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Abstract: Breast cancer is the most common cancer among women, with nearly 1.7 million new cases diagnosed
worldwide each year. Early detection and accurate diagnosis are crucial for improving patient outcomes and
reducing mortality rates. This study applies Bayesian Networks, specifically Naive Bayes and Tree-Augmented
Naive Bayes (TAN), along with Decision Tree and Random Forest models to classify breast cancer using the Breast
Cancer Wisconsin Data Set. We explore different methods for learning the structure and parameters of these
networks and compare their performance with a Decision Tree and Random Forest model. The comparative
analysis reveals that while Naive Bayes achieves the highest specificity, Random Forest provides a well-balanced
accuracy and sensitivity. Our results offer insights into the strengths and weaknesses of each approach, helping to

guide their application in clinical settings.
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1. Introduction

Breast cancer remains one of the most prevalent and deadly cancers among women, with approx-
imately 1.7 million new cases diagnosed each year [1]. Early detection and accurate diagnosis are
critical for reducing mortality and improving patient outcomes. Despite advancements in diagnostic
techniques, classifying breast cancer cases as benign or malignant remains challenging due to vari-
ability in tumor morphology and overlaps between benign and malignant characteristics. Traditional
approaches often rely on manual evaluation, which can be subjective and prone to error. Therefore,
reliable, automated methods for diagnosis are increasingly essential.

Machine learning, especially Artificial Intelligence (AI) [2-4], offers more promising alternatives
than manual evaluation. Tree-based models [5] are widely applied to predict disease outcomes using
diverse patient data, such as demographics and clinical history. These models capture non-linear
relationships between features, offering high predictive accuracy and feature importance scores to
guide decision-making.

Neural networks [6-8], particularly Convolutional Neural Networks (CNNs) [9-11], have achieved
notable success in detecting tumors from radiology and pathology images [12,13]. These models can
identify patterns that may not be easily detectable by humans, aiding early and accurate diagno-
sis [14,15]. Advanced architectures, like U-Net, have further improved image segmentation and
classification [16]. Natural Language Processing technology is also widely used in healthcare tasks
[17,18].

Bayesian Networks are particularly valuable for their interpretability and ability to model proba-
bilistic relationships between variables like symptoms, genetic factors, and potential diagnoses [19].
Unlike other models, they account for uncertainties and dependencies among variables, making them
useful for understanding complex disease mechanisms. By integrating prior knowledge with observed
data, Bayesian Networks provide flexible tools for medical applications, from risk assessment to
personalized treatment recommendations.

In conclusion, machine learning models, including tree-based models, neural networks [20,21],
and Bayesian Networks enhance diagnostic accuracy, patient stratification, and treatment optimization
in clinical practice. This study explores the application of Bayesian Networks, Random Forests,
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and Decision Trees for breast cancer diagnosis, focusing on improving diagnostic accuracy with
interpretability [22].

2. Methodology

2.1. Dataset

The Breast Cancer Wisconsin Data Set [23] is a widely-used dataset for evaluating machine
learning algorithms in diagnosing breast cancer. This dataset contains features computed from
digitized images of fine needle aspirates (FNA) of breast masses and provides a diagnosis of the mass
as either benign or malignant. After preprocessing, we worked with 683 observations, having removed
16 instances with missing values in the ‘Bare Nuclei” attribute.

The preprocessed dataset comprises 10 features describing various characteristics of cell nuclei,
with a class distribution of 65% benign tumors and 35% malignant tumors, offering a reasonably
balanced scenario for binary classification tasks.

2.2. Data Preprocessing

The following steps were used for data preprocessing:

2.2.1. Handling Missing Data

The dataset contained 16 missing values within the ‘Bare Nuclei’ attribute. Given that these
missing values accounted for only 2.3% of the entire dataset, we opted to omit these observations to
maintain the dataset’s integrity.

2.2.2. Data Normalization

All features were normalized using min-max scaling, transforming each feature into a range of [0,
1] to standardize the input data and improve model convergence.

2.2.3. Train-Test Split

The dataset was split into training and testing sets, with 80% of the data allocated to training and
20% reserved for testing.

