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This research optimizes the Random Forest model
with Bootstrapped Aggregating to predict hepatitis
risk. The global significance of hepatitis as a health
problem is underscored by its widespread impact.
Using a Kaggle dataset comprising 596 records and
20 attributes, including age categories and gender,
the study identifies limitations in predicting
hepatitis risk. Through hyperparameter
optimization, such as adjusting the number and
depth of trees, the Random Forest model with
bootstrapped aggregate achieves an accuracy of
96%, surpassing the standard model's 88%. The
results demonstrate a significant improvement in
precision, recall, and fl score, particularly in
reducing false negatives. The conclusion highlights
the practical potential of this model for a more
accurate assessment of hepatitis risk. While
acknowledging limitations related to the size of the
dataset, these findings provide a foundation for
developing predictive models in the context of
hepatitis risk, emphasizing the importance of
employing ensemble techniques to improve model
performance.
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1. INTRODUCTION

Hepatitis, particularly in types B and C, is a formidable challenge for health systems
worldwide [1]. The World Health Organization describes hepatitis as a liver disease characterized
by inflammation that arises from various etiologies, including viral infections, exposure to harmful
chemicals, or the body's immune system turning against its liver tissue [2]. This disease presents a
critical threat to the collective health of populations due to its infectious nature and propensity to
trigger persistent health issues, including chronic liver disease and other long-term complications,
which underscore its potential to dramatically impact public health on a global scale [3].

The worldwide incidence of hepatitis has emerged as a pressing issue, given its association
with a spectrum of severe health conditions such as liver cirrhosis, end-stage liver failure, and a
higher likelihood of liver carcinoma [4]. These infections carry weighty economic repercussions,
evidenced by substantial healthcare expenditures, loss of workforce participation due to illness-
related absences, and downturns in overall productivity levels [5]. Furthermore, the persistent
propagation of hepatitis is a formidable barrier to the fruition of critical international health
benchmarks set by the Sustainable Development Goals—most notably, SDG 3, which is dedicated
to fostering optimal health and well-being for the entire global populace [6].

The identified research problem in this study is associated with limitations or deficiencies in
the quality of hepatitis risk prediction [7]. Although predicting hepatitis risk is a critical element in
preventing and managing this disease, specific aspects still require further attention to enhance the
accuracy and reliability of such predictions [8]. The identification and deeper understanding of
these limitations are expected to pave the way for developing more effective prediction methods,
thereby strengthening overall efforts in preventing and intervening in hepatitis.

This study aims to optimize the Bootstrapped Aggregating parameters in the Random Forest
algorithm for predicting hepatitis risk. With a focus on advancing prediction techniques, this
research seeks to enhance the accuracy and reliability of the model in predicting hepatitis risk.
Adjusting the Bootstrapped Aggregating parameters in the Random Forest algorithm is expected to
identify an optimal configuration that can produce more accurate prediction results, assist in early
identification of hepatitis risk, and improve the effectiveness of prevention and intervention
strategies in managing this disease.

This research is expected to make significant contributions both academically and
practically. Academically, the study aims to enrich the literature by improving our understanding
of the factors influencing the prediction of hepatitis risk. By optimizing the Bootstrapped
Aggregating parameters in the Random Forest algorithm, this research can provide new insights
into more effective prediction methods within the healthcare context. Practically, the research
findings are anticipated to serve as a foundation for developing more reliable models for predicting
hepatitis risk, offering tangible benefits in supporting clinical decisions, and designing more
targeted and efficient prevention and intervention strategies in the clinical management of hepatitis.

LITERATURE REVIEW

Risk prediction methods for hepatitis in prior studies have tackled the intricate interactions
among risk factors and accounted for the variability in clinical conditions. Various machine
learning algorithms such as Support Vector Machine, K-Nearest Neighbor, and Artificial Neural
Networks have been applied to classify and predict hepatitis [9]. Naive Bayes Classifier, Logistic
Regression, and J48 Decision Tree have been employed for classification, alongside filter-based
feature selection techniques such as Cfs Subset Eval, Data Gain Attribute Eval, and Principal
Components [10]. A deep learning-driven decision support system utilizing bidirectional
long/short-term memory (BiLSTM) has also been suggested for precise binary classification of
hepatitis diagnosis [11]. Fuzzy logic has been used to manage imprecise and intricate risk factors,
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aligning them with hepatitis as the output variable [12]. Random Forest has exhibited high accuracy
in hepatitis diagnosis and feature selection [13]. These methodologies acknowledge the complexity
of interactions among risk factors and the variability in clinical conditions, thereby enhancing
hepatitis risk prediction.

