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Abstract: (1) Background: The identification of patients at risk for hepatitis B and C viral infection is
a challenge for the clinicians and public health specialists. The aim of this study was to evaluate and
compare the predictive performances of four machine learning-based models for the prediction of
HBV and HCV status. (2) Methods: This prospective cohort screening study evaluated adults from
the North-Eastern and South-Eastern regions of Romania between January 2022 and November 2022
who underwent viral hepatitis screening in their family physician’s offices. The patients’ clinical
characteristics were extracted from a structured survey and were included in four machine learning-
based models: support vector machine (SVM), random forest (RF), naive Bayes (NB), and K nearest
neighbors (KNN), and their predictive performance was assessed. (3) Results: All evaluated models
performed better when used to predict HCV status. The highest predictive performance was achieved
by KNN algorithm (accuracy: 98.1%), followed by SVM and RF with equal accuracies (97.6%) and
NB (95.7%). The predictive performance of these models was modest for HBV status, with accuracies
ranging from 78.2% to 97.6%. (4) Conclusions: The machine learning-based models could be useful
tools for HCV infection prediction and for the risk stratification process of adult patients who undergo
a viral hepatitis screening program.
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1. Introduction

Hepatitis B infection is caused by the hepatitis B Virus (HBV), a deoxyribonucleic
acid (DNA) virus belonging to the Hepadnaviridae family and the Orthohepadnavirus
genus [1]. It is transmitted through contact with contaminated blood or bodily fluids,
most frequently through intravenous drug use, sexual contact, or vertical transmission
from mother to child [1]. HBV prevalence is decreasing in the developed countries due to
vaccination, but it remains high in endemic areas due to vertical transmission [2,3]. The
primary determinant of the hepatitis course is the age of HBV infection, so that the vast
majority of perinatally infected individuals acquire chronic hepatitis B [4].

According to a systematic analysis, in 2019, the estimated global, all-age prevalence of
chronic HBV infection was 4.1%, corresponding to 316 million infected people [5]. Moreover,
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there was a 31.3% decline in all-age prevalence between 1990 and 2019, with a more
marked decline of 76.8% in prevalence in children younger than 5 years. The World Health
Assembly launched the WHO Global Health Sector Strategy on Viral Hepatitis (WHO-
GHSS) in 2016, with the goal of eradicating viral hepatitis as a public health concern [6].
The WHO-GHSS proposed impact targets of 30% fewer new hepatitis B cases and 10%
fewer HBV-related deaths by 2020, and 95% fewer new cases and 65% fewer deaths by
2030, compared to the baseline year of 2015.

The hepatitis C virus (HCV), a single-stranded RNA virus, causes hepatitis C infection.
HCV is a Flaviviridae family and Hepacivirus genus virus that is primarily spread through
direct bloodstream inoculation [7]. According to recent studies, there are approximately
71 million persons infected with HCV, which amounts to a global prevalence of 1.0% [8].
The WHO-GHSS aim to reduce the HCV incidence by 80%, and the HCV-related mortality
by 65% [6].

The identification of infected people is the first step in the sequence of care, and this
can be achieved with a systematic screening program, especially for patients at risk. All
persons who are seronegative should receive hepatitis B vaccine [9]. Persons who are at risk
for HBV/HCV infection are represented by newborns from infected mothers, hemodialysis
patients, individuals infected with human immunodeficiency virus (HIV), drug users,
migrants from countries with high HBV/HCV prevalence rates, prisoners, people who
have received blood products, war veterans, and people with risky sexual behavior [10-12].

The risk profile identification is essential for a proper selection of target population
that will be further screened. Moreover, the governmental agencies need to constantly
adapt their strategies in order to offer the best screening opportunities that are also cost-
effective [13]. Therefore, it is important to evaluate the performances of the current screen-
ing programs and to constantly improve their quality.

Artificial intelligence and machine learning approaches have the ability to outperform
traditional hepatitis screening strategies and to evaluate large datasets in order to provide
a full picture of regional epidemiological profiles. The machine learning-based methods
for disease prediction include random forest (RF), decision trees (DT), gradient boosting
(GB), naive Bayes (NB), and support vector machine (SVM) [14]. Until now, machine
learning-based methods have been employed for the prediction of the type and duration
of antiviral therapy [15,16], stage of HCV infection [17], the occurrence of hepatic fibrosis
and hepatocellular carcinoma related to hepatitis infection [18,19], and for classification
purposes [20].

A recent study used three neural networks for the prediction of HBV and HCV
incidence in a cohort from China, using surveillance data from a 13-year time-frame [21].
The results showed that the Long Short-Term Memory (LSTM) prediction model, Recurrent
Neural Network (RNN) model, and the Back Propagation Neural Network (BPNN) model
had significant predictive performance for the early detection of the disease incidents.

Although the literature supports the use of these approaches for disease prediction,
data are heterogeneously reported, and few studies concentrate on the patient’s epidemi-
ological profile. The aim of this study was to evaluate and compare the predictive per-
formances of four machine-learning based models for the prediction of HBV and HCV
seropositivity.

2. Materials and Methods

We conducted a prospective cohort screening study of adult persons from the north-
eastern and southeastern regions of Romania, between January 2022 and November 2022
(LIVE(RO) 2-EST). Ethical approval for this study was obtained from the Institutional Ethics
Committee of University of Medicine and Pharmacy ‘Grigore T. Popa’ (No. 151/13 January
2022). Informed consent was obtained from all participants included in the study. All
methods were carried out in accordance with relevant guidelines and regulations.

