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ABSTRACT

This research applies data mining techniques for screening people who will be
successfully in undergraduate studies of the department of Educational Technology. The
objectives of this work are 1) to create a model. 2) to study the efficiency of the models, for data
mining, with percentage of number training and number of samples by the Decision Tree, Support
Vector Machine and Deep Learning.The data are collected from graduated students who
graduated during the 2011-2015 academic years. There are, in total, 738 graduated students used
as a data set in the study. The data set has been divide for training and test processes with the
ratios: 70:30, 75:25 and 80:20. In addition, regression analyses, backward selection and stepwise
selection, are applied in order to filter and reduce attributes from a total of 30 to the required
attributes.

The studied results found that regression analysis using stepwise selection with
training to testing ratio of 80:20 provided best accuracy. A model using deep learning technique
has the accuracy better than models using decision tree and support vector machine which are
85.94, 84.46 and 80,81, respectively. Moreover, filtered attributes, which have mostly impact for
analysis are High school cumulative GPA and admission of students who are direct admission in

the 5th round.

Keywords: Data Mining, Classification, Model, Decision Tree, Deep Learning
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Selection Attribute.sav - SPSS Data Editor

File Edit View Date Tansform Analyze Graphs Utilities Window Help

=|H|S| B 2| =0k ol Elr= SlnE @

Name Type ‘Width Decimals Label Values Missing Columns Align Measure

1| Success | Numeric 8 0 None None 8 Right Scale
2| Blood_A | Numeric 8 0 None None 8 Right Scale |
3 | Blood B Numeric 8 0 None None 8 Right Scale
4 | Blood_AB | Numeric 8 0 None None 8 Right Scale
5|Blood_O | Numeric 8 0 None None 8 Right Scale
6 | North Numeric 8 0 None MNone 8 Right [Scale
7 | North_East| Numeric 8 0 None None 8 Right Scale
8 | East Numeric 8 0 None MNone 8 Right Scale
9 | South Numeric 8 0 None None 8 Right Scale
10 | West Numeric 8 0 | 1 4 None MNone 8 Right Scale
11| Central Numeric 8 0 MNone None 8 Right Scale
12 | GPAX_Hig | Numeric 8 2 None MNone 8 Right Scale
13| Project Numeric 8 0 MNone None 8 Right Scale
14 | Provin Numeric 8 0 G None None 8 Right Scale
15 | Nation Numeric 8 0 None None 8 Right Scale
16 | Admiss_C | Numeric 8 0 None None 8 Right Scale
17 | Special MNumeric 8 0 None MNone 8 Right Scale
18 | Eam_F Numeric 8 0 None None 8 Right Scale
19 | Earm_M Numeric 8 0 None None 8 Right Scale
20 | Voc_Far_N|Numeric 8 0 None None 8 Right Scale
21| Voc_Far_G| Numeric 8 0 None None 8 Right Scale
22| Voc_Far_T | Numeric 8 0 None None 8 Right Scale
23 | Voc_Far_F | Numeric 8 0 None MNone 8 Right Scale
24 | Voc_Far_P|Numeric 8 0 None None 8 Right Scale
25| Voc_Mot_ | Numeric 8 0 None MNone 8 Right Scale
26 | Voc_Mot_ | Numeric 8 0 None None 8 Right Scale
27 | Voc_Mot_T| Numeric 8 0 None MNone 8 Right Scale
28 | Voc_Mot_ | Numeric 8 0 None None 8 Right Scale
29 | Voc_Mot_ | Numeric 8 0 None MNone 8 Right Scale
30
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Good  No Na No Yes No No Yes Na Na No 279 Yes Na No No
Good  yes Na N Na No No Yes Na Na No 3.44 No No Ves No
Good  No Na No Yes No No Yes Mo Na No 3.07 No Yes No No
Good No Yes N No No No Yes No No No 3.60 No Yes No No
Good  No No N Yes No No Yes No Na No 3.33 No Yes No No
Good o No No Yes No Yes No No No Ne 3.59 No No Yes No
Good  yes No No No No Yes N No No No 155 No No Yes No
Good o Yes N No No No No No No Yes 3.42 No No Yes No
Good o No N Yes No No N v No No 3.10 No No Yes No
Good No Na N Yes No Yes Ne N No No 3.74 No No Yes No
Good Mo No No ves No No Yes No No No 281 No No No No
Good No Yes N No No No No N No Yes 2.60 No No N N
Bad Yes No N No No No Yes N No No 293 No No N N
Good No Yes N No No No Yes Na No No 3.30 No No No No
Bad No Yes No Na No No No Na No Yes 2.52 No Na N N
Bad No Yes No No No No Yes No No No 2.68 No No N N
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710 o] [} 1 0 [] [ 0 1] o] [} [ 271
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713 o] 0 1 0 0 a 0 1] o] 0 0 262
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720 1 [ 0 1 0 a 0 1 0 0/ 0] 232
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732 1] 0 ] 1 0 0 0 0 0 0 EF]
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A15191 3.2 Model Summary ¥0411/5un351 SPSS 75M15 Backward

