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Abstract
Background: Hepatocellular carcinoma (HCC) is the most serious tumor in the world. It generally
undergoes a series of processes from HBV infection, chronic hepatitis, cirrhosis, and HCC from early to
late stages. Patients could bene�t from early detection of chronic liver diseases (CLD). Tumor-Educated
Platelets play an important role in tumor progression, which maybe  a potential biomarker for CLD early
diagnosis. Here, we developed a noninvasive liquid biopsy technique using platelet RNA for the early
screening of patients with liver diseases.

Methods: This study included a total of 163 individuals, including 50 healthy individuals, 39 chronic
hepatitis B (CHB) patients, 40 liver cirrhosis (LC) and 34 patients with HCC. Blood was collected before
initiation of treatment. Platelet RNA-Seq combined with Support Vector Machine (SVM), was used for the
�rst time to distinguish the different stages of CLD in Asian patients.

Results: Developed diagnostic model could distinguished with 92.4% accuracy between 34 HCC and 50
healthy, 89.92% accuracy between 34 patients HCC and 129 non-cancer individuals, and 83.67% between
50 healthy and 113 CLD. Across four different individual types, the accuracy of distinction
(healthy/chronic hepatitis B/liver cirrhosis/hepatocellular carcinoma) was 65.31%. This model was
internally validated, resulting in optimism-corrected AUC's of 86.8%.

Conclusions: Our data indicate that the developed platelet RNA-Seq is a valuable platform for the
diagnosis of CLD, providing an effective solution for its diagnosis.

Background
Hepatitis B virus (HBV) infection causes asymptomatic chronic hepatitis B (CHB), liver cirrhosis (LC), and
hepatocellular carcinoma (HCC), all with high mortality rates; it poses a massive healthcare burden on the
community worldwide. HCC is a malignant tumor of hepatocytes and the second leading cause of
cancer-related death worldwide. In 2018, an estimated 841,080 new liver cancer cases and 781,631
deaths occurred worldwide, and China is the most high-risk HCC area(1). Globally, HBV infection
contributes to approximately 50% of all HCC cases, with the majority (70–80%) of patients with HBV-
related HCC having LC(2). In China, HCC is the third leading type of cancer in adults, with the total
incidence and mortality of new cases being 466,100 and 422,100, respectively, in 2015(3). Approximately
90% of Chinese patients with HCC report HBV infection, and the general pathogenesis involves the
following stages: HBV infection–CHB–LC–HCC. Among these, LC is a crucial factor in the development
of HCC, making it an important stage of diagnostic monitoring.Typically, advanced chronic liver diseases
(CLD), particularly HCC, are diagnosed by imageological examination, α-fetoprotein (AFP) test, and liver
biopsy. In a previous study, in the diagnosis of early-stage HCC, AFP exhibited a sensitivity of 66%, a
speci�city of 81%, and a cut-off value of 10.9 ng/mL(4). Although liver biopsy is the gold standard
diagnostic method to determine the typical characteristics of LC and HCC, invasive strategies are more
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harmful to the patients, so it cannot be widely applied to early-detected CLD. Therefore, it is urgent to �nd
advanced non-invasive marker for early detection of CLD.

The use of disease-related circulatory biomarkers is a rapid and effective way of diagnosing any disease.
Recent studies have introduced the concept of liquid biopsy(5, 6), which has been shown to satisfactorily
detect components including cell-free DNA(7–9), circulating tumor cells(10–12), and extracellular
vesicles(13, 14). A recent study explicated that mRNA sequencing of tumor-educated platelets (TEPs)
differentiates pan-cancer patients, including those with HCC, from healthy individuals with an accuracy of
96%(15). Platelets can also be used as biomarkers in the diagnosis of sarcomas and non-small cell lung
cancer (NSCLC).(16, 17) Platelets are produced from megakaryocytes, which are large bone marrow cells.
As vital biologically potent molecules(18), platelets contribute to bacterial infection resistance, growth
factor release, in�ammation response, and liver regeneration(19) as well as adversely affect cancer
metastasis(20). In addition, previous studies have determined diagnostic platelet RNA signatures for
cardiovascular abnormalities, in�ammatory conditions, sickle cell disease, essential thrombocytosis, and
cancer(15, 21, 22), but those for CLD remain poorly reported.

