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Abstract

Currently, data mining can be very useful to data computational, retrieve
important and relevant information. Classification is a popular data mining function.
The limitation of the classification model must use a feature selection to investigate

with the real system. This paper, we used the Information Gain approach, which is the
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one method of feature selection, to improve performance Naive Bayes and Decision
Tree model for a manuscript grouping. The case study used 177 manuscripts from
National Science Conference 4" which has 4 groups including mathematic healthcare
computer science and other related fields. The results shown the Naive Bayes model
with information gain weight 0.03 has the best accuracy at 84% and 444 features.
Moreover, the Decision Tree model with information gain weight 0.20 has accuracy
only 60% and 9 features. Concluding, the Naive Bayes classification method with the

information gain method can apply the best classification model with this case studly.
Keywords: data mining, feature selection, classification
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participants consisted of 7 Mathayom Suksa III students in wWutrungsitawas School i
obtained by purposive sampling. The research instruments were comprised of (1) the
lesson; (2) a scientific argumentation ability test; and (3) decision making skills
using content analysis. The study found that (1) the post-learning scientific argum
learned using the argument-based inquiry approach wers developing increasingly (2) A
skills.; (3) In exploring the best practices in scientific learning using argument-b
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that studentsf mathematics achievement on frequency distribution by graph after lear
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accuracy: 43.24% +/- 10.82% (micro average: 43.28%)
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accuracy: 31.43% +/- 6.27% (micro average: 31.34%)
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nsnaaouLiiolildathinfinfian uazAnugndesgeandiviuniaden
ANNWAILFY Information Gain Musadndlunwd 8 uazamil 9 dwmsunsiSeuidioy
AIANNYNABITENING Naive Bayes Waw Decision Tree n1slAenAMaNuMEAIY
Information Gain nsdlduundayade Naive Bayes |duadndeativiin 0.03 ridanu
gndasii 849% TieganiiAAnugndeslumssuunLUY Decision Tree firntiwiin 0.20
Treaugnifeaiiios 60% sheAmimiindidenaadnuay Information Gain fidedaden
71 0.03 uarMIIWUNLUY Naive Bayes uaz Decision Tree snIoulfisufiuyanaaeudi
Lifinmsdenaadnvarifiduiunadnuuzasuiu WefAnwinnuannsavesuuuule
Isandruuvesnadnualumsnd 1
a31eil 1 mstd3euiiisumanugndes uazdiuiunudnvazyes madenauinuae

Information Gain

Operators Naive Bayes Decision Tree weight word
Lildnsdenamdnuuey 64.93% 31.34% 3562
n1siienAaNYY Information Gain 84.33% 31.34% 003 444

MU 1 Ungradnddmiunsauunuuy Naive Bayes sfner1aagnifes 84.33%
figaniinsliiidenaadnuass usn1ssuunuuy Decision Tree TsiAANugndeavindiuns
Lidenaudnuas Tnsesursradnsiumngiemandnvaziianasaivayunisldan
thagduhlifinUseavsamnnssunuuy Naive Bayes fenadnvny 444 é1 Using
Foatiuayunmunnd 9 Liesnillonudnuuranadiosnin 10% vesdiuunudnwaza
ANugneesiinIsUsuatanag1atalaun lunsdlin1sduunuuy Decision  Tree fid1A4
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fhonansife uernsisuiisulsyAvsnimdasAaugniesesiuLuuR A
Alaldnsidennudnuae lriaaugndeswesnisduuniuy Naive Bayes fendnnis
vesaanazidu fusuiunudnuny 444 d 71 84.33% gandiegnsdniau uazmeute
aunfgTuresiuuaudn v fianasdinanssnuiuAmATIgNFsBINI T UNNGLTdes
WUy WU Naive Bayes TsiUszvnmidianimign 0.03 us Decision Tree S1uunngallé
fesnituazUsngUszavnmAniauanwusfiszdulioondt 10 M sluseaziBoalyl
Usnganuuiududagnduunndreiu viendnlddiiianuuiudnameiiosunngy
Wity winisAnuideriesunamadaniity mnemedansiunieutoyaidunouis
vannmaneivhauladulun dwnesnnnnesuumdu (Support vector machine) uay
Tasstneuszamidion (Artificial Neural Networks: ANN) fienasimunsiesenlusuanls

Journal of Science and Technology Songkhla Rajabhat University

Ui 1 atun 1 unsaau - Tgurew 2563 Vol.1 January - June 2020




H MITivmMsinemansuaznalulad uninerdenigaaan

AnAnssuUsznA
VDUBUAMANLINAARSWAzWMALLLAE U INeduTuigaman uasnangns
WensreuiiwesTialuayudeya uazniaslodmsunsvinideliussquadise

LANE1591989

Kan Deng. (1998). OMEGA: ON-LINE MEMORY-BASED GENERAL PURPOSE SYSTEM
CLASSIFIER. The Robotics Institute School of Computer Science Carnegie
Mellon University Pittsburgh, PA 15213.

fosunAuns a¥aained uazanednd Tnefaaday (2561). “mssudaunmuinisidsas
omsdndulaidonlduinisasnislufunudi viemasuumagiin.” lu
n15Us2YNIVINITILAVVIR AN1INe1d8519490LA0 afed 11, gufin:
UAMINENGIAYYAR, 739 - 746,

5101 nisssausle lanassan sl $udy edau uavuaad 1aneASbEL(2560). “ns
WarunTusunsusisdaununisdenivamefoulagldinadanis dunianisi
Lazs1en1ImY.” Tu 2sansunninendedingn U9 22, aduil 2. awan:
UNNINeRevinia, 275 - 283.

yyaduu wayse dade feauud nqualis Seulenna wazynd Buwa (2561). “M3
Tuunlwadinulagldinadamilosdaya : nsdifnwinisinaduunada.” Tu ns
UszuivInsseauni anninendesnuiggun adaft 11. e WInede
3190419, 547 — 555.

BNANS WYTNARNAT (2557). nsAaszvidayadleinatianii landts Waesiu. fumiass
7 1. NJUNNUMIUAT : USEW LalTe Adneansiiu 1.

o,

Journal of Science and Technology Songkhla Rajabhat University

U1 1 aduil 1 uns1Ax - dqursu 2563 Vol.1 January - June 2020




