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Abstract

Purpose: Digital data has been accumulated rapidly resulting in the significant
increase in the cost of searching information from the data source. How to effectively
manage documents (i.e., text categorization, TC) has become an important research
issue. However, in TC, huge amount of index terms are selected for representing
document vectors, resulting in poor prediction outcomes. This study proposes a genetic
algorithm based feature selection (GAFS) method to optimize the selection of index
terms.

Design/methodology/approach: Before training classifiers, GAFS selects a
reduced set of index terms that can optimize the prediction accuracy of classifiers. In
experimental study, the WebKB dataset was used to evaluate the performance of GAFS.
A total of six well-known classification techniques were considered, including naive
Bayesian classifier (NB), decision tree (DT), classification and regression tree (CART),
random forest (RF), support vector machine (SVM) and k-nearest neighbor (KNN). The
baseline model, denoted as TOTAL, is to consider complete set of index terms in all

*  Corresponding author. Email: bmahck@ccu.edu.tw
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experiments.

Findings: The results show that the proposed GAFS method outperforms the
TOTAL method. The performance of KNN and RF classifiers deteriorates as the number
of features increases. Under different number of features, the SVM, NB, and DT
classifiers perform stably but the CART classifier has relatively unstable performance.

Research limitations/implications: This study only considers the WebKB dataset.
Future research is recommended to include other well-known datasets in the TC domain.
Other feature selection methods can be also considered in the experimental evaluation.

Practical implications: Two practical implications are provided. First, this study
reveals that different parameter settings in genetic algorithm (GA) can significantly
affect the performance of feature selection in TC. Second, the proposed GAFS method
allows users to systematically construct a robust classifier for TC.

Originality/value: This paper investigates the influence of the parameters used in
GA for the feature selection in TC. It advances the literature in choosing GA parameters

and classification techniques for optimizing the TC performance.

Keywords: document categorization, genetic algorithm, feature selection, classifier
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Classifier Option Accuracy Precision Recall F1
-k 2 0.6495 0.6387 0.6495 0.6363
-k 5 0.6503 0.6467 0.6503 0.6265
-k 10 0.6531 0.671 0.6531 0.6272
KNN -k 15 0.6445 0.6619 0.6445 0.6092
-k 20 0.6655 0.6904 0.6655 0.6310
-k 25 0.6481 0.704 0.6481 0.6119
-k 30 0.6191 0.7052 0.6191 0.5818
-k 50 0.5554 0.6788 0.5554 0.4999
-M 2 0.8088 0.8089 0.8088 0.8076
-M 5 0.8154 0.8169 0.8154 0.8155
CART -M 10 0.7922 0.8018 0.7922 0.7957
-M 20 0.7791 0.7824 0.7791 0.7804
-M 50 0.7748 0.7721 0.7748 0.7695
-M 100 0.7321 0.7317 0.7321 0.7191
-M 2 0.7886 0.7878 0.7886 0.7881
-M 5 0.7835 0.7877 0.7835 0.7844
DT -M 10 0.7987 0.7949 0.7987 0.7954
-M 20 0.7900 0.7884 0.7900 0.7865
-M 50 0.7857 0.7853 0.7857 0.7799
-M 100 0.7466 0.7617 0.7466 0.7496




