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Prediction of faculty group selection for further study

In bachelor degree by using data mining techniques
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Abstract

This research is to compare the models between decision tree, naive bayes and
logistic regression as well as the forecase of selected faculty for Rangsit University. RapidMiner
Studio is used for this research as the instrument to help for the selection and compare model
before forecase the faculty selection.The researcher has compared the model using ONE-WAY
ANOVA. The result of three models are quite the same, the statistical significance is 0.92 which
show that the these three models are not different with statistical significance at level 0.05. This
research, the researcher selected decision tree model for factors analysis. The sampling is
students of Rangsit University year 2016 - 2019 with quantity 2,540 people. The sampling analysis

shows that the science selected group is the high school student, math-science plan with grade
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average at 3.76 and family yearly incomes is more than THB 300,000. Art selected group is the
high school student, art-language plan with grade average more than 1.41.

The data from this research can be used for the guidance faculty for the expected new
entry of Rangsit University, as well as for the easier way of student selection. Moreover, the data

can be used for management marketing planning for the education guidance as well

Keywords: Decision tree, Naive Bayes, Logistic Regression, data mining
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LUURNABdNIIWRNNTAlNe LU UAaesmKNzan namendseBnaninlunisinaulissgluuy

ANN1?
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TP+TN
Accuracy = x 100 %
- TN+TP+FN+FP

a4, Ao Y a

TP AR ANNNIUILYNABNLTNLIIN
&4 Ao Yy a

TN AR ATNNIUNLYNABILTNAL

o

FN A8 ANINNUNSRANATATILAN

FP Aa ANNYNUNSRANAN AT AL

8. AIANNLNEIASY (Precision)
N133ANMENA (Precision) AanNadarINIInEnInidnasslAgnfiesresuuudnaesnis
wmmrﬁmmmmmmwmﬁmm\ﬂﬁm”qgmmmuma (Jaafaria, Zennerb and Thai Phamc, 2018)

TP

Precision = ———
TP+ FP

A 1 al o b4 a
TP AR ANNIUILYNABILTNUIN

FP A9 ANNNUNSRANANATIAL

9. AIARTNSEan (Recall)
o U =X 1% A o U P a o @
n3iAAAYNIZAN S (Recall) Aan1sdnan snannsnilidnaseaasuuuaiaaenisnensad iy
ARIEINN 13199939 IMNAA NN IO AN ANITAN I A3 ULILANNNS (Jaafaria, Zennerb and Tha

Phamc, 2018)

TP

Recall = ———
TP+ FN

A 1 o v a
TP AR ANNIUILYNABILTNUIN

4 Ao = =
FN A2 AMNNIUNEENANRIALTILAN



Q/
Teanarsauina Ui 26 aUun 1 ngIAN - NQuigw 2563 35

10. LA3asfia (Tools)

£
a ya

Tun1939ATaTEaIAu1d Microsoft SQL Server Management Studio 2014lunnsmediaya
angudieya wazulasioyaluaglugluuulid .csv Tunemennsninnsdennguandgnlunisdn
faNrAnenasFAnLaziTauauLuuataesni1snensailne 14 1sunss RapidMiner  Studio

duazealun1n1lun1smaaeaiuuanaedn1sne N aikasi BaURe LA S UL A8

NANITNAARAN

£
o

AnuANTIdaINIsnaglnanside Al 3 new Al

Aawn 1 naBauisuluuanaesnisnensaifulinissingula (Decision Tree) luaniwuel
(Naive Bayes) uazn1iiAsnziiAunnnaan1elaagsn (Logistic Regression)

ANNITABNLULATARINITWENTOE 3 UUL LWAUNAT Accuracy Precision LLa¥ Recall

v
o

Tuuslazuuuanaeesnisnensndisazilsznaudias Operators Adsialiil Retrieve Data Aanisavdinya

naglugduuulng .csv Awsanliineldluntmmeinsnifoauuudnasanisnensnisine)  Select

U

Attributes AanisidendiayailAeadesiuniswennsal Replace Missing Values Aennsunufidiasya
filaiauysnl Set Role Aanisiden Attributes Aidiasnisliiflunanalunismennsal waz Cross
Validation ABN1INARELLUIZANTAINTBILAALLLLANAEIN1TNENT0IlAg Operators  Cross
Validation #5ay Sub Process #94uAAZuLLSa0dn1Inensal Tneld RapidMiner  Studio

R S -
dluArasdqa lunnswensnd
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'
=

NILLAUNNINANTBINNTNENIIRLLLA AN INeNT0d A93LN 3

al

Retrieve data_test _.. Select Attributes  Replace Missing Val..