Previous hepatitis risk prediction techniques, particularly machine learning algorithms,
have shown advantages and disadvantages. The benefits include the ability to analyze many clinical
parameters with speed and accuracy, leading to improved identification of factors influencing
patient survival rates [14]. Machine learning techniques such as SVM and XGBoost have
demonstrated high accuracy and AUC in predicting hepatitis C, making them practical tools for
early diagnosis and treatment [15]. However, there are also limitations to these approaches. Some
studies have reported lower accuracy rates, such as 72%, when using decision tree models for
hepatitis C prediction [16].

Moreover, the effectiveness of various machine learning methods can differ, with SVM
surpassing KNN in accuracy, error rate, specificity, and negative prediction value [17]. The
findings of this research enhance understanding by pinpointing particular clinical parameters like
LIVER BIG, LIVER FIRM, SPLEEN PALPABLE, and ANOREXIA that enhance patient survival
rates [18]. Additionally, the study underscores the potential of the Voting classifier model in
accurately predicting liver disease occurrence, as evidenced by its high accuracy and AUC.

Previous research has endeavored to enhance the efficacy of Random Forest forecasts
through parameter adjustments such as the number of trees (n_estimators) and tree depth
(max_depth). One approach, the Reducing and Aggregating Random Forest Trees by Elastic Net
(RARTEN) method, suggests employing the random forest algorithm for prediction, utilizing
Elastic Net regression to decrease the tree count, and then amalgamating the chosen trees [19].
Another study observed that decisions regarding parameters such as training/testing data
partitioning strategies, variable selection, and the ratio of training to testing data significantly
impacted the goodness-of-fit of Random Forest models [20]. In software defect prediction, a Multi-
Objective Random Forest (MO-RF) algorithm was introduced with a data resampling technique to
tackle class imbalance problems, demonstrating enhanced performance compared to other
prediction models [21]. Furthermore, a study aimed to boost classification accuracy by converting
continuous attributes into categories and discovered that Random Forest classification with
continuous attribute transformation outperformed the original dataset model in certain training data
variations [22]. Another research effort proposed an enhanced algorithm that merges feature fusion
and random forests quantile classifier to improve the overall classification performance of the
classifier for unbalanced data [23].

Previous studies have delved into specific techniques for processing data and features to
enhance the quality of Random Forest predictions. One research effort concentrated on converting
continuous attributes into categories by generating percentile values randomly as thresholds for
categorization. The study assessed four algorithms for generating these percentile values and chose
the optimal model based on minimal variability and the distribution of revenue expectations [22].
Another study explored feature selection to enhance the performance of Random Forest models for
land use and land cover mapping. This study employed a Random Forest-based feature selection
method utilizing Sentinel-1, -2, and Shuttle Radar Topographic Mission (SRTM) data, concluding
that integrating these data sources improved classification accuracy compared to using Sentinel-2
data alone [24].

Furthermore, a study investigated the impact of parameter choices in Random Forest
models for forecasting nitrate concentrations in aquatic environments. It was discovered that
considering temporal dependencies during data splitting and optimizing variable selection was
crucial for model fitting and accuracy [20]. Another study combined Information Gain, Fast Fourier
Transform (FFT), and Synthetic Minority Oversampling Technique (SMOTE) methods to enhance
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feature selection in Random Forest models, leading to improved performance accuracy [25]. Lastly,
an enhanced algorithm that combines feature fusion and a random forests quantile classifier was
suggested to tackle issues related to low prediction performance and imbalanced data. This
algorithm improved the overall classification performance of samples for imbalanced data
compared to alternative algorithms [23].

Bootstrapped Aggregating (Bagging) parameter optimization in the Random Forest
algorithm is applied to improve hepatitis risk prediction by comparing the performance of different
methods. In a study by Majzoobi et al., traditional and ensemble learning methods, including
bagging, random forest, AdaBoost, and logistic regression, were used to predict hepatitis B virus
(HBV) and hepatitis C virus (HCV) [26]. The random forest method showed the best performance
for predicting HBV, with ALT identified as the most essential variable [27]. For predicting HCV,
random forest also had the highest accuracy, with AST, ALT, and age identified as essential
variables [28]. The optimization of Bagging parameters in the Random Forest algorithm is expected
to improve the accuracy and performance of the model in predicting hepatitis risk [29].

