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l. INTRODUCTION

Early detection of breast cancer is a crucial step in improving the chances of recovery and reducing
mortality rates from this disease [1]. Among women worldwide, breast cancer is prevalent and ranks as one
of the most frequently occurring forms of cancer [2]. With early detection, treatment can commence earlier,
thereby enhancing the effectiveness of therapy and the quality of life for patients [3]. Imaging techniques
such as mammography have been widely used, but this technology also has limitations, such as a relatively
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high rate of diagnostic errors [4]. Therefore, there is an urgent need for more accurate and efficient detection
methods [5].

Machine learning has emerged as a potential solution in the classification of breast cancer [6]. These
strategies enable computers to acquire knowledge from data and provide predictions or judgments without
requiring explicit programming for specific tasks [7]. In the medical context, machine learning algorithms
can be used to analyze image data or clinical data to detect the presence of tumors [8]. Some popular
methods include Support Vector Machine (SVM) and Naive Bayes [9]. These two techniques offer different
yet complementary approaches to classifying breast cancer data with high accuracy [10].

The use of SVM and Naive Bayes in classifying medical data has significant relevance and benefits [11].
SVM is known for its strong ability to handle complex data and clear margins between different classes
[12]. On the other hand, Naive Bayes, despite being based on the assumption of feature independence, still
demonstrates good performance in various medical applications due to its simplicity and computational
speed [13]. In breast cancer classification, the combination of these two methods can provide a more
comprehensive and accurate insight [14]. Thus, the application of machine learning technology in the
medical field not only speeds up the diagnostic process but also aids in making more precise clinical
decisions [15].

This study aims to compare the performance of two machine learning algorithms, SVM and Naive Bayes,
in classifying breast cancer. Breast cancer requires accurate early detection to enhance the effectiveness of
treatment. With technological advancements, machine learning offers more efficient methods for
diagnosing this disease. SVM and Naive Bayes were chosen because each has strengths in handling medical
data. This study will evaluate how well these algorithms classify breast cancer data based on evaluation
metrics such as accuracy, precision, and recall.

Through this research, it is expected to gain a deeper understanding of the strengths and weaknesses of
each algorithm in the context of early breast cancer detection. The findings of this study will be beneficial
not only to the scientific community but also to medical practitioners seeking more effective diagnostic
methods. Furthermore, this research could serve as a foundation for developing more advanced and accurate
methods in the future. Thus, this study contributes to the global effort to reduce breast cancer mortality
through technological innovation. The hope is that the results of this research can help save more lives and
improve the quality of life for patients.

. METHODS

A. Dataset

For this investigation, we employed the Breast Cancer Wisconsin dataset, which is accessible via the
scikit-learn package, to categorize cases of breast cancer. This dataset is an extensive compilation that
encompasses a wide range of characteristics that are pertinent to the diagnosis of breast cancer. These traits
include the dimensions, form, and consistency of cancerous cells, obtained from breast biopsy specimens.
The classification objective of this dataset is binary, differentiating between benign and aggressive breast
cancer. The study seeks to assess the efficacy of Support Vector Machine (SVM) and Naive Bayes
algorithms in distinguishing between various forms of breast cancer using the provided dataset and its
associated attributes.

B. Data Pre-processing

Data preprocessing is a crucial step in preparing the Breast Cancer Wisconsin dataset for classification
analysis. The first step is to split the data into training and testing sets, with 80% allocated for training and
20% for testing, to ensure that the model can be objectively evaluated on previously unseen data. This
process is carried out using the scikit-learn library, which provides the “train_test _split™ function for
efficient data splitting. Additionally, pandas is used to manage and manipulate the data, including importing
the dataset, separating features from the target, and ensuring the data is free from missing values or
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anomalies. With these preprocessing steps, the data becomes ready for analysis using machine learning
algorithms, ensuring the accuracy and reliability of the classification results.

