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Abstract

The objectives of this research are 1) to study the models of enrollment confirmation prediction for
prospective university students, 2) to study and find the appropriate parameter values to enhance the
efficiency of the models, 3) to compare the model performance of deep learning techniques and traditional
machine learning techniques for predicting the university students' admission confirmation. The applied
models include Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM), Random Forest, Naive
Bayes, and Support Vector Machine (SVM). The samples are 4,479 records of students who applied for
admission to universities during the academic year 2018-2021. The modeling of traditional machine learning
and deep learning uses 11 features consisting of prefixes, schools, applicant types, and 8-subjects grades. The
performance comparison between the two models revealed that the deep learning model outperformed the
traditional machine learning model. Therefore, a study was conducted to find suitable parameters to enhance
the efficiency of the deep learning model. The results of the study found that the CNN model had the highest
accuracy at 64.68 percent, and the LSTM needed to be more suitable due to overfitting. In conclusion, the
CNN was suitable for applying to the system of enrollment confirmation prediction for prospective university

students.
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nsdwundeyadmiviniwe nstasuyunsfinwvestdnAnwseAuuSyynslagldis Information Gain Tun1sm
Haduiidmarionisaiialunaiiivszaniainuiniian uagyininuisuifisuuszansamues 5 daneiiu leun
wsumaueLsas (Random Forest) sulsidindula (Decision Tree) w18wiud (Naive Bayes) LaLflosisaiuiuas (K-
Nearest Neighbors) kazn15i38u318%n (Deep Learning) mﬂﬁuﬁwizLﬁuﬂizﬁm%mwﬁwmmmgﬂﬁaﬂ (Accuracy)
nudsuneuvlaisad dimnugndesgaiisieray 94.28 1UITevad Suepitak, Nissaidee and Buathong (2021) 161
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nsviraudladeya (Data Understanding)
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1 APPLICANTID wmmamﬁaﬁﬂi 45987, 45893, 45280, 45282, 45999, ....
2 PREFIXNAME Animtde Y8, U, WA
3 APPLICANTSTATUS dnnurnsalAs rudLEenuar s usuaSIAnw, (1),
avaAsTiiavsdunwal
4 ACADYEAR Un1sfinundiasing 2561, 2562, 2563, 2564
5 APPLICANTTYPENAME | Usglanseuni1ssuaiins | Quotal, Quota2, Protfoliotl, ...(6), Protfolio2
6 59U TCAS 50U TCAS fiasins 1,2,3,4,5
7 SCHOOLNAME Folsasou WITUNA, LWUIIFINeIAY, ...(721), 81U1TGY
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18 ENTRYGPAX LA
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Foya 00B gnuunldlunszuiunsmaaeuduldindulaudaziuuny deaunisi 1
Gini Impurity (node) =1 = Y.(p(C)"2) (1)
lngi
p(CQ) fim A wdvenaa C Tulwuatiy

wagAaslunisadrslunanewaiausunsunelsad a1unsnesuislansll n_estimators=100 Aon15a3ng
13ima Random Forest Classifier 1 100 fulil uag random_state=seed fon1smvun seed dmsunsdu daans

Tun i 1

ramdom_forest = RandomForestClassifire(n_estimitor=100, randim_state=seed)
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1 PREFIXNAME Aimide 0 Aa W1E, 1 AiB WY, 2 AD YA

2 APPLICANTTYPENAME UseLAnIaunssu 1 Aig Quotal, 2 Aa Quota2, 3 v Protfoliol,
ains 4 @9 Protfolio2, 5 A8 Protfolio3, ...

3 | 59U TCAS 50U TCAS flasins | 1,2,3,4,5
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5 PROVINCENAME Janin 33 fip WME1IAY, 58 Ad gUATIVENT, ...

6 Thai_Grade NI ENY 0 A9 Grade = 4.00,
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8 Science_Grade \nsAIvTINeeans | 2 fie 3.00 <= Grade < 3.49,
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13 Foreign language Grade | In3An1w69UTEmA

14 | GPAX LNIATIY
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P(C|X) =
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P(X)

X o AaanwMy (Attributes)
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P(C) fia Anutnazduvesrana C
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P(X) fip d1uiuAaN B IavLA

wazAdalunisasrslunamienaiaudnug aunsassunelanal GaussianNB() Aan1saseluLna
YBNUE AakanglunNInNg 2

navie bayes = GaussianNB()

