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Abstract

The objectives of this study were: 1) to create the predictive system to support decision-
making on further education after junior high school using the random forest algorithm, 2) to
evaluate the efficiency of the predictive system to support decision-making on further education
after junior high school, and 3) to develop the predictive system to support decision-making on

further education after junior high school.
The researcher used the academic achievement data set of secondary school year 3 on
educational opportunity expansion schools in Nakhonsawan Primary Education Service Area Office

2 in 2015-2017. The data were analyzed by education achievement scores of the sample of 1,030
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records from 8 core topics and 7 features to create the efficiency testing model and using 3
algorithms for training and testing data 1) C4.5 (j48), 2) Random Tree, and 3) Random Forest to
compare the efficiency of the testing model. Furthermore, using the InfoGainAttributeEval Method
and for efficiency, testing using a 10-fold cross-validation model with Weka Program.

The testing result was used to develop the predictive system to support decision-making
on further education after junior high school on web browsers. The finding found that the Random
Forest Algorithm was the highest efficiency: Accuracy was 73.20%, Recall was 73.0%, Precision was
73.0%, and the F-measure was 73.0%.

Keywords: Predictive System, Support Decision-making, Random Forest Algorithm, Feature

Selection
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Gender Income Thai
5,800
6,500
3,500
8,000
3,500
4,500
7,500
7,100
5,000
8,000
2,500
3,850
5,000
9,000

10,000
4,000

10,000
9,000

10,000
2,500

rrrerRedeeeeeeedene

1.81
2.52
2.73
223
1.48
1.46
3.40
267
2.96
2.29
2.44
1.75

1.65
1.85
2.10
3.56
3.85
3.02

Math  Sci
2.60
1.77
2.42
2.54
2.56
1.08
1.25
3.50
213
2.83
2.06
2.35
1.60
131
1.27
1.73
1.65
2.08
3.56
2.60

Foreign  Social  Helth

2.60
1.30
1.98
1.93
1.45
1.38
1.38
2.58
1.80
2.58
1.45
1.73
1.38
1.28
1.53
2.00
1.73
2.58
3.75
2.10

3.12
235
3.48
3.20
3.20
2.05
1.98
3.77
3.57
3.45
2.70
2.83
253
2.52
2.52
232
2.95
2.87
3.93
3.20

3.50
333
3.75
3.75
3.58
283
3.25
3.75
3.83
3.42
3.83
3.25
3.17
3.17
3.00
2.83
2.92
333
3.92
3.83

Art

3.17
217

3.50
3.42

2.17
3.75

333
2.92
2.75
233
2.25
2.67
2.67

3.50
4.00
3.25

Career GPA
281
241
334
347
3.28
2.03
231
3.75
3.25
341

2.83

291
2.89
2.74
1.74
1.85
3.53
2.85
3.16

2.55
2.10
2.03
2.07
213
2.36

3.80
2,97
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1ﬂamsmﬂumagiuimvma’mmﬂuﬂﬂmmmm (Discretization) ImaLLmﬂwawaaﬂaaaﬂLﬂumwaa 9
suiumstieannisuszanalunsvimileseya LLasamm'ﬁégﬂ%’aumiﬂﬁsmmaﬁaga Fapnsnedi 1
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AMENYME EEGHGLHL nsuUasdaya
Gender LN Male = Q’%WEJ
Female = {vgJa
Income s1elansauasIneLfouy High = s1eldsaiousaus 33,301 Um
Medium = s1elfaust 11,101 - 33,300 U
Low = 57¢k@tpenin 11,100 U
Thai Lﬂsmaﬁanajumwmwﬂm High = nan15\3ewade 3.01 - 4.00
Medium = wan13i3euwads 2.01 - 3.00
Low = man1siSowady 1.00 - 2.00
Math msmaﬁmaimmsxmﬁmmam% High = nan15\3ewade 3.01 - 4.00
Medium = wan13i3euwads 2.01 - 3.00
Low = man1si5ewady 1.00 - 2.00
Sci Lﬂ'ima?i&mzjmﬁﬁwmmam% High = wan15Feuede 3.01 - 4.00
Medium = wan15i3ewads 2.01 - 3.00
Low = man1si5ewady 1.00 - 2.00
Foreign Lﬂ’ifﬂLagﬁﬂﬁjma’lisﬂﬁwﬂﬁiwﬂismﬁ High = HanIS3ewads 3.01 - 4.00
Medium = wan15i3ewads 2.01 - 3.00
Low = man1siSewady 1.00 - 2.00
Social lmmLa?{aﬂfcjmmisé’aﬂuﬁﬂmmam High = Han1si3ewade 3.01 - 4.00

