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Abstract

This study explores the use of the SAMME algorithm to develop a predictive model for
identifying various stages of cirrhosis. The dataset includes 418 records with 20 attributes,
targeting the classification of cirrhosis stages: C (censored), CL (censored due to liver
transplantation), and D (death). The model achieved an overall accuracy of 94%,
demonstrating high precision and recall for classes C and D. However, the precision for class
CL was lower, indicating a tendency to over-predict this stage. These results validate the
SAMME algorithm's potential to enhance diagnostic accuracy while highlighting the need for
further refinement to address class imbalance and feature overlap. This research underscores
the value of machine learning in early diagnosis and personalized treatment, suggesting future
work on larger, balanced datasets and advanced feature engineering to improve model
robustness and reliability in clinical applications.
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INTRODUCTION

Cirrhosis is a chronic liver disease
characterized by the progressive replacement of
liver tissue by fibrosis and scar tissue,
disrupting blood flow and liver function (Iyer et
al., 2019). Optimizing non-invasive indices like
APRI and FIB-4 has proven crucial for
managing chronic hepatitis B by accurately
ruling  out  cirrhosis and  reducing
misclassification rates (Kuo et al., 2019).

Early detection of liver fibrosis is
essential for therapeutic decision-making, and
serum N-glycan fingerprinting provides a high-
throughput method to stage liver fibrosis non-
invasively (Huang et al.,, 2021). Machine
learning techniques applied to MRI images can
effectively classify liver tissue as fibrotic,
aiding in the early identification of fibrosis and
potentially preventing its progression to
cirrhosis (Schawkat et al., 2020). The Delta-4
fibrosis score is a novel, non-invasive fibrosis
score that can accurately detect cirrhosis in
patients with chronic Hepatitis D, showing
superior performance to established non-
invasive tests (Da et al., 2020).

The diagnostic accuracy of human
microfibrillar-associated protein 4 (MFAP4) for

detecting fibrosis in patients with alcoholic
liver disease highlights its potential as a
biomarker, emphasizing the need for effective
biomarkers in improving outcomes for such
conditions (Madsen et al., 2020). Innovative
techniques like the Hybrid Coupled Dictionary
Pairs on Longitudinal Domain (HCDPLD)
approach offer substantial improvements in the
resolution and accuracy of ultrasound imaging
for diagnosing cirrhosis, potentially reducing
the reliance on more invasive methods
(Kirubakaran et al., 2019). A hierarchical
algorithm using administrative healthcare data
has been validated to accurately define cirrhosis
etiology, which could significantly assist health
services research in understanding and
managing this growing patient population
(Philip et al., 2020). Population screening for
liver fibrosis using serological tests, transient
elastography, and radiological methods has
shown promising results in identifying
significant undetected liver fibrosis or
established cirrhosis, potentially altering the
approach to diagnosing chronic liver diseases
from a later to an earlier and more treatable
stage (Rajesh et al., 2020). Deep learning
models utilizing ultrasonography images have
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demonstrated  superior  performance  in
classifying liver fibrosis stages, providing a
more accurate assessment than traditional
radiological evaluations (Lee et al., 2019).

Early detection and classification of
cirrhosis are critical in the medical management
of the disecase (Lee et al., 2019). Early
intervention can significantly reduce the risk of
severe complications such as variceal bleeding,
hepatic encephalopathy, and liver cancer
(Rajesh et al., 2020). Classifying cirrhosis
based on the severity of the disease helps in
determining the most appropriate treatment
strategy for patients (Kirubakaran et al., 2019).

Previous research has shown that using
clinical variables and laboratory results in
multi-class classification of cirrhosis allows for
more accurate detection and more effective
management (Philip et al., 2020). However, the
main challenges faced in this classification
include the vast diversity of symptoms among
patients and the complexity in interpreting test
results, requiring sophisticated analytical
solutions to accurately differentiate between
disease stages (Shu et al., 2019).

