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A B S T R A C T   

Most hepatocellular carcinomas (HCCs) are associated with hepatitis B virus infection (HBV) in China. Early 
detection of HCC can significantly improve prognosis but is not yet fully clinically feasible. This study aims to 
develop methods for detecting HCC and studying the carcinogenesis of HBV using plasma cell-free DNA (cfDNA) 
whole-genome sequencing (WGS) data. Low coverage WGS was performed for 452 participants, including 
healthy individuals, hepatitis B patients, cirrhosis patients, and HCC patients. Then the sequencing data were 
processed using various machine learning models based on cfDNA fragmentation profiles for cancer detection. 
Our best model achieved a sensitivity of 87.10% and a specificity of 88.37%, and it showed an increased 
sensitivity with higher BCLC stages of HCC. Overall, this study proves the potential of a non-invasive assay based 
on cfDNA fragmentation profiles for the detection and prognosis of HCC and provides preliminary data on the 
carcinogenic mechanism of HBV.   

1. Introduction 

According to WHO statistics, primary liver cancer (PLC) ranks sixth 
for incidence rate and third for mortality among all malignant tumors, 
with approximately half of cases originating in China [1]. Hepatocel
lular carcinoma (HCC) accounts for ~85% of all PLC cases and is subject 
to a low five-year survival rate (10–19%) [2]. Common risk factors of 
HCC include chronic hepatitis B virus (HBV) and hepatitis C virus (HCV) 
infections, alcohol addiction, metabolic liver disease (particularly 
nonalcoholic fatty liver disease), exposure to dietary toxins such as af
latoxins and aristolochic acid [3], and cirrhosis [4]. Upon diagnosis, 
most HCC patients are already in stage C or D (Barcelona clinic liver 
cancer [BCLC] staging), for which any radical therapeutic intervention, 

like surgical resection, is no longer feasible. In contrast, the five-year 
survival rate for HCC at BCLC stage A can be as high as 40%. 

Serological tests and imaging examinations are widely used in HCC 
surveillance. Serum Alpha-fetoprotein (AFP) test in combination with 
biannual liver ultrasound is currently a major strategy for screening HCC 
in high-risk patients [5]. Other serum biomarkers used in the clinical 
setting include AFP lectin fraction (AFP-L3), prothrombin induced by 
vitamin K absence-II (PIVKA-II), alpha-fucosidase, and glypican-3 [6]. 
However, AFP suffers from low accuracy with a specificity of 85–90% 
and sensitivity of 18–60% and is especially inefficient for early-stage 
liver neoplasm; an abnormal increase of AFP cannot be detected in 
serum for around 80% of patients with liver nodules [7]. For small 
tumor lesions (approximately 10–20 mm in size), the sensitivity of 
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multidetector CT combined with MRI for HCC diagnosis is only 55.1% 
[8]. The high expense, radiation exposure, and the risk of contrast agent 
allergy of CT or MRI prevent use in large-scale screening [9]. Hence, 
accurate and affordable means for early detection of HCC is a clinical 
necessity, although difficult to achieve. Moreover, the rate of relapse 
and metastasis remains high for HCC patients, even for BCLC stage A 
patients (50–70%) [10], and, therefore, a method for accurate prognosis 
is also urgently required. 

Although antiviral therapies have gained success in curing HCV in
fections, such treatments are only partially effective against and cannot 
eradicate HBV [11]. Annually there are 292 million global HBV in
fections, with which more than half of all HCC cases are associated [3], 
making HBV infection the top factor for the carcinogenesis of HCC [12]. 
Through clinical observations, clinicians have reached a consensus for 
the causative role of HBV to a series of liver diseases, including hepatitis, 
cirrhosis, and eventually cancer [13]. However, the molecular mecha
nism for this process has not been thoroughly studied and therefore 
requires clarification [14]. 

