_ Journal of the
Published by R . .
NIGERIAN SOCIETY OF PHYSICAL SCIENCES Nigerian Society
Available online @ https://journalnsps.org.ng/index.php/jnsps o
of Physical

Exploring the effect of ensemble size and technique on predictive
accuracy of hepatitis B outcome
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Abstract

Machine learning (ML) models for hepatitis B virus (HBV) outcome prediction must address high variance, bias, and class imbalance. Previous
ensemble-learning studies have commonly combined only two models or considered a limited set of ensemble techniques. This study evaluates
how ensemble size, from two to five models, affects performance across voting, bagging, boosting, and stacking approaches. Experiments
evaluated ten machine learning models on the UCI Hepatitis dataset using 5-fold cross-validation, with performance assessed using accuracy,
precision, recall, F1-score, and area under the receiver operating characteristic curve (AUC). Among individual models, the support vector
machine (SVM) achieved the highest accuracy (84.52%) and an AUC of 0.873, while CatBoost and random forest (RF) achieved accuracies
of 83.87% and 83.23%, respectively; K-nearest neighbors (KNN) and naive Bayes (NB) produced comparatively high recall. The five-model
soft-voting ensemble achieved 91.84% accuracy, 0.960 AUC, 92.16% F1-score, and 95.92% recall. These findings indicate that multi-model
ensembles can improve outcome prediction and high-risk patient identification. The results also suggest that performance depends on strategic
model selection rather than ensemble size alone. The proposed 2 + n framework provides a structured approach to flexible model combination
across ensemble techniques. Validation using larger, independent clinical datasets is required before broader application.
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1. Introduction than two models and using ensemble techniques such as bag-
ging and boosting can further enhance predictive performance
[3, 4]. This study develops and evaluates ensemble methods for
forecasting outcomes in patients with hepatitis B.

Hepatitis B virus (HBV) infection affects approximately
254 million people worldwide and can be transmitted through
infected blood, unprotected sexual contact, or maternal trans-
mission [5, 6]. Although hepatitis B vaccination is an effec-
tive means of preventing hepatitis B virus (HBV) infection,
many individuals with HBV infection remain undiagnosed be-
cause the infection is often asymptomatic or produces only
mild symptoms in its early stages. Consequently, individ-

Machine learning (ML) has become increasingly important
for decision-making in fields such as healthcare [1]. ML en-
ables researchers to identify and forecast disease progression in
patients with hepatitis B, a viral infection that can cause severe
health complications. Combining multiple ML models through
ensemble learning can improve predictive performance by ad-
dressing limitations of individual methods [2]. Merging more
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uals may remain unaware of their infection until substantial
liver disease develops, highlighting the importance of early
detection and screening alongside vaccination. Conventional
assessment relies on blood tests and clinical evaluations [7],
which may not identify early disease progression in every case.
Machine-learning algorithms can extract information from pa-
tient databases to support prediction [8]. Ref. [9] reported
95% prediction accuracy using model combinations, although
broader multi-model integration and ensemble techniques re-
main areas of research. Ensemble learning has also been inves-
tigated for early detection and treatment-related applications in
hepatitis B [10].

Ref. [9] reported progress in hepatitis B outcome prediction
using ML models, with 95% accuracy obtained by combining
logistic regression (LR) and support vector machine (SVM).
Such predictive systems may support timely treatment, patient
monitoring, and lifestyle modification. The study nevertheless
had three constraints: it limited the ensemble to two models,
used a voting classifier without comparing bagging, boosting,
or stacking, and used a dataset with substantial class imbalance
(123 survival cases and 32 mortality cases), which can com-
plicate predictive performance and identification of high-risk
patients.

Ref. [11] developed an interpretable ML system for diag-
nosing hepatitis B. The study combined predictive performance
with explanatory methods and used feature assessment and vi-
sualization to show how patient attributes affected predictions.
The work emphasized interpretability as an important require-
ment for clinical systems [12] and provided a basis for subse-
quent HBV prediction research.