Model

Square

Adjusted

R Square

Std.
Error of
the

Estimate

Change Statistics

R Square

Change

F

Change

df1

df2

Sig. F

Change

408(a)
408(b)
408(c)
A408(d)
408(e)
A408(f)

167
167
167
167
167
.166

136
138
139
.140
141
.142

354
354
354
354
353
353

167
.000
.000
.000
.000
.000

5.475
.000
.012
.027
.064
.239

26

711
711
712
713
714
715

.000
.996
914
.869
.801
.625

408(g)

.166

.143

353

.000

265

716

.607

A407(h)

.166

144

353

.000

.146

717

703

A4073)

.166

145

353

.000

252

718

.616

10

A407()

165

.146

352

.000

296

719

587

11

406(k)

165

.146

352

.000

301

720

.583

12

.406(1)

165

147

352

.000

216

721

.642
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Std. Change Statistics
R Adjusted | Error of
Model R R Square F Sig. F
Square | R Square the daft | df2
. Change Change Change

Estimate
13 A405(m) .164 .148 352 -.001 .849 1 722 357
14 405(n) .164 .149 352 .000 .068 1 723 794
15 404(0) 163 150 352 .000 167 1 724 .683
16 403(p) .163 150 351 -.001 .620 1 725 431
17 403(q) 162 150 351 -.001 .614 1 726 434
18 .400(r) .160 150 352 -.002 1.738 1 727 .188
19 .398(s) 158 .149 352 -.002 1.505 1 728 220
20 .395(t) 156 .148 352 -.002 1.900 1 729 .168
21 .392(u) 154 147 352 -.002 2.070 1 730 151
22 .389(v) 151 .145 352 -.003 2.225 1 731 136

a Predictors: (Constant), Voc_Mot Person, Blood O, Project, Earn_F, North, South, West,
North East, Voc Far Farm, GPAX High, Admiss C, Earn_ M, Blood AB, Central, Provin,
Voc Far Trade, Nation, Blood A, Voc Far Person, Voc Mot Gov, Voc_ Mot Farm,

Voc_Far No, Voc_ Mot No, East, Voc Mot Trade, Voc Far Gov

b Predictors: (Constant), Voc_Mot Person, Blood O, Project, Earn_F, North, South, West,
North_East, Voc_Far Farm, GPAX High, Admiss_C, Earn_M, Blood AB, Provin,
Voc_Far Trade, Nation, Blood A, Voc_Far Person, Voc_ Mot Gov, Voc_ Mot Farm,