The past decade has witnessed the broad application of cell-free DNA 
(cfDNA) as a non-invasive means for the diagnosis and prognosis of 
many cancer types [15], known as tumor liquid biopsy. Plasma cfDNAs 
are degraded DNA fragments shed into blood circulation resulting from 
cell death in surrounding tissues, both healthy and tumorous. Circu
lating tumor DNA (ctDNA) refers to the portion of cfDNAs originating 
from tumor cells [16]. Two kinds of tumor-specific alterations in ctDNA 
(present in the mixture of total cfDNA) can be used as biomarkers: ge
netic and epigenetic [17]. The genetic aspect represents tumorigenic 
mutations, especially driver or actionable mutations, which have been 
clinically utilized for companion diagnosis, treatment guide, and prog
nosis in the form of targeted sequencing panels. However, such appli
cations are limited to middle- and late-stage cancers since the 
abundance of tumorous genetic biomarkers is dramatically lower in 
early-stage cancers due to the low proportion of ctDNA in the total 
cfDNA (0.01%–1%). Routinely, 8–10 mL plasma is used for a mutation 
detection panel, yielding 20–30 ng of total cfDNA. However, for early- 
stage cases, it might contain less than 0.3 ng ctDNA, representing only 
1–100 genome copies, insufficient for any conventional genetic test. 
Hence, the genetic approach requires infeasibly high volumes of plasma 
and is impractical for early cancer detection [18]. 

Numerous studies have demonstrated the feasibility of cfDNA based 
epigenetic biomarkers and their advantages over mutation markers for 
cancer early detection, owing to their early occurrence in the carcino
genic process, wide distribution in the genome, and fingerprinting for 
tissue of origin [17,19]. The cfDNA fragmentome combines features like 
cfDNA fragmentation size and end motif, resulting from different 
nucleosome assembly patterns and copy number variations between 
healthy and tumorous tissues. A previous study (DELFI) developed an 
approach for cancer detection by exploring the discrepancies between 
plasma cfDNA fragmentation profiles of 236 patients across seven can
cer types and that of healthy individuals, termed DNA evaluation of 
fragments for early interception [20]. DELFI incorporated a machine 
learning algorithm and achieved sensitivities of detection ranging from 
57% to more than 99% across seven cancer types at 98% specificity. 
However, DELFI required relatively large amounts of sequencing data 
(2× coverage on average, but up to 9× coverage in some cases) and 
contained no data about HCC. Furthermore, the authenticity and 
repeatability of DELFI, which relied solely on fragmentation profile, 
have been questioned since it lacks the support of a large clinical sample 
size [17]. 

To systematically investigate the cfDNA fragmentation profile of the 
HBV-associated transition from chronic hepatitis B to cirrhosis, and 
finally to HCC, we recruited patients with hepatitis B, cirrhosis, and 
HBV-related HCC, together with healthy individuals. Patients in all 
disease cohorts were clinically confirmed to have chronic HBV in
fections. This study developed a low-coverage whole-genome 
sequencing (WGS) assay and applied to all plasma cfDNA samples. Then 

we developed different machine-learning classifiers based on cfDNA 
WGS fragmentation profiles to discriminate HCC patients from healthy 
people. Distinguishable patterns in cfDNA fragmentation profiles were 
observed between different BCLC stages of HCC, between different dis
ease phases of HCC patients with HBV infection and whether the patient 
had undergone antiviral treatment. Therefore, we present a proof-of- 
principle study for a cfDNA-based non-invasive test for sensitive and 
cost-efficient early detection of HCC, and molecular clues for the 
carcinogenic effect of HBV infection to HCC in this study. 

