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Abstract

This research focused on evaluating the effectiveness of the Decision Tree Algorithm in classifying breast cancer, as
well as investigating the associated risk factors. The study employed medical record data from breast mass patients
at Mahasarakham University’s Faculty of Medicine, spanning 2010 to 2022. The dataset, post-cleansing, comprised
1,524 records, with 1,343 representing low-risk breast cancer patients and 181 representing high-risk cases. The
study indicates that the Decision Tree Algorithms, specifically C4.5, C5.0, and Random Forest, had substantial
classification accuracy. However, their area under the ROC curve (AUC) values were relatively low due to insufficient
class separation, which stems from class imbalance. This issue was addressed by employing oversampling to
augment the minority class instances and undersampling to reduce the majority class instances. The outcomes
revealed that both C4.5 and C5.0 Decision Trees yielded comparable results, while Random Forest demonstrated

a superior AUC and recall, approximately 15-20% higher than C4.5 and C5.0.

Keywords: Breast cancer, decision tree, class-imbalance
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Table 3  The accuracy, area under the curve (AUC), and recall values of the models using the decision tree
algorithms C4.5, C5.0, and the Random Forest method, with data split into 75% for training and 25%
for testing.

Implement Accuracy AUC Recall
C4.5 0.8770 0.5463 0.0208
C5.0 0.8976 0.5000 0.0000
Random forest 0.8635 0.5271 0.0208
Oversampling 30% + C4.5 0.7203 0.6468 0.1719
Oversampling 30% + C5.0 0.6970 0.5391 0.0151
Oversampling 30% + Random forest 0.7394 0.7100 0.3721
Oversampling 35% + C4.5 0.6963 0.7200 0.3452
Oversampling 35% + C5.0 0.6639 0.5620 0.0807
Oversampling 35% + Random forest 0.7267 0.7648 0.4593
Combining Random Oversampling and Undersampling + C4.5 0.6540 0.7026 0.3629
Combining Random Oversampling and Undersampling + C5.0 0.6138 0.5538 0.0145
Combining Random Oversampling and Undersampling + Random forest 0.7142 0.7612 0.4571
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Figure 1 The Confusion Matrix of oversampling data at
a 35% ratio using the Random Forest method with 7-fold
cross-validation.
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Figure 2 ROC curve for oversampling data at a 35% ratio
using the Random Forest method with 7-fold
cross-validation.
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