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Abstract

This study intends to: 1) investigate the selection of significant
features for data analysis; 2) create a predictive model for
students' academic success in Pibulsongkram Rajabhat University's
Faculty of Science and Technology; and 3) use data mining
techniques to evaluate the model's efficacy. The 1, 082 records
with 30 features that made up the data evaluated in this study were
obtained from Rajabhat Pibulsongkram University's educational
services department during the academic years 2560-2562.
The study used information gain, and Chi Squared as feature
selection methods in the analysis to determine the elements
influencing academic achievement. According to certain
parameters, cach strategy entailed lowering variables with
low weights. There were fifteen sets of data in the dataset.
The data were split into two categories for model creation:
training data (80%) and test data (20%). The model's performance
was assessed by 10-Fold Cross Validation using data mining
techniques, specifically Decision Tree, Random Forest,
and Naive Bayes. Accuracy and F1-Score were the evaluation
criteria. According to experimental results, the Random Forest
model performed with the best overall accuracy when Information

Gain values from dataset IG5 were matched with it.

The accuracy was 96.03%, and the average F1-Score was 88.65%.
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28 Total Nominal Lnsﬂ;aamw {A’]?:’g’ gt G
NIRUA -D.F}
29 an:u,: Nominal udasy {ak{’wwi’ aanana
nAn®N sudou}

33528203 NIRBNAMANIME (Feature Selection)

mu%"zﬁtﬁﬁmﬁ anlTinadia Filter Approach 114 2 @
o Information Gain W82 Chi Squared lumsdwimen
vodudazlidtoys laoldlusunsy RapidMiner Studio
Education 10.0
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3.3.1 /@A Information Gain msvhnunanazld
Probability W3anutinazdu 1ieinansauii Entropy
wanziuienlaildlddudan @1 Information Gain
azaglugieszning o fis 1 mﬁqummﬁaqmauﬁ@
ﬁ1ﬁ°ﬁaHaﬁlﬂuﬂiﬂwﬁmﬂflummﬂﬁaga GIEINTIT 2
LRAINITAIWIWAT Information Gain %3861 Entropy
maaq@iagavfmm FUM3N 3 UEAIMIFNWITARN Entropy
vasgaladoyaluisiazaniue sumn 4 Wumsewnmnen

Information Gain N3N sNTaNiaTasaa asaN LU [16]
n
E(D) = _zizlpilogg(p,') (2)
las £(0) @@ Entropy 28370788 D
Y Aa MILINNATINNNANYEY | NdFTUG
AN i =1 URTRUFAN i =n
I3 An anuhaziundayaazaglungy
a a
WNIDAREN i
= 6 o
log, A8 WeriTH log 3% 2
E,(D)==-Y" ‘D"E D
(D)=-27 S E(D)) 3)
las  E, (D) @i Conditional Entropy 18470588 D

LW BLLINILAILLY 4

A o

|D]_| Aa dwrudedwngudas D, ALian

MIULNTATDYA D GI8AULY 4
D @8 ﬁ‘hmuﬁ";aﬂ"wﬂ%mmlumﬁaga D
E(D,) Ao Entropy VBINGNLDY D, DI
ldanaun13v849 Entropy £ (D)

I@ﬂlﬁ’ﬁaﬁamﬂﬂéuﬂaﬂ D,

Gain(4)=E(D)-E, (D) 4)
108 Gain (4) #@ Information Gain 71 ldaNANNTWLI
gatoya D ilalgdius 4
E (D)
E, (D)

A Entropy 1847098Y8 D
Ao Conditional Entropy maa’q@"ﬁaga D
Wfaudsshadauiy 4
3.3.2 tnAfiA Chi-Square Snanmsiwaniiwin
Pa9uaan3iaed denanmImahalaguans ensiawin

