Electronic Journal of General Medicine
2024,21(6), em618
e-ISSN: 2516-3507

https://www.ejgm.co.uk/

MODESTUM

Original Article OPEN ACCESS

One-year mortality prediction of patients with hepatitis in
Kazakhstan based on administrative health data: A machine learning
approach

Iliyar Arupzhanov * @, Dmitriy Syssoyev 2 2| Aidar Alimbayev ® © Gulnur Zhakhina 2

Sauran Yerdessov 2 ¥ Amin Zollanvari* @ Abduzhappar Gaipov **

, Yesbolat Sakko 2 &,

!School of Engineering and Digital Sciences, Nazarbayev University, Astana, KAZAKHSTAN
2Department of Medicine, School of Medicine, Nazarbayev University, Astana, KAZAKHSTAN
*Mohamed bin Zayed University of Artificial Intelligence, Abu Dhabi, UAE

*Corresponding Author: abduzhappar.gaipov@nu.edu.kz

Citation: Arupzhanov I, Syssoyev D, Alimbayev A, Zhakhina G, Sakko Y, Yerdessov S, Zollanvari A, Gaipov A. One-year mortality prediction of
patients with hepatitis in Kazakhstan based on administrative health data: A machine learning approach. Electron J Gen Med. 2024;21(6):em618.
https://doi.org/10.29333/ejgm/15747

ARTICLE INFO
Received: 14 Oct. 2024
Accepted: 16 Dec. 2024

ABSTRACT

Background and objective: Hepatitis B virus (HBV) and hepatitis C virus (HCV) are major contributors to chronic
viral hepatitis (CVH), leading to significant global health mortality. This study aims to predict the one-year
mortality in patients with CVH using their demographics and health records.

Methods: Clinical data from 82,700 CVH patients diagnosed with HBV or HCV between January 2014 and December
2019 was analyzed. We developed a machine learning (ML) platform based on six broad categories including linear,
nearest neighbors, discriminant analysis, support vector machine, naive Bayes, and ensemble (gradient boosting,
AdaBoost, and random forest) models to predict the one-year mortality. Feature importance analysis was
performed by computing SHapley Additive exPlanations (SHAP).

Results: The models achieved an area under the curve between 0.74 and 0.8 on independent test sets. Key
predictors of mortality were age, sex, hepatitis type, and ethnicity.

Conclusion: ML with administrative health data can be utilized to accurately predict one-year mortality in CVH
patients. Future integration with detailed laboratory and medical history data could further enhance model
performance.
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reach 19 million from 2015 to 2030. WHO has set a target to
reduce mortality rates by 65% by 2030 [5]. Therefore, it is
important to develop an effective mortality prediction system
to assist clinicians in tailoring treatment strategies and
enhancing the survival rates of HBV and HCV patients.

INTRODUCTION

Millions of people are impacted by chronic viral hepatitis
(CVH), which makes it a substantial healthcare challenge
around the globe. It is characterized by persistent
inflammation of the liver caused by viral infections, primarily
the viruses known as hepatitis B virus (HBV) [1] and hepatitis C
virus (HCV) [2]. According to the World Health Organization
(WHO) report [3], there were an estimated 296 million people
who had chronic hepatitis B, while nearly 60 million individuals
had chronic hepatitis C (CHC), which made up 3.8% and 0.8%

Machine learning (ML) models have been widely utilized in
various healthcare applications. Several research papers have
employed ML techniques for predicting hepatitis [6-8]. For
instance, it was used six ML algorithms, including logistic
regression (LR), K-nearest neighbors (KNN), decision tree (DT),
support vector machine (SVM), XGBoost (XGB), and artificial
neural networks (ANN) to predict CHC [8]. Moreover, ML

of the world population, respectively in 2019. In Kazakhstan [4],
the inpatient and outpatient registries recorded a total of
82,700 individuals diagnosed with HBV or HCV between 2014
and 2019.