Bootstrapped Aggregating parameter adjustment, or bagging, can help address the potential
for overfitting or underfitting in Random Forest models used for hepatitis risk prediction [26].
Bagging involves creating multiple subsets of the original dataset through resampling and training
individual models on each subset. By aggregating the predictions of these models, the overall model
becomes more stable and less prone to overfitting or underfitting. This technique improves the
model's generalization ability and reduces the variance in predictions. In addition to bagging, other
strategies can be implemented to enhance model stability and generalization in the datasets used
for hepatitis risk prediction. These strategies include feature selection or screening to identify the
essential variables [29], class balancing to address imbalanced datasets [30], and hyperparameter
tuning to optimize the performance of the Random Forest model [31].

RESEARCH METHODS
1. Dataset and Preprocessing

The dataset used in this research was obtained from Kaggle. The dataset has 20 attributes,
including the target attribute 'class' with values DIE and LIVE. Other attributes involve
information related to the use of steroids, antivirals, fatigue, malaise, anorexia, and liver
conditions, as well as several laboratory parameters and other patient characteristics. The
dataset includes 596 records that will be utilized in the analysis of hepatitis risk prediction.

In the data preprocessing phase, a series of steps were taken to ensure the cleanliness and
quality of the dataset. Data cleaning involves handling missing values and ensuring each
attribute has valid values. Furthermore, data preparation involves converting categorical
variables such as 'sex' into a format that the model can process. Finally, normalization is
performed using MinMaxScaler to ensure that all attributes have a consistent range of values,
avoiding the domination of specific attributes in the model. This preprocessing process aims
to provide that the dataset is ready for use in developing the hepatitis risk prediction model.

2. Data Splitting
The dataset is divided into two main parts: the training and testing sets. Eighty percent of
the total data is used as the training set to train the hepatitis risk prediction model. Meanwhile,
the remaining 20% (120 samples) is isolated as the testing set, which will be used to test and
evaluate the model's performance. This division aims to ensure that the model receives
adequate training and is then tested on data it has never seen before to assess its general
predictive capabilities.
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3. Model Selection

Random Forest is a machine learning algorithm that leverages ensemble learning by
combining multiple decision trees to enhance accuracy and reduce overfitting. Each tree is
generated randomly by considering a small subset of the data and attributes. The prediction
results from each tree are then aggregated to produce the final prediction. The main advantages
of Random Forest include stability and its ability to handle large datasets with diverse
attributes, making it a popular choice for various classification and regression problems.

Bootstrapped Aggregating, more commonly known as Bagging, is an ensemble learning
technique involving the creation of several new datasets by resampling from the original
dataset. Each of these new datasets is used to train identical models independently.
Subsequently, the prediction results from each model are aggregated, often by taking the
average, to generate the final prediction. Bagging effectively reduces variance and improves
model stability, producing more consistent and accurate predictions.

Employing Bootstrapped Aggregating (Bagging) in the Random Forest algorithm is
justified for multiple reasons. Firstly, Bagging helps mitigate overfitting and reduce variance
by randomizing the creation of each decision tree, fostering a more stable and general model.
Additionally, Bagging enhances the model's accuracy and resilience against dataset noise
through resampling techniques. In predicting hepatitis risk, where stability and robustness are
paramount, Bootstrapped Aggregating in Random Forest is expected to yield more consistent
and reliable predictions. The model's alignment with the research objectives is evident in the
hyperparameter definitions slated for optimization, encompassing the number of trees, tree
depth, and minimum sample sizes for split and leaf. The optimization process seeks to find the
optimal configuration that maximizes the model's ability to predict hepatitis risk, ensuring
adaptability to the unique dataset characteristics employed in the study.

4. Evaluation Metrics

The confusion matrix assesses the model's performance by displaying the count of correct
and incorrect predictions in a matrix format, comprising four cells: True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN). This matrix enables the
calculation of evaluation metrics such as precision, recall, and F1-score.

Meanwhile, the classification report summarizes the model's performance by presenting
precision, recall, and F1-score for each class in a classification task. Precision measures the
accuracy of positive predictions, recall evaluates the model's ability to identify all positive
instances, and the F1 score provides a balance between precision and recall. The corresponding
formulas are shown in Equations 1-3.