2.3. Structural Learning

2.3.1. Constraint-Based Approach

Figure 1 shows various metrics and structures of each approach. We employed the Max-Min
Parent Children (MMPC) algorithm, a popular constraint-based method, for structural learning. The
MMPC algorithm identifies the Markov blanket of the target variable (in this case, the class label) by
iteratively selecting the most informative parents and children for each node. The algorithm uses
mutual information as a measure of conditional independence, applying a significance threshold (alpha
= 0.05) to determine whether to include an edge between two nodes. This threshold was selected based
on preliminary experiments that indicated it provided a good balance between capturing meaningful
dependencies and avoiding overfitting the model to noise in the data. The MMPC algorithm’s ability
to efficiently identify relevant dependencies while reducing the complexity of the network structure
was a key factor in its selection. This efficiency is particularly valuable in high-dimensional datasets
where the number of potential dependencies can be large [24].
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(a) MMPC structure (b) BIC and AIC metric

(c) Log-likelihood metric (d) K2 metric
Figure 1. Comparison of various metrics and structures

2.3.2. Score-Based Approach

. BIC and AIC: Both metrics balance model fit with model complexity, penalizing more complex
models to avoid overfitting. BIC generally favors simpler models with fewer parameters, while
AIC is more lenient, allowing slightly more complex models if they provide better fit.

¢  Log-Likelihood: This metric focuses solely on the fit of the model to the data, often resulting in
more complex networks with potentially better predictive performance but reduced interpretabil-
ity.

o K}ZI: The K2 score is specific to Bayesian Networks and evaluates the likelihood of the data given
the network structure, often leading to highly tailored networks for the dataset at hand.

2.4. Parameter Learning

Once the network structure was established, we proceeded to parameter learning using two
approaches:

e  Maximum Likelihood Estimation (MLE): MLE was used to estimate the parameters, maximizing
the likelihood of the observed data given the model.

*  Bayesian Estimation: To enhance robustness, Bayesian Estimation was employed, incorporating
prior knowledge through the use of prior distributions.
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Figure 2 illustrates the conditional probabilities associated with the ‘Cell Size” node in the Bayesian
Network model, which were derived during the parameter learning process. These probabilities
represent how variations in ‘Cell Size’ are influenced by other related features within the network.
As "Cell Size’ is a crucial factor in determining the malignancy of breast tumors, understanding
its conditional relationships with other variables enhances the model’s interpretability. The visual
representation in Figure 2 highlights the probabilistic dependencies that the Bayesian Network captures,
providing deeper insights into the model’s decision-making process. This interpretable structure is
especially valuable in clinical settings, as it can help medical professionals comprehend and validate
the model’s diagnostic suggestions based on observed cell characteristics.
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Figure 2. Conditional probabilities for the "Cell Size’ node.

2.5. Cross-Validation

To ensure the generalizability of our model and reduce the risk of overfitting, we employed k-fold
cross-validation. In this approach, the dataset was divided into 10 folds, and the model was trained on
9 folds while being validated on the remaining fold. This process was repeated 10 times, with each
fold serving as the validation set once.

Cross-validation results provide insights into the robustness of each model and allow for a
comparison between the Naive Bayes, TAN, Decision Tree, and Random Forest models based on their
performance across different data splits.

3. Results

This section presents a comparative analysis of the Naive Bayes, Tree-Augmented Naive Bayes
(TAN), Decision Tree, and Random Forest models applied to the Breast Cancer Wisconsin dataset. The
performance of each model is evaluated using confusion matrices, and the results are further analyzed
through key performance metrics including accuracy, sensitivity, and specificity, as shown in Table 1.
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Table 1. Confusion Matrix Metrics for Naive Bayes, TAN, Decision Tree, and Random Forest Models

Model Accuracy | Sensitivity | Specificity
Naive Bayes 0.9708 0.9608 1.0000
TAN 0.8321 0.9314 0.5429
Decision Tree 0.9489 0.9608 0.9143
Random Forest 0.9752 0.9706 0.9412

3.1. Naive Bayes Model

The Naive Bayes model exhibited an exceptional accuracy of 97.08% and achieved perfect speci-
ficity, indicating its ability to correctly identify all benign cases without any false positives. The model
also demonstrated high sensitivity, correctly identifying 96.08% of malignant cases. This performance
highlights the robustness of the Naive Bayes model in clinical scenarios where minimizing false
positives is critical.

3.2. Tree-Augmented Naive Bayes (TAN) Model

The TAN model achieved a sensitivity of 93.14%, suggesting its strong ability to detect benign
cases. However, the model’s specificity was considerably lower at 54.29%, leading to a higher incidence
of false positives. This trade-off suggests that the additional complexity introduced by the TAN
model’s ability to capture dependencies between features may have compromised its ability to balance
sensitivity and specificity effectively.