LAE IRIUTTIN

Medium = nansi3euade 2.01 - 3.00
Low = Nan1ss58uag 1.00 - 2.00
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M13°99 1 n1sudastoya (se)

AMANYMY Teazden nsudasdaya

Health \nsnRAeNguaTEAUANYINARNY High = nansi3vulade 3.01 - 4.00
Medium = Han1siseULage 2.01 - 3.00
Low = wan1si3guade 1.00 - 2.00

Art \nsnLRAenguanssAaty High = nAMsI38uL0de 3.01 - 4.00
Medium = Han1558uaae 2.01 - 3.00
Low = wan15i58u@as 1.00 - 2.00

Career INIARFUNGNATENTINURAN High = nan1siSeuade 3.01 - 4.00
wazmalulad Medium = wan1si3euiaas 2.01 - 3.00
Low = wan15i5gu@as 1.00 - 2.00

GPA NSRALATAY 6 oY Excellent = nansi3ewade 3.51 - 4.00
Very Good = wan1siSewade 3.01 - 3.50
Good = NaM33ewads 2.51 - 3.00
Above average = aN13L3EWAAY 2.01 - 2.50
Average = nan33ewady 1.51 - 2.00
Fair = nansi3ewade 1.00 - 1.50

Course WNUNISANAD BEC = UszLavansigy@inen
VEC = Usstanondndnu

Funaudt 4 nsadrefuvunensal 19ansdadenuuuy feature selection 33uuulaiden
AaNEaE (Non-Selection) LagdSuuuiionandnue (InfoGainAttributeEval) lngdn Information Gain
(IG) (Xu & Jiang, 2015) Wuirinmuduiusvesnudnvausliiuaad TneldonASssdRuiidAsening
0.1-0.03 afid1uu 7 qmudnwnr LFun 1) GPA 2) Thai 3) Social 4) Math 5) Sci 6) Foreign wa
7) Career lngfidnuiu 2 i mnnensonadns (Class) Ao 1) @eadiyfined (Bec) waz 2) @1we13finen
(Vec) wiothluadsuuunensal

a o P ¢
M19199 2 AaudnwagAlglunsnensal
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Gender
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Math
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Health
Art
Career
GPA
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JuaauN 5 N1sUsELUNE ¥n1snaaauUsEansninveessakuuneInsal e dnuseansainan
AMUYNABY (Accuracy) AMAINLAIUEN (Precision) AMATUAIU (Recall) wagAUsydnsninlagsiu
(F-Measure) 31nA15719 confusion matrix WBNISUSEIUNATNENITINUE AINING 5

Confusion Matrix

Actually Actually
Positive (1) | Negative (0)
T Fal

Predicted rug o
Positive (1) Positives Positives

(TPs) (FPs)

| Ti

Predicted ™ S.e divs
Negative (0) Negatives Negatives

& (FNs) (TNs)

Ml 5 71519 confusion matrix
31 : https://glassboxmedicine.com/2019/02/17/measuring-performance-the-
confusion-matrix

<

True Positive (TP) An AINLUSHATUINUIEIDSSasFamAnTuduas

N

v
a =

True Negative (TN) fie Asfilusunsuvhneiliaswardsiiintulies

v

False Positive (FP) f® @silushnsuyinunginasusdeiiintulaass
False Negative (FN) fp #@aviunginlaiasaundenniniuduasae
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AANLGNABY (Accuracy)

TP+TN
Accuracy = X 100 (1)
TP+TN+FP+FN
ANAIULIUEN (Precision)
. . TP
Precision = —— 2
TP+FP
AATUaIY (Recall)
TP
Recall = —— (3)
TP+FN
AlsransnnlaesIu (F-Measure)
2xPrecisionxRecall
F — Measure = — (4)
Precision+Recall
=== Stratified cross-validation ===
=== Summary ===
Correctly Classified Instances 73.203% %
Incorrectly Classified Instances 26.79¢1 %