The SAMME algorithm (Stagewise
Additive Modeling using a Multi-class
Exponential loss function) is an 'ensemble
learning' technique that enhances classification
accuracy by combining predictions from several
weak models into a more robust model through
an iterative process (Lee et al.,, 2019). This
approach gives more weight to incorrectly
classified examples, allowing the algorithm to
focus more on the more complex cases and,

consequently, improve overall prediction
accuracy (Q. Wang & Sun, 2021). The
application of the SAMME algorithm,

especially in a medical context like cirrhosis
diagnosis, offers a promising yet relatively
unexplored new avenue (Philip et al., 2020).
Furthermore, the use of the SAMME
algorithm in clinical studies is still limited,
providing a unique opportunity for further
exploration in this research (Philip et al., 2020).
Effective research using SAMME could
potentially improve patient clinical outcomes
by providing deeper insights into evidence-
based classification and management of
cirrhosis (Kirubakaran et al., 2019). Therefore,
this study aims not only to develop a robust
model but also to demonstrate the applicability
of this technique in a clinical setting, providing
a reliable diagnostic tool for healthcare

practitioners to manage cirrhosis (Y. Wang et
al., 2023).

The primary objective of this research is
to develop a predictive model using the
SAMME algorithm to accurately identify the
various stages of cirrhosis, specifically focusing
on the classification of stages C (censored), CL
(censored due to liver transplantation), and D
(death). By leveraging a comprehensive dataset
with 20 clinical and biochemical attributes, the
study aims to enhance diagnostic precision and
recall, thereby improving early detection and
personalized treatment plans for cirrhosis
patients. The research seeks to address the
current challenges in cirrhosis identification,
such as class imbalance and overlapping
features, and demonstrate the effectiveness of
machine learning techniques in medical
diagnostics.

This research contributes significantly to
the field of medical diagnostics by
demonstrating the effectiveness of the SAMME
algorithm in improving the accuracy of
cirrhosis stage identification. It provides
valuable insights into handling multi-class
classification challenges in medical datasets,
particularly addressing class imbalances and
feature overlaps. By integrating machine
learning techniques into the diagnostic process,
the study enhances early detection and supports
personalized treatment strategies for cirrhosis
patients. Furthermore, it extends the existing
body of literature on predictive modeling in
healthcare, offering practical recommendations
for refining and implementing these models in
clinical settings. This research lays the
groundwork for future studies to build upon,
ultimately contributing to more effective and

reliable diagnostic tools in the medical
community.
LITERATURE REVIEW

The identification techniques for

cirrhosis used in previous studies, such as
conventional statistical analysis, medical
imaging, and machine learning models based on
regression and classification, have significantly
contributed to improving the accuracy of early-
stage disease diagnosis (Blanes-Vidal et al.,
2022). The use of medical imaging methods
like ultrasound and MRI enables more precise
detection of structural changes in the liver,
while biochemical and biomarker analyses
provide essential data on liver function (Singh
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et al.,, 2023). On the other hand, machine
learning models have enhanced predictive
capabilities by leveraging various clinical and
demographic  parameters, allowing the
identification of more complex patterns and
providing more accurate predictions compared
to conventional methods (Y. Chen et al., 2022).
The combination of these various techniques
has aided in the earlier recognition of cirrhosis,
enabling quicker and more effective medical
intervention (Singh et al., 2023).

Previous research has compared the
effectiveness of conventional techniques and
predictive model-based approaches in the
context of cirrhosis identification (Blanes-Vidal
et al., 2022). Studies have shown that while
conventional methods, such as clinical
examinations and standard diagnostic tests,
provide valuable insights, predictive models
often outperform them in terms of accuracy and
early detection (Kim et al., 2023). Predictive
models, leveraging  machine  learning
algorithms, can analyze vast amounts of data
and identify complex patterns that may not be
apparent to human experts (Nia et al., 2023).
These models can incorporate multiple
variables simultaneously, offering a more
comprehensive and precise diagnosis (Alowais
et al., 2023). Consequently, predictive models
have demonstrated higher sensitivity and
specificity in identifying cirrhosis at its early
stages compared to traditional diagnostic
techniques (Y. Chen et al., 2022).

The quality of the SAMME algorithm
can be optimized to enhance its accuracy in
identifying  various stages of cirrhosis,
especially when dealing with complex datasets,
by incorporating several strategies (Naseem et
al., 2020). Firstly, advanced preprocessing
techniques such as normalization, handling
missing values, and feature engineering can be
employed to improve data quality (H. Ding et
al., 2022). Secondly, hyperparameter tuning
through methods like grid search or random
search can help in finding the optimal
parameters for the SAMME algorithm (Sarker,
2021). Additionally, integrating ensemble
learning techniques, such as boosting or
bagging, can further enhance model
performance by combining the strengths of
multiple models (N. Ding et al, 2022).
Moreover, leveraging cross-validation
techniques ensures that the model generalizes

well to unseen data. Lastly, utilizing domain-
specific knowledge to select relevant features
and applying dimensionality = reduction
techniques can help in managing the
complexity of the dataset, ultimately leading to
improved accuracy in cirrhosis identification
(Mostafa et al., 2021).