Harabor and colleagues used ML techniques to predict hep-
atitis B and C seropositivity. Their study employed logistic re-
gression, support vector machines, and ensemble approaches to
analyze demographic and laboratory data [13]. The authors re-
ported accuracy above 90% for some methods and emphasized
consideration of both precision and recall in medical testing.

Ref. [14] investigated machine-learning methods for pre-
dicting disease progression in chronic HBV infection.

Feng and Cheng (2024) developed an XGBoost-based
model for predicting esophagogastric varices using ultrasound
and conventional blood-test measurements.

Ref. [15] used ML to study serological HBV profiles and
associated risk factors. The resulting models provided informa-
tion relevant to public-health assessment of HBV distribution.
Ref. [5] developed virology-informed neural networks (VINNs)
to model HBV infection by incorporating biological knowledge
into predictive methods.

Ref. [16] are cited in the manuscript in connection with the
effect of multiple complications on survival in patients with
HBV-associated cirrhosis. The cited work used multivariable
ML models to examine 1-, 3-, and 5-year mortality and high-
lighted the importance of considering multiple comorbidities in
patient assessment.

Pavani and colleagues developed ML methods for liver-
disease prediction that included feature-selection techniques
and hybrid ensemble models [17]. Related research also re-
ported that appropriate feature selection and ensemble learning

can improve generalization [18]. In Kazakhstan, researchers
used administrative health data to forecast one-year mortal-
ity among patients with hepatitis, showing the potential value
of non-clinical health-system data for prognosis and resource
planning [19].

Ref. [20] conducted a comparative analysis of deep-
learning and ensemble methods for time-series forecasting,
demonstrating the application of ensemble approaches to fore-
casting tasks. The manuscript links this work to HBV and cites
Ref. [21] as evidence that combining model types can improve
prediction for chronic-disease applications over time.

Bai and colleagues combined ML with liver stiffness mea-
surements (LSM) to identify liver cirrhosis in patients with
chronic HBV [22]. Their approach demonstrated the potential
of non-invasive measurements combined with ML. Butkevych
and colleagues applied recurrent neural networks (RNNs) to
forecast acute and chronic hepatitis B case counts in Ukraine
[23]. Using long-term epidemiological surveillance data, the
model captured seasonal patterns, outbreak trends, and other
temporal dynamics. The study illustrates how deep learning
may support public-health planning beyond individual diagno-
sis [24].

Ref. [9] proposed an ensemble ML approach for predicting
hepatitis B patient outcomes. The authors tested algorithms in-
cluding random forest (RF), Light Gradient Boosting Machine
(LightGBM or LGBM), and LR and combined selected mod-
els in a voting ensemble. They also used SHAP to interpret
the effects of features such as platelet count and alanine amino-
transferase (ALT). The ensemble combinations were limited to
two models at a time, leaving scope for larger and more diverse
ensembles.

The workflow of the existing system in Ref. [9] is shown
in Figure 1. It includes duplicate removal, missing-value han-
dling, chi-square feature selection, synthetic minority over-
sampling technique (SMOTE) balancing, standardization, and
model training. Models include SVM, decision tree, RF, naive
Bayes, LR, and boosting-based algorithms. The two highest-
performing models, SVM and LR, each achieved approxi-
mately 92.5% accuracy and were combined in a voting clas-
sifier that achieved approximately 95% accuracy. Performance
was evaluated with confusion matrices and receiver operating
characteristic (ROC) curves, while SHAP and LIME were used
for explainability.

The ensemble framework in Ref. [9] shows strong pre-
dictive performance but has methodological limitations. The
train/test split was performed before dataset balancing, which
may have introduced a potential risk of information leakage.
It also notes that the preprocessing description is incomplete,
which makes the experimental setup difficult to assess. In addi-
tion, reliance on basic voting may limit model diversity. These
observations motivate evaluation of data-processing choices
and aggregation approaches such as bagging and boosting.