2. Material and methods 

2.1. Study design and participant enrollment 

In total, 452 participants were recruited for this study, including a 
healthy cohort (143 individuals) and four patient cohorts (100 hepatitis 
B patients, 99 cirrhosis patients, 105 HBV-related HCC patients, 5 HCV- 
related HCC patients; all patients except for the 5 HCV-related ones were 
clinically confirmed to have chronic HBV infections). The cohorts of our 
study were defined as follows: (1) the participants without any cancer or 
chronic viral liver disease were enrolled as a healthy cohort; (2) Hepa
titis B patients were participants who have chronic hepatitis B but 
without advanced fibrosis and cirrhosis based on medical imaging; (3) 
Cirrhosis participants with HBV or HCV infection were diagnosed based 
on tissue biopsy or medical imaging such as abdominal ultrasound, 
magnetic resonance elastography (MRE), Fibroscan, etc., according to 
the Chinese guidelines on the management of liver cirrhosis [21]. (4) 
HCC patients were clinically diagnosed in combination with clinical 
tests (such as AFP) and medical imaging (CT, MRI, etc.) or tissue biopsy 
according to the Chinese guidelines for diagnosis and treatment of pri
mary liver cancer (2019 edition) [22]. All patients were enrolled at the 
time of diagnosis in the Shenzhen Traditional Chinese Medicine Hospital 
from March to December 2021. All protocols of this study were 
approved by the ethics committee of Shenzhen Traditional Chinese 
Medicine Hospital with Approval No. 201858 and were performed 
following international standards of good clinical practice. All partici
pants were acknowledged in this study with informed consent. Detailed 
information such as age, gender, and related clinical records are listed in 
Supplementary Table S1. 

2.2. Cell-free DNA extraction from plasma samples 

Blood samples were collected from all these 452 participants, and 
6–10 mL of peripheral blood was drawn from each participant into a 
cfDNA preservation tube (cat. 20,092,421, Hebei Xinle Medical Instru
ment Technology Inc., Xinle, China) and shipped at room temperature to 
the Clinical Laboratory (Shenzhen RAFA Biotechnology Inc., China) for 
cfDNA extraction within 72 h after blood draw. All participants under
went experiments and data analysis workflow illustrated in Fig. 1. 

Plasma was obtained by centrifuging whole blood at 1600g for 10 
min. The supernatant was transferred to a new tube and 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., Guangz
hou, 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 ultra-high concentration were identified as contaminated 
with genomic DNA (mainly from dead white blood cells during 
logistics). 

2.3. Whole-genome sequencing library construction and sequencing 

For all 452 participants in this study, whole-genome sequencing 
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(WGS) was performed using 10 ng of cfDNA input for each participant. 
WGS libraries were constructed using RainbowOne Universal DNA Li
brary 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 li
braries 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). Then the 
libraries were sent for sequencing in batches of 24, each on one lane of 
MGI-2000 sequencer (BGI Genomics Inc., Wuhan, China) using 
DNBSEQ™ technology and sequencing mode. 

2.4. WGS data processing 

A total of 452 WGS data (covering all cohorts of this study) were 
included in the data analysis. First, raw sequencing data were filtered by 
fastp [23] 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 [24]. PCR duplicates were then 
marked by Samtools [25]. The fragment size for every read pair with a 
mapping quality score below 30 for either read was extracted from every 
sample by in-house scripts. Short fragments were defined as having 
lengths between 100 and 150 bp, and long fragments were between 151 
and 220 bp. The fragment profile was generated using the short/long 
fragments ratio, as previously described in the DELFI approach [20]. 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 (http://hgdownload. 
cse.ucsc.edu/goldenpath/hg19/encodeDCC/wgEncodeMapability/) 
and the low mappability regions. All these 472 fragment features were 
then used as the input for building the prediction model for HCC 
detection. 

2.5. Prediction model for HCC detection using WGS data 

To build an automatic prediction model for HCC detection using 
WGS data, several popular machine learning methods (including 
Random Forest [26], LightGBM [27], XGBoost [28]) and 1 to 15-layer 
neuron networks were implemented and tested. GridSearchCV [29] 
was used for searching hyper-parameters such as the number of esti
mators, max depth, and learning rate. Eventually, parameters were set as 
150 estimators, max depth 2, and learning rate 0.1 for training the 
model. In the end, the best prediction model was selected for further 
investigation. 

In the first step, 143 samples from the healthy cohort and 105 
samples from the HBV-related HCC cohort were used to build a model, 
namely the Healthy/HCC discrimination model. 70% of samples from 
the healthy cohort, as well as 70% of samples from the HBV-related HCC 
group were randomly selected as the training set, with the remaining 
30% of samples from the healthy cohort and HBV-related HCC group 
used as the validation set to build this model. 

