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Abstract

Breast cancer remains one of the most prevalent causes of cancer-related mortality among women worldwide, making early and
accurate detection critically important. Machine learning techniques have been widely applied for this purpose,; however, many
existing studies primarily focus on predictive accuracy without providing comprehensive analysis of model optimization and
interpretability. This study proposes a comparative framework integrating Support Vector Machine (SVM) and Extreme Gradient
Boosting (XGBoost) with Bayesian Optimization to enhance hyperparameter tuning and model performance. The Breast Cancer
Wisconsin Dataset, consisting of 569 samples with 30 numerical features, is used for evaluation. The proposed approach includes
data preprocessing, dataset splitting, systematic hyperparameter optimization, model training, and performance evaluation.

Experimental results show that the XGBoost model achieves superior performance compared to SVM, with an accuracy of 98.24%
and an Area Under the Curve (AUC) of 0.994. Further analysis indicates that the model maintains a strong balance between
precision and recall, with minimal misclassification. In addition, feature importance analysis reveals that attributes related to
tumor size and structural irregularities contribute significantly to the prediction results, supporting the interpretability of the
model in a medical context. The main contribution of this study lies in providing a more comprehensive evaluation that combines
performance comparison, optimization effectiveness, and feature-level interpretation within a unified framework. The findings
demonstrate that the integration of XGBoost and Bayesian Optimization offers a reliable and interpretable approach for breast

cancer classification, with strong potential for implementation in machine learning—based clinical decision support systems.
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I. INTRODUCTION

Breast cancer remains one of the most frequently diagnosed
cancers among women worldwide and continues to be a major
contributor to cancer-related mortality. Early detection plays a
critical role in improving treatment success rates and increasing
patient survival. However, the diagnostic process for breast
cancer often involves complex clinical assessments and
requires expert interpretation, which can delay decision-
making. In this context, the integration of machine learning
techniques has gained significant attention as a tool to support
medical practitioners in achieving faster and more accurate
diagnoses [1].

The advancement of machine learning has provided new
possibilities in healthcare, particularly in analyzing medical
datasets and assisting in predictive modeling. Various
classification algorithms have been widely explored to address
complex medical problems. Among these, Support Vector
Machine (SVM) and Extreme Gradient Boosting (XGBoost)

are commonly used due to their strong -classification
performance. SVM operates by constructing an optimal
hyperplane that maximizes class separation, while XGBoost is
an ensemble learning approach that improves prediction
accuracy through gradient boosting of decision trees in an
iterative manner [2].

Recent international studies have demonstrated that
advanced machine learning techniques such as XGBoost and
Support Vector Machine are highly effective in medical
diagnosis, particularly for cancer prediction [3]. Several works
report that XGBoost achieves superior performance due to its
ensemble learning capability and robustness against overfitting
[4], while Bayesian Optimization significantly improves
hyperparameter tuning efficiency [5]. However, most of these
studies primarily focus on predictive accuracy and lack
comprehensive evaluation involving optimization behavior and
feature interpretability.

Despite their effectiveness, previous
extensively applied SVM, XGBoost,

studies have
and Bayesian
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Optimization individually or in combination for breast cancer
classification. However, many of these studies focus primarily
on achieving high accuracy without providing a comprehensive
comparison of model behavior, optimization efficiency, and
feature interpretability within a unified experimental
framework. In addition, limited attention has been given to
analyzing how optimized hyperparameters influence model
performance and how important features relate to clinical
characteristics. This indicates a research gap in providing a

more integrated evaluation that combines performance
comparison, optimization analysis, and feature-level
interpretation.

The performance of machine learning models is highly
dependent on the selection of appropriate hyperparameters.
Manual tuning is often time-consuming and may lead to
suboptimal  configurations.  Therefore, a  systematic
optimization approach is necessary to efficiently identify
optimal parameter settings. Bayesian Optimization has
emerged as a powerful method that utilizes probabilistic models
to explore the hyperparameter space more effectively compared
to conventional techniques such as grid search and random
search [6].

This study utilizes the Breast Cancer Wisconsin Dataset,
which consists of 569 samples with 30 numerical features
representing the morphological characteristics of cell nuclei.
The dataset is classified into two categories: benign and
malignant. The proposed framework includes data
preprocessing, dataset splitting into training and testing sets,
and hyperparameter optimization using Bayesian Optimization
applied to both SVM and XGBoost models [7].