Cross Validation

a2 @@ R

U7 3 NITUIUNIUANLRINTNENIDIAILLLLAIABINTNENTDIFNG"]

1.1 n3ruaunsasenLUanaaeni1snennsallaeldfiuldinnssindula (Decision Tree (J48))

g 1% M ' g .. % o &
Tailazdsenauiag Operators masieliil Decision Tree nNInennsaifteLLLS a@INTNENTR]
fuldinnssndula Apply Model Aan sUNLLUAIaeIn TNeNnsaingasala ld 1 lun1snansal
4. vy Aew - v | s o .

Weannatneu lideyandelins unang Performance  Aan13imls@nSAInueduuLANa8d

a

n13nengad U AN Accuracy Class Recall Precision Recall i

cY ° cy v o a . o A
ﬂ?&UQuﬂ’\i‘Wﬂ’mﬁ‘meﬂLL‘LI‘LI"Q’m‘ﬂx‘iﬂ’]?Wﬂqﬂ?mmullﬂﬂqﬁ‘mﬂ@ui@(DeCISIOD Tree) ﬁ\‘iqﬁ]‘ﬂ‘i’l 4

Apply Model Performance

tra miod mad mod lab lab % per tes
tes . per
. thr unl mad er exa
Decision Tree B
thr 4 4 per
o
exa
uei

Re

= v o cy v v o a L
gﬂ‘w 4 ﬂluﬁ]‘ﬂuﬂqﬁ‘WﬂqﬂSMWQﬂLL'LI'LI"’W@ﬂﬂﬂ’]i‘Wﬂqﬂﬁ‘MQ’]ﬂmuvLNﬂ’]‘i‘m ﬁ@lﬂﬂ(DeClSIOﬂ Tree)
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o L% ° ey B v a .. v o a
mqmnma‘wmmmmﬂLmum@mmawmmmmuvl,ummmmu‘h(DeC|3|on Tree) VL@N@@]\W]’]?’]\W] 2

dl L% o oY k7 v a .
P3N 2 m@m?wmnimmamemmm?wmmmmﬂuma‘mmu%(DeC|S|on Tree)

Model Accuracy | Class Recall | Class Recall | Class Precision | Class Precision
(Art) (Science) (Art) (Science)
Decision Tree | 75.79% 62.54% 86.99% 80.26% 73.30%

° cy L% o a .. g o
wuuRNaeenIsnennsndsiuliinisindula (Decision tree) HANAMNUNUEN (Accuracy)
75.79 % AYINGNFARI8INIINEINIniNIfRen e uNgNANEATI AL Wi 62.54 % AvNgnsied

1RINIINENTINRDNFHUNGUANTITIINENAERT YINL 86.99 %

1.2 nrzuaunisaiauuuaaeaniswensoilana g luaniug  (Naive Bayes) il
azdsznaufag Operators sasielilil Naive Bayes n1snennsaifaguuuataaanisnensallugniusd
Apply Model ﬁ‘ﬂﬂ’]i‘ﬁﬁLL‘LI‘U‘-QO’W@‘Nﬂ’]ﬁ“Wﬂﬁﬂitﬂﬁ@%ﬁ\iimﬂwiuﬂ%%ﬁﬁﬂifﬁLﬁ‘ﬂW}ﬁ’MQUiﬁzﬁ@H@
figielsinanuaang Performance AANTIALIs=ANBNAINTOIULLANABINITNENNTAT 1584 A7 Accuracy

Class Recall Precision Recall \lu#n

NITLAUNNINENNTRIANLLLLIANaaIN NNl luaniusT (Naive Bayes) AagLlf 5

al

HNaive Bayes

Apply Model Performance

mod oy mod mod lab lab % per fes
| s mE par exa BEL
- v v per

v
o

~ oy ° Y = & .
qﬁ;ﬂ‘ﬂ 5 ﬂlum‘ﬂuﬂ’]i‘Wﬂ’mﬁ‘m@QﬂLL'LI‘LI"’W@ﬂﬂﬂqi‘Wﬂqﬂﬁ‘mmﬂiu‘ﬂwL‘LIEI (Naive Bayes)
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o Y o a L .. ¥ o dl
nAIINNITNENNIIBe LU LRNaRIN 1IN Nl lua WL (Naive Bayes) IAHARIANT199 3

a 5% ° = Cy .
ANTINN 3 N@ﬂ"]i‘v\lﬂﬁﬂ?m@')ﬂLL‘]J‘]JW’W@@\?ﬂ’]i‘WﬁIWﬂﬁ‘mdluﬂwLLIEI (Naive Bayes)