To minimize errors and enhance the
ability of a predictive model using SAMME to
recognize  multi-class  cirrhosis,  several
specialized strategies and techniques can be
applied in line with the latest advancements in
machine learning (Tanwar & Rahman, 2021).
One approach is to implement feature selection
and extraction methods to identify the most
relevant  attributes, reducing noise and
improving model accuracy (Zhang et al., 2020).
Additionally, employing techniques such as
SMOTE (Synthetic Minority Over-sampling
Technique) can address class imbalance by
generating synthetic samples for
underrepresented classes, ensuring better model
performance across all classes (R. HaluSka et
al., 2022). Hyperparameter tuning through
methods like Bayesian optimization can help in
finding the optimal settings for the algorithm.
Incorporating cross-validation ensures the
robustness and generalizability of the model
(Shekhar et al., 2021). Moreover, leveraging
ensemble methods, such as stacking or
blending, can combine multiple models'
predictions to enhance overall performance
(Shahhosseini & Pham, 2022). Utilizing
advanced regularization techniques like L1 and
L2 regularization can prevent overfitting, thus
improving the model's ability to generalize
from the training data to unseen data effectively
(Nguyen et al., 2021).

The fundamental concept behind
developing a predictive model for multi-class
cirrhosis identification using the SAMME
algorithm involves leveraging the unique
characteristics of the dataset to improve
accuracy and performance (Menegotto et al.,
2021). This includes identifying and utilizing
critical parameters such as age, bilirubin levels,
albumin levels, platelet count, and prothrombin
time, which are key indicators of liver function
and disease progression (H. Ding et al., 2022).
The SAMME algorithm, being an ensemble
method, benefits from these parameters by
iteratively adjusting weights to focus on
misclassified instances, thereby improving
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model accuracy (Akter et al., 2021).
Additionally, preprocessing steps such as
normalization, handling missing values, and
feature engineering are essential to enhance
data quality and ensure that the model captures
the relevant patterns (Gupta et al., 2021). By
systematically incorporating these critical
parameters and preprocessing techniques, the
SAMME algorithm can effectively differentiate
between the various histologic stages of
cirrhosis, providing a robust predictive model
for clinical application (K. Chen et al., 2022).

The SAMME algorithm, a boosting
technique for multi-class classification, is
applied in the development of a predictive
model for identifying cirrhosis by sequentially
training weak classifiers on weighted versions
of the dataset (Nam et al., 2020). Initially, each
instance in the dataset is assigned equal weight,
but in subsequent iterations, the weights of
misclassified instances are increased, directing
the model's focus towards more challenging
cases (Duhayyim et al., 2022). This process
continues until the model achieves optimal
performance. In the context of cirrhosis
identification, SAMME leverages critical
features such as age, bilirubin levels, and
platelet count to discern between different
histologic stages (A. Singh et al., 2020). By
emphasizing misclassified instances and
combining the outputs of multiple classifiers,
SAMME effectively handles the complexity of
varying cirrhosis stages, ensuring accurate and
robust predictions across all classes (Taylor-
Weiner et al., 2021). This iterative focusing
mechanism allows the model to adapt to the
nuances of the disease's progression, thereby
enhancing its diagnostic capability (Shi et al.,
2023).

RESEARCH METHOD
3.1 Dataset

The dataset used from Kaggle consists of
418 records and includes 20 attributes, with the
target variable being the status of the patient: C,
CL, or D. The attributes provide a
comprehensive overview of each patient's
condition and treatment, covering aspects such
as a unique identifier (ID), the number of days
between registration and the earlier of death,
transplantation, or study analysis time
(N_Days), the type of drug administered (Drug:
D-penicillamine or placebo), and various
clinical features including age (in days), sex,

presence of ascites, hepatomegaly, and spiders.
Additionally, it records the presence of edema,
serum levels of bilirubin and cholesterol,
albumin levels, wurine copper, alkaline
phosphatase (Alk Phos), SGOT, triglycerides,
platelet count, and prothrombin time. This rich
dataset is essential for developing a predictive
model to identify the status of cirrhosis patients,
leveraging the diverse clinical and biochemical
features it encompasses.