Unlike earlier hepatitis B prediction studies that generally
combined two classifiers or tested a single ensemble method,
the proposed 2 + n framework provides a structured, incre-
mental approach to ensemble construction. It begins with the
best-performing base classifier and adds complementary mod-
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Figure 1: Architectural model of the existing system.

els using greedy forward selection. The framework evaluates
increasing ensemble size across voting, bagging, boosting, and
stacking. Its contribution is therefore a structured experimen-
tal procedure for examining how ensemble size and ensemble
technique affect predictive performance and interpretability in
hepatitis B outcome prediction.

The aim of this study is to develop and evaluate an
ensemble-learning framework that combines ML models at a
rate of 2 + n, where n > 0, using different ensemble methods
to predict hepatitis B patient outcomes and to interpret the re-
sults with SHAP and LIME. The objectives are to evaluate LR,
decision tree classifier (DT), RF, SVM, K-nearest neighbors
(KNN), naive Bayes (NB), AdaBoost (AB), CatBoost (CB),
and LGBM using clinical and demographic data; to evaluate
ensembles of two to five models using voting, bagging, boost-
ing, and stacking and compare accuracy, precision, recall, F1-
score, and area under the ROC curve (AUC); and to integrate
SHAP and LIME explanations to improve the interpretability
of predictions for healthcare professionals.

2. Workflow of the new methodology

This study adopts an experimental research design. Fig-
ure 2 summarizes the workflow used to identify combinations
of models and techniques that provide a suitable balance of ac-
curacy and interpretability.

2.1. Dataset collection and description

The workflow begins with the UCI Hepatitis dataset, which
contains 155 patient records with demographic and clinical
data. The target variable represents whether a patient survived
or died. Missing values occur in several clinical attributes; be-
fore preprocessing, 167 of 3,100 data cells were missing, cor-
responding to an overall missing-data rate of approximately
5.39%.

Table 1: Summary of the UCI Machine Learning Repository
hepatitis dataset.

S/N  Features Description
1 Dataset types Multivariate
2 Atribute types Categorical,

integer, real

3 Total features (columns) 20
4  Total instances 155
5 Numeric features 6
6  Categorical features 14
7  Target column Class
8  Classification categories Die/Live
9  Number of live instances 123
10 Number of die instances 32
11 Data source UCI ML
Repo

2.2. Data preprocessing and preparation

The dataset was obtained from the University of California,
Irvine (UCI) Machine Learning Repository. As summarized in
Table 1, it contains 20 attributes: 19 input features compris-
ing clinical, laboratory, and demographic information and one
target variable indicating whether the patient died or lived.

The input variables are Age, Sex, Steroid, Antivirals, Fa-
tigue, Malaise, Anorexia, Liver Big, Liver Firm, Spleen Palpa-
ble, Spiders, Ascites, Varices, Bilirubin, Alkaline Phosphatase,
SGOT, Albumin, Protime, and Histology; the Class attribute is
the target outcome (Die or Live). The dataset was examined for
duplicate samples. Missing numerical values were filled with
the median using the £illna method. Median imputation was
selected because the dataset is relatively small and contains sev-
eral skewed clinical measurements; it is less sensitive to outliers
than mean imputation and provides a simple, reproducible ap-
proach. Multiple imputation by chained equations (MICE) may
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Figure 2: Architectural model of the proposed system.

be explored in future work.
After data preprocessing, the dataset was divided into train-
ing and testing sets using a stratified 80/20 split to preserve
the original class distribution. Feature selection was then per-
formed on the training data using the chi-square (y?) test, and
the top 80% of the most significant features were selected [25].
_ XN T H

Z_ ’
(o

[xi, iy o] € fis 1

where x; is the original value of the (i)¢h continuous numerical
feature f;, u; is the mean of feature f;, and o is the standard
deviation of feature f;.

The selected features were subsequently standardized using
Z-score scaling, with scaling applied only to continuous numer-
ical variables, such as age and laboratory measurements, and
not to categorical variables after numerical encoding. SMOTE
was then applied only to the training data to address class im-
balance and prevent information leakage into the testing set.
The same selected feature subset and scaling procedure were
applied to the testing data without applying SMOTE.