We recruited participants at the time of the routine family physician evaluation. The
inclusion criteria taken into consideration were age of >18 and a home address located
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in the northeastern and southeastern regions of Romania. Exclusion criteria comprised
pregnant patients, arrested persons, incomplete medical records, or those who were unable
to offer informed consent.

A structured questionnaire was applied for all participants by family physician, and
the following data were recorded for the purpose of this study: demographic data, age,
level of education, ethnicity, employment status, vulnerability due to medium, ethnicity,
work or other situations, HBV vaccinal status, previous diagnosis and/or treatment for
viral hepatitis, contact with hepatitis viruses in family, through sexual contact, work, or
other instances, previous blood transfusions, hemodialysis, surgery, hospitalization, oral
procedures, work or house-related accidents that necessitated hospitalization, cuts/other
injuries with sharp objects, incarceration, tattoos/piercings, use of intravenous drugs, one
or more unprotected sexual intercourse(s) with one or multiple partners, previous sexually
transmitted infections.

All patients underwent rapid blood testing for HBs antigens and for HCV antibodies
using immunochromatographic tests, and after the results came back, the patients were
asked whether or not they would like further referring to a diagnostic center from the
country.

A total of 1359 patients were included in the preliminary analysis of this study, and
were divided into three groups: those who had HBV infection (116 patients, group 1), those
who had HCV infection (116 patients, group 2), and a control group, without infection
(116 patients, group 2). HBV-HCV coinfection was identified in two patients who were
excluded from the analysis due to small sample size.

In the first stage of the statistical analysis, each variable was evaluated with chi-squared
and Fisher’s exact tests for categorical variables, which were presented as frequencies with
corresponding percentages, and t-tests for continuous variables, which were presented as
means and standard deviations (SD).

Multinomial logistic regression was used to determine whether or not there is a
statistically significant difference between the groups regarding their clinical characteristics
derived from the standardized questionnaire. The statistical analyses were performed
using STATA SE (version 17, 2021, StataCorp LLC, College Station, TX, USA).

In the second stage of the analysis, we evaluated the predictive performance of four
machine learning-based models: support vector machine, naive Bayes, random forest
algorithm, and K nearest neighbors (KNN).

A SVM is a supervised learning algorithm used for classification and regression [22,23].
This algorithm is a relatively new method that has shown promising results in recent years
for disease prediction. SVM classifiers are based on linear classifiers and seek to select a
line that is slightly more confident.

NB is a classification technique based on the Bayes’ theorem [24]. This theorem
can predict the likelihood of an occurrence depending on prior knowledge of the event
conditions. This classifier asserts that a given characteristic in a class is not directly related
to any other feature, despite the fact that features in that class may be interdependent [25].

Random forests are ensemble classifiers that randomly learn multiple decision trees [26].
The random forest approach consists of a training stage in which many decision trees are
built and a testing step in which an outcome variable is classified or predicted based on an
input vector [25]. The different decision trees of a RF are trained using the different parts of
the training dataset. To classify or predict a new sample, the input vector of that sample is
needed to pass down with each DT of the forest. Each DT then considers a different part of
that input vector and offers a prediction outcome. The forest then selects the prediction
with the greatest number of ‘votes’ (for discrete outcomes) or the average of all trees in the
forest (for numeric outcomes).

KNN is a supervised machine-learning algorithm predominantly used for classification
and prediction purposes [25]. It is able to classify datasets using a training model similar
to the testing query by taking into account the K nearest training data points (neighbors)



Int. |. Environ. Res. Public Health 2023, 20, 2380 4 0f9

which are the closest to the query it is testing [27]. The algorithm performs a majority
voting rule to check which classification to finalize [28].

The data were segregated into data for testing (70%) and training (30%). In order to
protect the results from overfitting, all models underwent a 5-fold cross validation. Their
true positive rates (TPR), false negative rates (FNR), positive predictive values (PPV), false
detection rates (FDR), accuracies, values for area under the curve (AUC), precision, recall,
and F1 scores were calculated, and compared for HBV and HCV seropositivity version.
The models were constructed and analyzed using Matlab (version R2021b, The MathWorks,

Inc., Natick, MA, USA).

3. Results

A total of 1359 participants were evaluated in our prospective study. Their demo-
graphic characteristics are presented in Table 1, segregated into the following groups:
patients with HBV (38 patients, group 1), patients with HCV (group 2, 33 patients), and con-
trols (group 3, 1288 patients). Significantly more widowed (p < 0.001), employed (p = 0.01),
and agricultural workers (p < 0.001) were identified in the first group, while the second
group comprised persons who were older (p < 0.001), females (p = 0.01), with an educational
background predominantly in the ISCED 1-3 interval (p = 0.02), and widowed (p < 0.001)

compared to control.

Table 1. Demographic characteristics of the patients included in the main groups.

