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Abstract

Imbalanced data are frequently found in many situations. General classification techniques tend
to biased toward the majority class. This causes low performance in predicting minority class.
Oversampling for minority class is a strategy to handle class imbalance classification. This research intends
1) to compare the efficiency of resampling method between Random over-sampling (ROS) and Synthetic
Minority Over-sampling TEchnique (SMOTE), and 2) to compare the efficiency of classifiers between
logistic regression and decision tree in solving the imbalance data of Type | Pharmacies Entrepreneur.
Performance measures for this this comparison are accuracy, true positive rate, true negative rate, and F-
measure. The results show that over-sampling by SMOTE has high performance on classifying the data

from minority class for all classification techniques.

Keywords: Classification, Imbalanced data, SMOTE
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