Scaling gives the features comparable influence and helps
the models learn signal rather than noise.

2.3. Trainftest split

Stratified sampling was used to maintain the original class
distribution, with 80% of the data allocated to training and
20% to testing. The train and test subsets therefore retained
the expected minority-to-majority distribution, with an overall
survival-to-mortality ratio of approximately 3.8:1. The models
learned patterns from the training data and were evaluated on
previously unseen testing data.

2.4. Model training and evaluation

Ten models were evaluated: LR, DT, RF, SVM, gra-
dient boosting classifier (GB), KNN, NB, AB, CB, and
LGBM. For reproducibility, predefined parameter settings
from scikit-learn, CatBoost, and LightGBM were used. LR

was configured with max_iter = 500, class_weight
"balanced", and random_state = 42. DT and RF also
used class_weight = "balanced" and random_state =
42. SVM used probability = True, class_weight
"balanced", and random_state = 42.

2.5. Ensemble learning (2 + n models)

Unlike earlier studies that limited ensemble construction to
two-model pairings, the proposed 2 + n approach incrementally
expands the ensemble using greedy forward selection. It begins
with the best-performing classifier and adds models only when
they provide measurable improvement. This procedure allows
systematic evaluation of the relationship between ensemble size
and predictive performance across voting, boosting, bagging,
and stacking [2].

The study tests the hypothesis that combining different ML
models improves performance relative to individual models.
To avoid combinatorial explosion, greedy forward selection
starts with the best-performing classifier and iteratively adds
the model that most improves ensemble performance. Here, n
denotes the number of additional base models selected through
the greedy procedure, producing ensemble sizes from two to
five models.

2.6. Performance analysis

Base models and ensembles were compared using accuracy,
precision, recall (sensitivity), F1-score, AUC, and the standard
deviation of AUC across 5-fold cross-validation. Recall was
emphasized because false-negative outcomes are important in
high-risk patient identification. No statistical significance tests
were performed because of the limited sample size and ex-
ploratory nature of the study.

2.7. Model explainability

To support interpretability, final-model predictions were ex-
amined with SHAP (SHapley Additive exPlanations), which as-
signs a contribution value to each feature for each prediction
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[26], and LIME (Local Interpretable Model-agnostic Explana-
tions), which fits local surrogate models to explain individual
predictions [27].

2.8. Experimental design

The experimental design is objective-driven: each objective
is mapped to a specific experiment with controlled variables
and standardized evaluation metrics. Figure 3 summarizes the
mapping of experiments to outcomes.

For the first objective, after preprocessing, the UCI hepati-
tis B dataset was divided using a stratified 80/20 train/test split.
Feature selection and scaling were then performed, followed by
SMOTE applied only to the training data to avoid leakage, and
individual models were evaluated using 5-fold cross-validation.
Accuracy, precision, recall, F1-score, AUC, and standard devi-
ation of AUC were recorded.

For the second objective, greedy forward selection was used
to construct ensembles by combining the two best models and
then successively adding models to obtain three-, four-, and
five-model ensembles. Voting, bagging, boosting, and stack-
ing were evaluated under the same dataset and evaluation con-
ditions to determine how performance changed with ensemble
size. For the third objective, SHAP provided global explana-
tions and LIME provided local explanations of model predic-
tions [1].

3. Results and discussion

After data preprocessing, the dataset was divided using a
stratified 80/20 train/test split, producing 124 training and 31
testing instances. Feature selection retained 15 attributes: Age,
Sex, Steroid, Fatigue, Malaise, Spleen Palpable, Spiders, As-
cites, Varices, Bilirubin, Alkaline Phosphatase, SGOT, Albu-
min, Protime, and Histology. The selected features were stan-
dardized using Z-score scaling, and SMOTE was applied only
to the training data, yielding a balanced training set of 196 sam-
ples. Model performance was evaluated using 5-fold stratified
cross-validation.