Patient’s
Characteristics Group 1 (HVB, n = 38) Group 3 (Control, n = 1288) Value Group 2 (HVC, n = 33) Group 3 (Control, n = 1288) Value
Age, years 56.05 + 2.13 57.71 + 0.47 056 7554 + 1.84 57.71 + 0.47 <0.001
(mean + SD)
) . Urban = 9 (23.68%) Urban = 906 (66.81%) Urban = 11 (33.33%) Urban = 448 (32.92%)
Medium (/%) Rural = 29 (76.32 %) Rural = 450 (33.19%) 0.14 Rural = 22 (66.67%) Rural = 913 (67.08%) 0.96
o Male = 18 (47.37%) Male = 850 (62.68%) Male = 6 (18.18%) Male = 518 (38.06%)
Gender (1/%) Female = 20 (52.63%) Female = 506 (37.32%) 013 Female = 27 (81.82%) Female = 843 (61.94%) 0.01
ISCED 1 =1 (2.63%) ISCED 1 = 10 (0.74%) ISCED 1 =1 (3.03%) ISCED 1 = 10 (0.74%)
Level of ISCED 2 = 12 (31.58%) ISCED 2 = 438 (32.30%) ISCED 2 = 6 (18.18%) ISCED 2= 444 (32.62%)
d""’e t." ISCED 3 = 14 (36.84%) ISCED 3 = 371 (27.36%) 021 ISCED 3 = 15 (45.45%) ISCED 3 = 370 (27.19%) 002
€ uc/i/“’“ ISCED 4 = 9 (23.68%) ISCED 4 = 472 (34.81%) : ISCED 4 = 8 (24.24%) ISCED 4 = 473 (34.75%) -
(/%) ISCED 5 =1 (2.63%) ISCED 5 =15 (1.11%) ISCED 5 =0 (0%) ISCED 5 = 16 (1.18%)
ISCED 6 = 1 (2.63%) ISCED 6 = 50 (3.69%) ISCED 6 = 13 (9.09%) ISCED 6 = 48 (3.53%)
Married = 27 (71.05%) Married = 1042 (76.84%) Married = 14 (42.42%) Married = 1042 (76.84%)
Unmarried = 4 (10.53%) Unmarried = 268 (19.76%) Unmarried = 1 (3.03%) Unmarried = 268 (19.76%)
Marital status Widowed =5 (13.16%) Widowed = 35 (2.58%) 0.001 Widowed = 16 (48.48%) Widowed = 35 (2.58%) 0.001
n/%) Divorced =1 (2.63%) Divorced = 0 (0%) <0 Divorced = 0 (0%) Divorced = 0 (0%) <0
Others = 0 (0%) Others =9 (0.66 %) Others = 0 (0%) Others =9 (0.66 %)
Undeclared =1 (2.63%) Undeclared = 2 (0.15%) Undeclared =1 (2.63%) Undeclared = 2 (0.15%)
Self-employed = 3 (7.89%) Self-employed = 18 (1.32%) Self-employed = 2 (6.06%) Self-employed = 18 (1.32%)
Employment Employed = 10 (26.32%) Employed = 3 (9.09%) 0.01 Employed = 4 (10.53%) Employed = 3 (9.09%) 010
status (1n/%) Unemployed = 0 (0%) Unemployed = 11 (0.81%) ) Unemployed = 0 (0%) Unemployed = 11 (0.81%) '
Inactive = 25 (65.79%) Inactive = 1089 (80.01%) Inactive = 28 (84.85%) Inactive = 1089 (80.01%)
Vulnerability Agricultural worker =3 Agricultural worker = 11 Agricultural worker = 0 Agricultural worker = 3
due to work (7.89%) (0.81%) <0.001 (0%) (7.89%) 0.003
(n/%) Unassured = 3 (7.89%) Unassured = 200 (14.75%) Unassured = 0 (0%) Unassured = 3 (7.89%)
Single parents = 4 (10.53%) Single parents = 32 (2.36%) Single parents = 0 (0%) Single parents = 32 (2.36%)
Previous foster care = 0 Previous foster care = 24 Previous foster care = 2 Previous foster care = 24
(0%) (1.77%) (6.06%) (1.77%)
Vulnerability Addicts = 0 (0%) Addicts = 3 (0.22%) 0.18 Addicts = 0 (0%) Addicts = 3 (0.22%) 0.06
due to special Domestic violence Domestic violence Domestic violence Domestic violence
situations/ %) victims = 0 (0%) victims = 14 (1.03%) victims = 0 (0%) victims = 14 (1.03%)
Human trafficking Human trafficking

Human trafficking
victims = 0 (0%)

Human trafficking
victims = 11 (0.81%)
Minimal wage = 265 (19.54%)

victims =0 (0%)
Minimal wage =1 (3.03%)

victims = 11 (0.81%)
Minimal wage = 265 (19.54%)

Minimal wage =9 (23.68%)
Disabled =1 (2.63%) Disabled = 25 (21.84%) Disabled =1 (3.03%) Disabled = 25 (21.84%)

HBV—hepatitis B virus; HCV—hepatitis C virus; SD—standard deviation; ISCED—International Standard
Classification of Education.

The questionnaire results for the main groups are presented in Table 2. Both HBV and
HCV patients reported a significantly higher personal or family history of viral hepatitis
compared with control (p < 0.001). Moreover, both groups had significantly higher propor-
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tion of risky professions, hospitalizations, hemodialysis, surgeries, and dental procedures
(p <0.05). Apart from that, the first group had significantly more severe accidents (p = 0.002)

and blood transfusions (p < 0.001) than the control group.

Table 2. Clinical characteristics of the patients included in the main groups.