Voc_Far No, Voc_Mot No, East, Voc_ Mot _Trade, Voc_Far_Gov

¢ Predictors: (Constant), Voc_Mot Person, Blood O, Project, Earn_F, North, South, West,
North_East, GPAX High, Admiss C, Earn M, Blood AB, Provin, Voc_Far Trade, Nation,
Blood A, Voc Far Person, Voc_Mot_Gov, Voc_Mot_Farm, Voc_Far No, Voc_Mot No,

East, Voc_Mot Trade, Voc_Far Gov

d Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, North, South, West, North_East, GPAX_High,
Admiss_C, Earn_M, Blood AB, Provin, Voc_Far Trade, Nation, Blood A, Voc Far Person,

Voc_Mot_Gov, Voc_Mot Farm, Voc_Far No, Voc_Mot No, East, Voc_ Mot Trade, Voc_Far_Gov

e Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, North, South, West, North_East, GPAX_High,
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Admiss_C, Earn_M, Blood AB, Provin, Voc_Far Trade, Nation, Voc_Far Person, Voc_Mot_Gov,

Voc_Mot Farm, Voc_Far No, Voc_Mot No, East, Voc Mot _Trade, Voc_Far Gov

f Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, South, West, North_East, GPAX_High,
Admiss_C, Earn M, Blood AB, Provin, Voc_Far Trade, Nation, Voc_Far Person, Voc Mot Gov,

Voc Mot Farm, Voc_Far No, Voc Mot No, East, Voc Mot Trade, Voc_Far Gov

g Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, South, West, North_East, GPAX_High,
Admiss_C, Earn_M, Blood AB, Provin, Voc_Far Trade, Nation, Voc_Mot_Gov, Voc_Mot Farm,

Voc_Far No, Voc_Mot No, East, Voc_Mot Trade, Voc_Far_Gov

h Predictors: (Constant), Voc_Mot Person, Project, Earn_F, South, West, North_East, GPAX High,
Admiss_C, Earn M, Blood AB, Provin, Voc_Far Trade, Nation, Voc_ Mot _Gov, Voc_ Mot Farm,

Voc Mot No, East, Voc_ Mot _Trade, Voc_Far Gov

i Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, South, West, North_East, GPAX_ High,
Admiss_C, Earn_M, Blood AB, Provin, Nation, Voc_Mot_Gov, Voc_Mot_Farm, Voc_Mot No, East,

Voc Mot Trade, Voc_Far Gov

j Predictors: (Constant), Voc_ Mot Person, Project, Earn_F, South, North East, GPAX High, Admiss_C,
Earn_M, Blood AB, Provin, Nation, Voc_ Mot Gov, Voc_Mot Farm, Voc_Mot No, East, Voc_Mot Trade,

Voc Far Gov

k Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, South, North_East, GPAX_High, Admiss_C,
Earn_M, Blood_AB, Provin, Nation, Voc_ Mot Gov, Voc_Mot Farm, Voc_Mot No, Voc Mot Trade,

Voc_Far Gov

1 Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, South, GPAX_ High, Admiss_C,
Earn_M, Blood AB, Provin, Nation, Voc_Mot_Gov, Voc_Mot_Farm, Voc_Mot No,

Voc_ Mot Trade, Voc_Far Gov

m Predictors: (Constant), Voc_Mot Person, Project, Earn_F, South, GPAX High, Admiss C, Earn M,

Blood_AB, Provin, Nation, Voc_ Mot _Gov, Voc_ Mot Farm, Voc_Mot No, Voc_Far Gov

n Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, South, GPAX_High, Admiss C, Earn_M,

Blood_AB, Provin, Nation, Voc_ Mot Farm, Voc Mot No, Voc Far Gov

o Predictors: (Constant), Voc_Mot Person, Project, Earn F, South, GPAX High, Admiss C, Earn M,

Blood AB, Provin, Nation, Voc_Mot_Farm, Voc_Far Gov

p Predictors: (Constant), Voc_Mot_Person, Project, Earn_F, South, GPAX High, Admiss_C, Earn_M,