3.1. Distribution of nominal features

Figure 4 shows the distribution of nominal features by pa-
tient outcome (Die or Live). The two outcome groups show
different patterns across clinical and demographic indicators.
Fatigue and Malaise occur in both groups, while treatment fac-
tors such as Steroid use and diagnostic factors such as His-
tology show distinct distributions. Ascites and Varices occur
less frequently, reflecting their presence in fewer patients in this
dataset.

3.2. Performance of individual models

The analysis compares the predictive performance of ML
models on the imbalanced hepatitis B dataset. Metrics obtained
through 5-fold stratified cross-validation include accuracy, pre-
cision, recall, F1-score, and AUC. AUC reflects discriminatory
ability, while recall is particularly relevant to identification of
high-risk patients. The standard deviation of AUC (Std AUC)

was also used to assess stability across folds. Table 2 summa-
rizes the results.

The results in Table 2 show differences in classification be-
havior across models. SVM achieved the highest mean AUC
and the lowest variability across folds, indicating comparatively
strong generalization in this experiment. CatBoost and RF also
showed competitive performance. NB and KNN produced high
recall at the expense of precision, reflecting more aggressive
minority-class detection.

3.3. Interpretation of class-wise performance

The confusion matrices in Figure 5 show the models’ per-
formance on survival and mortality outcomes. The class im-
balance makes mortality prediction more difficult and increases
the importance of recall for the minority class.

NB and KNN show relatively high sensitivity for deceased
patients but also produce more false positives by classifying
some living patients as deceased. SVM, CatBoost, and RF pro-
vide a different balance between recall and precision. ROC
analysis further evaluates the ability of the models to distin-
guish survival from mortality outcomes. Figure 6 presents the
5-fold cross-validation ROC curves.

As shown in Figure 6, the decision-tree model has the weak-
est class-separation ability, with an ROC curve closer to the di-
agonal. Several ensemble methods produce ROC curves that
rise more rapidly toward the upper-left region. The results
demonstrate the need to assess multiple metrics because in-
creased recall for mortality prediction can be accompanied by
more false-positive alerts. SVM and CatBoost provide compar-
atively balanced sensitivity and precision in this experiment.

The model-explainability outputs are shown in Figures 7
and 8 and are discussed in the model-explainability subsection.

3.4. Ensemble learning results

Base classifiers for the ensembles were selected using the
forward greedy approach. The evaluated ensemble strategies
were hard and soft voting, bagging, boosting, and stacking.

3.4.1. Voting

Ensembles containing two to five models were evaluated
using hard and soft voting. Table 3 presents the results.

Voting ensembles outperformed the individual models on
several metrics in Table 3. The two-model SVM-RF ensem-
ble achieved 88.27% accuracy with hard voting and 90.31% ac-
curacy with soft voting, with an AUC of 0.963 for the latter.
Adding CatBoost produced 90.82% accuracy, 93.88% recall,
and an AUC of 0.964 with soft voting. The four-model en-
semble showed a small reduction in some metrics after LR was
added. The five-model soft-voting ensemble achieved the high-
est accuracy (91.84%), with 95.92% recall, a 92.16% F1-score,
and an AUC of 0.960.

3.4.2. Bagging ensemble results

The performance of the bagged classifiers was assessed us-
ing 5-fold cross-validation, with metrics including accuracy,
precision, recall, Fl-score, area under the curve (AUC), and
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with logistic regression demonstrated the strongest overall per-
formance across the clinically relevant evaluation metrics per-
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Table 2: Comparative performance of individual models (5-fold cross-validation).

Model Accuracy (%) Precision (%) Recall (%) Fl-score (%) AUC Std AUC
Support Vector Machine 84.52 65.52 57.14 59.62 0.873 0.043
CatBoost 83.87 60.95 63.33 61.95 0.843 0.062
Random Forest 83.23 64.00 50.48 55.76 0.842 0.069
Naive Bayes 65.16 37.16 84.76 51.10 0.840 0.067
K-Nearest Neighbors 76.13 46.50 81.43 58.98 0.837 0.061
Logistic Regression 80.65 53.69 66.19 58.66 0.828 0.071
Gradient Boosting 78.71 51.21 47.62 49.17 0.813 0.076
AdaBoost 80.65 56.07 50.48 52.94 0.811 0.049
LightGBM 78.71 50.50 56.19 52.47 0.807 0.060
Decision Tree 71.61 38.02 40.95 38.55 0.602 0.077
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Figure 5: Confusion matrices of the evaluated classifiers.