Hence, in this study, we characterized the platelet RNA pro�les of patients with different types of CLD and
healthy volunteers and subsequently developed the �rst application technique to diagnose CLD.

Material And Methods
Study cohort

In this study, we recruited 113 patients with CLD, including CHB (n = 39), LC (n = 40), and HCC (n = 34)
between December 2016 and February 2017 based on de�ned criteria. 50 healthy donors. 50 sex- and
age-matched healthy control was included as well. The study protocol was approved by the Ethics
Committee of Hubei Provincial Hospital of Traditional Chinese Medicine (HBZY2014-C047-01) and Tongji
Medical College of Huazhong University of Science & Technology (No. JDZX2015178). The inclusion
criterion was adult patients with con�rmed diagnosis of HBV-related CLD. However, other factors leading
to CLD and its acute complications were excluded. The disease diagnostic standard was based on the
guideline of prevention and treatment of CHB(23), management of clinical diagnosis, evaluation, and
antiviral therapy for HBV-related cirrhosis(24), and standardization of diagnosis and treatment for
HCC(25, 26).

Platelet separation

From all donors, 10 mL whole blood samples were collected in a sodium citrate coagulation test tube
(blue cap), which were transported to a laboratory at room temperature without vigorous shaking for
subsequent experiments within 2 h. After centrifuging at 150 × g for 15 min, the samples were strati�ed;
the upper layer constituted platelet-rich plasma (PRP) with a straw color. Then, we connected a 5-mL
syringe, leukocyte-depleted �lter, and 15-mL centrifuge tube sequentially from the top to bottom. Next,
PRP was added to the syringe along the tube wall and �ltered under gravity. Further, we �ushed the tube



Page 5/17

wall with a buffer (134 mM NaCl, 12 mM NaHCO3, 2.9 mM KCl, 0.34 mM Na2HPO4, 1 mM MgCl2, and
10 mM HEPES; pH 7.4). PRP and buffer were mixed by repeatedly reversing the collection tube. Then, 100
µL of the mixed solution was collected for platelet and white blood cell counts using a blood cell
analyzer. When the white blood cell count was 0, the sample was determined to be quali�ed. Unquali�ed
samples were not used for subsequent experiments. Finally, the quali�ed mixed solution was centrifuged
at room temperature for 10 min at 2000 × g, and the supernatant was removed.

Platelet RNA extraction and preparation

The collected precipitate was transferred to ice, and total RNA was isolated using TRIzol® Reagent
(Invitrogen) according to the manufacturer’s protocol. Total RNA was dissolved with 30 µL RNase-free
water. The solution was stored directly at − 80 °C.

We monitored RNA degradation and contamination on 1% agarose gels and checked RNA purity using the
NanoPhotometer® spectrophotometer (Implen, CA, USA). RNA concentration was measured using Qubit®

RNA Assay Kit in Qubit® 3.0 Flurometer (Life Technologies, CA, USA). In addition, RNA integrity was
evaluated using the RNA Nano 6000 Assay Kit of the Agilent Bioanalyzer 2100 system (Agilent
Technologies, CA). Subsequently, 20–100 ng platelet total RNA was used for sequencing libraries
generated with NEBNext® UltraTMRNA Library Prep Kit for Illumina® (NEB, USA) according to the
manufacturer’s instructions. We then sequenced library preparations on an Illumina HiSeq X-ten platform
and generated 150-bp paired-end reads.

Processing of raw mRNA sequencing data to read count matrix

For each sample, the obtained sequencing reads were cleaned by 5'-end quality trimming and clipping of
the sequencing adapters by SOPAnuke (http://soap.genomics.org.cn/). Then, we performed prealignment
quality control of the cleaned sequencing reads using FastQC (v 0.11.5) (27). Using STAR (version 2.5.0a)
(28), we aligned the RNA-Seq reads against the University of California Santa Cruz hg19 genome
sequences (http://www.genome.ucsc.edu/index.html) under default parameters, allowing one or two
base mismatches.

Furthermore, read summarization of only reads spanning introns (intron spanning) was performed with
HTSeq (version 0.6.0, https://htseq.readthedocs.io/). We included protein-coding and noncoding RNAs
during read mapping, summarization, and subsequent analyses. Notably, we excluded the genes encoded
on mitochondrial DNA and the Y chromosome from the analyses. In addition, the genes not expressed in
5% of the samples were excluded. Moreover, gene expression clustering analysis using k-mean clustering,
principal component analysis, and subsequent statistical analyses were performed using R (version
3.0.3) and R-studio (version 0.98.1091). The accession number for the raw sequencing data reported in
this paper is GEO: GSExxxxx.