P . . —_ TP (1)

recision = 7P
TP

- 2

Recall TP FN 2)
2-P-R

F1-S5 =— 3

core PR 3)

By utilizing the confusion matrix and classification report, we can gain insights into how
accurately and efficiently the model can make predictions, especially in hepatitis risk
prediction research.
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RESULTS

The research results reveal compelling insights into the predictive performance of the
Random Forest algorithm in the context of hepatitis risk assessment. Two model variations were
explored: one using standard Random Forest and the other incorporating Bootstrapped Aggregating
(Bagging) for enhanced accuracy, as shown in Figure 1. The model's accuracy is a foundational
metric, with the standard Random Forest achieving an accuracy of 88.00% and the version with
Bootstrapped Aggregating demonstrating a notable improvement at 96.00%. These accuracy
figures lay the groundwork for comprehensively examining the models' effectiveness in predicting
hepatitis risk.

Confusion Matrix Confusion Matrix
100

80
10

UVE
UVE

60 60

Actual
Actual

- 40 - 40

DIE

-20
-20

LIVE DIE
Predicted

I
LVE DIE
Predicted

(a) (b)
Figure 1. Model's Performance (a) Standard Random Forest; (b) Random Forest with Bagging

The comparison of confusion matrices provides a detailed understanding of the model's
performance. In the standard Random Forest, the confusion matrix exhibits 97 true positives, 10
false positives, 4 false negatives, and 9 true negatives. This configuration results in a commendable
accuracy but reveals a notable proportion of false negatives, indicating instances where the model
failed to identify actual positive cases. On the other hand, the Random Forest with Bootstrapped
Aggregating demonstrates a superior confusion matrix, with 103 true positives, only 4 false
positives, 1 false negative, and 12 true negatives. This configuration's reduced number of false
positives and negatives signifies a more precise and reliable predictive capability, substantially
improving overall accuracy. The utilization of Bootstrapped Aggregating in Random Forest has
contributed to a model with enhanced discriminatory power, making it particularly promising for
practical applications in hepatitis risk assessment.

Tables 1 and 2 below explore the classification report results of both models, discussing
precision, recall, and f1-score for each class and commenting on the overall accuracy rates.



Bootstrapped Aggregating Optimization in Random Forest for ... (Marselina Endah Hiswati)

Table 1. Classification Report of Standard Random Forest

precision recall fl-score support

LIVE 0.96 0.91 0.93 107

DIE 0.47 0.69 0.56 13
accuracy 0.88 120
macro avg 0.72 0.80 0.75 120
weighted avg 0.91 0.88 0.89 120

Table 2. Classification Report of Random Forest with Bagging

precision recall fl-score support

LIVE 0.99 0.96 0.98 107

DIE 0.75 0.92 0.83 13
accuracy 0.96 120
macro avg 0.87 0.94 0.90 120
weighted avg 0.96 0.96 0.96 120

From the classification report of Random Forest with Bagging in Table 2, it can be
observed that this model achieves an accuracy rate of 96%, with high precision for the 'LIVE' class
(99%) and high recall for the 'DIE' class (92%). This indicates that the model can identify positive
and negative cases. In contrast, the classification report for the standard Random Forest in Table 1
shows an accuracy of 88%, with lower precision for the 'DIE' class (47%) and suboptimal recall
(69%). These results indicate that Bootstrapped Aggregating in Random Forest significantly
improves precision and recall, resulting in a model with enhanced predictive capabilities. The
Random Forest model with Bagging, exhibiting high precision and recall for both classes,
demonstrates strong potential for more accurate hepatitis risk assessments.

DISCUSSION
1. Summarization of Key Findings

In addressing the research problem focused on optimizing the prediction of hepatitis risk,
the study explored the efficacy of Random Forest models, both standard and enhanced with
Bootstrapped Aggregating (Bagging). The primary goal was to improve the accuracy and reliability
of hepatitis risk assessments. The key findings indicate a substantial enhancement in predictive
performance by incorporating Bagging. The Random Forest with Bagging demonstrated a
remarkable accuracy of 96%, surpassing the standard Random Forest, which achieved 88%.
Noteworthy improvements were observed in precision and recall for both 'LIVE' and 'DIE' classes,
reflecting the effectiveness of Bagging in reducing errors and enhancing the model's ability to
accurately identify positive and negative cases. These findings underscore the significance of
employing ensemble techniques, such as Bootstrapped Aggregating, in refining machine learning
models for more precise hepatitis risk predictions.
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2. Result Interpretations