Infections caused by HBV [1] and HCV [2] are the primary
factors leading to chronic cirrhosis, hepatocellular carcinoma,
liver failure, and other liver-related deaths. WHO reported that
in 2019, HBV and HCV infections caused approximately 1.1
million deaths [3]. In the absence of further interventions, it is
projected that the estimated death toll from hepatitis could

techniques have been applied to predict treatment response in
patients with CVH [9-11]. It was predicted the treatment
response against L-ornithine L-Aspartate medicine in hepatitis
C patients utilizing various ML techniques, including naive
bayes (NB), random forest (RF), DT, and KNN, to name a few
[10]. Additionally, ML algorithms were used to diagnose the
stage of hepatitis [12]. Researchers have also leveraged ML
models to accurately predict the risk of mortality in patients
diagnosed with CVH, utilizing clinical and administrative data
[13-15]. However, there were no studies focusing on the
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Table 1. Description of clinical variables used in yearly-specific cohorts

Feature Description Unit Type
Type of hepatitis Chronic hepatitis C or chronic hepatitis B without delta function Binary Categorical
Sex Female or male Binary Categorical
Age Age at the diagnosis of hepatitis Years Numeric
Ethnicity Kazakhs, Russians, and others Ternary Categorical
Cirrhosis Complication for hepatitis (yes /no) Binary Categorical
Duration of hepatitis  Time from initial diagnosis to December 31% of the year preceding the prediction Years Numeric
Hospitalization Whether the patient was hospitalized or not (yes/no) Binary Categorical

predicting one-year mortality for CVH patients using only
administrative data, which encompasses demographic data
(age and sex), comorbidities and complications, diagnoses,
and characteristics of service providers. This focus is warranted
because these information are generally easy and inexpensive
to collect.

To address thisissue, we developed an ML platform to build
a model that predicts one-year mortality in patients with CVH.
The ML platform was developed using the clinical data of a
group of CVH patients diagnosed with hepatitis between
January 2014 to December 2019, collected from the
Kazakhstan unified national electronic health system (UNEHS)
[16]. The dataset was split into four groups to predict the one-
year mortality, using clinical data gathered until the end of the
previous year. Our study demonstrates the feasibility and
robustness of this ML platform, which utilizes aggregated
nationwide administrative healthcare data to predict one-year
mortality in CVH patients of Kazakhstan. Additionally, we
identified and ranked the clinical variables in the developed
predictive models.

A one-year mortality prediction model for hepatitis
patients can be used as an auxiliary tool in clinical practice. It
would enable medical professionals to create personalized
treatment strategies and take preventive measures to reduce
negative outcomes. Additionally, this model would help in
better managing healthcare resources, highlighting the need
for regular monitoring or additional care for patients
considered to be at higher risk.

RESULTS

Data Description

This study aims to use administrative health data to predict
the one-year mortality of CVH patients. To accomplish this
goal, clinical records of individuals diagnosed with either HBV
or HCV were extracted from the UNEHS [4] database between
January 2014 and December 2019 (for details on how the
patient cohort was selected, refer to the materials and
methods section). Patients with missing vital outcomes, either
deceased or alive, were excluded from the analysis. The
remaining data were then divided into four sub-cohorts,
corresponding to the years 2016, 2017, 2018, and 2019, to
predict yearly mortality for each year using clinical information
available until the end of the previous year. For instance, the
2017-cohort was formed from the patients who were alive as of
31t December 2016 with known outcome variable (for further
details, refer to Appendix A). The number of patients in 2016-,
2017-, 2018-, and 2019-cohorts is 29,301, 39,553, 50,618, and
63,541, respectively. However, it is important to note that the
dataset is highly imbalanced, as indicated by the ratios of
decedents to survivors in each cohort: 349:28,952 for 2016,
551:39,000 for 2017, 727:49,891 for 2018, and 783:62,758 for

Table 2. AUC estimates (mean + standard deviation) for each
classifier, calculated over 5-fold cross-validation applied to the
yearly-specific training sets