3.2 Data Preprocessing

Data processing involved several crucial
steps to prepare the dataset for modeling.
Initially, missing values were handled by filling
them with appropriate replacement values:
mode values were used for categorical variables
such as 'Drug', 'Ascites', 'Hepatomegaly',
'Spiders', and 'Stage', while median values were
applied to numerical variables like 'Cholesterol’,
'Copper’, 'Alk Phos', 'SGOT', 'Triglycerides',
'Platelets’, and 'Prothrombin’. This approach
ensures that the dataset remains complete
without introducing significant bias. Next,
normalization was applied to scale numerical
attributes, ensuring that they are on a
comparable scale and improving the
performance of machine learning algorithms.
Additionally, categorical data were converted
into numerical format using techniques such as
one-hot encoding, enabling the algorithms to
process them effectively. Finally, the dataset
was split into training and testing subsets, with
80% allocated for training and 20% for testing,
ensuring that the model can be evaluated on
unseen data to assess its generalization
capability.

3.3 Concept of the SAMME Algorithm

The SAMME algorithm (Stagewise
Additive Modeling using a Multi-class
Exponential loss function) is a boosting method
designed to handle multi-class classification
problems. Boosting is an ensemble technique
that combines multiple weak learners to form a
more robust model by iteratively improving
prediction accuracy. SAMME extends the
concept of Adaboost (Adaptive Boosting) from
binary to multi-class classification using an
exponential loss function.

SAMME uses an exponential loss
function to measure prediction errors. This
function is expressed in Equation 1.
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L(y, F(x)) = exp(—yF (x)) (1)

where y is the true class label and F(x) is the
model's prediction.

Each data instance is initially assigned
equal weight. After each iteration, the weights
of misclassified instances are increased so that
the next weak learner focuses more on these
problematic instances. The new weight w; for
each instance i is calculated in Equation 2.

Wi(t+1) = Wi(t) exp (atl(yi * ht (xl))) (2)

where o is the strength of the weak learner at
iteration t, I(-) is an indicator function that is 1
if the condition inside is true, and h;(x;) is the
prediction of the weak learner at iteration .

The strength of each weak learner a; is
calculated based on the accuracy of that learner
on the weighted data. Mathematically, this is
expressed in Equation 3.

1 1-
@ =510 (—=) + In(K - 1) ©)

t

where €; is the error rate of the weak learner at
iteration t, and K is the number of classes.

The final prediction of the SAMME
model is a combination of all the weak learners,
taking into account their respective strengths.
The final prediction F(x) is computed in
Equation 4.

T

FOO = ) agh () )

t=1

where T is the total number of iterations (or
weak learners).

In the context of cirrhosis identification,
the SAMME algorithm is applied to classify
patients into various histologic status of the
disease. By using clinical and biochemical
attributes from the dataset, SAMME aims to
build a robust predictive model through
iterations and the strengthening of weak
learners. Consequently, SAMME can handle

the complexity and variability in medical data
to provide more accurate and reliable
predictions.

3.4 Evaluation Metrics

To evaluate the predictive model, we will
use two key metrics: the confusion matrix and
the classification report. The confusion matrix
is a summary table that helps visualize the
performance of the classification model by
comparing the actual and predicted labels. It
consists of four main components for each
class: True Positives (TP), True Negatives
(TN), False Positives (FP), and False Negatives
(FN). For a multi-class classification problem
like cirrhosis stage identification, the confusion
matrix will be extended to include each class.
This matrix will provide a detailed insight into
the types of errors the model is making,
showing how often the model correctly predicts
each class and where it tends to misclassify.

The classification report provides
additional metrics that summarize the
performance of the model for each class,
including precision, recall (sensitivity), and F1
score, as calculated in Equations 5-7.

o TP
Precision = TP+ FP &)
TP
Recall = TP+—F1V (6)
Precision - Recall
F1 Score =2 - (7

Precision + Recall

Precision measures how many of the
predicted positive instances are actually
positive, while recall measures the model's
ability to identify all positive instances. The F1
score, being the harmonic mean of precision
and recall, offers a balanced measure of the

model's accuracy, especially wuseful for
imbalanced datasets. By examining these
metrics, we can assess the model’s

effectiveness and robustness, identify specific
patterns of misclassification, and determine
areas for improvement. This comprehensive
evaluation helps us understand the model’s
strengths and weaknesses, guiding further
enhancements to achieve better performance.
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RESULT AND DISCUSSION
4.1 Model Performance