The experimental results demonstrate that the XGBoost
model optimized using Bayesian Optimization achieves the
highest performance, with an accuracy of 98.24% on the test
data. Furthermore, evaluation using the Receiver Operating
Characteristic (ROC) curve yields an Area Under the Curve
(AUC) value of 0.994, indicating excellent classification
capability. The confusion matrix analysis also shows that most
instances are correctly classified, with  minimal
misclassification [8].

In addition to performance evaluation, this study also
analyzes feature importance to provide deeper insights into the
model’s decision-making process. The results indicate that
features such as radius worst, perimeter worst, area_worst,
and concave_points_worst have significant contributions to the
classification outcome. These features are associated with
tumor size and structural irregularities, which are clinically
relevant indicators of malignancy.

Based on the identified gap, this research aims to provide a
more comprehensive evaluation by implementing and
comparing SVM and XGBoost models optimized using
Bayesian Optimization, while also examining optimization
behavior and feature relevance. The findings are expected to
contribute not only in terms of predictive performance but also
in improving the interpretability and practical applicability of
machine learning—based decision support systems for breast
cancer diagnosis [9].

II. RESEARCH METHOD

This study develops a predictive framework for breast
cancer classification by combining Support Vector Machine
(SVM) and Extreme Gradient Boosting (XGBoost), where
Bayesian Optimization is utilized to systematically search for
the most appropriate hyperparameter settings for both models
[10], [11]. Within the machine learning paradigm, breast cancer
detection is treated as a binary classification task in which each
observation is categorized as either benign or malignant based
on extracted cellular characteristics. Formally, the dataset can
be represented as D = {(x;, y;)}/=,, where x; € R%denotes the
feature vector and y; € {0,1}represents the corresponding
label. The main objective is to construct a function f(x): R¢ —
{0,1}that is capable of accurately predicting unseen samples
[12].

The analysis is conducted using the Breast Cancer
Wisconsin Dataset, which contains 569 records described by 30
numerical variables representing the morphological properties
of cell nuclei obtained from digitized medical images. These
variables include measurements related to size, shape, and
surface characteristics such as radius, texture, perimeter, area,
smoothness, compactness, concavity, and symmetry. To
improve data reliability and ensure stable model performance,
several preprocessing steps are carried out. These include
removing irrelevant features, converting diagnosis labels into
numerical format through encoding, and applying feature
scaling using z-score normalization. This normalization step is
particularly important for SVM, as it prevents certain variables
with larger scales from dominating the learning process [13].

After preprocessing, the dataset is divided into training and
testing sets using an 80:20 proportion. The training subset is
used to build the predictive models, while the testing subset is
reserved for evaluating model generalization. To improve the
robustness and reliability of the evaluation, this study also
applies k-fold cross-validation (k=5). In this approach, the
dataset is divided into five subsets, where the model is trained
on four subsets and validated on the remaining subset
iteratively. The process is repeated until each subset has been
used as validation data. The average performance across all
folds is then calculated to provide a more stable and unbiased
evaluation.

In this study, two classification techniques are applied. The
SVM algorithm determines an optimal separating hyperplane
by maximizing the margin between classes, with its decision
function expressed as f(x) = wlx + b, where wand bdenote
the model parameters. On the other hand, XGBoost is an
ensemble-based approach that utilizes gradient boosting over
decision trees, where multiple weak learners are combined
iteratively to produce a more accurate and robust model [14],
[15].

To overcome the limitations of manual parameter tuning,
Bayesian Optimization is employed as an automated approach
for hyperparameter selection. This method constructs a
probabilistic surrogate model, such as Gaussian Processes or
Tree-structured Parzen Estimators (TPE), to approximate the
objective function and guide the search toward optimal regions
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of the parameter space. In this study, several key parameters are
optimized. For SVM, these include the regularization
parameter C, kernel type, and kernel coefficient y. For
XGBoost, parameters such as the number of trees, learning rate,
maximum depth, subsampling ratio, and feature sampling ratio
are considered. The optimization is conducted iteratively,
typically within 30-50 iterations, to efficiently obtain near-
optimal configurations with reduced computational effort [16].

The implementation is performed using Python-based tools,
including Scikit-learn for SVM, the XGBoost library for
gradient boosting, and optimization frameworks such as
Optuna or Hyperopt. These libraries facilitate efficient
computation and ensure reproducibility throughout the
experimental process.