Classifier Auc
2016 2017 2018 2019

LRR 0.779+0.014 0.790+0.019 0.772+0.014 0.793 +0.010
PER 0.613+0.070 0.614+0.069 0.606+0.079 0.657+0.071
GNB 0.766 £0.023 0.778+0.011 0.754+0.011 0.775+0.01
SVM 0.780+0.015 0.789+0.013 0.772+0.013 0.791+0.010
KNN 0.558 £0.018 0.568 +£0.008 0.555+0.012 0.573+0.013
RF 0.646 £0.031 0.630+0.015 0.620+0.018 0.635+0.018
XGB 0.771+0.022 0.774+0.016 0.772+0.014 0.782+0.017
LGB 0.775+0.018 0.783+0.019 0.767+0.016 0.788+0.014
GBRT 0.776 £0.021 0.788+0.017 0.777 £0.014 0.789+0.019
ADB 0.785+0.017 0.788+0.019 0.772+0.012 0.791+0.011
LDA 0.780+0.016 0.789+0.014 0.771+£0.014 0.791+0.018
QDA 0.775+0.013 0.788+0.013 0.772+0.015 0.791+0.010

2019. Table 1 contains clinical variables used for predicting
mortality. We handled missing values by imputing the median
for numeric data and mode for categorical data using the
values from the training data. Furthermore, stratified random
sampling was used to divide each-year-specific cohort into a
training set (80% of the data) and a test set (20% of the data)-
this practice maintains the proportion of alive versus deceased
cases the same as in the full cohort. The training set is utilized
to train and select the predictive model, which is then
evaluated using the test set.

Yearly-Specific Classifier Training and Selection for One-
Year Mortality Prediction

Twelve different classifiers were utilized in this study: linear
models including logistic regression with L, ridge penalty
(LRR) [17], support vector machines with linear kernel (SVM)
[18], linear discriminant analysis (LDA) [19], and perceptron
(PER) [20]; Gaussian naive Bayes (GNB) [20], ensemble methods
including RF [21], XGB [22], LightGBM (LGB) [23], gradient
boosting with regression trees (GBRT) [24], and Adaboost with
decision trees (ADB) [25]; KNN [20]; quadratic discriminant
analysis (QDA) [19]. The selection of these classifiers is
discussed in detail in the Materials and Methods section. The
training process involved selecting the model and tuning its
hyperparameters on each yearly-specific training set using
stratified 5-fold cross-validation (5-fold CV). The area under the
curve (AUC) was chosen as a performance indicator for 5-fold
CV. Further information on the search space of
hyperparameters for each classifier can be found in the
Materials and Methods section. Table 2 provides the mean and
standard deviation of the AUC estimates obtained during 5-fold
CV for each classifier. The results indicate that the ADB, LRR,
GBRT, and LRR classifiers demonstrated the highest AUC values
for the 2016-, 2017, 2018-, and 2019-cohorts, respectively.
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Figure 1. A flow chart describing the constructed machine learning platform (Source: Authors’ own elaboration)
Table 3. Performance evaluation of the optimal yearly-specific classifier estimated on their corresponding test sets
Year Optimal classifier Balanced accuracy AUC Specificity Sensitivity G-mean
2016 AdaBoost 0.726 0.793 0.666 0.786 0.723
2017 Logistic regression 0.690 0.771 0.689 0.691 0.691
2018 Gradient boosting with regression trees 0.685 0.746 0.728 0.641 0.684
2019 Logistic regression 0.695 0.787 0.678 0.713 0.695

Evaluation of Year-Specific Classifiers for One-Year
Mortality Prediction

The final classifier for each sub-cohort was trained using
the optimal year-specific classifier and its hyperparameters
identified during the model selection phase. We evaluated
selected classifiers based on the respective yearly-specific test
sets, measuring performance through metrics such as
balanced accuracy, AUC, specificity, sensitivity, and geometric
mean score (G-mean).

Figure 1 illustrates the step-by-step process of selecting
the best predictive model and evaluating its performance.
Table 3 provides the performance results obtained on the held-
out test data. Additionally, Table A1, Table A2, Table A3, and
Table A4 in Appendix A include the confusion matrices for
eachyear-specific classifier, based on their test set evaluations.
Each classifier reached an AUC over 0.74, which is considered
“fair” based on the objective metrics of diagnostic tests.
Notably, classifiers from the years 2016 and 2019 obtained an
AUC over 0.78, approaching the “good” performance level (as
defined in [26]). Furthermore, the results indicate that each
classifier, except for the 2018-specific classifier, exhibited
greater sensitivity compared to specificity. For our specific

application, high sensitivity is a desirable feature as the risk of
failing to identify who is at risk of dying within a year is more
critical than mislabeling a patient as at risk of “death” who is
likely to survive.