Gene functional classi�cation and differential expression of genes
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For functional annotation, we assessed ensemble gene IDs for enrichment in Gene Ontology (GO)
databases (www.geneontology.org/). RNA pro�le was normalized using counts per million. Using the
edgeR package(29), we performed differential gene expression analysis for the paired samples. False
discovery rate (FDR) < 0.001 was used to identify the signi�cance of differentially expressed genes
(DEGs). Subsequently, we performed GO functional enrichment and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses of DEGs using ClusterPro�ler(30).

Support vector machine (SVM) classi�er

In this study, we used the SVM classi�er for 50 healthy samples, 39 CHB samples, 40 LC samples, and 34
HCC samples. We used this method for comparison-based diagnosis: (1) between patients with cancer (n 
= 34) and healthy donors (n = 50); (2) between patients with cancer (n = 34) and non-cancer individuals (n 
= 129); (3) between healthy donors (n = 50) and unhealthy individuals (n = 113); and (4) across four
different types (Healthy/CHB/LC/HCC). Overall, 70% of samples were selected as a training set, and the
selected DEGs were used for SVM classi�cation. Each procedure was randomly repeated 100 times to
ascertain the accuracy of the method. Furthermore, we used predictive strength as an input to generate a
receiver-operating curve (ROC) as implemented in ggplot2 (version 1.7.3).

Marker selection and veri�cation

We identi�ed DEGs, which occurred simultaneously at HBV–LC, LC–HCC, and HBV–HCC stages, and
then, we used the SVM classi�er to distinguish the three types of CLD based on these DEGs, determining
the accuracy of distinguishing the different types of CLD.

Results
Transcriptome pro�ling of chronic liver disease-educated platelets (CLDEPs) reveals unique mRNA
signatures in affected patients compared with those in healthy volunteers

Peripheral blood samples and isolated circulating platelets from healthy donors (n = 50), patients with
CHB (n = 39), patients with LC (n = 40), and patients with HCC (n = 34) were collected, all diagnosed based
on clinical presentations and conventional pathological analysis of liver tissues (Fig. 1A-B). 16,968 genes
were identi�ed for subsequent analyses. Of 16,968 genes, 4700 exhibited difference in terms of
expression levels among the four groups (FDR < 0.001; Table 2, Fig. 1C). The GO functional enrichment
analysis revealed that transcriptome data enriched for transcripts correlated with platelet functions (false
discovery rate [FDR] < 0.05; Table S1; Fig. 1D). Furthermore, the KEGG enrichment analysis of the
transcriptome data determined endocytosis as the most enriched signatures (FDR < 0.05, Table S2,
Fig. 1E).

http://soap.genomics.org.cn/
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Table 1
Summary of study participants

Group Total (n) Training Validation Male Female Age (SD)

Healthy 50 35 15 22 28 34(10)

HBV 39 27 12 29 10 39(13)

LC 40 28 12 35 4 44(9)

HCC 34 24 10 29 4 52(11)

CHB, chronic hepatitis B; LC, liver cirrhosis; HCC, hepatocellular carcinoma.

 
Table 2

Differentially expressed genes among the study groups

  Healthy CHB LC HCC

Healthy (n = 50) 0 144 3582 2676

CHB (n = 39)   0 103 530

LC (n = 40)     0 362

HCC (n = 34)       0

CHB, chronic hepatitis B; LC, liver cirrhosis; HCC, hepatocellular carcinoma.

 

Signature identi�cation and diagnosis between HCC and healthy or non-HCC group

Comparison of the transcriptome pro�le of patients with HCC with that of healthy volunteers revealed
2,676 DEGs, whereas that of patients with HCC and CHB revealed 530 DEGs and those of patients with
HCC and LC revealed 362 DEGs. Remarkably, the number of DEGs between HCC and other groups
declined with disease progression, suggesting the underlying biological rationale of platelet
transcriptome pro�ling as a surrogate marker for CLD (Table 2). GO and KEGG enrichment analyses
between the two groups identi�ed speci�c pathways and functional groups (Fig. 2A-B; Table S1–S2).