Model Accuracy | Class Recall | Class Recall | Class Precision | Class Precision
(Art) (Science) (Art) (Science)
Naive Bayes | 75.75% 65.29% 84.59% 78.19% 74.23%

wuuRnaesn nennsalludniud (Naive Bayes) HANA1sudugn (Accuracy) 75.75 %
v s o = 1 a a 1 o ¥
ARINYNFBITAINTITNEINTAINITIABNFaUNgNANMEAT ARy WinAD 65.29 % AdNgNHas

2R4NIINENTNINRDNFHUNGNANTITINENANART YL 84.59 %

1.3 NITUIUNITATNBLLANARIN1TNeNTaslag 1En159LATZiA ND AnReN IS laA AN

(Logistic Regression) Teazdlsznaudiae Operators pasialui Logistic Regression ANINYINTDS
AaeLLLA1a84N1INENNTIN1TIAINZFANNDAnaN19laAdAN Apply Model ABNMTUALLLIANARY

o

nnsnansninas e li i1 luntsweansalinemArneuliideyandelinsuaana Performance
ABN1T AT ANTNINTRILLLANAR9NTNENNTR] 1T A1 Accuracy Class Recall Precision Recall
s

NILUAUNNINEINTAIFIELLLANA8IN1INNNIINNGIATIEHAND AD BN N TARARN

(Logistic Regression) A43171 6

Logistic Regression Apply Model Performance

mod & g mod mod lab lab % per fes
e (] B2 w % me per exa o
thr U 4 per

gﬂﬁ 6 dumpuMIneNnIIffELLLRAIMINENIIAeMP s rnaneen AR @R N (Logistic Regression)
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PRIAINNIINLINTAILLLULANADINITNYINTRINTILATIZHANDADRENIIIAARAN

(Logistic Regression) l#fam19197 4

A3 4 HANIINENNIDIAFEILLILAN ABIN1INENN TR NN s n LA

Model Accuracy | Class Recall | Class Recall | Class Precision | Class Precision

(Art) (Science) (Art) (Science)
Logistic 76.26% 62.89% 87.57% 81.06% 73.61%
Regression

WLURNaBINNNENNTainsIAmINzANnAneantalaadin  (Logistic Regression) AN
ANUNUEN (Accuracy) 76.26 % AYINDNABIIBINITNEINIINIABNELNGNANEATI ALl

WL 62.89 % AYINGNFBITBINITNENININIADNFUUNGNANLATINENANERT WL 87.57 %

= | a a a ° Y L% o a
nawudn 2 {unndFauifeulsz@ndninaeanuusanaaniswensaifuldnisindula
(Decision Tree) luaniud (Naive Bayes)uaznisiiasnzdaaiunanaanialaagin  (Logistic

Regression) e/ 14405 ANOVA lunsulsauiieusagila 7

Retrieve data_test_. Select Attributes dicision tree
i Pad MF exa j xa Ga (3

per
per

2@ e E R

Set Role Multiply (2) Haive Bayes (2)

inp. ; exa % mod

aut
out
aut
out

317 7 nsuBuuuuudnassnswainsnifiag RapidMiner
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AN FEUEURLLANABIN1INENNTINe 3 wul taalEaR ANOVA finnsfaeuiisy

WULIRNABINNINENNIOFNAFIRN19N 5

A9199 5 NaN1TTALLULANa8ININeINTnIRae ANOVA

Source Square Sums | DF Mean Squares F Prob
Between 0.012 2 0.006 0.263 0.771
Residuals 0.013 27 0.072

Total 0.013 29

ANA1399 5 NANTTLFUWLLLULRNABIN1TNENTAALE DR ANOVA WLAMULANAD
nsnennsalfivldinisin@ula(Decision Tree) Tuaniud(Naive Bayes) wazn153tAsEiANNnANDE

nnalaaann (Logistic Regression) HAN F WinAy 0.263 wazAn Prob windu 0.771 ldunnmneiuesng

o

el

o o

AdadnAtyNaz AL 0.05 LARIITLLILANABINITWNNTAITY 3 wnalla Tdunnsneiuae1eliad Aty

£
v o

= A v o < v o0 a o
AaiuRsa N snaen 1 LL‘LI‘]_I’Q’W@ﬂdﬂ??Wﬂqﬂ?mﬂlﬂﬂiﬂluﬂqi‘Wqﬁ’Qﬂ

= s 2 \ a = ] % = Yy ¥
AAUN 3 ﬂ’]?Wﬁl’Wﬂﬁ‘ﬂ/Lﬂ’]?L@’ﬂﬂﬂQNﬂmx'l“ﬁqiuﬂ’]?ﬂﬂ‘iﬂ”]ﬂﬂ?xmﬂﬂ?ﬁqu[}‘]? T@EIBLWW]HVLNFI’]?