C. Support Vector Machine (SVM)

The SVM is a machine learning technique primarily used for classification and regression tasks, with a
specific emphasis on classification. The fundamental principle of SVM is to identify the best hyperplane
that effectively divides data into two distinct classes, maximizing the margin between them [16]. A
hyperplane is a border in the feature space that serves as a decision boundary, effectively separating the
different classes [17]. The objective of SVM is to identify the hyperplane that maximizes the distance
between the data points belonging to different classes. The basic principles of SVM are as follows:

1. Hyperplane
The hyperplane in SVM is an object (usually in high dimensions) that separates the feature space
into two parts, where each part contains data from one class. Mathematically, the hyperplane can
be expressed by Equation 1.

wix+b=0 1)

where w is the weight vector, x is the feature vector, and b is the bias.

2. Maximum Margin
The objective of SVM is to optimize the margin, which is the separation between the hyperplane
and the closest data points from each class, referred to as support vectors. To reach the highest
margin, the objective function, as determined in Equation 2, needs to be minimized.

1
Minimize > |w|? (2)
subject to the constraint in Equation 3.

yiwTx; +b) > 1 (3)

for all data points (x;, y;), where y; is the class label of the i-th data point.

D. Naive Bayes

Naive Bayes is a classification technique that uses Bayes' theorem and assumes that the features are
independent of each other. Naive Bayes is a method that use conditional probabilities to determine the
probability that a given data item belongs to a specific class [18]. There are several variants of Naive Bayes,
and in the context of continuous data like the breast cancer dataset, Gaussian Naive Bayes is the most
commonly used. Basic principles of Naive Bayes (Gaussian Naive Bayes) are as follows:

1. Bayes' Theorem
Bayes' theorem is a fundamental principle in probability and statistics, providing a way to calculate
the probability of a particular class Cj, given a set of observed features x. Specifically, it determines
the posterior probability, P(Cy|x), which represents the likelihood that a given class Cj is the
correct classification for the observed data x. Mathematically, Bayes' theorem is expressed in
Equation 4.

P(x|Cy)-P(Cy)
P(x)

P(Ck|x)= (4)
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where P(x|Cy) is the likelihood of observing the features x given that the data belongs to class Cy,
and P(Cy,) is the prior probability of the class Cy. This equation thus allows us to update our beliefs
about the probability of a class based on new data, bridging prior knowledge with observed
evidence to make more informed predictions.

Independence Assumption (Naive Assumption)

Naive Bayes posits that the features exhibit independence from one other within the framework of
a class. Under this assumption, the likelihood probability can be expressed as the multiplication of
the probabilities of each individual characteristic and computed using Equation 5.

P(XiCk)=1_[P(xi|Ck) (5)
i=1

where x; is the value of the i-th feature and n is the number of features.

Gaussian Naive Bayes

In Gaussian Naive Bayes, it is assumed that each feature follows a normal (Gaussian) distribution,
allowing the model to make probabilistic predictions based on this assumption. The probability of
observing a specific feature value x; given a class Cj, is calculated using the Gaussian probability
density function. This calculation is shown in Equation 6.

1 exp (_ (x; — Hk)2>
2
/Znoi 20 ©

where p,, represents the mean and o2 the variance of the i-th feature for the class Cy . By leveraging
these parameters, Gaussian Naive Bayes can effectively model continuous data under the Gaussian
assumption, leading to more accurate class predictions based on feature distribution patterns.

P(x;1Ce) =

Model Evaluation

Model evaluation is an essential stage in determining the effectiveness of classification algorithms and

verifying the accuracy and dependability of the model's results. Several commonly used assessment
methods for assessing the effectiveness of a classification model include the confusion matrix, accuracy,
precision, recall, and F1-score.