Blood_AB, Provin, Nation, Voc_Far_Gov

q Predictors: (Constant), Project, Earn_F, South, GPAX_High, Admiss_C, Earn_M, Blood_AB, Provin,

Nation, Voc_Far_Gov

r Predictors: (Constant), Project, Earn_F, South, GPAX_ High, Admiss_C, Earn_M, Provin, Nation,




30

Voc_Far_Gov

s Predictors: (Constant), Earn_F, South, GPAX_High, Admiss_C, Earn_M, Provin, Nation, Voc_Far_Gov

t Predictors: (Constant), Earn_F, GPAX_High, Admiss_C, Earn_M, Provin, Nation, Voc_Far_Gov

u Predictors: (Constant), Earn_F, GPAX_ High, Admiss_C, Earn_M, Provin, Voc_Far Gov

v Predictors: (Constant), Earn_F, GPAX_High, Admiss_C, Earn M, Voc_Far Gov

9109115197 3.2 Model  Summary Y99 1151n54 SPSS 75115 Backward WU
awnsoadnaumsiie 1o 22 jUuuy aumsvhunei e Adribute gegadimiumsviiuie
% o ! . : o . I o
1909 26 2 nazauMIiueN 1% Attribute osNgas1uIu 5 Attribute Na 11500 TALA7
#4'ldun Earn F (51018 Iagd)szuanotlveaiian), GPAX High (1n5AMABAL AN TENANY
Yy a = =2 . am [ 9 ana
aoulate voudFouluaviisunaluladnsdnyl), Admiss C AFMITUdIv0TN:
Admission na1d NYe.), Earn M (51814 Iag1lszanaaeilueduisai) uag Voc Far Gov (813w

V9IUA1: SUITIFNT)

15199 3.3 Model Summary Y04 11/51n51 SPSS 75115 Stepwise

Std. Change Statistics
R Adjusted | Error of
Model R R Square F Sig. F
Square | R Square the daft | dfe
. Change Change Change

Estimate

1 .365(a) 133 132 355 133 112.922 | 1 736 .000

2 .380(b) .144 142 353 011 9.511 1 735 .002

a Predictors: (Constant), GPAX_High

b Predictors: (Constant), GPAX_ High, Special

911715197 3.3 Model ~ Summary U049 1150054 SPSS 25113 Stepwise WU
awnsoadeaumsiinne 1ane 2 suun WeNo15w1A1 R Square gaiga WuN@uMIiIUIY
Aausaiuielaane Model 11 2 § Attribute  1/52n0UAI8 GPAX High (1nsAmdeazay
Y] =1 P a =\ =1 . any [ 9

seuAnIneullate vesrneuluamvIsuna lulagnsdnu) uag Special (I5MITUINIVDI

UAN: SUATITOU 5- TOUNIAY)
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A o 9 Y = A A Y .
LWE)VHﬂTi‘iJ’iZJJ%ﬁWﬁ‘UENGUmJ”a Tﬂﬂﬂlﬂua%ﬂvjﬂﬁﬂu Wiﬂliﬂug (Train set) uazmmﬁau

£ q

'
A Ao

(Test) Lﬂuﬁmm%ﬂﬁ'llﬁﬂﬂ']iﬁﬂ‘]el'li%‘ﬁﬁﬁﬂﬂﬂ'liﬁﬂ‘ﬂ'l 2554-2558 911U 738 AU lagANlUNS

% dgl
il
MITIANIMVUNIUNANA Decision Tree

A 9 A

ya o ) Y 9 ) [ a J
1.W'Jﬁ]ﬂlaE]ﬂGU'E]lI”aLWE]ﬂ’liu“ﬂl’lﬂl'ﬁ]yaﬁ’]ﬂiﬂﬂ’lfl")Lﬂfl"lgﬂ (Select the cells to