. Group 1 Group 3 Group 2 Group 3
Question Resume (HBV, n = 38) (Control, n =1288) P Value (HCV, n =33) (Control, n =1288) P Value
Vaccinal status for o _ o PP _ o
HBV (n/%) Yes = 2 (5.26%) Yes = 23 (1.70%) 0.14 Yes = 0 (0%) Yes = 23 (1.70%) 0.54
Previous diagnosis _ o _ o _ o B o
of hepatitis (/%) YES=3789%)  Yes=13(0.96 %) 0.008  Yes=10(30.30%) Yes=13(096%)  <0.001
Type of hepatitis ~ HBV =1 (3.03%) HBV =0 (0%) ooop  HBV=3(7.89%) HBV =0 (0%) 001
(/%) HCV =9 (27.27%) HCV =0 (0%) <0 HCV =0 (0%) HCV =0 (0%) :
Family member
diagnosed with ' 11 2895%)  Yes =2 (1.92%) <0.001  Yes =6 (18.18%) Yes = 2 (1.92%) <0.001
viral hepatitis
(/%)
Sexual partner
diagnosed with v ' 6 0105%)  Yes =31 (2.29%) <0.001  Yes=4(12.12%)  Yes=31(2.29%) 0.003
viral hepatitis
(/%)
Profession that
involves contact o _ o _ o _ o
with other people’s Y5 =4(10.53%)  Yes =10 (0.74%) <0.001  Yes =2 (6.06%) Yes = 10 (0.74%) 0.04
blood (11/%)
Previous blood Yes = 3 (7.89%) Yes = 3 (0.22%) <0.001  Yes =2 (6.06%) Yes = 3 (0.22%) 0.008
transfusions (11/%) TONRTe T o Amear ’ T oER T NRess ’
Previous o _ o _ o _ o
hemodialysis (/%) Y5 =2 (5:26%) Yes = 7 (0.52%) 0.02 Yes = 3 (9.09%) Yes = 7 (0.52%) 0.001
Pre‘”‘(’;jof‘)“gery Yes =16 (42.11%)  Yes = 93 (6.86%) <0.001  Yes=26(7879%)  Yes =93 (6.86%) <0.001
Previous
hospitalization Yes = 22 (57.89%) Yes = 103 (7.60%) <0.001 Yes = 26 (78.79%) Yes =93 (6.86%) <0.001
(/%)
Previousdental =y 15394700 Yes=183(6.12%)  <0.001  Yes=25(7576%)  Yes=183(6.12%)  <0.001
procedures (11/%)
P re‘”o(‘;s ﬁf;ldents Yes = 2 (5.26%) Yes = 1(0.07%) 0.002 Yes =1 (3.03%) Yes = 1(0.07%) 0.06
Previous o _ o _ o _ o
incarceration (n/%)  Yes=1(263%) Yes = 2 (0.15%) 0.08 Yes = 2 (6.06 %) Yes = 2 (0.15%) 0.002
Tattoo(i/ /I?,}e)rcmgs Yes =7 (18.42%)  Yes = 137 (10.10%) 008  Yes=12(36.36%) Yes=137(10.10%)  <0.001
(o]
Use of intravenous N _ o _ o B o
drugs (/%) Yes = 0 (0%) Yes = 2 (0.15%) 0.94 Yes = 1 (3.03%) Yes = 2 (0.15%) 0.04
Unprotected sexual ——y o5 556 0, Yes =1 (0.07%) 0.002 Yes = 0 (0%) Yes = 1 (0.07%) 0.7
contact (11/%) T T ’ B ? TR '
Tattoo(i/ /E,je)rcmgs Yes=1(2.63%)  Yes =12 (0.88%) 017 Yes = 0 (0%) Yes = 12 (0.88%) 0.7
(o]

HBV—hepatitis B virus; HCV—hepatitis C virus.

In the second stage of the analysis, we incorporated the patients’ clinical characteristics
into four machine learning-based models, and we calculated their predictive performance
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(Table 3). KNN achieved the highest accuracy when predicting HCV status (98.1%), with an
AUC value of 0.67. The SVM had equal accuracies (97.6%) for the prediction of both HBV
and HCV status, but the AUC value was higher for HCV classification (0.89 versus 0.80).
Both RF and NB performed best when used to predict the HCV status (RF: accuracy—97.6%;
AUC—0.79; NB: accuracy—95.7%; AUC—0.85). In terms of sensitivity, it was higher for
algorithms that predicted HCV status, with KNN having the highest sensitivity (100%).

Table 3. The predictive performance of machine learning-based models for HVB and HVC prediction.

Type of

ML . Se o FPR FDR Accuracy AUC .. F1 ..
Model Hel?atltls (%) Sp (%) (%) (%) (%) Value Precision  Recall Score Gini

Virus
SVM HBV 40 98.3 1 77.7 97.6 0.80 0.22 0.40 0.29 0.60
HCV 66.6 97.8 2 81.8 97.6 0.89 0.18 0.67 0.29 0.78
RE HBV 8 99.6 0.3 11 78.5 0.87 0.89 0.08 0.15 0.75
HCV 55.5 98.5 1 54.5 97.6 0.79 0.45 0.56 0.50 0.59
NB HBV 7 99.3 0.6 222 78.3 0.78 0.71 0.78 0.88 0.58
HCV 23 98 1 72.7 95.7 0.85 0.27 0.23 0.25 0.70
KNN HBV 11.8 98.7 1 25 78.2 0.70 0.75 0.12 0.21 0.40
HCV 100 98.1 1 72.7 98.1 0.67 0.27 1 0.43 0.35

HVB—hepatitis B virus; HVC—hepatitis C virus; ML—machine learning; KNN—decision trees; NB—naive Bayes;
SVM—support vector machine; RF—random forest; Se—sensitivity; Sp—specificity; FPR—false positive rate;
FDR—false detection rate; AUC—area under the curve.