For HCC diagnosis-speci�c SVM algorithm, we selected DEGs from the healthy and HCC groups that were
incorporated in the training cohort (n = 59), yielding the ideal sensitivity, speci�city, and accuracy for tests
performed within the training cohort (100%; Fig. 3A). Subsequent validation (n = 25) of the DEG-trained
SVM algorithm yielded 90% sensitivity, 93% speci�city, and 92% accuracy with an area under the curve
(AUC) of 0.993, illustrating high predictive strength of the algorithm in correctly differentiating patients
with HCC from healthy donors (Fig. 3A). Unfortunately, one sample of the validation cohort was
misdiagnosed (6.6%). A total of 100 random class-proportional subsampling processes of the entire
transcriptome pro�le data, combining training and validation cohorts, produced similar accuracy rates
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with a mean overall accuracy of 92.4% (SD: ±4.95%), establishing reproducible classi�cation algorithm
within this dataset.

In addition, we used the SVM classi�er for cancer and non-cancer classi�cation. In the training cohort (n 
= 114), an accuracy of 100% and AUC of 0.99 were obtained. The subsequent validation cohort (n = 49)
yielded a sensitivity of 80% and speci�city of 92.3%, with localized disease correctly classi�ed in 44/49
patients (89.80%), and an AUC of 0.94 to detect the disease and a high predictive strength. A total of 100
random proportional subsampling processes of the entire dataset in a training and validation set (ratio:
70:30) yielded similar accuracy rates (mean overall accuracy: 89.92% ± 3.46%), con�rming the
reproducible classi�cation accuracy in this dataset (Fig. 3B).

Signature identi�cation and diagnosis between CLD and Heathy group

248 DEGs were identi�ed between CLD (CHB, LC, and HCC; all collectively considered CLD) and healthy
honor. The most signi�cant biological process among the genes was Ribosome (25 genes), with adjusted
P value = 1.11E-24, and blood microparticle (33 genes), with adjusted P value = 3.97E-24. In the KEGG
pathway analysis, focal adhesion, was most signi�cant pathways, with 16 genes enriched (adjusted P
value = 0.001) (Fig. 2C-H).

Next, we established the diagnostic accuracy of the CLDEP-based broad classi�cation algorithm, whereby
each participant would be diagnosed with a CLD (CHB, LC, and HCC; all collectively considered CLD) or
classi�ed as a healthy donor. For the SVM algorithm for the training cohort (n = 114), we optimized it to
again yield the ideal sensitivity, speci�city, and accuracy (100%). The subsequent validation (n = 49) of
this SVM algorithm yielded 73% sensitivity, 88% speci�city, and 84% accuracy with an AUC of 0.900,
illustrating high predictive strength in correctly differentiating patients with a liver disease from healthy
volunteers (Fig. 3C); however, the model’s misdiagnosis rate was 11.8%. After a total of 100 random
repetitions, it produced similar accuracy rates with a mean overall accuracy of 83.2% ± 4.30%,
establishing a reproducible classi�cation algorithm within this dataset and indicating that CLDEPs is a
potential surrogate marker for screening CLD.

Diagnostic signature in four group

The same dataset is used to provide an all-in-one biosource for blood-based liquid biopsies in patients
with CLD. All samples were categorized into four groups. The training set demonstrated an excellent
distinction of patients. In addition, the classi�cation capacity of the multiclass SVM-based classi�er was
established in the validation cohort of 49 samples. In this classi�er, the sensitivity of a healthy donor was
73.33%; the probability of patients with CHB, LC, and HCC being correctly diagnosed was 58.33%, 58.33%,
and 70%, respectively, with an AUC of 0.8588. The multiclass CLD diagnostic test resulted in an average
accuracy of 65.31% (mean overall accuracy random classi�ers: 66.35% ± 6.19%; P < 0.01), demonstrating
the signi�cant discriminative power of the multiclass CLD diagnostic test of platelet mRNA pro�les
(Fig. 3D).
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Notably, 14 DEGs occurred in all pairs of CLD groups (TGM2, EPAS1, HAPA12B, H19, DOCK6, CARF10,
KANK3, CASKIN2, RELN, IGFBP4, SLC9A3R2, LIMS2, PPFIBP1, and A2M; Fig. 3E). Then, we constructed
an SVM/LOOCV discriminator algorithm based on 14 DEGs in all CHB, LC, and HCC cases to test the
feasibility of a targeted panel-based diagnostic assay for liver diseases. The small targeted panel NGS
assay depicts an attractive alternative to comprehensive assays (e.g., whole-genome and whole-
transcriptome sequencing) in most clinical laboratory settings owing to their increased throughput (i.e.,
more patient samples per �ow cell) and enhanced cost-effectiveness, especially for disease-speci�c
assays such as the CLDEP diagnostic assay used herein. In the training cohort (n = 80), this simpli�ed
approach yielded sensitivities of 92% for patients with HCC, 81% for patients with CHB, and 75% for
patients with LC (Fig. 3F). In addition, subsequent tests of the validation cohort yielded sensitivities of
80% for patients with HCC, 92% for patients with CHB, and 42% for patients with LC. For a total of 100
random class-proportional subsampling processes, the overall accuracy rate average was 68.2% ± 6.89%.