In the second step, considering a significant portion of hepatitis B 
patients and cirrhosis patients would eventually develop to HCC [2], the 
Healthy/HCC discrimination model was applied to the data of hepatitis 
B and cirrhosis patients to distinguish HCC-like Hepatitis B from 
Healthy-like Hepatitis B, and HCC-like Cirrhosis from Healthy-like 
Cirrhosis based on cfDNA fragmentation profile, respectively. In either 
of these cases, all samples of healthy cohorts and HBV-related HCC co
horts were used as a training set, while samples from either the hepatitis 
B or cirrhosis cohorts were used as a validation set. 

In the third step, to build a model to discriminate HCC samples from 
non-HCC samples, we set up a non-HCC group containing all samples 
from the healthy cohort, Healthy-like hepatitis B, and Healthy-like 
Cirrhosis. We randomly selected 70% samples from the non-HCC 
group and 70% samples from the HBV-related HCC cohort as the 
training set, and the remaining 30% samples from the non-HCC group 
and the HBV-related HCC cohort as the validation set to build this 
model. 

To assess the performance of our prediction models, the sensitivity 
[TP/(TP + FN)], specificity [TN/(TN + FP)], and accuracy [(TP + TN)/ 
(TP + FP + TN + FN)] were calculated using Numpy (v 1.18.5) (TP: true- 
positive; TN: true-negative; FP: false-positive; FN: false-negative). For 
area under curve (AUC) evaluation, the cut-off value for charting the 
receiver operating characteristic (ROC) curve was calculated using the 
Sklearn (v 1.0.2) package of Python 3.8. 

3. Results 

3.1. Participants characteristics 

As listed in Supplementary Table S1, 452 participants were recruited 
in this study, including 143 healthy individuals, 100 hepatitis B patients, 
99 cirrhosis patients, 105 HBV-related HCC patients, and 5 HCV-related 
HCC patients. All patients except for the HCV-related HCC cohort had 
been clinically diagnosed with chronic HBV. The average ages of the 
four major cohorts, healthy, hepatitis B, cirrhosis, and HBV-related HCC, 
were 32, 45, 54, and 59, respectively. 

3.2. Plasma cfDNA fragmentation profiles 

The average sequencing depth for each cfDNA WGS data ranged from 
1.49× to 4.65× (see Supplementary Table S2).To visualize the cfDNA 
fragmentation profiles obtained from WGS data for each sample, we 
plotted fragment feature of the bin minus 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. Significant differences of cfDNA frag
mentation profile between four cohorts (healthy individuals, hepatitis B 
patients, cirrhosis patients, and HBV-related HCC patients) were 
observed and shown in Fig. 2. In general, the profiles of the three patient 

Fig. 1. The workflow of our study.  
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cohorts showed much stronger fluctuations than the healthy cohort, 
while the fluctuation of the curves of healthy individuals was limited to 
a very narrow range. In contrast, the profile of hepatitis B patients shows 
strong and sharp peaks across the whole genome. The cirrhosis patient 
profile showed less sharp and lower peaks than the hepatitis B patient 
profile. The HCC patient group also showed significant abnormalities in 
the cfDNA fragmentation profile, which appeared in a parallel undula
tion pattern similar to the cirrhosis cohort but with a much broader 
range of fluctuation. Next, we plotted the cfDNA fragmentation profile 
of HCC patients colored for each BCLC stage. As shown in Fig. 3 and 
Supplementary Fig. S1, we concluded that as the stage increased, the 
fragmentation profile of HCC patients deviated further from the profile 
range of the healthy cohort, especially in some chromosome arms such 
as 4q, 8q, and 14q. 

3.3. Prediction model for HCC detection using WGS data 

To evaluate the performance of our machine learning methods, the 
healthy cohort and HBV-related HCC cohort were randomly assigned to 
the training dataset and validation dataset with a 7:3 ratio. The vali
dation result of these methods are shown in Fig. 4A and B. As a result, 
the XGBoost method outperformed other machine learning and neural- 
network methods in terms of AUC and accuracy values. Overall, the 
discrimination model using XGBoost gives a sensitivity of 87.10% and a 
specificity of 88.37% for discriminating healthy individuals from HBV- 
related HCC patients. 