U

import) A4N NN 3.7

Select the cells to import.
Sheet.  Sheet1 ¥ Cellrange: AAD Select All Define header row: 1
A B C D E F G H I J K L M
1 ID Success Blood_A Blood_B Blood_AB  Blood_O Zone_N.. Zone_No.. Zone_E.. Zone_S.. Zone_W.. Zone_C.. GF”
2 5804000.. Good No No No Yes No No Yes No No No 2
3 5804001... Good Yes No No No No No Yes No No No 3
4  5804013.. Good Mo No No Yes No No Yes No No No 3
5 5804017.. Good No Yes No No No No Yes No No No 3t
6  5804017.. Good No No No Yes No No Yes No No No 3z
7 5804019... Good No No No Yes No Yes No No No No 3!
8  5804019.. Good Yes No No No No Yes No No No No 34
9  5804020.. Good No Yes No No No No No No No Yes 3
10 5804020.. Good No No No Yes No No No Yes No No a4
11 5804020.. Good No No No Yes No Yes No No No No 3
12 5804020.. Good No No Yes No Yes No No No No No R |
13 5804029.. Good No No Yes No No No No No No Yes i
14 5804029.. Good No No No Yes No No Yes No No No 3
15 5804030.. Good No Yes No No No No Yes No No No 3:
16 5804030.. Good No Yes No No No No Yes No No No =k
17  5804030.. Good No Yes No No No No Yes No No No 2.
18 5804030.. Good No Yes No No No No No No No Yes A
19  5804030.. Good Yes No No No No No No No No Yes 3
20 <5BO4030... Good No Yes No No No Yes No No No No 2;.! v
== Previous == Next x Cancel

M 3.7 msvundeyaveslilsunsy RapidMiner Studio
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Attribute Change Type Change Role
ID Polynominal ID
Success Binominal Label
GPAX High School Real -
Admiss_Central Binominal -
Admiss_Special Binominal -
Earn Farther Integer -
Earn Mother Integer -
Voc Far Gov Binominal -
Format your columns.
Replace emors with missing values
1D & « Success @ +» GPAX_High_... & + Admiss_Cent... # v Earn_Farther # + Earn_Mother # + Voc_Far_Gov & =
polynominal binominal real binominal integer integer binominal
id label
1 58040009 Good 2.790 No 12500 12500 No &
2 58040012 Good 3.440 No 25000 25000 No
3 58040135 Good 3.070 No 25000 12500 Yes
4 58040170 Good 3.600 No 25000 12500 No
5 58040174 Good 3.330 No 25000 25000 No
6 58040198 Good 3590 No 25000 12500 No
T 58040199 Good 3.550 No 0 25000 No
8 58040200 Good 3.420 No 30000 30000 No
9 58040201 Good 3.100 No 12500 12500 No
10 58040202 Good 3740 No 25000 12500 Yes
11 58040203 Good 3.020 No 25000 0 No
12 58040298 Good 2900 Yes 12500 12500 No
13 58040299 Good 3770 Yes 30000 30000 Yes
14 58040300 Good 3.280 Yes 12500 12500 No
15 58040301 Good 3730 Yes 0 12500 No
16 58040303 Good 2530 Yes 30000 30000 No
17 53040304 Good 3530 Yes 30000 30000 Yes
18 58040305 Good 3.350 Yes 0 30000 No
10 RANANINR Qand 2 ann Yas 12500 12600 Nn N

MW 3.8 mMsmmuailszianvesdoyanas MUUAUNUINYO Attribute 111151051 Rapid

Miner Studio
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YN o o [ dy
3. }I9UNIMUA Operator AU

A . A o 9 A 9 2 [ 13 Y
3.1 1890 Retrieve Data LWEJmagﬂ611ayjamﬁﬁwummumiﬁﬁﬂuma

3.2 1800 Validation {WOAHUATAAIUVDING Train 1aLnT Test TUaIUUD4
Y
Split Ratio 1AgH3901 11 UAA1E115UNS Train AL 0.70, 0.75 1az 0.80 Ad1ay uaz l9au