Discussion
The study showed that platelets can be used as an all-in-one biosource to broadly scan the molecular
traces of CLD and offer a strong indication on disease type and molecular subclass. Recently, platelet
RNA was used as a biomarker for diagnostic diseases. RNA-Seq gene expression characterization offers
a detailed, unbiased overview of the platelet RNA content. In this study, we reported the molecular
integration of blood platelets, which are involved in almost every stage of CLD. We recruited HCC patients
and CLD patients at high risk of developing HCC. The total RNA of peripheral blood of 163 patients was
puri�ed using standard procedures and sequenced using high-throughput. After the DEGs were screened,
the diagnosis was made by SVM method, and a good result was obtained to distinguish between HCC,
CLD and Healthy. The AUC reached 0.993, 0.99 and 0.900 in the diagnosis of the respective samples, and
the AUC reached 0.8588 in all samples. Additonally, we reported the molecular integration of blood
platelets, which are involved in almost every stage of CLD. Perhaps, mRNA will offer valuable diagnostic
information about all patients with CLD.

Blood platelets are widely involved in disease and cancer progression. In this study, we found enriched
function, including platelet degranulation, activation, aggregation, and focal adhesion. Also, we observed
a signi�cant number of genes associated with Endocytosis, Cell cycle,Protein processing in endoplasmic
reticulum, Apoptosis, cytoskeleton, and Focal adhesion pathway, which may refelcting the “alert” and pro-
tuorigenic stats of CLD. A crucial mechanism in the development and progression of LC is hepatocyte
death induced directly by hepatocyte damage or triggered by immune responses and activation of
Kupffer cells and the activation of hepatic stellate cells and resistance of these cells to apoptosis(31). All
these processes might sustain further in�ammation and �brosis development, leading to LC. The gene
enrichment analysis in the patients at CHB–LC stages correlated with keratin �laments, structural
constituent of the cytoskeleton, epidermal development, and intermediate �lament. Keratin is the largest
member of the intermediate �lament protein family. Some animal model experiments have established
that keratin protects hepatocytes from apoptosis and necrosis; natural human keratin variants are
generally silent but become pathogenic by predisposing their carriers to apoptosis during acute or chronic
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toxin-mediated liver injury, viral infection, or metabolic stress(32). In addition, K8/K18 is considered as a
biomarker in CLD(33). In this study, platelet RNA detection also demonstrated that K4, K5, K6, K14, K15,
and K16 are markedly expressed in the progression of healthy CHB–LC, possibly enlightening the
subsequent research on the mechanism of liver �brosis. The DEGs at the LC–HCC stage are enriched in a
metabolism-related pathway. Most clinically used drugs are metabolized by cytochrome P450, which has
been best characterized in the liver(34) and plays a major role in the metabolism of several chemical
carcinogens involved in the development of HCC(35). A previous study reported a substantial change in
cytochrome P450 activities in patients with HCC(36). In addition, CYP3A7 is overexpressed in HCC where
it contributes to the elimination of drugs (37).