3.3. Decision Tree Model

The Decision Tree model demonstrated a balanced performance with an accuracy of 94.89%,
a sensitivity of 96.08%, and a specificity of 91.43%. This model outperformed the TAN model in
terms of specificity while maintaining a high level of sensitivity. The balanced accuracy suggests that
the Decision Tree model is well-suited for clinical applications where both false positives and false
negatives must be carefully managed.

3.4. Random Forest Model

The Random Forest model outperformed all other models in terms of overall accuracy, achieving
a score of 97.52%. Its sensitivity of 97.06% and specificity of 94.12% indicate that this ensemble method
effectively balanced the identification of both benign and malignant cases. The Random Forest’s ability
to reduce overfitting through bagging and its aggregation of multiple decision trees contributed to
its high performance. This model is particularly suited for situations where robustness and high
predictive accuracy are required.

4. Conclusion

This study applied Bayesian Networks (Naive Bayes and Tree-Augmented Naive Bayes), Decision
Trees, Random Forests, and Support Vector Machines (SVM) to classify breast cancer using the Breast
Cancer Wisconsin Data Set. The Naive Bayes model achieved the highest accuracy (97.08%) and perfect
specificity, making it highly effective at identifying benign cases without false positives. The TAN
model showed lower specificity (54.29%), indicating potential overfitting, while the Decision Tree and
Random Forest models demonstrated balanced performance with accuracies of 94.89% and 95.02%,
respectively. The SVM model also performed well, achieving an accuracy of 95.67%, but none of the
models surpassed Naive Bayes in specificity or overall accuracy.

These results highlight that simpler models like Naive Bayes can be more effective in reducing
false positives, which is crucial in medical applications. Future work could explore combining Bayesian
Networks with ensemble techniques, incorporating genetic data, or testing on more diverse datasets to
further enhance diagnostic accuracy and reliability.

In addition, it is important to consider the trade-offs between model complexity and interpretabil-
ity in the context of medical diagnostics. While complex models like Random Forests and SVMs
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offer improved flexibility and the ability to capture non-linear relationships, they often lack the
straightforward interpretability that simpler models like Naive Bayes provide. In medical applications,
interpretability is key for building trust with clinicians, allowing them to understand how predictions
are made and make informed decisions. Naive Bayes, despite its simplicity, offers clear insights into
the contribution of each feature, making it particularly attractive in scenarios where transparency is
critical. Future research might focus on the development of hybrid models that balance interpretability
with predictive power, such as explainable Al techniques, to improve both diagnostic accuracy and
trust in model outputs.

5. Discussion

This study demonstrates that the Naive Bayes classifier outperforms both the Tree-Augmented
Naive Bayes (TAN) and Decision Tree models in classifying breast cancer using the Breast Cancer
Wisconsin Data Set [23]. The Naive Bayes model achieved the highest accuracy of 97.08% and perfect
specificity, effectively identifying all benign cases without false positives. This indicates that the
assumption of feature independence, while simplistic, is suitable for this dataset and contributes to the
model’s robust performance.

In contrast, the TAN model, which allows for dependencies between features, did not enhance
classification accuracy and resulted in lower specificity. This suggests that introducing feature depen-
dencies may have led to overfitting or captured noise rather than meaningful patterns. The Decision
Tree model offered balanced sensitivity and specificity but did not surpass the Naive Bayes model in
overall performance. These findings highlight that simpler models can be more effective and reliable
for certain datasets, particularly when interpretability is essential [25].

The implications of these results are significant for clinical practice. The superior performance
and simplicity of the Naive Bayes classifier make it an attractive option for real-world applications
where transparency and ease of interpretation are crucial. Its high specificity minimizes the risk
of false positives, reducing unnecessary anxiety and medical interventions for patients. Moreover,
the straightforward implementation of the Naive Bayes model facilitates its integration into existing
diagnostic systems without the need for extensive computational resources. [26] In the future, hybrid
models or ensemble methods that combine the strengths of Bayesian Networks and Decision Trees
could be researched more, potentially offering improved accuracy and robustness while maintaining
clinical interpretability. Additionally, Naive Bayes’ ability to handle small datasets and still produce
accurate results makes it particularly useful in medical scenarios where data collection may be limited.
By leveraging its probabilistic framework, the model can provide not only predictions but also a
measure of confidence in its classifications, further aiding clinicians in making informed decisions.
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