4. Discussion

This is the first prospective study in the literature that trained four machine learning-
based models (SVM, RE, NB, and KNN) for the prediction of hepatitis B and C seropositivity
in a cohort of adult patients from Romania using clinical parameters determined during
family physicians’ visits.

Our results showed that all evaluated models performed better when used to predict
HCYV status. The highest predictive performance was achieved by KNN algorithm (ac-
curacy: 98.1%), followed by SVM and RF with equal accuracies (97.6%) and NB (95.7%).
The sensitivity was modest for HBV status prediction, only one model (SVM) achieving a
sensitivity of 40%.

SVM increases class separation and reduces expected prediction error and is applicable
for the analysis of high-dimensionality data with small sample size [29-31]. The bagging
algorithm serves as the foundation for RF, which employs ensemble learning [32]. It creates
as many trees on the subset of the data and combines the output of all the trees. In doing
s0, it lessens the issue of overfitting in decision trees, as well as lowers variance and raises
accuracy. On the other hand, NB is suitable for solving multi-class prediction problems,
especially when using small datasets, and has much lower costs than RF [33]. Finally, one
of the biggest advantages of KNN model is that it can be used both for classification and
regression problems, but does not perform well on imbalanced data [34].

A recent case-control study by Majzoobi et al. evaluated the predictive performance
of four ensemble learning methods (bagging, AdaBoost, RF, and logistic regression) for the
prediction of HBV and HCV infection [35]. The authors demonstrated superior predictive
performances of RF when used to predict both HBV (accuracy: 66%) and HCV infection
(accuracy: 77%) compared to the other models. Although we obtained better results in
terms of accuracies for HBV (accuracy: 78.5%) and HCV infection (accuracy: 97.6%), the
model was outperformed by KNN.

Another recent study by Zhou et al, used three machine learning methods (RF, KNN,
and SVM) for analyzing correlations among chronic hepatitis B inflammation grades, gene
expressions and clinical parameters (serum alanine amino transaminase, aspartate amino
transaminase, and HBV-DNA), and for predicting inflammation grades by using clinical
parameters and/or gene expressions. The authors showed that KNN had the highest
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accuracy (76.6%) compared to SVM (accuracy: 65.4%) and RF (accuracy 72.8%) when using
all the evaluated types of data [36].

Chen et al. evaluated the predictive performance of four classifiers (SVM, NB, RF,
and KNN) in order to build a decision-support system that would improve the hepatitis B
staging using real-time elastography data. The results indicated that RF had the highest
accuracy for the prediction of stage 0 (82.8%), 1 (81.1%), 2 (88%), and 3 (91.2%) of liver
fibrosis [37].

These studies outline the high predictive performance of machine learning-based
models in various settings and use multiple types of data. However, the costs of performing
such analyses are high, especially for gene sequencing. In order to provide the best
screening strategy, it is important to identify the subjects with the highest risk based on
data that can be obtained with minimal costs and thus constitute an advantage of our study
that indicates a good predictive performance of machine learning models using data which
can be easily obtained.

Our study has several limitations, including a small cohort of patients and number of
predictors. At the same time, the trained models have the advantage of an easier imple-
mentation by the physicians. All chosen machine learning-based models have the ability
to handle small sample data [38]. Moreover, the used algorithms have proven superior
predictive performance when applied for datasets based mainly on categorical predictors in
comparison with other models such as gradient boosting [39], artificial neural networks [40],
support vector machines, extreme gradient boosting, multilayer perceptron [41] or linear
discriminant analysis [42].

We hypothesize that the model accuracies could be improved by adding repeated
serum measurements and liver elastography parameters which have been proven to be
useful biomarkers for viral hepatitis prediction [43—46].

Further studies on larger cohorts of patients could evaluate the predictive performance
of these ML-based models in different settings and populations. The results could aid
clinicians in the risk stratification process of adult patients who undergo a screening
program, and could help optimize the costs of the screening programs.

5. Conclusions

The machine learning-based models could be useful tools for HCV infection prediction
and for the risk stratification process of adult patients who undergo a viral hepatitis
screening program.

The results for HBV prediction using only clinical characteristics are modest in terms
of predictive performance.

These findings are important for clinicians and public health specialists because they
can be further validated and incorporated into national screening programs in order to
optimize them and to reduce their costs.

Author Contributions: Conceptualization, V.H., RM. and A.H.; methodology, A.N. and A.-M.A;
software, G.A.; validation, A.-5.M.-P.,, M.M.-P. and M.S.-C.; formal analysis V.H., RM. and A.C.;
investigation, I.-A.V. and E.M.; resources, A.B.; data curation V.H., R M. and A.H.; writing—original
draft preparation, V.H., R M. and A.H.; writing—review and editing A.-S.M.-P,, M.M.-P. and M.S.-C,;
supervision, V.H.; project administration, V.H.; funding acquisition, V.H. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was funded by European Union and Romanian Government through the
European Social Fund, grant number 136209.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Institutional Ethics Committee of University of Medicine and
Pharmacy ‘Grigore T. Popa’ (No. 151/13 January 2022).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the
study.



Int. |. Environ. Res. Public Health 2023, 20, 2380 80f9

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to local policies.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Ganem, D.; Prince, A.M. Hepatitis B Virus Infection—Natural History and Clinical Consequences. N. Engl. |. Med. 2004, 350,
1118-1129. [CrossRef] [PubMed]

2. Kruszon-Moran, D.; Paulose-Ram, R.; Martin, C.B.; Barker, L.K.; McQuillan, G. Prevalence and Trends in Hepatitis B Virus Infection
in the United States, 2015-2018; NCHS data brief; CDC: Atlanta, GA, USA, 2020; pp. 1-8.