The confusion matrix, presented as
Figure 1, provides a detailed overview of the
model's performance in predicting the status of
cirrhosis patients across three classes: C, CL,
and D. The matrix highlights the number of
correct and incorrect predictions made by the
model for each class. For instance, the model
correctly predicted 41 instances of class C, 4
instances of class CL, and 34 instances of class
D. However, it misclassified 3 instances:
predicting 2 instances of class CL and 1
instance of class D as class C, and predicting 1
instance of class C and 1 instance of class D as
class CL. This confusion matrix serves as a
crucial tool for identifying specific patterns of
misclassification and areas where the model's
predictive accuracy can be improved.

Confusion Matrix

True
CcL
|
(=]
s
(=]
i
™~
o

1 1
C cL D
Predicted

Figure 1. Confusion matrix

The analysis of the confusion matrix
reveals several key insights into the model's
performance. For the class C, the model
correctly  identified 41  instances but
misclassified 2 instances as CL and 1 instance
as D. For class CL, the model demonstrated
perfect precision with 4 correct predictions and
no misclassifications. However, for class D,
while the model correctly identified 34
instances, it misclassified 1 instance as C and 1
instance as CL. The high number of true
positives for each class indicates a generally

strong performance, but the presence of
misclassifications suggests areas for
improvement, particularly in distinguishing
between classes C and CL. These

misclassifications could be due to overlapping

features or insufficient differentiation in the
dataset, necessitating further refinement of the
model or additional feature engineering to
enhance its predictive accuracy.

The classification report, presented as
Table 1, provides a comprehensive evaluation
of the model's performance across three classes:
C, CL, and D. The report includes precision,
recall, and F1-score metrics for each class,
along with the overall accuracy, macro average,
and weighted average scores. Class C shows
high precision (0.98), recall (0.93), and F1-
score (0.95) with a support of 44 instances,
indicating strong performance in identifying
this class. Class CL, despite a lower precision
of 0.57, achieves a perfect recall of 1.00 and an
F1-score of 0.73, albeit with a smaller support
of 4 instances. Class D also demonstrates high
performance with a precision of 0.97, recall of
0.94, and an F1-score of 0.96 with 36 instances.
The overall accuracy of the model stands at
0.94, reflecting its robustness in correctly
classifying the majority of instances. The macro
average and weighted average metrics further
underscore the model's balanced performance
across all classes.

Table 1. Classification report

precision recall score support
C 0.98 093 095 44
CL 0.57 1.00 0.73 4

D 0.97 0.94 0.96 36

accuracy 0.94 84

maero 084 096 088 84
avg

weighted 995 994 094 84
avg

The classification report indicates that the
model performs exceptionally well overall, with
an accuracy of 0.94. Class C has the highest
precision at 0.98 and a recall of 0.93, resulting
in a strong Fl-score of 0.95, reflecting the
model's reliability in identifying this class
correctly. Class D also shows high performance
with a precision of 0.97, recall of 0.94, and F1-
score of 0.96, indicating that the model is
similarly effective in predicting this class.
However, Class CL has a lower precision of
0.57 but achieves a perfect recall of 1.00,
suggesting that while the model identifies all
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true instances of this class, it also misclassifies
other instances as CL. The macro average
scores of 0.84 for precision, 0.96 for recall, and
0.88 for Fl-score reveal a disparity in
performance  across classes, particularly
affecting precision. The weighted averages,
closely aligned with the overall accuracy,
demonstrate that despite some variability, the
model maintains robust performance across the
dataset, although further refinement is needed
to improve precision, especially for the CL
class.

4.2 Summarization of Key Findings

The research addressed the critical
problem of accurately identifying cirrhosis
stages in patients, a process that is currently
challenged by the complexity of the disease and
limitations in existing diagnostic methods.
Using the SAMME algorithm to develop a
predictive model, the study aimed to enhance
identification accuracy for multi-class cirrhosis
classification. The key findings revealed that
the model achieved an overall accuracy of 94%,
with particularly high precision and recall for
the C and D classes. However, while the model
showed a perfect recall for the CL class, its
precision for this class was notably lower,
indicating a tendency to over-predict CL
instances. These results demonstrate the
model's potential to significantly improve
cirrhosis identification, though they also
highlight areas for further refinement,
particularly in balancing precision and recall
across all classes.