Impact Direction and Importance of Each Feature for One-
Year Mortality Prediction

Our approach included conducting a SHapley Additive
exPlanations (SHAP) [27] analysis to achieve two main
objectives: firstly, to assess the individual significance of each
feature in predicting mortality; and secondly, to understand
how each feature influences the direction of the prediction.
SHAP values were computed for each year-specific classifier
selected during the model selection phase. In particular, we
computed SHAP values for the ADB classifier in the 2016-
cohort, the LRR classifier in the 2017- and 2019-cohorts, and
the GBRT classifier in the 2018-cohort. It is essential to note
that since no feature selection was conducted, SHAP values
were calculated for all clinical variables in the training dataset
(see discussion section for further details). The bee swarm plot
of SHAP values and bar plot of mean absolute SHAP values for
the 2018 year-specific cohort are depicted in left part and right
part in Figure 2, respectively. SHAP plots for the other year-
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Figure 2. SHAP results for a cohort of 2018 (left) bee swarm plot of SHAP values for the 2018 year cohort (red points show high
feature values for a patient, while blue points denote low feature values & red points with positive SHAP values show direct
relationship between the feature and the outcome, while the blue points with the same positive values suggest an inverse
relationship) & (right) bar plot of the mean absolute SHAP values for the 2018 year cohort (bar plot illustrates the importance of
each feature in predicting the outcome, where longer bars indicate a higher significance) (Source: Authors’ own elaboration)

specific cohorts can be found in Appendix A. From the right
part in Figure 2 it can be observed that age is the most
important predictive feature and the left part in Figure 2 shows
that older age has an association with higher mortality. To get
a summary of the SHAP values across cohorts, we computed
the average of the mean absolute SHAP values (AMAS) for each
feature. By computing the AMAS value for each feature, we
have obtained the following ranking of the features (in the
order of importance): age, sex, type of hepatitis, ethnicity,
duration of hepatitis, cirrhosis, and hospitalization. The
corresponding AMAS values for these features were 0.697,
0.298, 0.121, 0.099, 0.084, 0.039, and 0.020, respectively.
Obtained findings indicate four key factors-age, sex, type of
hepatitis, and ethnicity-rank as the most critical features for
one-year mortality prediction.

DISCUSSION

Several studies have utilized a combination of
administrative data (such as demographics and comorbidities)
and clinical data (including vital signs, laboratory results) for
mortality prediction of CVH patients. For instance, it was used
the NB, C4.5 classifier, and decision table to assess the risks of
hepatitis disease [28]. Among these algorithms, the NB
classifier demonstrated the best performance, achieving an f-
measure of 0.848, and a sensitivity of 0.853. It was utilized NB,
DT, SVM, and LR to predict HCV patient mortality. The LR
algorithm outperformed the other models achieving an f-
measure of 0.86 and a sensitivity of 0.87 [29]. Another study
focused on predicting the mortality of hepatitis patients using
the LR algorithm, which showed an f-measure of 0.75 and a
sensitivity of 0.9 [30]. It was predicted the mortality in patients
with HBV using six classifiers including DT, LR, SVM, RF, ADB,
and XGB [13]. Both ADB and LR outperformed the other
classifiers, achieving an AUC of 0.93. Notably, among the
reviewed studies, only it was reported an AUC and considered
model explainability by performing SHAP analysis [13]. Results
from their study indicated that bilirubin, high ascites levels,
age, alkaline, and malaise levels are important features, with
bilirubin being the most significant one.

In comparison to these studies, our predictive models
achieved lower AUC estimates. In particular, Table 3
demonstrates that classifiers developed for each specific year
reached an AUC in the range of 0.74 to 0.8-according to [26], an

AUCintherange of 0.7 to 0.8 is considered ‘fair’ for a diagnostic
test. Lower AUC estimates in our study can be partly explained
due to the “administrative” nature of our features, which are
generally easy to collect. In particular, in contrast with these
studies, we neither use vital indicators nor laboratory tests.