3. Jefferies, M.; Rauff, B.; Rashid, H.; Lam, T.; Rafiq, S. Update on global epidemiology of viral hepatitis and preventive strategies.
World |. Clin. Cases 2018, 6, 589-599. [CrossRef] [PubMed]

4. McMahon, B.]J.; Alward, W.L.M.; Hall, D.B.; Heyward, W.L.; Bender, T.R.; Francis, D.P.; Maynard, J.E. Acute Hepatitis B Virus
Infection: Relation of Age to the Clinical Expression of Disease and Subsequent Development of the Carrier State. J. Infect. Dis.
1985, 151, 599-603. [CrossRef]

5. GBD 2019 Hepatitis B Collaborators. Global, regional, and national burden of hepatitis B, 1990-2019: A systematic analysis for
the Global Burden of Disease Study 2019. Lancet Gastroenterol. Hepatol. 2022, 7, 796-829. [CrossRef] [PubMed]

6.  World Health Organization. Global Health Sector Strategy on Viral Hepatitis 2016-2021. Towards Ending Viral Hepatitis; Contract No.:
WHO/HIV /2016.06; World Health Organization: Geneva, Switzerland, 2016.

7. Rosen, H.R. Chronic hepatitis C infection. N. Engl. J. Med. 2011, 364, 2429-2438. [CrossRef]

8.  Blach, S.; Zeuzem, S.; Manns, M.; Altraif, I.; Duberg, A.-S.; Muljono, D.H.; Waked, I.; Alavian, S.M.; Lee, M.-H.; Negro, F,; et al.
Global prevalence and genotype distribution of hepatitis C virus infection in 2015: A modelling study. Lancet Gastroenterol.
Hepatol. 2016, 2, 161-176. [CrossRef]

9.  Terrault, N.A,; Lok, A.S.F,; McMahon, B.J.; Chang, K.-M.; Hwang, J.P,; Jonas, M.M.; Brown, R.S,, Jr.; Bzowej, N.H.; Wong, ].B.
Update on prevention, diagnosis, and treatment of chronic hepatitis B: AASLD 2018 hepatitis B guidance. Hepatology 2018, 67,
1560-1599. [CrossRef]

10. Viitanen, P; Vartiainen, H.; Aarnio, J.; von Gruenewaldt, V.; Hakamaki, S.; Lintonen, T.; Mattila, A.K.; Wuolijoki, T.; Joukamaa,
M. Hepatitis A, B, C and HIV infections among Finnish female prisoners—young females a risk group. J. Infect. 2011, 62, 59-66.
[CrossRef]

11. Trépo, C.; Chan, H.L.; Lok, A. Hepatitis B virus infection. Lancet 2014, 384, 2053-2063. [CrossRef] [PubMed]

12.  Ansaldi, F; Orsi, A,; Sticchi, L.; Bruzzone, B.; Icardi, G. Hepatitis C virus in the new era: Perspectives in epidemiology, prevention,
diagnostics and predictors of response to therapy. World ]. Gastroenterol. 2014, 20, 9633-9652. [CrossRef]

13. Su,S.; Wong, W.C; Zou, Z.; Cheng, D.D.; Ong, J.J.; Chan, P; Ji, E; Yuen, M.-E,; Zhuang, G.; Seto, W.-K.; et al. Cost-effectiveness
of universal screening for chronic hepatitis B virus infection in China: An economic evaluation. Lancet Glob. Health 2022, 10,
e278-e287. [CrossRef] [PubMed]

14. Balsano, C.; Alisi, A.; Brunetto, M.R,; Invernizzi, P.; Burra, P; Piscaglia, F.; Alvaro, D.; Bonino, F.; Carbone, M.; Faita, F; et al. The
application of artificial intelligence in hepatology: A systematic review. Dig. Liver Dis. 2021, 54, 299-308. [CrossRef] [PubMed]

15. Haga, H.; Sato, H.; Koseki, A.; Saito, T.; Okumoto, K.; Hoshikawa, K.; Katsumi, T.; Mizuno, K.; Nishina, T.; Ueno, Y. A machine
learning-based treatment prediction model using whole genome variants of hepatitis C virus. PLoS ONE 2020, 15, e0242028.
[CrossRef] [PubMed]

16. Feldman, T.C.; Dienstag, ].L.; Mandl, K.D.; Tseng, Y.-J]. Machine-learning-based predictions of direct-acting antiviral therapy
duration for patients with hepatitis C. Int. ]. Med. Inf. 2021, 154, 104562. [CrossRef]

17.  Butt, M.B.; Alfayad, M.; Saqib, S.; Khan, M.A.; Ahmad, M.; Elmitwally, N.S. Diagnosing the Stage of Hepatitis C Using Machine
Learning. . Health Eng. 2021, 2021, 1-8. [CrossRef]

18. Barakat, N.H.; Barakat, S.H.; Ahmed, N. Prediction and Staging of Hepatic Fibrosis in Children with Hepatitis C Virus: A Machine
Learning Approach. Health Inf. Res. 2019, 25, 173-181. [CrossRef] [PubMed]

19. Hashem, S.; ElHefnawi, M.; Habashy, S.; El-Adawy, M.; Esmat, G.; Elakel, W.; Abdelazziz, A.O.; Nabeel, M.M.; Abdelmaksoud,
A.H.; Elbaz, TM.; et al. Machine Learning Prediction Models for Diagnosing Hepatocellular Carcinoma with HCV-related
Chronic Liver Disease. Comput. Methods Programs Biomed. 2020, 196, 105551. [CrossRef]