The analysis of the results reveals discernible patterns and relationships within the data,
shedding light on the effectiveness of the Random Forest models in predicting hepatitis risk. The
observed improvement in accuracy, precision, and recall with the incorporation of Bootstrapped
Aggregating aligns with expectations, demonstrating the efficacy of ensemble techniques in
refining model predictions. The unexpected yet encouraging aspect significantly enhances the
model's predictive capabilities, particularly in reducing false negatives. This unanticipated
improvement suggests that including Bootstrapped Aggregating has a pronounced positive impact
on the model's sensitivity, which is crucial for identifying positive cases. Possible alternative
explanations for these results could involve the unique characteristics of the hepatitis dataset,
emphasizing the importance of ensemble methods in mitigating biases and increasing the
robustness of the model. Overall, the findings underscore the success of the chosen approach and
highlight the potential for more accurate hepatitis risk assessments through thoughtful ensemble
model design.

3. Research Implications

This research's implications extend to predictive modeling for hepatitis risk assessment,
emphasizing the practical significance of incorporating ensemble techniques, specifically
Bootstrapped Aggregating, into Random Forest algorithms. By substantially improving accuracy,
precision, and recall, the study underscores the potential for enhancing the reliability of hepatitis
risk predictions. These findings align with the existing literature, highlighting the advantages of
ensemble methods in mitigating overfitting and increasing model robustness. The research
contributes new insights by demonstrating the tangible benefits of Bagging in reducing false
negatives, thereby improving the model's sensitivity in identifying actual positive cases. This novel
perspective adds valuable depth to understanding ensemble learning's impact on hepatitis risk
prediction, providing a foundation for further advancements in predictive modeling within the
healthcare domain.

4. Research Limitations

While the research has yielded valuable insights into the efficacy of Random Forest models
enhanced with Bootstrapped Aggregating for hepatitis risk prediction, certain limitations should be
acknowledged. The dataset's size and specific attributes may impose constraints on the
generalizability of findings to broader populations or varied healthcare contexts. Additionally, the
absence of external validation datasets might limit the model's applicability beyond the dataset used
for training and testing. Despite these limitations, the study's internal validity remains robust, as the
experimental design and methodology align with the research question. The carefully crafted
hyperparameter optimization process contributes to the model's reliability, and the consistent
improvement in predictive metrics demonstrates the effectiveness of Bootstrapped Aggregating.
These limitations prompt a cautious interpretation of the results in broader contexts but do not
diminish the relevance and validity of the findings within the specified scope of hepatitis risk
prediction.

5. Recommendations for Future Research

For practical implementation, future research could explore integrating the optimized
Random Forest model with Bootstrapped Aggregating into real-world healthcare systems for
hepatitis risk assessment. Evaluating its performance in a clinical setting and comparing outcomes
with traditional diagnostic methods would provide valuable insights into the model's applicability
and potential improvements in patient care. Additionally, investigating the impact of diverse
datasets from various demographics and regions could enhance the model's generalizability.
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Further research could delve into the interpretability of the model's decisions, facilitating its
adoption by healthcare professionals. Exploring the scalability and computational efficiency of the
proposed model in handling larger datasets would also be crucial for practical implementation.
Lastly, investigating ensemble techniques' efficacy in predicting other liver-related conditions
could broaden the scope of application and contribute to advancements in predictive modeling
within the broader domain of hepatology.

CONCLUSION

This research has yielded significant findings regarding hepatitis risk prediction using a
Random Forest model optimized with Bootstrapped Aggregating. With an accuracy reaching 96%,
this model demonstrates a substantial improvement compared to the standard Random Forest,
which achieved an accuracy of 88%. These findings indicate that applying ensemble techniques,
particularly Bootstrapped Aggregating, can enhance the reliability of hepatitis risk predictions. The
analysis of the classification reports highlights improvements in precision, recall, and f1-score, with
a significant reduction in false negatives. In conclusion, the Random Forest model with Bagging
exhibits strong potential for more accurate hepatitis risk assessment. However, it is essential to
acknowledge limitations related to dataset size and attribute characteristics and the need for further
external validation. This conclusion provides a foundation for developing predictive models in the
context of hepatitis risk and offers guidance for future research to enhance the model's usability in
clinical settings.
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