Secondly, we found significant differences in cfDNA fragmentation 
profiles among the healthy cohort, hepatitis B cohort, cirrhosis cohort, 
and different BCLC stages in the HCC cohort. In the meantime, clinical 
observations showed that some hepatitis B and cirrhosis cases would 
eventually develop to HCC. Therefore, we investigated whether a ma
chine learning model could be built to predict the prognosis of hepatitis 

Fig. 2. Plasma cfDNA fragmentation profiles of healthy individuals (curves in green), hepatitis B patients (curves in blue), cirrhosis patients (curves in yellow) and 
HBV-related HCC patients (curves in red). 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. The cfDNA fragmentation profile of the healthy cohort shows significant difference from those non-healthy groups 
(Hepatitis B, Cirrhosis, HCC). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 3. The plasma cfDNA fragmentation profiles for HCC patients with different BCLC stages. The yellow line represents the average profile of healthy individuals, 
while the red line represents HBV-related HCC patients at stage 0. The curves in orange, green, blue, and purple represent the average profile of HBV-related HCC 
patients at BCLC stages A, B, C, and D, respectively. (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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B and cirrhosis patients regarding HCC development. Thus, the XGBoost 
model was employed to stratify the hepatitis B and cirrhosis cohorts 
further, as shown in Fig. 4C and D. As a result, the XGBoost model 
separated the hepatitis B cohort into two sub-groups, 55 HCC-like hep
atitis B patients and 45 Healthy-like hepatitis,B patients (Fig. 4C). 
Similarly, it separated the cirrhosis cohort into two sub-groups, 59 HCC- 

like cirrhosis patients and 40 Healthy-like cirrhosis patients (Fig. 4D). 
Using this model to discriminate HCC samples from non-HCC samples 
demonstrated 80.65% sensitivity at 94.12% specificity. 

Fig. 4. Our machine learning models distinguish HCC-like hepatitis B from Healthy-like hepatitis, and HCC-like cirrhosis from Healthy-like cirrhosis based on cfDNA 
fragmentation profiles. (A): the AUC curves of different machine learning models. (B): The prediction accuracy of different models; (C): The cfDNA fragmentation 
profile of HCC-like (upper, 55 cases) and Healthy-like hepatitis B sub-groups (lower, 45 cases). (D): The cfDNA fragmentation profile of HCC-like (upper, 59 cases) 
and Healthy-like cirrhosis sub-groups (lower, 40 cases). 
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3.4. Treatment assessment and relapse prognosis based on cfDNA 
fragmentation profile 

To evaluate the effectiveness of antiviral treatment, cfDNA frag
mentation profiles of patients with and without antiviral treatment were 
compared (Fig. 5A), and the profile of the group with antiviral treatment 
generally appeared to have smaller fluctuations, indicating that antiviral 
treatment attenuated the detrimental effect of HBV to the host genome. 
However, the shape and location of the peaks of the two groups still 
looked the same. As the sharp peaks may represent HBV integration 
sites, this scenario suggests the profile could be used as a potential 
biomarker for efficacy evaluation of the antiviral treatment. 

Finally, we divided the HBV-related HCC patients into three sub
groups, incipient, relapsed, and non-relapsed, based on clinical records 
(see Supplementary Table S1) and compared their fragmentation pro
files. As shown in Fig. 5B, the profile of both incipient and relapsed 
patients are typical of the HCC-like profile, while the profile of the non- 
relapsed group is typical of the Healthy-like profile. 

4. Discussion 

4.1. Plasma cfDNA fragmentation profile comparison between different 
cohorts 

The cfDNA fragmentation profiles of three patients with benign liver 
hyperplasia and chronic HBV infection appeared very similar to those of 
the 140 healthy individuals (Supplementary Fig. S2) but very different 
from those of HBV-related HCC patients. Therefore, they were grouped 
into the healthy cohort. This suggests that the fragmentation profile of 
benign tumors is healthy-like, while the cancer-like profile only repre
sents the malignant ones. Additionally, HCV-related HCCs also showed 
an abnormal fragment profile compared to the healthy cohort and a 
similar pattern to HBV-related HCCs (Supplementary Fig. S3). However, 
as this study was designed to investigate HBV carcinogenesis, the sam
pling of HCV-related HCCs is very limited, with only one patient in each 
of the 5 BCLC stages. Therefore, the relationship between fragmentation 
profiles of HBV- and HCV-related HCCs requires further investigation 