20. Richardson, A.M.; Lidbury, B.A. Infection status outcome, machine learning method and virus type interact to affect the optimised
prediction of hepatitis virus immunoassay results from routine pathology laboratory assays in unbalanced data. BMC Bioinform.
2013, 14, 1-8. [CrossRef]

21. Xia, Z.; Qin, L.; Ning, Z.; Zhang, X. Deep learning time series prediction models in surveillance data of hepatitis incidence in
China. PLoS ONE 2022, 17, €0265660. [CrossRef]

22.  Cortes, C.; Vapnik, V. Support-vector networks. Mach. Learn. 1995, 20, 273-297. [CrossRef]

23. Raikwal, J.S.; Saxena, K. Performance Evaluation of SVM and K-Nearest Neighbor Algorithm over Medical Data set. Int. |.
Comput. Appl. 2012, 50, 35-39. [CrossRef]

24. Lindley, D.V. Fiducial distributions and Bayes’ theorem. |. R. Stat. Soc. Ser. B 1958, 20, 102-107. [CrossRef]


http://doi.org/10.1056/NEJMra031087
http://www.ncbi.nlm.nih.gov/pubmed/15014185
http://doi.org/10.12998/wjcc.v6.i13.589
http://www.ncbi.nlm.nih.gov/pubmed/30430114
http://doi.org/10.1093/infdis/151.4.599
http://doi.org/10.1016/S2468-1253(22)00124-8
http://www.ncbi.nlm.nih.gov/pubmed/35738290
http://doi.org/10.1056/NEJMcp1006613
http://doi.org/10.1016/S2468-1253(16)30181-9
http://doi.org/10.1002/hep.29800
http://doi.org/10.1016/j.jinf.2010.10.011
http://doi.org/10.1016/S0140-6736(14)60220-8
http://www.ncbi.nlm.nih.gov/pubmed/24954675
http://doi.org/10.3748/wjg.v20.i29.9633
http://doi.org/10.1016/S2214-109X(21)00517-9
http://www.ncbi.nlm.nih.gov/pubmed/35063115
http://doi.org/10.1016/j.dld.2021.06.011
http://www.ncbi.nlm.nih.gov/pubmed/34266794
http://doi.org/10.1371/journal.pone.0242028
http://www.ncbi.nlm.nih.gov/pubmed/33152046
http://doi.org/10.1016/j.ijmedinf.2021.104562
http://doi.org/10.1155/2021/8062410
http://doi.org/10.4258/hir.2019.25.3.173
http://www.ncbi.nlm.nih.gov/pubmed/31406609
http://doi.org/10.1016/j.cmpb.2020.105551
http://doi.org/10.1093/bib/bbs007
http://doi.org/10.1371/journal.pone.0265660
http://doi.org/10.1007/BF00994018
http://doi.org/10.5120/7842-1055
http://doi.org/10.1111/j.2517-6161.1958.tb00278.x

Int. |. Environ. Res. Public Health 2023, 20, 2380 90f9

25.
26.
27.
28.
29.
30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Uddin, S.; Khan, A.; Hossain, E.; Moni, M.A. Comparing different supervised machine learning algorithms for disease prediction.
BMC Med. Inf. Decis. Mak. 2019, 19, 1-16. [CrossRef] [PubMed]

Breiman, L. Random forests. Mach. Learn. 2001, 45, 5-32. [CrossRef]

Bzdok, D.; Krzywinski, M.; Altman, N. Machine learning: Supervised methods. Nat. Methods 2018, 15, 5-6. [CrossRef]

Mahesh, B. Machine learning algorithms-a review. Int. J. Sci. Res. 2020, 9, 381-386.

Knights, D.; Costello, E.K.; Knight, R. Supervised classification of human microbiota. FEMS Microbiol. Rev. 2011, 35, 343-359.
[CrossRef] [PubMed]

Gokceen, I; Peng, ]. Comparing linear discriminant analysis and support vector machines. In Proceedings of the International
Conference on Advances in Information Systems, Izmir, Turkey, 23-25 October 2002; Springer: Berlin/Heidelberg, Germany, 2002.
Xia, Y. Chapter Eleven—Correlation and association analyses in microbiome study integrating multiomics in health and disease.
In Progress in Molecular Biology and Translational Science; Sun, J., Ed.; Academic Press: Cambridge, MA, USA, 2020; Volume 1717,
pp- 309-491.

Khalilia, M.; Chakraborty, S.; Popescu, M. Predicting disease risks from highly imbalanced data using random forest. BMC Med.
Inf. Decis. Mak. 2011, 11, 51. [CrossRef]

Langarizadeh, M.; Moghbeli, F. Applying Naive Bayesian Networks to Disease Prediction: A Systematic Review. Acta Inform.
Med. 2016, 24, 364-369. [CrossRef]

Uddin, S.; Haque, I; Lu, H.; Moni, M.A_; Gide, E. Comparative performance analysis of K-nearest neighbour (KNN) algorithm
and its different variants for disease prediction. Sci. Rep. 2022, 12, 1-11. [CrossRef]

Majzoobi, M.M.; Namdar, S.; Najafi-Vosough, R.; Hajilooi, A.A.; Mahjub, H. Prediction of Hepatitis disease using ensemble
learning methods. J. Prev. Med. Hyg. 2022, 63, e424—e428. [PubMed]