formance among all studied ensembles because it achieved
81.29% accuracy and 68.57% recall and 0.843 AUC perfor-
mance while using bootstrap resampling to decrease variance.
The bagging method with decision trees achieved 83.23% accu-
racy but only 44.76% recall which showed its struggle to iden-
tify cases of the minority class. K-Nearest Neighbors (KNN)
achieved poor performance because it attained an F1 score of
9.35% and an AUC score of 0.642 because the system lost sta-
bility when local data distributions changed.

3.4.3. Boosting ensemble results

Four boosting algorithms were assessed using 5-fold strati-
fied cross-validation, as shown in Table 5.

CatBoost achieved 83.87% accuracy and an AUC of 0.848.
This performance is attributed to ordered boosting, which can
reduce prediction error and overfitting on small datasets. Ad-
aBoost achieved 83.23% accuracy and an AUC of 0.828. Gradi-
ent Boosting achieved 81.94% accuracy and an AUC of 0.792,
while LightGBM produced the lowest AUC among the boosting
models. Under the evaluated conditions, voting ensembles out-
performed these boosting configurations on the principal met-
rics.
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Table 3: Performance of voting-ensemble models.

No. of models Base models Voting type  Accuracy (%) Precision (%) Recall (%) Fl-score (%) AUC
2 SVM, RF Hard 88.27 87.88 88.78 88.32 N/A
2 SVM, RF Soft 90.31 88.35 92.86 90.55 0.963
3 SVM, REF, CatBoost Hard 90.31 86.92 94.90 90.73 N/A
3 SVM, REF, CatBoost Soft 90.82 88.46 93.88 91.09 0.964
4 SVM, REF, CatBoost, Hard 89.80 88.24 91.84 90.00 N/A

Logistic Regression
4 SVM, REF, CatBoost, Soft 90.31 88.35 92.86 90.55 0.959
Logistic Regression
5 SVM, REF, CatBoost, Hard 90.31 87.62 93.88 90.64 N/A
Logistic Regression,
KNN
5 SVM, REF, CatBoost, Soft 91.84 88.68 95.92 92.16 0.960
Logistic Regression,
KNN
Table 4: Performance of bagging-based ensemble models.
Model Accuracy (%) Precision (%) Recall (%) Fl-score (%) AUC Std AUC
Bagging (Logistic Regression) 81.29 55.24 68.57 60.00 0.843 0.063
Bagging (Decision Tree) 83.23 65.33 44.76 52.77 0.811 0.071
Bagging (KNN) 76.77 25.00 6.19 9.35 0.642 0.109

3.4.4. Stacking ensemble results

Stacking ensembles with two to five base models used LR
as the meta-learner to assess whether increasing base-model di-

81.29%, and AUC ranged from 0.846 to 0.852. The two-model
SVM-RF configuration achieved 81.29% accuracy, a 63.51%
F1-score, and an AUC of 0.852 (Table 6).

versity improved prediction. Accuracy ranged from 79.35% to

8
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Table 5: Performance of boosting-based ensemble models (5-fold cross-validation).

Model Accuracy (%) Precision (%) Recall (%) Fl-score (%) AUC Std AUC
CatBoost 83.87 67.67 47.62 55.61 0.848 0.053
AdaBoost 83.23 62.57 50.48 55.66 0.828 0.074

Gradient Boosting 81.94 63.67 50.48 55.32 0.792 0.071
LightGBM 81.29 62.79 46.67 51.70 0.768 0.054

Table 6: Performance of stacking ensembles.