Kappa statistic

Mean absolute error
Root mean squared error
Relative absolute error
Root relative sguared error €5.7¢ %
Total Number of Instances

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class

0.744 0.279 0.71¢ 0.744 0.731 0.465 0.801 0.77¢ Vec

0.721 0.25¢ 0.748 0.721 0.733 0.465 0.801 0.78% Bec
Weighted Avg. 0.732 0.2€67 [6.733 0.732 0.732 J 0.485 0.801 0.781

=== Confusion Matrix ===

a b <-- classified as
375 129 | a = Vec
147 379 | b = Bec

AN 6 HAGNSHUUIT InfoGainAttributeEval ¥89faUUNEINTIUY RandomForest

A15197 3 LanaeanIsUSEUWEy

Lﬁan@mﬁnwmz waila Accuracy Precision Recall F-Measure

o . C4.5 (J4s) 71.07 71.10 71.10 71.10
LLUUI@JLaE]ﬂﬂmaﬂUmx
' Random Forest 71.36 71.40 71.40 71.40
(Non-Selection)

Random Tree 70.19 70.40 70.20 70.20
C4.5 (Jas) 72.23 72.30 72.20 72.20
WUUTS InfoGainAttributeEval Random Forest 73.20 73.30 73.20 73.20
Random Tree 71.94 72.10 71.90 71.90
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71.36 71.40 71 40 71 40

71.4 71. 07—/ 71. 10—/ 7110 = 71.10=
_/
708 = 3’70.40
70:4 go.lg ===
70,2 =
/9 —:
69.8 —
69.6 = —
69.4
Accuracy = Precision
Measure
11 C4.5(J48) 71.07 71.10 71.10 71.10
= Random Forest 71.36 71.40 71.40 71.40
# RandomTree 70.19 70.40 70.20 70.20

A 7 nsuananadnskuuliidenamudnuae (Non-Selection)

73.30
=
=
£—272.
=
Accuracy = Precision Recall F-
Measure
11C4.5 (J48) 72.23 72.30 72.20 72.20
= Random Forest 73.20 73.30 73.20 73.20
% Random Tree 71.94 72.10 71.90 71.90

AN 8 NIMUARINASNTNITERNAMGNYLIUY InfoGainAttributeEval

92UIIN5ENAMANYAUZWUUIT InfoGainAttributeEval Tnedana3fu Random Forest 14
Usgdngnmlunisnensalgndeaninndt A1 Accuracy 73.20 #n Precision 73.30 1 Recall 73.20 wag
A1 F-Measure 73.20

Dataset (1) trees.J48 | | | (2) trees.RandomForest | | | (3) trees.RandomTree

data_set  (100) 70.83 | 71.49 | 70.30
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Funoud 6 nsurluldanu eldduvuneinsaidieinisdenquinuusuuuis
InfoGainAttributeEval andunauntsvimiiosdoyadielusunsy WEKA fiflussansamlunisnennsel
gndipsnniian §AdeldimunszuunensaiileatuayunmsindulefinusrondidSalisonAnyineudy
Tneldsane3sutndy ludsiaddnamuaniiuiinis@inudssaudnuiunsarssd e 2 delusunsy
Dreamweaver CS6 $3fun1wn PHP uaglusunsy Appserv 3180 web server Tumsiaunduledifiels
dissuarunsaldaudiuiviusiees lunisweinsaluuimslunisnwidessdvaneaniiy (Basic

Education Commission : Bec) waga1ge1@aAnen (Vocational Education Commission : Vec)
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wensainadugnémomsiSou

nsadessmuning
1nsa 100 - 200 # 1nsa 201 - 300 1nsa 301 - 400

insadusmniomacs
150 100 - 200 # 150 201 - 300 insa 301 - 400

1NSadu3LBNIMAns
1nsa 100 - 200 # 1050 201- 300 nsa 301 - 400

insaadesmmundousana
insa 100 - 200 # 1050 201- 300 1nsa 301 - 400

insadu3mdonuAnu
1nsa 100 - 200 nsa 201 - 300 # 1nsa 301- 400

InsodesumsouBwia:nalulad
nsa 100 - 200 # 1nso 201- 300 nsa 301 - 400

nsadurionua (GPA)

nsa 100 - 150 nsa 151 - 200 nsa 201 - 250
# insa 251 - 300 1nsa 301 - 350 nsa 351 - 400