Fig. 5. Treatment assessment and relapse prognosis based on cfDNA fragmentation profiles. (A): Hepatitis B anti-viral treatment assessment (upper: no antiviral 
treatment, 38 cases; lower: with antivirals treatment, 36 cases) and (B): The cfDNA fragment profiles of patients with different relapse prognosis (upper: incipient, 39 
cases, middle: relapse, 44 cases, lower: non-relapse, 14 cases). 
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with more samples. Furthermore, the comparison between the cfDNA 
fragmentation profile of HBV-related HCC patients with or without 
cirrhosis history showed no significant difference (Supplementary 
Fig. S4), suggesting that HBV might play a more critical role than 
cirrhosis in the carcinogenesis of HCC. 

4.2. Prediction modeling for HCC detection 

This study aimed to develop a cost-efficient method of cancer 
detection. Compared to previous studies [20,30–33], the sequencing 
data quantity per sample was purposely designed to be very small for 
low coverage WGS, at an average of 3.74 G (equivalent to 1.2×
coverage) across all samples. 

For WGS analysis, the model to discriminate HCC samples from non- 
HCC samples had a sensitivity of 80.65% at 94.12% specificity. How
ever, based on the principle of machine learning methods, the perfor
mance of this model could improve as sample size increases. It should be 
noted that a false positive, C70 (male, 58 years old), was diagnosed with 
cirrhosis (HBV positive) at the time of blood draw, but was diagnosed to 
have primary HCC 4 months later. The fragmentation profile of C70 is 
slightly different from the profile of the healthy group. This suggests our 
model could predict the occurrence of HCC 4 months in advance, and 
further trials are needed to prove that with a larger data set. 

4.3. Sub-grouping of hepatitis B and cirrhosis patients 

We used the machine learning based model for the sub-grouping of 
hepatitis B and cirrhosis patients and successfully further stratified these 
two cohorts into two sub-groups, HCC-like and Healthy-like. Interest
ingly, the fragmentation profiles of the two HCC-like sub-groups are 
similar to that of the HCC cohort, while the profiles of the two healthy- 
like sub-groups are indeed like that of the healthy cohort (Fig. 4C and D). 
Such sub-groups indicate that the fragmentation profile from cfDNA 
WGS data could be used as a potential prognosis biomarker to determine 
whether hepatitis B and cirrhosis patients develop HCC. However, 
further follow-up study with larger sample size need to design and 
perform to validate this hypothesis. 

Furthermore, as we built this model based on sophisticated machine 
learning methods, we investigated whether we could alternatively use a 
simpler statistical method, sample variance threshold, for the fragment 
features of each 5 Mb bin to distinguish HCC-like samples from Healthy- 
like samples in the hepatitis B and cirrhosis cohorts. As shown in Sup
plementary Fig. S5 and S6, when designating the sample variance cut-off 
threshold at 44% for the hepatitis B cohort and 60% for the cirrhosis 
cohort, the sub-grouping between HCC-like samples and Healthy-like 
samples by sample variance threshold is similar to the XGBoost model, 
with the same ratio of HCC-like samples vs. Healthy-like samples, but 
slightly different in sample contents (Supplementary Fig. S6). Further
more, the cut-off sample variance for sub-grouping could be more ac
curate when trained using a larger sample size, indicating that the 
sample variance threshold method could be a simple and fast replace
ment to the time-consuming machine learning based methods. 

Generally, epidemiology reports only discuss how many HCC pa
tients have hepatitis B or cirrhosis history, which is mainly studied 
retrospectively following HCC diagnosis and thus called reverse pre
diction. For example, a recent report claimed that 77% of cirrhosis and 
84% of HCC cases in China were caused by HBV infection [34]. In 
contrast, our study reported, for the first time, a prediction method 
following the natural cause of this disease and the progression from 
hepatitis or cirrhosis to HCC, namely forward-prediction. This novel 
forward prediction requires further study to determine its efficacy in the 
larger population of HBV, HCV, cirrhosis, and HCC patients. Therefore, 
further retrospective research with more relevant patients for data 
modeling, and a larger sample size, should be performed, tracking dis
ease progression in follow-up observational studies. 