No. of models Base models Accuracy (%) Precision (%) Recall (%) Fl-score (%) AUC Std AUC
2 SVM, RF 81.29 56.57 75.24 63.51 0.852 0.082
3 SVM, RF, CatBoost 79.35 52.97 66.19 58.00 0.852 0.081
4 SVM, RF, CatBoost, 80.65 54.52 66.19 59.24 0.850 0.076
LogReg
5 SVM, RF, CatBoost, 80.00 53.45 66.19 58.67 0.846 0.081
LogReg, KNN
Table 7: Comparative performance of ensemble methods.
Ensemble method Accuracy (%) Precision (%) Recall (%) Fl-score (%) AUC Std AUC
Voting (Soft, 5 models) 91.84 88.68 95.92 92.16 0.960 0.028
Bagging (Decision Tree) 83.23 65.33 44.76 52.77 0.811 0.071
Boosting (CatBoost) 83.87 67.67 47.62 55.61 0.848 0.053
Stacking (2 models) 81.29 56.57 75.24 63.51 0.852 0.082
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3.4.5. Comparison of voting, bagging, boosting, and stacking
The four ensemble strategies were compared using accu-
racy, precision, recall, F1-score, AUC, and Std AUC. The five-
model soft-voting ensemble (SVM, RF, CatBoost, LR, and
KNN) achieved 91.84% accuracy, a 92.16% F1-score, and an
AUC of 0.960. Table 7 summarizes the reported comparison.

3.5. Model explainability

The study evaluates how interpretable ML methods can sup-
port clinicians making decisions about hepatitis B prognosis.
SHAP and LIME were applied to the soft-voting ensemble. As
shown in Figures 7 and 8, the manuscript identifies Spiders, As-
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cites, Bilirubin, and Protime as important mortality-related pre-
dictors, while higher Albumin values are associated with better
survival predictions. SHAP illustrates global feature effects, in-
cluding nonlinear effects of age, while LIME provides a local
explanation for an individual prediction. These analyses are in-
tended to improve model transparency; they do not establish
causal relationships.

3.6. Discussion of findings

This study examines how ensemble size and ensemble tech-
nique affect ML prediction of hepatitis B outcomes. Ensemble
methods produced different levels of predictive performance.
Voting achieved the strongest overall metrics among the eval-
uated strategies, while the manuscript describes bagging as re-
ducing variance, boosting as improving the ability to identify
difficult cases, and stacking as providing balanced performance.
Increasing the number of base learners did not produce mono-
tonic improvement, indicating diminishing returns for some
configurations. LR as a stacking meta-learner provided com-
paratively stable performance.

The study has important limitations. The dataset contains
only 155 instances, so model estimates may vary substantially
and complex patterns may be difficult to identify reliably. Strat-
ified 5-fold cross-validation and SMOTE were used to address
evaluation stability and class imbalance, but they do not remove
the limitations of the sample size. The retrospective design also
limits immediate real-world applicability, and external valida-
tion is needed. Ensemble methods increase system complexity,
while SHAP and LIME provide explanations of model behavior
but do not establish causal effects.

The small sample size may also limit generalizability
to broader clinical populations.  Stratified 5-fold cross-
validation was used to obtain more stable performance esti-
mates, and SMOTE was applied only to the training split in
the experimental-design description. Nevertheless, the findings
should be considered exploratory and require confirmation in
larger, independent, multicenter clinical datasets before real-
world healthcare deployment.

4. Conclusion

This research evaluates an interpretable ensemble-learning
framework for predicting hepatitis B patient outcomes. Indi-
vidual ML models showed different predictive characteristics,
and SVM and RF provided useful performance while still fac-
ing challenges associated with minority-class outcomes. Vot-
ing, bagging, boosting, and stacking were evaluated within the
2 +n framework, demonstrating that ensemble performance de-
pends on both the selected base models and the aggregation
technique. The five-model soft-voting ensemble achieved the
strongest reported overall performance, while stacking with LR
as the meta-learner provided a comparatively balanced alterna-
tive. SHAP and LIME were used to explain model predictions
and improve transparency. Overall, the results support further
investigation of ensemble learning for hepatitis B outcome pre-
diction, with external validation on larger clinical datasets re-
quired before clinical deployment.
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