The findings of our research demonstrate that the four key
predictors of one-year mortality for patients with CVH are age,
gender, hepatitis type, and ethnicity. The left part in Figure 2,
as well as Figure A1, Figure A2, and Figure A3 in Appendix A,
illustrate a noticeable direct relationship between higher
mortality and predictors such as older age and male sex.
Furthermore, from the left part in Figure 2, it is observed that
HCV patients have a higher risk of mortality than HBV patients.
These findings are consistent with previous studies [13, 31, 32].

In particular, the association between older age and higher
mortality in CVH patients has been established by several
studies [31, 33]. In another work, it was examined the
relationship between age groups (20-49, 50-64, 65-85 years)
and mortality of patients with HCV based on data collected
from the veterans health administration hepatitis C clinical
caseregistry of the United States [34]. The findings showed that
patients in the older age groups (50-64 and 65-85 years) have
higher mortality rates compared to patients in the younger age
group (20-49 years). Similarly, research conducted on a
nationwide register-based cohort in Denmark demonstrated
that patients with HBV at an older age exhibit an elevated risk
of mortality in comparison to younger patients [32].

Several studies have examined the association between
sex and hepatitis mortality. A population-based cohort study
from France found that male patients with HBV have higher all-
cause and HBV-related mortality rates than their female
counterparts [35]. The outcome of our research aligns with this
study, demonstrating that males with CVH face an elevated risk
of mortality compared to females diagnosed with the same
disease. That being said, some studies have observed a greater
risk of all-cause mortality in female patients with HCV [36].

A comprehensive 13-year population-based study in Asia
found that patients with HCV faced a substantially increased
risk of cardiovascular outcomes and overall mortality
compared to those diagnosed with HBV [37]. Our study also
showed a similar tendency, supporting these findings. Another
factor of interest is the association between ethnicity and
mortality among patients. Several studies investigated the
prevalence and mortality of hepatitis in developed countries,
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considering ethnic disparities [38-40]. For example, a study
conducted based on the chronic hepatitis cohort study from
the United States revealed that African Americans had the
highest rates of mortality, 26% higher than white patients,
whereas Asian American/American Indian/Pacific Islander
patients had the lowest mortality rates [40]. Similar to our
conclusion, previous research based on the UNEHS database
also reported a noticeable difference of mortality rates
depending on ethnicity groups [41, 42].

Although our investigation utilized a relatively limited
number of administrative features (seven variables detailed in
Table 1), the constructed classifiers achieved an AUC in the
‘fair’ range, which is a noticeable accomplishment in predicting
one-year mortality in CVH patients. Another strength of our
work is that the data is collected from a population-based
registry and for a sufficiently long time that enables
constructing classifiers based on a true random sample of the
population. Moreover, this research is the first of its kind in
Central Asia, providing valuable insights on predicting one-
year mortality rates of hepatitis patients in the region. The
findings and the constructed models can help in creating better
treatment plans and approaches for managing hepatitis in
various healthcare environments. The findings could also be
useful in raising public awareness and promoting healthier
lifestyles to reduce hepatitis-related mortality.

Our study has several limitations. From a clinical
perspective, our study does not include laboratory data and
detailed medical histories of the patients. Moreover, important
information regarding comorbidities, such as diabetes
mellitus, HIV, cardiovascular diseases, renal diseases, and the
precise timestamp attached to each comorbidity, as well as
anthropometric indices (BMI), and alcohol use, were not
considered. Including these details could enhance the
accuracy and effectiveness of predictive models developed in
the future. However, incorporating such data would incur
additional costs.

From the standpoint of ML, our study lacks a feature
selection stage. Although, this stage is less crucial in our
current study due to the limited number of features and the
large sample size, the inclusion of clinical notes or laboratory
data could introduce additional features. In such a scenario, it
would be generally expected to have a feature selection stage
to mitigate the challenges related to high-dimensional data
(also referred to as the peaking phenomenon [43] in pattern
recognition). These aspects will be the subject of our future
investigations.