AR 2 N3aFlnaRINssEuive A aUUALANAIEmATA U1BNUE

1.3 dwwesnnnimesuamPu (Tosasukul and Kuttipon, 2022) Wumediafiiszavsamlunisdanaudeya
wazduwundeya T,m&Mwé’ﬂmisuaqmﬁmLé’uLLﬂqLL&Jﬂﬁﬁﬁamﬁ’m%'v%uaﬁﬁ’mumL%ﬂdﬂﬁumuﬂ’lsﬁau%lﬁaa%’wai YUY
mLLuﬂﬁuauaquiuawﬁmwmmu LLmﬂm‘waﬂsuawwwaimnﬂLmasLLumummﬂmsmﬂmaﬂwm suawauama
Baduvesiiuil (Feature Space) udamidunds (Hyperplane) iz awamiummmﬂamauaaaﬂmﬂﬂu oty
FrnosNINABSLUNTY umwmsaLLauuﬂiyamm‘vﬂ,umiammﬁﬂui’]zymmimLmﬂmaaﬂamﬁwaumLLaqumww 3

»
>

AN 3 NMTUUINENVBY Support Vector Machine

wazAaslun1sasslunatnnasnINWasLunIY aunsaadulelanedl kemel='linear Aanisasisluing
Fnnasmanimasuundu Iaald kemel 1y linear, C=1.0 A NISAINUAAIANURANAIAIUNITIIRUNARE LAY
random state=seed Aan1sivunA seed dmTun1sgu sananslunini 4

svm = SVC(kernel= 'liner', ¢=1.8, radom state=seed)
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Whnewdgaiu

2.1 msBeuiidednlaseeUszamuuuasuligiu fo msBeuiiddnsuuuunildidrassunannsuoaiiy
voeuyud gnesnuuvniioUssunanadeyaiifidnuusiiey 19y JUa 1w wiedeyafiiSosdeduidudifu
(Cheewaprakobkit, 2022) GLumias'mT,umammauimaﬂimwwﬂsumwLmumuhamu ARdelafinmsimuaduu
Funagarmnsfivwes fuanduninil 5 annsnesurelésed 4u Convolutional (ConvzD) Aoduusnluluaa CNN
wazA1nua filter = 32 lnedl kernel = 1x3 lddmsunisadnananyuzandeyawazActivation Function filddie
ReLU 4 MaxPooling2D fie %uﬁ%’ﬁm%’umiaWumm%am“aﬁﬂﬁ%'am“aﬁr;i’mmﬁm Conv2D fwunadnas 4 Flatten
Fotuiliiudsudoyannguuuuiitdfiduzuuuuuuy (flat) owdeudeyaliianusaldiusu Dense 1¢ $u Dense
Foduililunisussinanatayafignuuasain Flatten Tu 4u Dense gavihedfinnsld #lafdu Softmax 18u Activation
Function
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model = Seqguential()

model.add(Conv2D{filters=32, kernel size=(1, 3}, activation="relu', input shape=input shape))
model.add(MaxPooling2D(pool_size=(1, 2)))

model.add(Conv2D{filters=64, kernel size=(1, 3}, actiwvation="relu')})
model.add(MaxPooling2D(pool_size={1, 2)))

model.add({Conv2D{filters=128, kernel size=(1, 3), activation='relu', padding="samz')})
model.add(MaxPooling2D(pool_size=(1, 2)))

model.add(Flatten())

model.add(Dense(256, activation="relu'))

model.add(Dense(128, activation="relu"))

model.add(Dense(2, activation='softmax'))

awi 5 msaidueanisiseuiidedniassguszamuuunauligiu

2.2 miﬁ'auiﬁﬁmmSﬂaﬁmﬁﬁxawn—izaxﬁyﬂ LfJuI:uLmaﬁgﬂaaﬂLmumLﬁaﬂizmawaﬁﬁ'a;ﬂaﬁﬁﬁwﬁu
1381 L Toyan1an1snw 1des Qﬂﬂ’wmﬁmﬁlaLLf’fléui‘Jzym‘[mqﬂwﬂixmmu%w ylausalivanIugeenis
Awanila (itboonyapinit, Maneerat and Chirawichitchai, 2022) lumsa$1aluwanisseusidednmieanudisses
g11-5v8zdu uandlunmdl 6 arursaesueldded 4u LSTM Layer usnldviing LSTM $1uau 64 wine uas¥udeya
ﬁwﬁw lngay LLUaaé’wé‘fwﬁauaﬁﬂLﬂi’fﬂ,ﬁaEﬂui‘uLL‘U‘Uﬁ'mmuﬁm%miﬂiumamaLLa L%Em%fﬁ']ﬁuﬁam u LSTM Layer
fiaoefiviag LSTM 1w 128 niae LLaum‘wuﬂi‘w return _sequences WJu True ‘U‘u LSTM Layer wmuwma
LSTM 91121 128 e LLaulmeiadaaﬂﬁuaua Wju Dense :u‘vm‘mm 3 ‘tju Activation Function ‘vﬂfma RelLU L‘WEJ
Uszananadeya Dense szuqmmsmmﬂ“v flaridu Softmax 1Uu Activation Function