E= B
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msldauszuunensaiflinunsenteyainsatade 1w 7 3w Fedszneuludie 1) 1nse
WwABnauansEnlneg 2) InsaLadnguanszadamans 3) InsaladsnguansyInenmans d) nsaLade
nguanTENwIAIaUsEivA 5) InTaladenguansediaufnugd 6) INTAlaAsnaNaITENITIIUDTNLAE
wielulad uay 7) nansi3suladenasandngns Werlivunsenseazideateyananisiiounuiiade
#1199 wdwhnnsadntuwennsal szuufiaginisussmanadeyaiouansiauuimislunisinwisenes
Wniseusgluseiuaeanidsy viveanga1¥ifinm

m m -‘
wamswennsnikadugnEmomsiSou wamswennsainadugnémomsiSou
msaduayumsdodulovoodniSeu Ao msaduayumsdodulovoodniou Ao
(Bec) Vec)
= AWANUMSWINSAl = = AWRUMSWONSA] =
Hamswinsalld Bee WG msauuayumsdoaulouooinEuy Ao mumny HaMSWINNSAILS Bec AYwRL Msaduayumsdodutouoolniuu Ao swmdns
HaMSWNSATE Vee noumnu msaduayumsdoaulouoodniSuu Ko munBin Hamswinsalld Vec AYwnne msatusyumsaoautoudodnSuu Ao mwaisiiou
GULGRRY 81T
MG RRNAY 1YDIYIANYN

A 11 wansranIsnensainmsatvayunsandula

Tudaugauaszuu awUsznaulushemsifindeyanisingu (train) vesszuumeinsal ddludauiuy
nihifpuassuannsaduteyedidulagiuremadugrsmanadourestnifeululnsfnutiag i
wieliszuunennsalifieatiuayunisinaulafinuidevdsdiSatsoudnumeusiu Tnelddanesugudl
anuiutagtuuazgndousiug
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1nsdnuideadsildiinisdaidenaudnumruuuds InfoGainAttributeEval uag3BKuy
LifnidenAnanyuesmiUdane3tu C4.5(J48) §ana3du Random Tree uay 8ana3ou Random Forest
vouadiadulifaduls ilevAaugniesannisneinsainadugrisnamaiFoudsmansidenuiims
fAnidenandnunzds InfoGainAttributeEval Aufuuunensaifiairstufedane3su Random Forest
fiAnAugNFos (Accuracy) ¥eway 73.20 ganindane3sudu Tasldmadamilostoyalunsaiisiuuy
wensaluietu drsg 1w (2561) fidnvimeianeinsaiendndnsuindnumsesuuiuginiainn
oufiuneslngltinalawilesioya damuinmaianisduundeyadneds Random Forest Tiaugndes
Tunsduunussinndeyaadan §I3eideniddanessy Random Forest Tunaaauiugadoyadiuiu 1,030
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gy $amAunIsMAdBULUY 10-fold cross validation fnadnsainugnsesuindign Tnsnisinidon
AN YMEAI8TT InfoGainAttributeEval Wulieaiu Judand vurdseiasy (2559) lovinnisussendld
Lmﬁmwﬁm%’ayﬁLﬁaLLuzﬁmw%wﬁm%’uﬁﬂﬁﬂwm?wmwﬁ AurluTIAR UnIngae@aling laenis
Anidennudnuazsie s InfoGainAttributeEval THaanugndesnniian sniwunduszuuneinsaiiite
advayunsdnduladnudendsdisalsoudnvineudiu lneldsanessudidgu

syuungnsalifoativayunisdndulefnuidendsdsadfsenAnuinoudu annsadldly
Usznounmsuugiuuamslunausuinuseresindsudusisondnudi 3 1635 szuumennsaiiens
fifedriavndnsuuvdsundngnsvesrinluouamilideyanismsuvesszuunensaiiinany
AaALAReY fanvdosiau USuuse udl toanunsoldnulias