Once the optimal hyperparameters are identified, both
models are trained using the training data and subsequently
evaluated on the testing data. Model performance is measured
using several evaluation metrics, including accuracy, precision,
recall, and F1-score, to provide a comprehensive assessment of
classification quality. In addition, further evaluation is carried
out through confusion matrix analysis to identify classification
errors, ROC curve analysis to assess discriminative
performance, and feature importance analysis to examine the
contribution of each variable, particularly in the XGBoost
model. Finally, a comparative evaluation between SVM and
XGBoost is conducted to analyze differences in predictive
performance, robustness, and interpretability[17], [18]. The
overall workflow of the proposed method is summarized in

Figure 1.
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Figure 1. Research workflow for breast cancer prediction using
SVM, XGBoost, and Bayesian Optimization.

Figure 1 presents the complete workflow of the proposed
study for breast cancer prediction using Support Vector
Machine (SVM) and Extreme Gradient Boosting (XGBoost)
with hyperparameter optimization based on Bayesian
Optimization. The process begins with importing the Breast
Cancer Wisconsin Dataset into the computational environment
for further analysis.

In the initial stage, data preprocessing is conducted to
ensure data quality and model reliability. This includes data
cleaning to remove irrelevant attributes, transformation of
categorical diagnosis labels into numerical form using label
encoding, and feature scaling through standardization to
normalize the input variables. This step is particularly
important to improve model stability and ensure that all
features contribute proportionally during training.

After preprocessing, the dataset is divided into training and
testing subsets using a fixed ratio to enable objective model
evaluation. The training data is then used in the hyperparameter
optimization phase. In this stage, Bayesian Optimization is
employed to explore the hyperparameter search space
efficiently. The optimization process iteratively evaluates
candidate parameter combinations and selects the most
promising configurations based on model performance. For
SVM, parameters such as the regularization parameter and
kernel-related settings are optimized, while for XGBoost,
parameters including learning rate, tree depth, and number of
estimators are tuned.

Once the optimal hyperparameters are obtained, both
models are trained using the training dataset with the selected
configurations. The trained models are subsequently evaluated
on the testing dataset to assess their generalization capability.

To provide a comprehensive evaluation, several
performance metrics and visualization techniques are utilized.
These include the confusion matrix to analyze classification
errors, Receiver Operating Characteristic (ROC) curve to
evaluate discriminative ability, and feature importance analysis
to identify the most influential variables in the prediction
process. This analysis also supports a better understanding of
how the models make decisions based on input features.

Finally, a comparative analysis between SVM and
XGBoost is conducted to determine the relative strengths of
each method in terms of predictive accuracy, robustness, and
interpretability. The results of this comparison serve as the
basis for drawing conclusions and highlighting the contribution
of the proposed approach.

II1. RESULTS AND DISCUSSION

This section presents the experimental results as well as a
deeper analysis of the proposed approach based on the research
workflow described in the previous section. The process
includes dataset preparation, preprocessing, data splitting,
hyperparameter optimization using Bayesian Optimization,
model training using Support Vector Machine (SVM) and
Extreme Gradient Boosting (XGBoost), and performance
evaluation using multiple quantitative metrics.
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The dataset used in this study is the Breast Cancer Wisconsin
Dataset, which initially consists of 569 instances with 33
attributes representing morphological characteristics of cell
nuclei obtained from breast mass images. These features
include radius, texture, perimeter, area, smoothness,
compactness, concavity, concave points, symmetry, and fractal
dimension. During preprocessing, irrelevant attributes such as
the ID column and missing or empty fields were removed to
improve data consistency. After this step, the dataset contained
31 attributes, including 30 numerical features and one target
label. The diagnosis variable was transformed into numerical
format using label encoding, where benign tumors were
represented as 0 and malignant tumors as 1.

Following preprocessing, the dataset was divided into
training and testing subsets using an 80:20 ratio, resulting in
455 samples for training and 114 samples for testing. This
separation ensures that model evaluation is conducted on
unseen data, allowing for a more reliable assessment of
generalization performance.

The next stage involved hyperparameter optimization using
Bayesian Optimization to enhance model performance. The
optimization process systematically explored the parameter
space and identified optimal configurations for each algorithm.
For the SVM model, the best parameters were obtained with
C =34.7376, y = 1.0, and a linear kernel. Meanwhile, the
XGBoost model achieved optimal performance with a learning
rate of 0.1614, maximum tree depth of 8, 202 estimators,
subsample value of 0.7893, and colsample bytree value of
0.5018. These results indicate that Bayesian Optimization
effectively identified parameter combinations that balance
model complexity and generalization ability.

