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3.2. Performance Proposed Method Comparison with ROC Curve

We have implemented a Receiver Operating Characteristic (ROC), which serves as the conventional tool
for model selection and assessment in problems involving the classification of two classes [41]. The ROC curve
can be calculated by utilizing the True Positive Rate (TPR) and False Positive Rate (FPR) results obtained from
the calculation of the confusion matrix shown in (15) and (16). The TPR and FPR values for each model are
presented in Table 3, and the visualization is depicted in Fig. 11, with the x-axis representing the TPR (True
Positive Rate) and the y-axis representing the FPR (False Positive Rate) measurement for each algorithm. The
formula used is as follows:

TP TP
TPR = = (15)
Actual Positive TP + FN
FP FP
Actual Negative TN + FP

It is evident that there is convergence among all the machine learning classifier models. The highest
accuracy is achieved by the Support Vector Machine (SVM) and Logistic Regression (LR), both with an
accuracy of 97.3%, while the lowest accuracy is observed in the Decision Tree model, which achieves an
accuracy of 91.8%. The SVM model exhibits a higher ROC curve and a better FPR value compared to Logistic
Regression, despite both models having the same accuracy. This indicates that SVM outperforms Logistic
Regression in terms of classification performance. The results of the FPR and TPR for all the methods used
are presented.

Table 3. Result of FPR and TPR each algorithm

Method FPR TPR

ANN 0.0,0.01408541,1.0 0.0,0.93023256,1.0
SVM RBF 0.0,0.0,1.0 0.0,0.94023256,1.0
DT 0.0,0.05633803,1.0 0.0,0.88697674,1.0
RF 0.0,0.04225352,1.0 0.0,0.94348837,1.0
KNN 0.0,0.04225352,1.0 0.0,0.90697674,1.0
LR 0.0,0.01408451,1.0 0.0,0.95348837,1.0
NB 0.0,0.01419451,1.0 0.0,0.89372093,1.0

a ¢
False Positive Rate

Fig. 11. ROC of all models

3.3. Performance Comparison Previous Study
Comparison of our work with the most related works show in Table 4.

Table 4. Performance comparison with previous study

Author Dataset Method Accuracy
S. Araetal., 2021 [12] UCIWBCD, 569 instances, 32 features SVM 96.5%
Vergheseetal., 2021 [13 ] UCIWBCD, 569 instances, 32 features SVM:RBF 94.5%
H. Chiu etal., 2020 [14] UCIWBCD, 569 instances, 32 features MLP + SVM 86.9%
Assegieetal., 2020 [15] Kaggle, 569 instances, 32 features DT 92.5%
Proposed Kaggle, 569 instances, 32 features SVM:RBF & LR 97.3%

4, CONCLUSION
Based on research conducted using datasets obtained from the Kaggle site, we have explored breast cancer
classification using feature selection with Principal Component Analysis (PCA) implemented into several
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supervised machine learning algorithms. The results obtained indicate that SVM and LR achieve the highest
accuracy, reaching 97.3%. However, the ROC curve shows that the SVM graph is higher than the LR graph,
which can be attributed to the results of the confusion matrix calculation, where the False Positive (FP) value
is 0 and the False Positive Rate (FPR) is also 0. A FP and FPR value of 0 is considered favorable, as it signifies
that the classification model accurately predicts instances as negative when they do not belong to the class in
question. In cases such as breast cancer disease, minimizing FP is crucial. When the FP value is 0, it indicates
that the model does not mistakenly classify something as positive when it is actually negative. Consequently,
this is considered a positive outcome. Thus, the overall performance of SVM with RBF (Radial Basis Function)
kernel and utilizing the c-value selection approach surpasses that of all the machine learning algorithms tested
in this study. For future research, several avenues can be explored to further improve accuracy and enhance the
classification diagnosis for breast cancer patients. These include applying alternative feature selection methods
and optimizers, such as forward selection, to obtain the optimal set of attributes and selecting different features
to increase the accuracy value.
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