(3 A

vosnaaniidgaiandanuineidosgs [17] sunan s
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L, (5)
Tag 01, 02..0n & emudvsssulsildainmsanm
El E2 ..En fio emadiienanis (w3aanud
fimsazin
lumu’?fﬁ'ﬂﬂ%ﬁ;ﬁa”ﬂ"lﬁﬁmsmaaaaﬂﬁﬁmaaﬂm‘fy
vasudazinaitaaanidu s gadas NMIFENTATN
paiuannidadudfedasifongadoyaaiuinmi
Toedetfssfidinminiaseaniarin e lueausenagay
UseAnsaw Suanmslifasunanue 28 wenn3dae
uazaaifaspiidaimintaseanliivie 20 wenn3dne
WRe 15 LanyRg WRe 10 Lanyising uasnae 5 Wanyising
ﬁazﬁﬁagaﬂ%mm 10 70T2YA wath laheluas
wazidSouifisudszaniainaeslauiaaluniswennyal
MIFISIMIANBVIRNANEN GIA1397 2

A13797 2 gfm”ayaﬁﬁﬂi/aﬁﬂmm

a0y %aagmﬁ'aga Attribute RN

1 1G1 28 o .
LIPIMNAN

2 IG2 20 Information Gain

3 1G3 15

4 1G4 10

5 (€] 5

6 Chl 28 a .
LIBINNAN

7 Ch2 20 Chi Squared

8 Ch3 15

9 Ch4 10

10 ChS 5

3.4 5Ta 4 NIEI9UUUINABY (Modeling)
Wutnaannisd Lﬂiwzvfﬁagaﬁ’sUmﬂﬁﬂmﬁﬂuﬁﬁa

]
=

A & & A o o A 2o
mﬂwuumuu%mﬂmﬂungﬂmuﬂmw alnladaay
naNga [18]

mi"amﬂm*nﬁaﬂqmé'ﬂwm: ﬁ]zLLﬂﬁT@Qa

9
I

2 nga kulawlasisiaas split Data ﬂa;uﬁagaﬁmﬂﬁaau
(Training Data) 80% L\ awnsuluaauszlingudayanasay
(Test Data) 20% noagauluaa lagazls 3 inafialumsas
Tuiea leud

34.1 weiladulidadula (Decision Tree) Tag Operator
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ﬁlm”'L@T Iin 1) Decision Tree T nIUa19LNLAR Decision Tree
2) Apply Model TfdmAsy predict s aga‘l,mj WAz 3) Performance
g msunansantiauasluias Classification

342 Lﬂﬂﬁﬂﬂ’]vl,ﬁ’sjw (Random Forest) T Operator
V‘ﬂﬁ”l@i” 1A 1) Random Forest s mILan9luLaa Random Forest
2) Apply Model TfdmAsy predict s aga‘l,mj Wz 3) Performance
Ifgmsunansantiauasluias Classification

3.4.3 Wnaia ﬂﬁiL%‘ﬂuiLLUU el (Naive Bayes)
Ta Operator Al 1Al 1) Naive Bayes lfghnsuatroluias
Naive Bayes 2) Apply Model lfEnsu predict ) Y AlALaY
3) Performance MEwsULEAITAT a9 laLas Classification

35320 s Medsuandssansnmlueanmanzas
(Evaluation Optimal)
lumsnasaudszaniniwaasluiaaazld 10 Folds

Cross Validation-Test lazazutiitayaaanidungain o i
luntnasevazlddaya 9 dau idudeyagasan
uazliaya 1 daudugenasay anesaudszansnn
yosluias lagasrinuanasy 10 380 @9 Operator 7ild
lumsdszifiudse@nSan A Cross-Validation Tuauuad
mMyadseEnFawazlsan Accuracy wae F1-Score [19]

3.5.1 Accuracy \umviaanagndasvaslaiag
lapRIIITINN Class fi filuLaan BRI

ANF1IAAUNINNG AIRNNNT 6

TP+TN

Accuracy = ————
TP+TN +FP+FN

(6)

o

A g o { ' a o 1 a
I@]EJ TP @8 AVWENiNwIgIN3959a TN UA1239
A o .

