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Abstract

In this research we propose an ensemble
classification technique based on majority vote from
decision tree, artificial neural network, and support
vector machine models selected by genetic algorithm
in order to increase classification accuracy. From
classification accuracy test on Australian Credit, German
Credit and Bankruptcy Data, we found that the proposed
ensemble classification models selected by genetic
algorithm yields better performance than that of
single model. The results show as follows. For Australian
Credit after using genetic algorithm find the best
classifier namely using 9 classifier models including
4 support vector models, 3 decision tree modes and 2
artificial neural network models achieved best
performance with 89.01% accuracy on classification.
For German Credit data after using genetic algorithm
find the best classifier namely using 18 classifier
models including 7 support vector machine models,
6 decision tree models, and 5 artificial neural network
models achieved best performance with 71.50% accuracy
on classification. For Bankruptcy Data after using
genetic algorithm find the best classifier namely
using 10 classifier models composed of 4 support
vector machine models, 4 decision tree models, and
2 artificial neural network models achieved best
performance with 71.50%.
Keyword: Decision Tree, Artificial Neuron Network,
Support Vector Machine, Ensemble,
Genetic Algorithm
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