1. Confusion Matrix

A confusion matrix is a powerful tool for evaluating the performance of a classification model by
showing the distribution of correct and incorrect predictions across different classes [19]. This
matrix is organized into four key components: True Positives (TP), which represent the count of
actual positive instances accurately predicted as positive; True Negatives (TN), the count of actual
negative instances accurately predicted as negative [20]; False Positives (FP), where actual negative
instances are incorrectly classified as positive; and False Negatives (FN), where actual positive
instances are misclassified as negative. By analyzing these components, the confusion matrix
provides valuable insights into the model’s strengths and weaknesses in distinguishing between
classes, helping refine its predictive accuracy. The confusion matrix can be represented in Equation
7.

TP TN
[FP FN Q)

Accuracy
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Accuracy is a metric that quantifies the frequency with which a model produces accurate
predictions. The calculation involves dividing the count of accurate predictions by the total count
of data points. The formula is in Equation 8.

TP+TN

A = 8
Ay = P ¥ TN + FP + FN ®

Accuracy provides a general idea of the model's performance but can be misleading if the classes
are imbalanced.

Precision

Precision is a metric that quantifies the model's ability to accurately anticipate positive instances,
specifically the proportion of positive predictions that are correct. The formula for precision is in
Equation 9.

TP
P . . - - 9
recision TP T FP €)]

Precision is important in contexts where the cost of false positives is high, such as cancer detection.
Recall

Recall, also known as sensitivity, quantifies the model's capacity to correctly detect all instances of
positive cases. The calculation involves dividing the count of accurate positive forecasts by the
total count of actual positive cases. The formula for recall is in Equation 10.

I P
— 10
Recall = N (10)

Recall is important in situations where we want to minimize the number of missed positive cases.
F1-Score

The F1-score is a gquantitative measure that integrates precision and recall by calculating their
harmonic mean. It offers a harmonious combination of accuracy and completeness, making it
especially valuable in situations where the data is unevenly distributed. The F1-score formula can
be found in Equation 11.

F1.S ) Precision X Recall (11)
- =2 X
core Precision + Recall

The F1-score gives a better picture of model performance when we need to balance precision and
recall.

RESULTS AND DISCUSSIONS
Model Performance

The evaluation of the SVM and Naive Bayes models in breast cancer classification is illustrated through
their respective confusion matrices, referred to as Figure 1 and Figure 2. Figure 1 presents the confusion
matrix for the SVM model, which shows 37 true positives, 6 false positives, 0 false negatives, and 71 true
negatives for the labels malignant and benign. Figure 2 displays the confusion matrix for the Naive Bayes
model, indicating 40 true positives, 3 false positives, 0 false negatives, and 71 true negatives. These matrices
provide a detailed breakdown of each model's performance in accurately predicting malignant and benign
cases, highlighting the strengths and weaknesses of the SVM and Naive Bayes algorithms in breast cancer
detection.
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The confusion matrices for the SVM and Naive Bayes models offer valuable insights into their
performance in classifying breast cancer cases. The SVM model, as shown in Figure 1, correctly identified
all 71 benign cases (true negatives) and 37 malignant cases (true positives), but it also misclassified 6 benign
cases as malignant (false positives). Notably, the model did not miss any malignant cases, resulting in zero
false negatives. This outcome is crucial in medical diagnostics, where the failure to detect a malignant
tumor can have severe consequences. The SVM's high precision in detecting malignant cases underscores
its potential as a reliable tool for early breast cancer detection, albeit with a slight tendency to over-predict
malignancies, which could lead to unnecessary anxiety and further testing for patients who do not have
cancer.

In contrast, the Naive Bayes model, depicted in Figure 2, also demonstrates robust performance with an
overall accuracy of 97%. It correctly identified 40 malignant cases and 71 benign cases, with only 3 benign
cases misclassified as malignant. Like the SVM, the Naive Bayes model achieved zero false negatives,
ensuring that no malignant cases were overlooked. This balance between precision and recall in the Naive
Bayes model highlights its efficacy in maintaining a low rate of false positives while still accurately
identifying all malignant cases. This balance is particularly significant in clinical settings where minimizing
false positives is essential to reduce unnecessary treatments and the associated psychological burden on
patients. The Naive Bayes model's slight edge in accuracy and a better balance between precision and recall
suggest that it might be a more effective choice for practical applications in breast cancer detection,
providing both high diagnostic accuracy and reducing the risk of overdiagnosis.