After  determining the optimal hyperparameter
configurations, both models were trained using the training
dataset and subsequently assessed on the testing dataset.

In addition to the hold-out evaluation, cross-validation
results are also analyzed to assess model stability. The results
indicate that XGBoost consistently achieves high performance
across different folds, demonstrating strong generalization
capability. Meanwhile, SVM shows slightly higher variability,
indicating lower robustness compared to XGBoost.

Table 1. Cross-Validation Results

Accuracy Std.
Model (Mean) Deviation
SVM 96.12% +0.021
XGBoost 98.36% +0.015

The evaluation results indicate that XGBoost delivers better
overall classification performance compared to SVM. The
XGBoost model achieved an accuracy of 98.24%, reflecting its
ability to correctly classify nearly all data instances. Based on
the classification report, the precision score reached 0.97 for the
benign class and 1.00 for the malignant class. In terms of recall,
the model achieved 1.00 for benign samples and 0.95 for
malignant samples. The Fl-score of 0.98 indicates that the

model maintains a well-balanced trade-off between precision
and recall, highlighting its reliability.

The higher performance of XGBoost relative to SVM can
be explained by several underlying factors. As an ensemble
learning method, XGBoost integrates multiple decision trees,
enabling it to model complex and non-linear patterns more
effectively than SVM with a linear kernel. Furthermore, the
boosting strategy iteratively refines the model by correcting
errors from previous iterations, which improves predictive
accuracy and reduces bias. Additionally, the inclusion of
regularization mechanisms in XGBoost helps control
overfitting, making the model more robust when applied to
structured medical data.

Beyond performance evaluation, feature importance
analysis was carried out to identify the contribution of each
variable to the prediction results. The analysis shows that
variables such as radius_worst, perimeter worst, area_worst,
and concave_points_worst have the greatest influence on the
model output. These features are associated with tumor size,
shape irregularity, and structural complexity, which are known
indicators of malignancy in clinical practice. This alignment
suggests that the model not only performs well but also
provides meaningful insights that are consistent with medical
knowledge, thereby enhancing its interpretability.

Opverall, the findings demonstrate that combining XGBoost
with Bayesian Optimization results in a more accurate and
dependable classification model compared to SVM. In
addition, the inclusion of feature importance analysis and
model evaluation contributes to a deeper understanding of how
predictions are generated, addressing the need for both high
performance and interpretability in medical decision support
systems.

To further assess classification performance, a confusion
matrix analysis was conducted, as presented in Figure 2. This
matrix provides a detailed breakdown of prediction outcomes.
The results show that 72 benign samples and 40 malignant
samples were correctly classified. However, there were 2
instances where malignant cases were incorrectly predicted as
benign, while no benign cases were misclassified as malignant.

Confusion Matrix XGBoost

Actual

' v
(4] 1
Predicted

Figure 2. Confusion Matrix of the XGBoost Model
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This result indicates that the model demonstrates very high
specificity, as it does not incorrectly label benign cases as
malignant, which is important to avoid unnecessary medical
interventions. However, the presence of a small number of false
negatives (malignant predicted as benign) suggests a potential
limitation, as this type of error may delay critical treatment.

This finding also indicates that further validation using
cross-validation or additional datasets is necessary to ensure the
reliability of the model in real-world clinical applications.

This finding highlights the importance of further
optimization or integration with additional clinical validation to
minimize such risks in real-world applications.

Further performance evaluation was conducted using the
Receiver Operating Characteristic (ROC) curve, as shown in
Figure 3. The ROC curve represents the trade-off between the
True Positive Rate (TPR) and False Positive Rate (FPR) across
different classification thresholds. The XGBoost model
achieved an Area Under the Curve (AUC) value of 0.994,
which indicates an excellent ability to discriminate between
benign and malignant classes.
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Figure 3. ROC Curve of the XGBoost Model

The high AUC value suggests that the model maintains
strong sensitivity and specificity simultaneously, making it
highly reliable for classification tasks. This performance also
reflects the effectiveness of Bayesian Optimization in
identifying optimal hyperparameters that enhance the model’s
discriminative capability.