4.4. Role of HBV in carcinogenesis of HCC 

HBV integration has been found in the majority of HBV-associated 
HCCs, and studies have reported that HBV integration into specific 
genomic sites may give the host cells a growth advantage for clonal 
expansion by inducing chromosomal instability or altering the expres
sion of host genes through cis-acting mechanisms [35]. Furthermore, the 
integrated viral DNA may allow the continuous expression of viral 
oncoproteins such as Hepatitis B virus-encoded X protein (HBx) and 
truncated preS2/S [36]. Numerous studies have shown that recurrent 
HBV integration occurred near actively transcribed gene coding chro
mosomal regions and within, or near, fragile genomic sites or repetitive 
regions (e.g., Alu sequences and LINEs) [36–39]. Sequence analysis has 
revealed integration sites in the proximity of a list of genes involved in 
cell survival, proliferation, metabolism, and cell cycle regulation 
[36–39]. Ding et al. [39] summarized the number of HBV integrations 
per chromosome and found the frequencies of integration are relatively 
higher in chromosomes 2, 3, 5, 7, 8, 10, 12, 17, and 19, with chromo
some 17 having the highest. Additionally, a study reported evidence for 
the association between the frequency of HBV integrations and patient 
survival [38]. 

The cfDNA fragmentation profile reflects the nucleosome packaging 
pattern along with linear DNA molecules originally in the nucleus before 
cell death. In this study, we found the fragmentation profile of hepatitis 
B samples harbor genome-wide sharp peaks (Fig. 2), and this pattern is 
different from those of cirrhosis and HCC patients, possibly indicating 
that HBV integrations occurred in these genomic regions. However, 
these sharp peaks occur in all chromosomes rather than clustering in 
specific chromosomes, suggesting that our approach might reveal a 
more holistic view of the epigenomic/genomic consequences of HBV 
integration than previous studies [36–39]. Additionally, it is surprising 
that fragmentation profiles of multiple hepatitis B patients (Fig. 4C 
upper) display such high consonance. Therefore, we hypothesize that 
these shared peaks in the fragmentation profile represent recurrent HBV 
integration which might be shared among most hepatitis B patients. This 
hypothesis should be tested in a follow-up study involving a compre
hensive investigation of the exact HBV integration sites in a large cohort 
of hepatitis B patients. 

Interestingly, compared with the profile of the non-antiviral therapy 
group, the profile of the group with antiviral therapy clearly shows 
generally lower peaks. However, the shape and location of the peaks of 
the two groups still looked the same (Fig. 5A), indicating that antiviral 
therapy has weakened the effect of HBV on host genomes, but the HBV 
integration sites remained the same. This provides proof that our 
method can be used to assess the effect of antiviral therapy for hepatitis 
B patients. Moreover, given that the patients in these two groups shared 
the abnormal pattern, we hypothesize that these HBV integration sites 
might be recurrent, biologically functional, and able to respond to 
antiviral therapy. Therefore, the detailed genomic loci of these hy
pothesized recurrent integration sites are worthy of investigation, and 
their biological functions should be further studied for possible bio
markers in the development of antiviral therapies. 

Finally, although all patients in the hepatitis B cohort had been 
confirmed to have a chronic HBV infection, five were HBsAg negative, 
aged 22，83，46，51, and 59, respectively. Their cfDNA fragmentation 
profiles (Supplementary Fig. S7) were similar to the healthy cohort, 
except for one, whose profile was typically HCC-like. This HCC-like 
patient was only 22 years old, while the ages of the four Healthy-like 
patients ranged from 46 to 83. The duration between HBV clearance 
and blood draw for this study was less than five years for the HCC-like 
patient; in contrast, the duration for the four Healthy-like cases was 
more than 15 years. Therefore, we hypothesize that it takes time for the 
epigenetic patterns of human genomes to recover from the alterations 
the HBV has caused. This duration could be longer than 5 years. How
ever, the shortest possible time and the mechanism of patient chromatin 
architecture recovery after clinically identified HBV clearance requires 
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further study. 
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