DNA mismatch repair and microsatellite-instability were
identi ed by the ML method. Interestingly, the characteristics of these three mutational signatures are
related to the effect of DNA damages. In metastatic colon cancer, the test of MSI/ dMMR and the process
of POLE mutation signature are used either in guiding the therapeutic decision, predicting the survival
outcome29,30, or in study the colorectal tumorigenesis31-33. For example, CRC tumors with MSI have
defective in DNA repair enzymes and in ltrated by a large number of lymphocytes34. In addition,
metastatic CRCs with MSI were found to have a better response to immune checkpoint inhibitors35. We
also found that the score of related-contribution in signature 15 (Defective DNA MMR) and 21 (Unknown,
stomach cancer/MSI) were increased by ML approach from 0.024 and 0.013 to 0.148 and 0.102,
respectively. This observation indicated that the ML approach could effectively enrich CRN-speci c
variants improving the accuracy of early cancer screening and characterizing the possible causality of
CRN. There is not enough information from our current data to gure out the consequence of the
mutation process, but we would like to demonstrate the potential of mutational signature analysis in
studying the tumorigenesis.
Additionally, the COSMIC signature 22 as "exposures to aristolochic acid " is observed in the control
group, CRN-unique group and the model-training group but not found in the COSMIC CRC database. It
makes sense because the exposures of aristolochic acid is a critical issue in Taiwan and almost one third
Taiwanese were caught in the exposures of aristolochic acid36. Further studies with the comparison in
different populations may provide the evidence to study the relationship between aristolochic acid
exposure and higher incidence of CRC in Taiwan. We do not exclude the possibility that the prediction
accuracy of ML-based CRN detection model might be affected by ethnicity and environmental agents.
Whether this ML-based CRN detection is suitable for Caucasian population remains to further
investigation.

5. Conclusion
We establish a peripheral blood-based non-invasive early-stage CRN detection by improved NGS
sequencing technique and machine learning method for decoding the information from CH in CRN
patients. Although the use of this CH-based blood test is still limited in clinical practice and further
prospective studies with larger sample size would be needed to clarify the clinical effectiveness, the
present study has demonstrated the potential of CH for early cancer diagnosis and helps to decode the
aberration of CH for imprecating the microenvironment in disease.

Abbreviations
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AML: acute myeloid leukemia
AUC: area under the receiver operator characteristic curve
CH: clonal hematopoiesis
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ML: machine learning
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Table 1
Demographic and clinical information
Testing cohort

Validation cohort

CRN patients,
n = 63

Risk-matched
controls, n = 32

CRN patients,
n = 20

Risk-matched
controls, n = 10

Male, n (%)

30 (47.6)

21 (65.6)

7 (35.0)

5 (50.0)

Age, years (SD)

64.6 (9.6)

61.9 (6.4)

65.6 (9.9)

61.6 (5.6)

Proximal

32 (50.8)

-

10 (50.0)

-

Distal

10 (15.9)

-

6 (30.0)

-

Rectum

21 (33.3)

-

4 (20.0)

-

Tumor size, mm (SD)

3.4 (1.7)

-

3.1 (1.3)

-

Location, n (%)

Histology, n (%)
Advanced adenoma

-

Tubular

11 (17.5)

-

5 (25.0)

Tubulovillous

31 (49.2)

-

11 (55.0)

-

Villous

3 (4.7)

-

0

-

Stage I cancer

18 (28.6)

-

4 (20.0)

-

Positive

35 (55.6)

0

10 (50.0)

0

Negative

28 (44.4)

32 (100)

10 (50.0)

10 (100)

FIT, n (%)

FIT: fecal immunochemical test
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Table 2
ML-based prediction in validation cohort
Predictor

Reference
CRN

Controls

CRN

20

1

Controls

1

9

Accuracy (95% CI): 0.9333 (0.7793, 0.9918)
P-value [Acc > NIR]: 0.00065
Kappa: 0.85
Sensitivity: 95.0 %
Speci city: 90.0 %

Figures

Figure 1
The mutational spectrum of CH in CRN patients and risk-matched controls The level of VAF is addressed
from dark blue to red as low-allele fraction to high-allele fraction variants. The clinicopathological
features are noted for each individual. FIT: fecal immunochemical test; AA: advanced adenoma.
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Figure 2
Genetic pro ling of variants in CRN patients and risk-matched controls (A) Distribution of VAF in each
individual was addressed in CRN and risk-matched control groups. The VAFs of PBMCs were determined
by error corrected sequencing with greater than 3,000X unique-depth. (B) The prevalence of VAF < 0.02 in
CRN patients and risk-matched controls. (C) The prevalence of VAF < 0.001 in CRN patients and riskmatched controls. P-values were calculated using two-sample T test with Welch’s correction in (B) and
(C).
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Figure 3
The owchart and performance of model-training. (A) The diagram of pre-processing ltering. (B) The
analysis method of machine-learning was based on a leave-one-out cross-validation framework. The
resampling result across tuning parameters was listed.
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Figure 4
Characterization of the genetic landscape with mutation signature analysis. The COSMIC mutation
signature v.2 was used for the characterization. (A) There are 753 unique variants (named CRN-unique
group) identi ed in the CRN group and 693 variants (named control group) identi ed in the risk-matched
control group. Among 693 variants, 418 variants are commonly found in both CRN and control groups.
CRN-unique and control groups were subjected to COSMIC mutation signature v.2 analysis. (B) 86
variants resulted from pre-processing ltration for machine-learning approach in CRN-unique group was
named as "CRN ML-model" group. c The COSMIC mutation signature v.2 analysis was shown with the
level of contribution in Control group, CRN-unique group and CRN ML-model group. The purple patterns in
CRC group indicated the speci c mutational signatures in CRC released of COSMIC in 2015.
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