The classification reports for the SVM model, presented in Table 1, and the Naive Bayes model, shown
in Table 2, provide comprehensive evaluations of each model's performance in classifying breast cancer
cases as either malignant or benign. These reports include key metrics such as precision, recall, and F1-
score, along with the support for each class. For the SVM model, the report highlights its high accuracy and
effectiveness in distinguishing between the two classes, offering valuable insights into its reliability and
potential for clinical application. Similarly, the Naive Bayes model's report reveals its high overall accuracy
and balanced performance across both classes, providing important insights into its capabilities and
potential effectiveness in clinical settings. The following detailed analysis delves into these metrics to better
understand the strengths and limitations of both models in breast cancer detection.

Table 1. Classification report of SVM.

precision recall fl-score support
malignant 1.00 0.86 0.92 43
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benign 0.92 1.00 0.96 71
accuracy 0.95 114
macro avg 0.96 0.93 0.94 114
weighted avg 0.95 0.95 0.95 114

Table 2. Classification report of Naive Bayes.

precision recall fl-score support

malignant 1.00 0.86 0.92 43
benign 0.92 1.00 0.96 71
accuracy 0.95 114
macro avg 0.96 0.93 0.94 114
weighted avg 0.95 0.95 0.95 114

The detailed classification report for the SVM model highlights its robust performance in breast cancer
classification. The precision for malignant cases is perfect at 1.00, indicating that every predicted malignant
case is indeed malignant. However, the recall for malignant cases is 0.86, showing that 14% of actual
malignant cases are not identified by the model, which could be a concern for missing potential diagnoses.
For benign cases, the SVM model achieves a precision of 0.92 and a perfect recall of 1.00, signifying it
correctly identifies all benign cases without false negatives. The overall accuracy of 0.95 underscores the
model's high reliability. Nonetheless, the lower recall for malignant cases suggests a need for further
optimization to ensure fewer malignant cases are overlooked, which is crucial for early detection and
treatment of breast cancer.

In comparison, the Naive Bayes model demonstrates a slightly superior overall performance, with an
accuracy of 0.97. The precision and recall for malignant cases are 1.00 and 0.93, respectively, which
indicates a better balance between identifying true malignant cases and minimizing false negatives
compared to the SVM model. For benign cases, the model achieves a precision of 0.96 and a perfect recall
of 1.00, highlighting its effectiveness in correctly identifying benign cases. The higher F1-scores for both
classes in the Naive Bayes model reflect its ability to maintain a good balance between precision and recall.
This model’s slight edge in overall accuracy and balanced performance makes it a strong candidate for
practical application in breast cancer detection. It ensures that both malignant and benign cases are
accurately classified with minimal error, thus providing a reliable tool for medical diagnostics.

B. Summarization of Key Findings

This study rigorously evaluated the performance of SVM and Naive Bayes algorithms in the classification
of breast cancer using the Breast Cancer Wisconsin dataset, addressing the critical problem of accurate and
reliable cancer detection. The major findings reveal that both models demonstrated excellent performance,
with the Naive Bayes model slightly outperforming the SVM in overall accuracy (97% vs. 95%) and
providing a more balanced precision and recall across both malignant and benign classes. The SVM model
excelled in detecting positive cases with perfect precision but showed a minor reduction in recall for the
benign class. These results underscore the effectiveness of both algorithms in breast cancer detection,
highlighting Naive Bayes' consistency and SVM's robustness in identifying malignant cases. This
comparative analysis provides valuable insights for selecting appropriate machine learning models in
clinical diagnostics, emphasizing the importance of tailored model applications based on specific diagnostic
needs and data characteristics.
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C. Result Interpretations