Amndwla (Decision Tree)

__ PROGRAM
Art-language _—
" - Science-Math
UNDERGRAD_GPA
¥,
rd
=141 /’ UNDERGRAD_GPA —__
/ T 2178
¥ =3.76 T~
Art Tk Art
- FATH_INCOME .
e N
<150,000 1sp,000-300,000
0007 = 300,000 SQ\ !
7 N

-
-

UNDERGRAD_GPA
»3.67

Science

Py Ly A
qﬁ;ﬂ‘ﬂ 8 NANTTIWENNTUNITIARNATUE

Science UNDERGRAD_GPA

» 365

Science

Fnsifuliinnssinaula(Decision Tree)
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annsnennsninisennguAnz It lun1sAnesassaua B ssAauLLANaa9NIg

wenngadfnliin1sinaula(Decision Tree) NaWLFN

1.IF PROMGRAM = “Science-Math” AND UDERGRADE_GPA ="3.76" AND FATH_INCOM =
“>300,000” THEN GROUP_TYPE = “Science”

2.IF PROMGRAM = “Science-Math” AND UDERGRADE_GPA = “3.67” AND FATH_INCOME
="<150,000" THEN GROUP_TYPE = “Science”

3.IF PROMGRAM = “Science-Math” AND UDERGRADE_GPA = “3.65” AND FATH_INCOME
="150,000-300,000” THEN GROUP_TYPE = “Science”

4. |F PROMGRAM = “Science-Math” AND UDERGRADE_GPA = “1.78” THEN GROUP_TYPE = “Art”

5. IF PROMGRAM = “Art-Language” AND UDERGRADE_GPA = “1.41" THEN GROUP_TYPE = “Art"

A51n153AszinansIag

ann1uFaugULIUanaaanisnansaifuliinnsfndnla (Decision Tree) luaniuel

a

(Naive Bayes) Laznisalasneialunanaanislasaasn (Logistic Regression) WULNUANNAN F

'
=

Wil 0.263 wazAN Prob windu 0.771 sldunnsineiuadeldadAnyszau 0.05 Tunisidaaiell
ya o A o Y [ o a L. A [ - A
fAdamenuuudnaesnianenenifiulinisindula (Decision Tree) ivaldluntswennsninisiaen
nguAyas lunuAnEdenuInedui@nuarainniswennsniniaidaenanslunisdnmsie
a o o ] T ! a = = T
WMAINNauRAnnUIngusetenidenFaunguansATIAaly Aengustet1enBaululLunIg

BUUANENANERNT-AIAANARS VTN FEuART-N19 wazHinsaeAs T U aENANEN

naulanaag

U

N9endne 1.14-1.78  dounguanat RN FaUNguAMEATIINgNAIanT  Ae
I o i -Qid a a g a I'% = dl [ o =
nansedenFauluununsBeuinenmani-adinAans  uariinsamanlusziudsenAnm

paulanaagifiszing 3.65 - 3.76
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ans1auanisias

anwennsainisidannguanzit lunsAnesannnaneanaaied@n ine lEnguaatnaily

o

dnAne i Anelutnis@ne 2559-3562 A9 2,540 AU LATLIFHULASULLLANA89N19

v
Y o

Ld A U a =3 ! a v voa A < a =
WENTEU miL@@ﬂnqmmmmmﬂumiﬂnmm'au‘w’m‘wm@E‘Namuﬂimeu’Lummﬂﬂmﬂmmu

1. annianensninisiaennguaudTn lun1sAnesennaneae5aa@n wudn

1.1 nsdiszingsiuliinnsindula (Decision Tree) wudn ngusaatineiidanzau

= o

nguAuzdgIngnAani azilunguiFeudsandAneimeulataluununiszau Inenaans-

AMAAERT TNTALRABNINNLN 3.76 wazdnnNseldeausellunnngn 300,000 unsell

1.2 fingusegnafilen Baunguanz it Ingiaans azilunguiFaulsanAnm
a a - a - a ' a P~ y
poudareluuaunisian Inanaans-aminaans dinsaaaninndd 3.67 wazdaleliaas