4.3 Result Interpretations

The results of the study indicate several
noteworthy patterns and relationships among
the data. The high precision and recall for the C
and D classes suggest that the model is highly
effective at distinguishing these stages of
cirrhosis. However, the perfect recall but low
precision for the CL class indicates a pattern of
over-prediction, where the model frequently
misclassifies other classes as CL. This result
partially met the expectations, as the model was
anticipated to perform well overall but showed
an unexpected imbalance in classifying CL
instances. Possible alternative explanations for
this could include an inherent class imbalance
in the dataset or overlapping features between
the classes that confuse the model. Further

investigation and refinement, such as enhancing
feature selection or applying advanced
balancing techniques, might be required to
address these issues and improve the model's
precision for the CL class.

4.4 Research Implications

The relevance and implications of this
research are significant for both clinical
practice and the broader field of medical data
science. The study's findings, which
demonstrate the efficacy of the SAMME
algorithm in accurately identifying multiple
stages of cirrhosis, align with and extend
previous literature that highlights the potential
of machine learning models to improve
diagnostic accuracy. By addressing the specific
challenge of multi-class classification in
cirrhosis, this research provides new insights
into handling complex medical datasets and
improving precision in underrepresented
classes, such as CL. These contributions
underscore the potential for predictive models
to enhance early detection and personalized
treatment plans in clinical settings, paving the
way for further advancements in medical
diagnostics and patient care.

4.5 Research Limitations

While this study successfully
demonstrates the potential of the SAMME
algorithm in enhancing the accuracy of
cirrhosis stage identification, several limitations
must be acknowledged. The relatively small
dataset size and potential class imbalance,
particularly in the CL category, may have
influenced the model's precision and overall
performance. These factors could lead to
overfitting or underrepresentation of certain
stages, affecting the generalizability of the
results. Despite these limitations, the results
remain valid for answering the research
question as the model still achieved high overall
accuracy and provided meaningful insights into
improving diagnostic processes. The findings
underscore the importance of further research
with larger, more balanced datasets to validate
and refine the model, ensuring its robustness
and applicability in real-world clinical settings.

4.6 Recommendations for Future Research
For practical implementation, it is
recommended that the predictive model be

TEKNIK INFORMATIKA-UNIVERSITAS WAHID HASYIM 37



Jurnal Informatika dan Rekayasa Perangkat Lunak

Vol. 7, No. 1, Maret 2025, Hal. 31-41

ISSN 2656-2855
e-ISSN 2685-5518

integrated into clinical decision support systems
to aid healthcare professionals in early and
accurate diagnosis of cirrhosis. To enhance the
model's robustness, future research should
focus on acquiring larger and more balanced
datasets, ensuring that all classes, especially
underrepresented ones like CL, are adequately
represented. Additionally, exploring advanced
feature engineering techniques and
incorporating domain-specific knowledge could
further improve model performance. Future
studies might also investigate the application of
other boosting algorithms or hybrid models to
compare effectiveness and identify the most
suitable approach for this medical context.
Continuous collaboration with medical experts
will be crucial to validate and refine the model,
ensuring its practical relevance and reliability in
diverse clinical environments.

CONCLUSION

In conclusion, this study highlights the
potential of using the SAMME algorithm to
develop a predictive model for the multi-class
identification of cirrhosis stages. The model
demonstrated high overall accuracy,
particularly excelling in predicting the C and D
classes with impressive precision and recall.
However, the results also indicated an area for
improvement in the precision of the CL class,
suggesting the need for further refinement in
handling class imbalances and overlapping
features. These findings underscore the
feasibility of leveraging machine learning to
enhance diagnostic accuracy and provide a
more nuanced understanding of cirrhosis
progression.

The implications of this research are
significant, offering valuable insights into
improving clinical decision-making and patient
outcomes  through advanced predictive
modeling. While some limitations, such as
dataset size and class imbalance, were
identified, the study's results remain robust and
valid, paving the way for future research. By
addressing these limitations and exploring new
techniques, future studies can build on this
foundation, ultimately contributing to more
effective and reliable diagnostic tools in the
medical field. The continued integration of
machine learning models into healthcare
systems holds promise for early detection and
personalized treatment, benefiting patients and
healthcare providers alike.
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