JolauBILUL

1. dorauauuziialy

AsuuTLLIMTeR iU nuTnFouTERUTusNAnu T 3 anunsadienszuuneInsaiiile
atvayunsinduladnusendsdnsadsenfnvineudu lnglddane3futrdu Wldusznaunisuuzih
wwmslunsAnerevesiniseuls

2. Saausuuzlumsisuadasoly
2.1 TunsinwiiteadelumsiluiaunduliueweundinduielrinSoudhissuy

wensaildazandedy

[ 1
r msUs:uduUNSEIMSULEUDHAvIUSTUS-AUBIALASDUIEUUAOANL
V] a—l

KSnendassinmeaktia ASoR 22 “85a3dtkuvovmsAnuTuFoALASH




S

. GNRU

22 msﬁmiﬁwLmmﬂﬁﬂmﬁawﬁagaﬁaﬁaaa’%ﬁu%ﬁm 19U Naive Bayes, k-Nearest Neighbo,
Support Vector Machines snuSeuifieulussuunensaluadugrsnisnsiseuld

2.3 TumsfnyidenssielumstinentanssuimugFounlilumslinnesinanisSoues
N5y

AnAnTIuUITENA

nuAtpatuildSagalulifeanunuiazanuenagiaInsemansnnise digns
WiuaTida 919158RUSnuInednusvan TeaMans1915¢ A wE Suaenen 81915ERU NI
Falddoaazinauarliduuziiine lidaiausuusdigg naenauuuziuumslunisdnwduai
miAdeuazdoyariien Miuuiuusudly suviliaidedisagans

LONEII819D9

nai] ussausdAau. (2558). in3esdovionuleduugunsalindouiismsuginisnsaeailagling
asI9MnTonIman. Ineninuineeansummnadin @uiveimansaenianmes).
PHIAINTUUNTINGIRE, NFIVINCI.

Beyms Aaigy, uazan nesn. (2562). nszumsdndenandnuardmiudiassavsnmlumsduun
PUNRAILYRANAN. 975877 4nT U RUUInemansuasalulad, 13(1), 129-143,

Usiawg Sunuwinazanis. (2560). MsUszgndlilunanisFeuiuununguiionsinsaiunliuves
smmanninglunaravannsnduisussalng. 2155753 suazinaluladarsana, 7(1),
12-21.

3500 Awdana. (2560). N1TIATINTTUNTEANNMENSWTEUBUANUET Y SVRITAN SN
3ATT ISR ING 18T 1T U IR 29527, (9), 19-31.

fuiand wugUseials. (2559). n1sUszendltinedamiastayaiouvsihoriwa msuihAny sy m3
AaizluTIaind un anegaeaating. IentinusAadmansumUudga (@univaumnaaIans
\onsine). UNNINYIREAAUINT, NTANN.

A9y MU, (2561). MsAnwunaliangInsalonindunsuinAnuszauUiygesavineuianesing
ldwmatiamilostoya. 275a7539In750159am sinaluladarsaumauazuinngsy, 5(1), 164-
171.

a3y Wuln. (2557). MmaUSeuiieudseansamnisduunguuuunsiseus VARK meuwmailamilesoya.
nsmaaluladgnangsu umineraevineuasivsil, 4(1), 1-11.

londvid ivsaeddnen. (2561). nszuaumsiiasIeideyamae CRISP-DM uasiaoeanisyssgnaldniem
779577, UAUAIN https://datacubeth.ai/crisp-dm/

Glassboxmedicine. (2019). Measuring Performance: The Confusion Matrix. Retrieved from
https://glassboxmedicine.com/2019/02/17/measuring-performance-the-confusion-
matrix/

Mishra, A. K., & Ratha, B., K. (2016). RathaStudy of Random Tree and Random Forest Data Mining
Algorithms for Microarray Data Analysis. International Journal on Advanced Electrical
and Computer Engineering, 3(4), 5-7.

Xu, J.,, & Jiang, H. (2015). An Improved Information Gain Feature Selection Algorithm for SVM
TextClassifier. 2015 International Conference on Cyber-Enabled Distributed
Computing and Knowledge Discovery, 273-2T76.

[ 1
r MSUS:UAUULNSBINMSUILEUDHA0IUITUS:AUNIAIASDNSUUNOANUY
v a'—l

KiSnendeswinmeAtkiis Asof 22 “303ttklvavmsAnuiudoAuGsia”