The results of the SVM and Naive Bayes models reveal intriguing patterns and relationships in the
classification of breast cancer cases. Both models effectively identified malignant cases with high precision,
but differences emerged in their recall rates. The Naive Bayes model displayed a balanced precision and
recall for both malignant and benign classes, achieving a superior overall accuracy of 97%. In contrast,
while the SVM model excelled in precision for malignant cases, it exhibited a slightly lower recall for
benign cases, leading to an overall accuracy of 95%. These outcomes align with expectations given the
strengths of each algorithm: Naive Bayes' ability to handle class imbalance and SVM's robustness in
defining clear decision boundaries. However, the slight drop in recall for benign cases by the SVM model
was unexpected. It might be attributed to the need for further parameter tuning or the inherent sensitivity
of SVM to the specific distribution of the dataset. This suggests that while both models are highly effective,
the choice between them should consider the specific diagnostic context and the balance required between
precision and recall.

D. Research Implications

This research significantly enhances the understanding and application of machine learning algorithms
in breast cancer detection, demonstrating the strengths of both SVM and Naive Bayes models in clinical
diagnostics. By confirming the high accuracy and balanced performance of Naive Bayes, as well as the
robust precision of SVM, this study aligns with existing literature that highlights the effectiveness of these
models in handling medical datasets with varying distributions and class imbalances. The findings
contribute new insights into the practical considerations for algorithm selection in medical diagnostics,
emphasizing the importance of context-specific performance metrics. This research underscores the
potential for tailored algorithmic approaches to improve early detection and treatment outcomes, offering
a valuable foundation for future exploration and refinement in the application of machine learning to
healthcare.

E. Research Limitations

This work offers significant insights into the efficacy of Support Vector Machines (SVM) and Naive
Bayes algorithms in classifying breast cancer. However, it is crucial to recognize and address some
limitations. The exclusive dependence on a solitary dataset may restrict the applicability of the conclusions,
since it may not comprehensively encompass the varied community of individuals with breast cancer.
Additionally, the assumptions inherent in Naive Bayes and the need for precise parameter tuning in SVM
could impact the models' performance. Despite these constraints, the results remain valid and robust,
demonstrating consistent high accuracy and balanced performance metrics that directly answer the research
guestion. The findings underscore the reliability of both models in detecting breast cancer, highlighting
their potential application in clinical settings and paving the way for further research with more diverse
datasets to enhance generalizability.

V. CONCLUSIONS AND RECOMMENDATIONS

In conclusion, this study effectively demonstrates the high efficacy of both SVM and Naive Bayes models
in the classification of breast cancer, each with distinct strengths in accuracy and balance between precision
and recall. The Naive Bayes model slightly outperforms in overall accuracy and consistency across classes,
while the SVM excels in identifying positive cases. These findings underscore the importance of selecting
the appropriate model based on data characteristics and diagnostic needs, contributing valuable insights
into the application of machine learning in medical diagnostics. Despite limitations such as sample size and
model assumptions, the research validates the potential of these algorithms in enhancing breast cancer
detection, paving the way for further exploration and optimization in future studies.

For future research, it is recommended to extend this study by utilizing larger and more diverse datasets
to improve model generalization and applicability in real-world clinical settings. Exploring advanced
feature processing techniques and employing robust cross-validation methods can further refine model
performance. Additionally, investigating other machine learning algorithms, such as ensemble methods or
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deep learning, could provide deeper insights into their efficacy for breast cancer detection. Integrating
multimodal data, including patient medical history and genetic information, may enhance model accuracy
and offer a more comprehensive approach to early diagnosis. These steps will not only bolster the practical
implementation of these models but also drive innovation in developing more accurate and efficient breast
cancer detection systems.
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