In addition to performance metrics, feature importance
analysis was conducted to provide interpretability of the model,
as presented in Figure 4. The results show that features such as
radius_worst, perimeter_worst, area_worst,
concave_points_worst, and concave_points_mean contribute
most significantly to the classification process.
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Figure 4. Feature Importance of the XGBoost Model

These variables are closely linked to tumor dimensions,
irregular boundaries, and structural complexity, all of which are
important clinical indicators of malignancy. For instance,
increased values in radius and area are typically associated with
abnormal cell proliferation, whereas higher levels of concavity
and concave points reflect uneven or distorted tumor edges. The
consistency between the model’s results and established
medical knowledge enhances both the interpretability and
reliability of the proposed method.

A comparative evaluation of the SVM and XGBoost models
was also performed, as shown in Figure 5. The findings indicate
that XGBoost delivers superior accuracy compared to SVM.
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Figure 5. Accuracy Comparison between SVM and XGBoost Models

Page | 95

Received: Jan 13", 2026 | Published: March 30", 2026



JSil | Jurnal Sistem Informasi
Vol. 13 No. 1 | March 2026, P. 91-97

p-ISSN: 2406-7768
e-ISSN: 2581-2181

The superior performance of XGBoost can be explained
by its ensemble learning mechanism, which combines multiple
decision trees to model complex and non-linear relationships
within the data. In contrast, SVM with a linear kernel has
limited capability in capturing such complexity. Additionally,
XGBoost incorporates regularization and iterative error
correction, which improve generalization performance and
reduce overfitting. The integration of Bayesian Optimization
further enhances both models by efficiently exploring the
hyperparameter space, although its impact is more pronounced
in XGBoost due to its larger number of tunable parameters.

Overall, the experimental results demonstrate that the
proposed approach, which integrates XGBoost with Bayesian
Optimization, provides highly accurate and reliable
performance for breast cancer classification. Beyond achieving
high accuracy and AUC values, the model also offers
interpretability through feature importance analysis, making it
suitable as a potential decision support tool for assisting
medical professionals in breast cancer diagnosis.

IV.CONCLUSION

This research introduces a comparative and optimized
framework for breast cancer classification by combining
Support Vector Machine (SVM) and Extreme Gradient
Boosting (XGBoost), where Bayesian Optimization is applied
to refine hyperparameter selection. The study utilizes the Breast
Cancer Wisconsin Dataset, which contains 569 samples
characterized by morphological features of cell nuclei. Within
this framework, model performance, optimization efficiency,
and feature relevance are systematically analyzed in a unified
experimental setup.

The results demonstrate that XGBoost consistently
outperforms SVM in classification tasks, achieving an accuracy
0f 98.24% and an AUC score of 0.994. These findings indicate
that XGBoost is more capable of modeling complex patterns
within the data and producing stable predictions. The confusion
matrix further confirms that the model yields only a small
number of misclassifications, although a few false negative
cases remain, which are important to consider in sensitive
medical applications.

In addition to performance evaluation, this study emphasizes
the effectiveness of Bayesian Optimization in identifying
suitable hyperparameter configurations in an efficient manner,
which contributes to improved model accuracy and stability.
The feature importance analysis also shows that variables such
as  radius worst,  perimeter worst, area_worst, and
concave_points_worst have a significant influence on
classification outcomes. These features are associated with
tumor size and structural irregularities, aligning with clinical
indicators of malignancy and enhancing the interpretability of
the model.

The key contribution of this work is the provision of a more
comprehensive  analysis that integrates performance
comparison, optimization processes, and feature-level
interpretation within a single framework. This approach
addresses limitations in prior studies that mainly emphasize
accuracy without offering deeper analytical insights.

Furthermore, the use of a single data split without cross-
validation may limit the robustness of the evaluation results.

However, several limitations should be noted. The use of a
single dataset may restrict the generalizability of the findings.
Moreover, despite achieving high performance, additional
validation using real clinical data and multiple datasets is
required to ensure robustness in practical scenarios. Future
research should consider exploring other machine learning or
deep learning approaches, utilizing more diverse datasets, and
incorporating explainable Al methods to further improve
transparency.

In practical terms, implementing the proposed framework
within clinical decision support systems represents a promising
direction. Overall, the combination of XGBoost and Bayesian
Optimization offers an effective and dependable solution for
breast cancer classification, with strong potential to assist
healthcare professionals in enhancing diagnostic accuracy and
decision-making processes.
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