model = Sequential()

model.add(LSTM(units=64, input_shape=(x_train.shape[1], x_train.shape[2]), return_sequences=True))
model.add(LSTM(units=128, return_sequences=True))

model.add(LSTM(units=128})

model.add(Dense{units=564, activation="relu')})

model.add(Dense(units=2, activation="softmax"))

Al 6 MasunansiseusldnileANdNSEeve-SE YAy

nsinUssansamlaieg

Tumsiauazsnuseansanlunagidelidenldrnugadonssaoulnst Cross Entropy Loss) 1umdlslu
Fsdwmmugyddlumsilnlumatuy ranauuuutausn (Classification) Ingtaniznissuuneanaiiuinn 2
Aana (Multiclass Classification) FsahulugignihanldluisnisiSeuiidednlnedwanilsanaumsi 3

H(y,p) = =X (y_i xlog(p_i)) (3)

Toil
H (y, p) Aeanugsidenesaoulnsy senisninmesdinauass (y) wazFneuiliaan1ne (p)
y_i famntivine (Target) dmsunana i
p_i Aenruinazidu (Probability) filaiaamiaannaia i Tun1ssiuun

waei3dedalald anugeads cross-entropy Saufun1sinA1AILINGT (Accuracy) Tneduiaildainaunis

TP+TN (4)
TP+TN+ FP+FN

Accuracy =

[GE
True Positive fio uudeyaignduungniesindueraiadmuneg
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=)

True Negative fia SuUT0YA

o ¥ ! [~
gnduungnsiesilsiiluaanatvineg
False Positive Aie 31uudeyanignd

gndwundibidupanamuneg

False Negative fia S1uaudeyaiignwuninduaaradmineg

Y

=p

HaN1338UAZAUTIUHA

MnmsailuinadeiBninfouveseiesuusauiuuarnisfeudiednnuin unaiiaishemeiinns
Boufidedniiussansnmiand TaglunamsiFousidednuuulaseeyszamuuuasuligiu Samnugniesiosas
63.27 uazmheaudsveren-srrdu rnnugniesiesay 63.08 fuandunissd 3

M19199 3 ANTUAANAT Accuracy VBITANBITINNITSHUSVBAATOUUUALALLAL TaNETIUNNSISEUIITEN

Algorithms Accuracy Precision
@onidnisey luidanidnizeuy
Random Forest 58.86 33.27 77.14
Naive Bayes 61.92 22.36 84.74
Support Vector Machine 62.37 16.96 89.43
Convolutional Neural Network 63.27 66.22 52.27
Long Short-Term Memory 63.08 64.66 48.26

o
=% o

nduAdeldinnsfnmamisdmesnldlunisadicluma nadmemelianisiseudidedni 2 aila

1#ud TassdngUszamuuuaoulagu uay mihenrusissozeni-szerdu andeyanissuidvesinAnyiane
Ingrenans unvinerdguasustdl lulnisfinun 2561 - 2564 Tnoudsypdeyadilifindus wiusosas 70 uazld
dmsunaaeusesay 30 Iaefimsdnwuaznistmuaswsiives fueluil

1. Learning Rate \umsfiwesifldnddalunisaddunaiilonin Learning Rate ﬁﬁmqqmaﬁﬂﬁmi
Boudveddunaiotuid uiilomaviililunathugeiifidigade (Loss) sanluvnsd Leaming Rate fiAsiAuly
p19vililunaFeustiuasind1efl Local Minimum fadugide 1imunsn Learning Rate fiwansnsiuiitafny

a

wisimeifdwmadeUszdviamuadluinaiinian lnofmuasmsiineddu q &a# Epochs = 100 waz Optimizer
= RMSprop ﬁm%‘ué“aﬂa%ﬁumiﬁauﬁl,%aﬁﬂﬁgq 2 dane3fiu {33ulAuus Leaming Rate sonilu 6 Faedsuansly
M15197 4 waznuinilefiaswn Validation Loss wae Validation Accuracy $aufiunuin Tassieuszainuuy
ﬂauhq%’uﬁﬁmiﬁmumﬁh Learning Rate 71 0.00001 Iﬁwaﬁwéﬁﬁﬁqm‘[m ﬁﬁ’lm’mgﬂéfmﬁ%aﬂas 64.62 uay