FaTliasnii 150,000 U NsaT

o

1.3 finnquenatiiaanBaunguangdgn angAans asflunguiisauiulsas
= = = s a P = ' a o
AnwmaudaneluukuniBeu InenAans-amina1ans Jinsaadunnnda 3.65 uasdanisns i

\@a8 150,000-300,000 UGS

=l o

1.4 ianguanetaiidanFaunguanzdg Aaty anfunguiFaudsaudnm

AauLlaes TULELNNIELY ANEANERF-AMAANERS LaTHiNIARALTesNIFaWINAY 1-78

P e LA = ] a  a & aa o =
1.5 ﬂqﬂ@aﬂﬁ]'}@ﬁn\ﬁcﬂL@@ﬂLiﬂuﬂQNﬂmzqm’] ﬁ@'ﬂ: qzl,ﬂuﬂ@qllml,iﬂullﬁﬂllﬂﬂ‘]ﬂq PR

Uaneluuunigizeu Aafl-nnen Lardinga@atuInngn 1.41

=

AINNANI9ILATIET WU TadtiidnasanisaannguAnEaT e AnsiassAuEtyy ss
Tunvanadafad@n wanannuruneauludsanAneineulattwdo tnInLaas warsne L@

12 0 ' A 1 a dl =2 ' o aa v
ﬂﬂﬂ%ﬂﬂﬂ?‘ﬂ\‘iﬁl\i@\iN@ﬁlﬂﬂqﬁ‘L@'ﬂﬂﬂQNﬂmv}"ﬁﬁL‘W‘ﬂﬂmﬁ’]m@luﬁ‘tﬂut@‘ﬂ;ﬂ&mﬁli"ﬂﬂﬂ'}ﬂ

2. ANMaeFaumeulsy BN NIATAINGNABITBIULLIANARNNITWENNIDINN 3 WL

1y

TIUULRNARY NTAATZFRINDAneenalaadin (Logistic Regression) ﬁﬁqmmuﬂwﬁmgm@ﬂm

'
=y

76.26% wuuAnaasfiulinisfindula (Decision Tree) agfisaaay 75.79% wazuiuaiaadlugniued

'
18y A o o

(Naive Bayes) ﬁmmmmuﬂuéﬂ@gmﬂm: 75.75% wudn ldumananeiuee1eliudn Ayse sy



Q/
Teanarsauina Ui 26 aUui 1 ungIAN — NQuIEu 2563 43

v v
@ a o o o

0.05 A3l Tuntsnensalazidenlduuudnaesnisneinsallaild Gan199daaanEadaiaen
. v My w o . - d oS a
wuLAaeanIanensadsiuliniesingula (Decision Tree) lunisnannsalivemiladendesianisiaen
1 a =2 1 o = a v o a o 2 v v a
nanAMEATINTANEIFe sz AUTR 6T N Inendesedn inszuuudiaessiuliinisingula

o

dlusanasnunlisuannanlatuestauninatauazdansnnsadinlalidne

URLAUBLUL

1. msanluewian AsiinisdiasziuennguAnEaTIANnslseiuamun nnsAnEnnaly
Walilideyaideanisznaunisdndulaaesfisunssrauunninedy soniaiaiuiaya

, N
N19NINITAAIAUDINLNINLITAIALNITUUL LY

~ a v o a a v = ' o A = o

2. lesannunangndeiednitalanialignasAnsaseluss vy yassnaunisfine 4u
o =2 a 6 A = 1 1 a a % 1 a o
dssnAnwmeuilangluansdall annsnidenAnmisalunguanzisineaiansli wu nenan
NIUNNTULNUAZIUaaN AMZAAUNIATANART LTWAYW ATIW NI9NIIINNAIATNIINUINANNTIAE
T senaunisuuzuwnlfanniadanuils

3. awnsntuaniseneilfifluwwamisluninaennguancdsinisdnesassau oy

, e A A

= a o o a o o o o A = | o = =
2k} Iuﬂuqqmﬂq@ﬂ?\?@muqiﬂ LUEUNUNLTEUNAL AN mﬂiu?zﬂuﬁmmqm? LW UNLTEUNALNITAN N

o

=2 = a '8 a '8 dld dl OI o v A
drauAnsneulanaluskunsFaudnanAiani-atinAans ARnsaeaaAIATLLzn lHAen
Anwisesrauliynnaslunguanzdtidals azinlignAnwsdessiuliyyanidlenna
A = o a2 o o o 2 A a =
auntsAne lus AUy sTgein uazdidouandnsnisnnesnuainAnulaenzeu

Timsariupnninresnuesuaziansiiuguliiiieme

LANA5A19DY
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