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An Experimental Study on Feature Reduction Techniques

and Classification Algorithms of Thai Documents
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Abstract
This research presented thai document categorization framework focused on feature
reduction before processing with machine leaming to reduce the time and resources in the system
of processing and increase the efficiency of thai document categorization. The results showed that
Chi-square method was the most effective way to reduce the feature followed by Information Gain
and Document Frequency, respectively. When testing the performance of categorization

documents, it was found that the Support Vector Machine algorithms was the most effetive method
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followed by Naive-Bayes and Decision Tree algorithms, respectively. The sample size of feature
was reduced up to 90% and the feature reduction does not affect the performance of document

categorization.

Keywords : Feature Reduction, Document Categorization. Machine Learning
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ChiSquare NB DecisionTree SVM

feature Precision Recall Fl Precision Recall F1 Precision Recall Fl
10000 0.861 0.859 0.858 0.74 0.742 0.710 0918 0.916 0.916
8000 0.862 0.859 0.859 0.74 0.742 0.741 0.917 0.915 0915
6000 0.86 0.858 0.858 0.738 0.74 0.738 0.921 0.92 0.920
4000 0.86 0.858 0.857 0.73 0.743 0.731 0.919 0.918 0.918
2000 0.854 0.853 0.852 0736 0.741 0.737 0916 0915 0915
1000 0.835 0.834 0.833 0.741 0.744 0.741 0.893 0.888 0.888
average 0.855 0.854 0.853 0.7375 0.742 0.733 0.914 0.912 0912
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