Learning Rate 91 0.001 vaaiiieANINTEere1-seugdu Irnnugndesnfosas 64.25 Awandluning 7

A19199 4 N3LUSEULgUUsEANSAMUDY CNN wag LSTM fen1sATUAAT Learning Rate

Learning Validation Accuracy Validation Loss
Rate CNN LSTM CNN LSTM
1 62.30 62.30 66.25 66.25
0.1 62.30 62.30 66.25 66.25
0.01 63.89 62.30 63.75 65.60
0.001 63.89 64.25% 63.93 63.91%
0.0001 63.89 64.10 63.93 63.91
0.00001 64.62* 62.30 63.69% 64.98

avanslee Aoz Inemans umInerageuasvodil
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Lr = 0.00001 CNH (n) Lr = 0.001 LSTM ()
®  Training accuracy Training accuracy
= Validation accuracy .".h ] — Validation accuracy
[ ]
065 e ® 0 *
0.67
0.66
060
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g g
5 5 065
g o
4 <
055
0.64
063 AT VAT T LR T AT
050 1 VIfTY | WSty vy v
/ | "\ il | } \
; . | | |/ \
| ! ‘
062 | |
T T T T T
X o @ i I 0 20 4 &0 &l 100

Bpochs Epochs

A 7 Learning Rate 983 CNN = 0.00001 (n) Learning Rate 98¢ LSTM = 0.001 (1)

2. Epochs lumsfimesfismuaseulunisilndunisadialuea n1stiviuas Epochs teaiiuluanvay
dealilunaiinsieuidey viliussavsnmlunsiuneldd widhiwuedn Epochs snnifiuluenadealvluinad
N13i3euTNNn v’iﬂﬁiuLﬂahjmmmﬁﬂmaﬁauaimjﬁlsiLﬂ&JLﬁumﬁaulﬁ GE a'amam'aﬂimwianmﬁi%‘lumm%ﬁq
Immamusuu muumaﬂﬂmmﬂm Epochs 1/1LL@ﬂmaﬂumLLaﬂﬂumﬁw 597U 4 m Wielile Epochs fidien
Validation Accuracy awammmamaauawam Tnadvuad s fimessu 9 mu Learning Rate = 0.00001
Optimizer= RMSprop fuaaaaﬂai‘mumuwmmamimamaﬂi mmwmau‘haw waz Learning Rate = 0.001
Optimizer= RMSprop maaaaﬂaﬁmmﬁLﬁ&Juﬁmaﬂwuwmmmﬁ AELHERELT &y wutnisusudmsines
Epochs %adaaﬂaﬁ‘wum 2 dana3iiu dAn Training Accuracy L‘wuawu Tuvue? wiien Validation Accuracy anas Tag
dane3fiunisiseuiidednlaseineysyamuuunouligdu fen Training Accuracy = 94.80 uaw Validation Accuracy
- 64.62 fauazLAnnns Overfit Lile Epochs = 100 fauansluzuil 8(n) uardanesiiunisiSeuiiddnmisoninud,
Ss&lx&l’ﬂ—iz%gu 3@ Training Accuracy = 83.63 way Validation Accuracy = 64.25 AauazLAAN1T Overfit dle
Epochs = 100 fsuansluguil 8()

A1519% 5 MsUSeuiisuUseandaimues CNN wag LSTM sensaivunal Epochs

epoch Validation Accuracy Validation Loss
CNN LSTM CNN LSTM
20 63.26 63.98 64.25 64.14
30 63.86 64.32 63.95 64.02
100 64.62 64.25 63.69 63.91*
600 64.68* 64.47* 63.66* 63.97

3. Optimizer {338 lavinnisiTeuliisuussansaneie Optimizer 311w 4 wuulduA Stochastic Gradient
Descent (SGD), Adadelta, Root Mean Squared Propagation (RMSProp) way Adaptive Moment (Adam) 1o &3
walSeuifisuyszavsnimdauandlunisnadl 6 wudn Optimizer wuu Adam veslassineuszannuuuasulagiu s
Validation Accuracy = 64.68 Snuuusaedliiinns Overfit naeaszeymsHnuuUS a8 uay Optimizer AaLLan4
Tunnil 9 (n) waz Optimizer WUU RMSprop YomhenLsyere-srezau fien Validation Accuracy = 64.65
wazLUUSaesfuinn1s Overfit fauandluninii o)
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Epochs = 600 CNN (n) Epochs = 600 LSTM (‘U)