CONCLUSION

In this study, an advanced ML platform was developed to
predict one-year mortality in CVH patients using data from
administrative health records. The constructed classifiers
achieved an AUC in the range from 0.74 to 0.8, rated as ‘fair’ and
approaching ‘good’, according to standard diagnostic test
metrics. The AUC results indicate the feasibility of using solely
low-cost administrative health data to predict one-year
mortality in CVH patients. Moving forward, combining this data
with key comorbidities, laboratory data, body measurements,
and patients’ medical history could potentially lead to more
accurate and robust predictive models, further enhancing
patient care and treatment outcomes. The study identified that
the top four most important predictors are age, sex, type of

hepatitis, and ethnicity. These findings have significant
implications, potentially leading to better tailored treatment
approaches for hepatitis patients and could also support
public health initiatives and encourage the adoption of
healthier lifestyles to prevent hepatitis-related mortality.

MATERIALS AND METHODS

Study Population

The initial dataset obtained from UNEHS included a
substantial collection of 20,810,911 medical records from
UNEHS, covering years 2014 to 2019, as two separate
registries-inpatient and outpatient. Among the 11,157,509
records in the outpatient registry, 69,560 were unique patients
with CVH, identified using the international classification of
diseases 10% revision (ICD-10) codes for hepatitis, specifically
B18.1 (CVH B without delta-agent) and B18.2 (CVH C). The
inpatient registry comprised a total of 9,653,402 records,
involving 20,170 unique hepatitis patients (see Appendix A for
details on how patients were selected). After combining the
two registries and removing duplicates, the final cohort
consisted of 82,700 unique hepatitis patients. Ethical approval
was obtained from the Nazarbayev University Institutional
Review Ethics Committee (NU-IREC) #745/12062023. As the
study was conducted with secondary data from UNEHS, no
informed consent was obtained. All research methods followed
the “Reporting of studies conducted using observational
routinely collected health data” (RECORD) guideline.

Data Preprocessing

Patients with missing vital outcomes were excluded from
our analysis. The remaining data was organized into four year-
specific sub-cohorts: for the years 2016, 2017, 2018, and 2019.
Each sub-cohort was used to predict mortality for the
corresponding year, using the clinical data gathered until the
end of the previous year. The number of patients in each cohort
was, as follows: 29,301 in 2016-cohort, 39,553 in 2017-cohort,
50,618 in 2018-cohort and 63,541 in 2019-cohort, respectively.
However, it is important to note that the dataset is highly
imbalanced, as indicated by the ratios of decedents to
survivors in cohorts: 349:28,952 for 2016, 551:39,000 for 2017,
727:49,891 for 2018, and 783:62,758 for 2019. There were seven
clinical variables, including age, sex, type of hepatitis, duration
of hepatitis, cirrhosis, and hospitalization, to predict mortality.
For handling missing data, we imputed numeric feature values
using the median of the corresponding variables in the training
data, while missing categorical feature values were imputed
using the mode. Finally, each year-specific cohort was
randomly divided into training and test sets in an 80/20 ratio
using stratified sampling to ensure the same proportions of
decedents and survivors as in the complete cohort.

Model Training, Selection, and Evaluation

Twelve different classifiers were utilized in this study: linear
models including logistic regression with L, ridge penalty
(LRR), support vector machines with linear kernel (SVM), LDA,
and PER; GNB; ensemble methods including RF, XGB, LightGBM
(LGB), gradient boosting with regression trees (GBRT), and
Adaboost with decision trees (ADB); KNN; quadratic
discriminant analysis (QDA). Table 4 displays the
hyperparameter values that were utilized during the model
selection phase for these classifiers.
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Table 4. Search space of hyperparameters for model selection

using grid search with cross-validation

The selection of predictive models was influenced by
previous studies, in which these models had been commonly