Interestingly, 14 genes were differentially expressed in patients with different CLD. TGM2 is involved in
the key bioprocess of cell apoptosis, cell transmembrane signaling, cell adhesion, and extracellular matrix
formation. TGM2 is overexpressed in liver �brosis, and its deletion in mouse resulted in collagen
crosslinking but could not contribute to inhibiting liver �brosis(38). In addition, TGM2 is positively
correlated with tumor diameter, vascular invasion, and TNM staging(39), suggesting its crucial role in the
development, progression, and metastasis of HCC. HSPA12B is a heat-shock protein family A (Hsp70)
member 12B. HSPs play a pivotal role in regulating apoptosis, therapeutic resistance, and invasion and
metastasis in HCC(40). In fact, HSP70 is the most abundantly upregulated gene in early HCC
components(41). The combined use of glutamine synthetase and HSP70 could be useful in the diagnosis
of well-differentiated HCC(42). Reportedly, HIF-2α/EPAS1 exerts a substantial impact on cell proliferation,
tumor angiogenesis, metastasis, and resistance to chemotherapy and radiation(43, 44). Overexpression
of HIF-2α induced apoptosis in HCC cells and increased the levels of proapoptotic proteins, Bak, ZBP-89,
and PDCD4, which was also con�rmed in another study(45). In addition, HIF-2α acts as a safeguard to
initiate sinusoidal reconstruction only upon successful hepatocyte mitosis, thereby enforcing a timely
order onto cell type-speci�c regeneration patterns. These �ndings suggest the hypoxia-driven HIF-2α–
VEGF axis to be a prime node in coordinating SEC–hepatocyte crosstalk during liver regeneration(46).
The DOCK6 is involved in small GTPase-mediated signal transduction and blood coagulation-positive
regulation of GTPase activity. However, limited reports exist on DOCK6 in liver diseases.

Conclusions
In conclusion, this study provides robust evidence on the clinical relevance of blood platelets for liquid
biopsy-based molecular diagnostics in patients with several types of CLD. Nevertheless, further validation
is warranted to establish the potential of surrogate CLDEP pro�les for blood-based companion
diagnostics, therapy selection, longitudinal monitoring, and disease recurrence monitoring.

Abbreviations
AFP, α-fetoprotein; AUC, area under the curve; CHB, chronic hepatitis B; GO, Gene Ontology; HBV, hepatitis
B virus; CLD, chronic liver disease; KEGG, Kyoto Encyclopedia of Genes and Genomes; LC, liver cirrhosis;
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HCC, hepatocellular carcinoma; CLDEPs, chronic liver disease-educated blood platelets; ROC, receiver-
operating curve; SVM, support vector machine; TEP, tumor-educated platelets
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Figure 1

The information of CLDEP mRNA pro�ling. (A) Schematic overview of CLDEP as a biosource for liquid
biopsies. (B) Number of platelet samples of healthy donors and patients with different types of CLD. (C)
Functional enrichment maps of differentially expressed genes by GO. (D) Functional enrichment maps of
differentially expressed genes by KEGG. (E) Heatmaps of unsupervised clustering of platelet mRNA
pro�les of healthy donors (n = 50) and patients with CHB (n = 30), patients with LC (n = 40), and patients
with HCC (n = 34). CHB, chronic hepatitis B; LC, liver cirrhosis; HCC, hepatocellular carcinoma.
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Figure 2

GO and KEGG enrichment in (A-B) healthy vs. HCC; (C-D) healthy vs. CHB; (E-F) CHD vs. LC; (G-H) LC vs.
HCC. CHB, chronic hepatitis B; LC, liver cirrhosis; HCC, hepatocellular carcinoma.



Page 17/17

Figure 3

CLDEP mRNA pro�les for diagnostics. (A) The receiver-operating curve (ROC) curve of SVM diagnostics
of training (red line) and validation (green line) cohort classi�ers between healthy and HCC. (B) The ROC
curve of the SVM diagnostics of the training and validation cohorts between HCC and non-HCC. (C) ROC
curve of healthy/unhealthy SVM diagnostics of training (red line) and validation (green line) cohort
classi�ers between healthy and CLD. (D) ROC curve of healthy/unhealthy SVM diagnostics of training
(red line) and validation (green line) cohort classi�ers among four groups. (E) The Venn diagram of
differentially expressed genes by CLD. (F) The ROC curve of multiclass SVM diagnostics of the training
(red line) and validation (green line) cohorts using the intersection gene. CHB, chronic hepatitis B; LC, liver
cirrhosis; HCC, hepatocellular carcinoma; CLD, chronic liver diseases.


