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Time-Series based Dataset Selection Method for Effective Text Classification

- =k =) kK
AE, Awd

17| & ATSFA N SILUST) ¥ elol el aots), daafelr) %4 w e+ AKISTD”

Yeonghun Chae(proin@ust.ac.kr)”, Do—Heon Jeong(heon@kisti.re.kr)™

QBN 7)%0] WA w2} Leklate] vlolElE FAS F7kaa 9, S7heks wlolElel ojs 3
QA AT 7S B AEYOR Sa] A AL AR T ek Leelgel BAE R
AN, £ 2 AL Ang FFT AT, o]F Biol MBI FEH BRI} s
Zolck 2 ATl AE 9 BAIA ek o319 e wakg RS, B Y Ang
oz dole] WS BHstel HLHY B Sk 71N ARV Y % 252 e ek
520 711008 AL AAY JRE EHste] SHTh FHE dolelE ngoz vl 4ge 23
so] Naive Bayes % SVM 25715 AHgate] 92 2459w, 2t aeld A7) deole 9% o4
ol Hoh 2020 EIE, 2320 EAES] A5 FIE FARGTh ¥ ATE Fal AADH o719 wakE
BRO| wedstel Hiel AN FINY & 9eS Bz

B 4ol 0 I SVM | velBuo]= [ AIAGRA | 71AI8ks | 2

Abstract

As the Internet technology advances, data on the web is increasing sharply. Many research
study about incremental learning for classifying effectively in data increasing. Web document
contains the time-series data such as published date. If we reflect time-series data to
classification, it will be an effective classification. In this study, we analyze the time-series
variation of the words. We propose an efficient classification through dividing the dataset based
on the analysis of time-series information. For experiment, we corrected 1 million online news
articles including time-series information. We divide the dataset and classify the dataset using
SVM and Naive Bayes. In each model, we show that classification performance is increasing.
Through this study, we showed that reflecting time-series information can improve the

classification performance.
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