Zhou, W.; Ma, Y; Zhang, J.; Hu, J.; Zhang, M.; Wang, Y.; Li, Y.; Wu, L.; Pan, Y,; Zhang, Y.; et al. Predictive model for inflammation
grades of chronic hepatitis B: Large-scale analysis of clinical parameters and gene expressions. Liver Int. 2017, 37, 1632-1641.
[CrossRef] [PubMed]

Chen, Y,; Luo, Y.; Huang, W.; Hu, D.; Zheng, R.-Q.; Cong, S.-Z.; Meng, F.-K; Yang, H.; Lin, H.-].; Sun, Y.; et al. Machine-learning-
based classification of real-time tissue elastography for hepatic fibrosis in patients with chronic hepatitis B. Comput. Biol. Med.
2017, 89, 18-23. [CrossRef]

Kokol, P; Kokol, M.; Zagoranski, S. Machine learning on small size samples: A synthetic knowledge synthesis. Sci. Prog. 2022,
105, 00368504211029777. [CrossRef] [PubMed]

Lee, YYW.; Choi, ].W.; Shin, E.-H. Machine learning model for predicting malaria using clinical information. Comput. Biol. Med.
2020, 129, 104151. [CrossRef] [PubMed]

Wu, C.-C; Yeh, W.-C.; Hsu, W.-D; Islam, M.; Nguyen, P.A.; Poly, T.N.; Wang, Y.-C.; Yang, H.-C.; Li, Y.-C. Prediction of fatty liver
disease using machine learning algorithms. Comput. Methods Programs Biomed. 2019, 170, 23-29. [CrossRef] [PubMed]

Effah, C.Y,; Miao, R.; Drokow, E.K.; Agboyibor, C.; Qiao, R.; Wu, Y,; Miao, L.; Wang, Y. Machine learning-assisted prediction of
pneumonia based on non-invasive measures. Front. Public Health 2022, 10, 2238. [CrossRef]

Darvishi, S.; Hamidi, O.; Poorolajal, J. Prediction of Multiple sclerosis disease using machine learning classifiers: A comparative
study. J. Prev. Med. Hyg. 2021, 62, E192-E199. [CrossRef]

Shaheen, A.A.M.; Wan, A.F,; Myers, R.P. FibroTest and FibroScan for the Prediction of Hepatitis C-Related Fibrosis: A Systematic
Review of Diagnostic Test Accuracy. Am. ]. Gastroenterol. 2007, 102, 2589-2600. [CrossRef]

Atsukawa, M.; Tsubota, A.; Kondo, C.; Uchida-Kobayashi, S.; Takaguchi, K.; Tsutsui, A.; Nozaki, A.; Chuma, M.; Hidaka, I;
Ishikawa, T.; et al. A novel noninvasive formula for predicting cirrhosis in patients with chronic hepatitis C. PLoS ONE 2021, 16,
€0257166. [CrossRef]

Bang, C.S.; Kang, H.Y,; Choi, G.H.; Kim, 5.B.; Lee, W.; Song, .H. The Performance of Serum Biomarkers for Predicting Fibrosis in
Patients with Chronic Viral Hepatitis. Kor. J. Gastroenterol. 2017, 69, 298-307. [CrossRef] [PubMed]

Kramvis, A.; Chang, K.-M.; Dandri, M.; Farci, P; Glebe, D.; Hu, J.; Janssen, H.L.A.; Lau, D.T.Y.; Penicaud, C.; Pollicino, T.; et al. A
roadmap for serum biomarkers for hepatitis B virus: Current status and future outlook. Nat. Rev. Gastroenterol. Hepatol. 2022, 19,
727-745. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.1186/s12911-019-1004-8
http://www.ncbi.nlm.nih.gov/pubmed/31864346
http://doi.org/10.1023/A:1010933404324
http://doi.org/10.1038/nmeth.4551
http://doi.org/10.1111/j.1574-6976.2010.00251.x
http://www.ncbi.nlm.nih.gov/pubmed/21039646
http://doi.org/10.1186/1472-6947-11-51
http://doi.org/10.5455/aim.2016.24.364-369
http://doi.org/10.1038/s41598-022-10358-x
http://www.ncbi.nlm.nih.gov/pubmed/36415304
http://doi.org/10.1111/liv.13427
http://www.ncbi.nlm.nih.gov/pubmed/28328162
http://doi.org/10.1016/j.compbiomed.2017.07.012
http://doi.org/10.1177/00368504211029777
http://www.ncbi.nlm.nih.gov/pubmed/35220816
http://doi.org/10.1016/j.compbiomed.2020.104151
http://www.ncbi.nlm.nih.gov/pubmed/33290932
http://doi.org/10.1016/j.cmpb.2018.12.032
http://www.ncbi.nlm.nih.gov/pubmed/30712601
http://doi.org/10.3389/fpubh.2022.938801
http://doi.org/10.15167/2421-4248/jpmh2021.62.1.1651
http://doi.org/10.1111/j.1572-0241.2007.01466.x
http://doi.org/10.1371/journal.pone.0257166
http://doi.org/10.4166/kjg.2017.69.5.298
http://www.ncbi.nlm.nih.gov/pubmed/28539035
http://doi.org/10.1038/s41575-022-00649-z
http://www.ncbi.nlm.nih.gov/pubmed/35859026

	Introduction 
	Materials and Methods 
	Results 
	Discussion 
	Conclusions 
	References