employed to predict hepatitis infection, treatment response,

Candidate
Classifiers Hyperparameter hyperparameter and mortality rate. It was predicted the infected patients with
space HBV using NB, KNN, RF, and LR [7]. In another work, DT, LR,
LRR Penalty Lo SVM, RF, ADB, and XGB were used to predict mortality rate of
Regularization parameter C 100, 10,1.0, 0.1, 0.01 HBV patients [13]. In another study, RF, SVM, and LR were
PER Alpha 0.0001, 0.001,0.01 utilized to predict 30-day and 90-day mortality rates of patients
Penalty La L1, none diagnosed with alcoholic hepatitis [44]. LGB and XGB were
GNB — - employed for pre-diagnosis of acute liver failure in [45]. XGB is
Numbe.r of estimators 10, 100, 1000 regarded as one of the leading models for processing tabular
RF Maximum depth 2,5,10,20,50 . . L.
- — data and has been extensively utilized for Kaggle competitions
Maximum features auto’, ‘sqrt’, ‘log2 (46]
Maximum depth 5,10, 100 :
XGB Number of estimators 10, 100, 1000 We employ stratified 5-fold cross-validation (5-fold CV) to
Learning rate 0.001,0.01,0.1 select the best predictive model on each yearly-specific
Maximum depth 5,10,100 training set. The entire procedure of model selection using a 5-
LGB Number of estimators 10, 100, 1000 fold CV is illustrated in Figure 3. The AUC is used as the
Learning rate 0.001,0.01,0.1 performance metric for selecting a year-specific classifier, as
GRBT Number of estimators 10, 100, 1000 the AUC is not reliant on any particular decision threshold in
Learning rate 0.001,0.01,0.1 the classifier. Moreover, the decision threshold is further tuned
AdaBoost Number Of estimators 10, 100, 1000 to achieve the highest G-mean, especially in highly imbalanced
Learning rate 0.001,0.01,0.1 . s .. .
KN Number of neighbours 35 datasets where a ‘default d.eC|S|on. threshold could results in
Penalty 5 low .G-mean scores. The fine-tuning prqcess was done by
SUM Kernel Linear varying the threshold between 0 and 1 in increments of 0.001
Regularization parameter C 0.1,05,1,5 and calculating the G-mean at each threshold point.
LDA Solver ‘svd’, ‘lsqr’, ‘eigen’ The optimal year-specific classification rule, along with its
Tolerance 0.00001, 0.0001,0.0003  hyperparameter values determined through 5-fold cross-
Quadratic Regularization parameter 0.1,0.5,0.7,0.9 validation, was utilized to train a final year-specific classifier on
‘::acl;;"s'”a”t Tolerance 0.00001,0.0001,0.0003  the complete normalized training set.
[ - sel

NN
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2, K-Nearast Naighbors

4, Random Forest

5. AdaBoost with Decision Trees

6. Gradient Boosting with Regression Trees
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| | 9 Linear Discriminant Analysis
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11. Suppon Vector Machines

12. Perceptron

Search space denoted : ©

3. Logistic Regression with L2 ridge penalty E
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Figure 3. Diagram illustrating the model selection implemented using 5-fold cross-validation (Source: Authors’ own elaboration)
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Software and Packages

The computational work for this study was conducted on a
virtual server, which was powered by an AMD Opteron
Processor 6174 at 2.19 GHz. This server was equipped with 22
processors, a total storage capacity of 3.9 TB, and 200 GB of
RAM. The main program was done in Python (version 3.11;
Python Software Foundation), utilizing open-source packages
such as scikit-learn, pandas, seaborn, matplotlib, XGB,
lightgbm, and shap.

Author contributions: 1A: implemented ML framework and
contributed to drafting the manuscript; DS: involved in data
management, offered clinical expertise, and assisted in manuscript
preparation; AA: assisted in implementing the ML framework; GZ, YS,
& SY: participated in managing the data; AZ: designed the ML
framework, drafting the manuscript, and took part in the experimental
design and coordination; & AG: initiated the study, provided clinical
insights, and played a key role in both coordinating the study and
drafting the manuscript. All authors have agreed with the results and
conclusions.
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APPENDIX A: SUPPLEMENTARY MATERIALS

