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INTRODUCTION METHOD

Breast cancer is one of the major global health This study compared six machine learning algorithms (Logistic Regression, Support Vector Machine,
burdens and a leading cause of death in the female Decision Tree, Random Forest, Gaussian Naive Bayes, and Linear Discriminant Analysis) using the Wisconsin
population [1]. We acknowledge the utmost Diagnostic Breast Cancer dataset (WDBC). Four convolutional neural network architectures (SqueezelNet,
importance of early screening, detection, diagnosis, GooglLeNet, ResNet-50, and DenseNet-121) were applied to the BreakHis histopathological imaging
and treatment of breast cancer [2]. dataset.

Furthermore, despite various challenges, Artificial Transfer learning techniques, oversampling and SHAP value were utilized. Evaluation metrics included AUC,
intelligence remains and will continue to be an accuracy, precision, sensitivity, specificity, negative predictive value, and F1-score. MATLAB R2024a (The

effective solution that brings specific benefits [3].  MathWorks, Inc.) was used for analysis (Figure 1).
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Figure 1. Research flowchart
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RESULT

SVM exhibited exceptional classification performance, achieving an accuracy of 0.972 across both datasets (Table 1). The
6 models performed similar results, demonstrating the evaluation of feature impact on class using SHAP values (Figure
2). Significantly, ResNet-50 and DenseNet-121 consistently maintain high accuracy and other performance metrics,
making them promising candidates for accurate and reliable image classification tasks in the medical domain.

Figure 2. WDBC dataset SHAP values by 6 models

Figure 3. AUC models classification
on BreakHis dataset
a. 40x and 100x magnification

Table 1. Models performance analysis b. 200x and 400x magnification
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LR: Logistic Regression, SVM: Support Vector Machin, DT: Decision Tree, RF: Random Forest, GNB: Gaussian

Naive Bayes, LDA: Linear Discriminant Analysis, NPV: Negative Prediction Value; 5Q: Squeezellet;

GG: GooglelNet; R50: ResNet-50; D12 1: Densellet-121
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This study highlights the effectiveness of Al models in MATLAB for diagnosing breast cancer. SVM shows promise for
classification, while ResNet-50 show potential among CNNs. The findings suggest that future data training and model
optimization efforts could benefit from leveraging SHAP values to eliminate less impactful features, thereby reducing
noise. The research affirms the role of artificial intelligence in healthcare and poses challenges requiring large, accurate,
diverse datasets for practical applications.
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