Training acouracy

Validation accuracy
0.80

075

1] 100 200 300 400 500 600
Epochs

T T T T T T T
o 100 200 0 0 00 &0
Eo

Al 8 Epochs w83 CNN = 600 (n) Epochs %84 LSTM = 600 (%)

A1519% 6 LSy uLiuUTEANSA MUY CNN wag LSTM aaensaivua Optimizer

Optimizer Validation Accuracy Validation Loss
CNN LSTM CNN LSTM
SGD 63.11 62.30 64.52 65.83
RMSprop (Default) 64.68 64.65* 63.93 63.78*
Adadelta 62.48 62.39 69.54 66.42
Adam 64.71% 64.47 63.66* 63.97
Opiizr = Adam CNY (n) Optimizer = RMSprop LSTM ()

068 4 @ Training accuracy 0.80 Training accuracy

—— Validation accuracy

Validation accuracy

062

Accuracy

060 4

058

056 0.60

Wy

1o B o o w0 w 0 100 200 100 00 00 600
Epochs Epochs

A 9 Optimizer 994 CNN o Adam (n) Optimizer 983 LSTM A RMSprop ()

aAUTIENaaINAISANEIRINIIITMDde 3 Usynaudie Learning Rate Epochs waw Optimizer wun
Amnsfiesivmzaniunisiluaislunavedlassinsuszamuuuasulagiu fie Learning Rate = 0.00001
Epochs = 600 Optimizer = Adam 7iif1 Validation Accuracy 48 64.71 uazeArmsfimesmuizauiunisadie
TunavesmiieAinus1svere1-svedu Ao Leaming Rate = 0.001 Epochs = 600 Optimizer = RMSprop 711
Validation Accuracy U 64.65 LasnuIMmIeAusIsEerea-srevaulimnzauiesi luldowiesannen
Training Accuracy ﬁﬁ%ﬁuga"ﬁu Tuwaizdt fn Validation Accuracy fienanas o Epochs Lisigu INAHAINE
wlilunafiadesanesfiuvemmhennusisveveni-svarduinns Overfit \leSsuiisuussansamues

Fvavslag Ao Inermans unIneraseuasIvel
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TuwaagulailumalassieyssamuuuneulgiuvinzauiaviluinwssuuiunenstududnsidiAnvideves
UnfAnwaminendy

A3UNAN13IVLLATUDLAUBLUERINNNTIRY
mAfeiifnuitiunenBusudvidndnuidevestnAnyaminededensusssndldinadiansGeus
1Bsdn andeyanisuiiivesinSoufiazainndniouansineimans uninerdeguasivsnil Tudnsdnw
2561 - 2564 11 4,479 au {AITeliInsudasteyalieglusuuuuvessunudeya iWelimnzaufiunisiily
afulunanisidoudvoneiosuuudufuuazniigoudidedn wuilunanisdeusidednivssansamidnd s
FnseneaslnesTiuzaufunisadidineg s 3 Usznoudae Learning Rate, Epochs wag Optimizer
WUdWﬁWWWﬁWﬁLm%ﬁmmzauﬁ’umiﬁﬂﬂa%ﬁﬂuLmamaﬂmqﬂwﬂizmmLLUUﬂauhqéffu #® Learning Rate = 0.00001
Epochs = 600 Optimizer = Adam fifiein Validation Accuracy Ju 64.71 wazarmsfimesfimunzauiunisadi
TunavesmiieAIus1sveze1-svevdu A Learning Rate = 0.001 Epochs = 600 Optimizer = RMSprop 7iifin
Validation Accuracy 1Tu 64.65 Insmsidenlumadinsunsihlvldasemsiansanainvanstade luieawsfiansan
97nA1 Validation Accuracy fil#nndeyanagou (test data) ity msfiluaamizenusiszeren-seosdu 1in
n15 overfit nauansiansilunaisuiaindeyanisilnety (training data) léfAvlUaulsiannsaviunedeyalml
(test data) Idfihilas dufumsdenliaalasmeyssamuuuaouligu Alenuaunsalumsviuedeyalalld
A laiiawadayanisiindy s‘ﬁaaammé’aaﬁumqwﬁ Model Generalization (Kawaguchi, Kaelbling and Bengio, 2022)
MNnmgana1 lunanisiseuiiBsiniiaiasnesanesiu Taswisuszamuuuasulgdumnganiazthluiamn
sruuviungn1sBududniiindnyisievesind@nyiuniine1dy
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