"o a8 v . a
TN fa fvwanyinweinliesediasanua1ass

FP @a svhwefivhinalidasedsliaseiuenase
FN fo svhmnafivhwnednesedsldasenunass
3.5.2 F1-Score @8 fNIa&359ing Precision Uaz

Recall 1Tw Single Metric ﬁi’@ﬂa’mmu’]imaﬂm@a

1aida9L88N32%3N9 Precision #38 Recall AI&NNNT 7

()

Fle2 Precision x Recall
Precision + Recall

A o &, A
Tay  F1 A8 HARNTALARE
Precision 98 ANANNLNLEN
Recall A ANANNATUDIN
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A15197 3 LiliqﬁlmﬁEIIINﬂﬂ??ﬁﬂﬁﬂﬂﬂizﬁﬂfﬂ’?‘l’ﬂm@ﬂ Decision Tree, Random Forest W8& Naive Bayes

Evaluation of Model Classification Techniques
Information Gain
Select Attributes
Decision Tree Random Forest Naive Bayes
Accuracy Fl1-score Accuracy F1-score Accuracy Fl-score
IG1 94.09 84.55 95.66 87.52 94.83 86.71
1G2 94.09 84.57 95.72 87.53 94.92 86.71
1G3 94.09 84.85 95.75 87.70 94.92 86.84
1G4 95.01 86.17 95.85 87.97 94.92 86.94
Data set 217 IG5 95.11 86.40 96.03 88.65 94.92 87.10
Chi Squared
Decision Tree Random Forest Naive Bayes
Accuracy Fl-score Accuracy Fl-score Accuracy Fl1-score
Chl 94.09 84.57 95.66 84.44 94.83 86.71
Ch2 94.18 85.02 95.66 87.33 94.92 86.94
Ch3 94.09 86.17 95.66 87.38 94.92 87.10
Ch4 94.09 86.17 95.66 87.53 94.92 87.10
ChS5 95.57 87.44 96.03 88.58 95.57 87.22
4. au da 5 waanidad grudrnvudrasunatiadldgy

AMstSeuifisunanisnagaudss@niainluiea
Decision Tree, Random Forest L2 Naive Bayes 31NN13 \§an
ATAANI U 192 1A nformation Gain (IG) W8 Chi Squared
lasdyedaya 10 uy vamInasaulszAnEnwadluas
nnngutayanaay (Test Data) 20% 1535113 10 Folds
Cross Validation-Test b4nNIWENNTAIMTEUTINIAN
PIENANIN UFAIRIATTT 3

NATIN 3§D m;ﬂ"l,@i”’jmamsl,ﬁ%ymﬁﬂu
MINAROUUTZANTNWINLAR Decision Tree, Random Forest
LAz Naive Bayes 9n3ULUUL29TA ﬁagaﬁt\ﬁ 10 wuy
Afenuuandruwmudenly wonmsseadevesdase

I@Uﬁﬁ]’]im’]fﬂ’m‘ﬂ"] Information Gain @]’]SJ"I;@]"ITQHEI 1G5

) 1sansinalwladansanind aan.
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(Random Forest) lﬁﬂizﬁﬂfmwmmgﬂﬁaﬂ@smu
aanmmmzauﬁq@lumiwmmrﬁmiﬁﬂﬁamiﬁnm
2YIUNFANEN %a@hmmgnﬁaa (Accuracy) LYINAIL 96.03%
WazALaae (F1-score) 72%374 Precision W&z Recall LYiNNU
88.65% J8989NNAE NNTWINTWMIAINAT Chi Squared
augataya Chs Aa 5 waanidad drudiuuudiaed
madiarh &3 (Random Forest) é'ffd@i’lmmgnﬁ 84 (Accuracy)
WL 96.03% uazALaAY (F1-score) 3¥W374 Precision
W8z Recall 1iNAL 88.58% Wazangatays IGS N Chs
fiTspilfuastiwinaasudasTasuuanssianaf 4
uazlunsaeadaastayaditisaaszaznamlunyiemei

ﬂj”agal,ﬁaa%wwﬁ";u,uuﬁﬁaaa LHEAIAININN 3-4
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A15197 4 ﬂaa@ﬁ?fgf@ﬁaya IG5 wae Chs