Supplementary Tables

Table Al. Confusion matrix for 2016-year cohort test set

Predicted
Negative Positive
Actual Negative True negative = 3,857 False positive =1,934
Positive False negative = 15 True positive =55
Table A2. Confusion matrix for 2017-year cohort test set
Predicted
Negative Positive
Actual Negative True negative =5,376 False positive = 2,425
Positive False negative = 34 True positive =76
Table A3. Confusion matrix for 2018-year cohort test set
Predicted
Negative Positive
Actual Negative True negative = 7,269 False positive = 2,710
Positive False negative = 52 True positive =93
Table A4. Confusion matrix for 2019-year cohort test set
Predicted

Negative

Positive

Negative

True negative = 8,504

False positive = 4,048

Actual —
Positive

False negative = 45

True positive =112

Supplementary Figures

SHAP analysis plots

In Figure A1, Figure A2, and Figure A3, a red dot in plots on the left indicates a high value of the feature for a patient, whereas
a blue dot represents a low value. Positive SHAP values for red dots show a direct relationship between the feature and the
outcome, whereas the same values for blue dots imply an inverse relationship. The direction of SHAP values, positive or negative,
corresponds to an increase or decrease in the likelihood of mortality, respectively. The plot on the right illustrates the feature
importance on outcome prediction made by the model (a longer bar shows a more significant predictor).

High

Feature Value

Low |
-1 0 1 2 3 4 5
SHAP value (impact on model output)

Ethnicity

Type of Hepatitis

Duration of Hepatitis -
Cirthosis ]

Hospitalisation

0.0 0.1

02

0.3

0.4 05

0.6

mean(|SHAP value|) (average impact on model output magnitude)

Figure Al. SHAP analysis of 2016-specific cohort: (left) SHAP bee swarm plot & (right) bar plot of the mean absolute SHAP values

for 2016-specific cohort (Source: Authors’ own elaboration)
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Figure A2. SHAP analysis of 2017-specific cohort: (left) SHAP bee swarm plot & (right) bar plot of the mean absolute SHAP values
for 2017-specific cohort (Source: Authors’ own elaboration)
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Figure A3. SHAP analysis of 2019-specific cohort: (left) SHAP bee swarm plot & (right) bar plot of the mean absolute SHAP values
for 2019-specific cohort (Source: Authors’ own elaboration)

Description of the sub-cohort selection

Figure A4 illustrates six distinct patient groups in our dataset. A triangle indicates the date of hepatitis diagnosis, while a circle
indicates the exit date, which signifies the death of a patient. For instance, we choose the year 2018 as the year of observation. The
subcohort for 2018 is made out of two patient groups. The first group (case group) includes patients who were diagnosed before
the beginning of 2018 and died during that year (similar to case 1 in Figure A4, which is identified by a grey line and markers). The
second group (control group) comprises patients diagnosed before the beginning of 2018 but were still alive during that year
(similar to case 2 and 4, which are also highlighted by grey lines and markers). Patients who died before the start of 2018 were
excluded from the subcohort (case 3 in Figure A4). Similarly, those who were diagnosed with hepatitis during 2018 were excluded
from the subcohort either (case 5 or case 6 in Figure A4). Only patients with available clinical information and who were alive up
to the end of 2017 were included. Therefore, we chose subcohorts for 2018 and predicted one-year mortality for 50,618 patients
out of a total of 82,700 patients. It is noteworthy that hepatitis can occur much earlier than the diagnosis date.

2016 2017 2018 2019

> ®
> ®
—1—0

>
p——=~0

Figure A4. Description of sub-cohort selection (Source: Authors’ own elaboration)
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Electronic Outpatient Registry Electronic Inpatient Regisiry
(N = 11,157 509) (N =9,653,402)

Removing records Removing records
unrelated to hepatitis unrelated to hepalilis
(N = 10,925,854) (N = 9,585,045)
Removing duplicates Removing duplicates
by patient ID by patient ID
(N = 162,095) {N = 48,187)
Outpalient hepalitis Inpaltient hepalilis palienis

(N = 65,560) (N =20,170)

Removing duplicates due to
overap and keeping only
HBV and HCV palients
{N =7,030)

Final cohort
afler merging two registries
(N = 82,700)

Figure A5. The flowchart of stepwise cohort selection (Source: Authors’ own elaboration)
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