gadaya IG5 Badaya Chs
waavirtng  @1edu1y  wnkn | weanisad  @1edune Wi
2T1 insaLaded 1 G8 INIALARY 1
2 ey 1 v Ins
fnw 1,2,
3,4 Uaz
mAngian
4
2T2 nsaadaell 0.996 G7 LNLNIA 1
2 maw 2 waoT 1
m3dn 1,
2,3 uaz 4
G8 nInLaRY 0.992 G5 inIaLaiy 0.998
T s T Ims
dnw 1,2, e 1,2,
3,4 uaz uae 3
mangion
4
G7 INIALaRY 0.991 G6 INIALaRY 0.998
20 Ons s Ins
fnw 1,2,3 dnwn 1,2,
uas 4 3 uazA
noiou 03
Total nIaLady 0.987 Total  inILade 0.994
TIWNINRUA TINNIANA
Runtimes (ms)

som
» 40000
= 30000
$ x,
k 000 ® P
Rt . B o |
o
o &
A & &

& @

AN 3 meizﬂznmmnmﬂfﬂfayaﬁbmm

=0 ¢

@ d

|

0

7

@

H

o 3
o
&

0
A

Runtimes (ms)

i 10000
-
500

. am W
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W

& &

AINA 4 BbEAAITE :wmmnmﬂﬁfayaﬁﬁmm@ﬁﬁm

Tagmnd 4 ugastanlumssilaeaideldiasorimua
dnaenanafia Random Forest Maan3ulszanmh 50 Junl
ez 5 memﬂuﬂ'r%“ﬂwL@mf'iaa@ﬁﬁmam‘faylam
dat19nafta Random Forest 7adayn 1G5 1Fia1iu
Uszunmh 13 39 aaIaTWad 26%
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5. anusizua

a o and o 6 dl =S A %
NWITERIgszasANa AN NN IAALIENA TN I
ALY LNOWAILLUF I8 aIWNIaiM s Tamsfne
LAZLNEPUTERNTAWANNLUUIIRDI HRINNMIAGLAEN
ATMANHUTIENATYWL AN Information Gain INTAToLA

A Aa &4 A o A
IG5 @8 5 waan3dianineltad 1) tnsaaded 2 wew 1
2) imsaded 2 ew 2 3) InsadeTin Tmsdne 1,2, 3,4
uwazmengsau 1 4 4) iInvauadesn Tmadnm 1,2,3 uas 4
5) LNIALRRYTINNIRUA @;ﬂ”u@]”al,l,um‘haaaﬂ']"l,ﬁﬁju
(Random Forest) Wisensmwlagsiuaananimanzaun a9
° @ A
Tuwn1sneInIain13dSaNIANENVBINNANEY TIa
ANNDNABA (Accuracy) LY 96.03% UAzFLaRE (Fl-score)
234 Precision k&g Recall LYNNU 88.65% 3Nusz@ndnw
Alavasluia 8 Random Forest 1w b lufiemig
LEEINUUNANNTDI §1377Y UN, 537 91397153
WA 930 WELIIT [14] LAZHANTITBAAMULANGININ
UNAMNUVDI WTE 329 LLa:vgﬁwﬁ Auaaszna [10]
% Ag Qs a aa { 1

LRZUUNANG ﬁmm“*gu WAZTRN TAITOLUUA [13] AWLN
wmaiaau liaaaula (Decision Tree) lﬁmﬂmugﬂﬁaag\‘}ﬁq@
Namﬂmﬁmﬁ:ﬁmiﬂ”@Lﬁaﬂqmé'ﬂwm:"l,ajdwz
WATIMANEN Information Gain %38 Chi Squared MIANNZRY

A A A o L % @
VI NY T AN T W LN AR LA AU e wazdangLl

LY~ o Aa ' & o & =<
laaninTassninadanisnenIsin1sdsan1sane
ngadaya 1G5 wudrdatendragiduiniaade
naM3Seunliaihninenn waadliiiuisauing
LRZAITNB LN mjaammﬁmﬁﬁfﬂﬁﬂmﬁﬂﬁaL’%U‘u,ag:
FOAARDINUUNAIMNVES TUNT ARIENDI LLaz’gawuﬁ
A o &% ' A ° A I
agiad [11] laglunmsmismfesunsatiinan balv

(d‘ 2 A ani ni £

mmm‘nﬂsnmma;dmnmmmmmm’mLLNuLm“lmgaJLmu
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6.1 Twinuidpiiidn|difanldinadia Decision Tree,
Random Forest LLdZ Naive Bayes lunsansuuudaes
Y A A ' .
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