W% Use Local Random Seed Tagmviuaitluan 1992 aamui 3.9

Parameters

% Validation (Split Validation)

split relative

split ratio 07

sampling type % shuffled sampling

use local random seed W

local random seed 1992

MW 3.9 MIMKUA Validation M3 Train 0.70, 0.75 1ag 0.80

° ! . . ' < -
3.3 M UARA Operator Y04 Validation n18Tuvzn90en1ilu Training

uae
Testing Tagiaen Operator Decision Tree 814 Tuduves Training Q% 1aen Operator Apply

v ]
Model 1181 Performance classification THAT1UYDY Testing Mniuanduenlog Operator
AN 3.10

Process

) Process » Validation »

POl £ + @ |
Decision Tree Apply Model Performance (2)
L (] tra mod med med_ @ mod \ab[ {126 per ) LU
* exa thr tes unl
wel

mod [ per exa )
thr

MMNA 3.10 Process U9 Decision Tree
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Ma3emnuuMIemaiin Support Vector Machine
Ya o A 9 A o Yy 9 ) @ a 4
1. fver@endoyamenistudidoyad1miumsNnTIZH (Select the cells to

import) MilounAUMALA Decision Tree

o [

Y
2. PveiiualsznnvesdeyauazMUuAUNUIMUBY Attribute AaT)

Y

Attribute Change Type Change Role
Success Binominal Label
GPAX High School Real -
Earn_Farther Integer -
Earn_Mother Integer -
3. ::3 UMKUA Operator @ MU Support Vector Machine ﬁﬂﬁ

A . A v - Y v
3.1 1890 Retrieve Data 1o 13av0ana 3 19vud msumsasaluna
3.2 1990 Validation 1WA 1MUATAGIUVBIATT Train LALN1T Test IUAIUVD

o 1

Split ratio 1A8FI0TIMUAMIFE1MTUNT Train Sl 0.70, 0.75 118z 0.80 AWATRY naz 1
ﬁﬁf{%’u use local random seed Taeryuaidluan 1992

3.3 fMUAR Operator Y89 Validation #4n181uvz111)900n T Training  11a
Testing Taoiaon Operator Support Vector Machine asluaues Training aziaen Operator
Apply Model 1a¢ Performance Binominal Classification Tuauves Testing i]1ﬂ‘l%uﬁ1m’g§f) U

101 189 Operator AININN 3.11

Process
) Process » Validation » 4 E F- A
SVM Apply Model 2)
ra G tra mod mod mod g maod lab ‘ lab % parD Sve
. exa thr tes 1 unl mod r per exa D ave
thr 1

MNAN 3.11 Process V04 Support Vector Machine
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M3a3 19 MUUMIEeNATiA Deep Learning

YdmSumsansizimieunumsad e luaadlamaiia

e

)
uaounsiIToyar

[

[ { [ 1 < 1
Decision Tree A4N1WH 3.12 1A svuanlu Deep Learning 111 5 Hidden Layer if1ag

o)

Layer 11 50 Node

Process

&) Process » Validation » FCRyC : P i @ @

Deep Learning Apply Model Performance

tra

r
(= mod mod lab { 10 per) L

exa thr unl mod per exa D ave

wel thr

NN 3.12 Process VDY Deep Learning
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wnatianmsiimiosdoya ieasuduudmiumsnansoynaa

lumsAnmszavdSaias drvivunaluladnsdnyl vaziie

~ a A o o 9 o = o 9
nﬁtmmﬂuﬂiza‘w‘ﬁmwmamauumumﬂmmaﬂazmmumiNﬂﬁauuazmmumaga

{ Ve Y = . . .
Angounuana19nu alemadin Decision Tree, Support Vector Machine L1¢ Deep Learning

H ° 1 o ] ) o I o
C"n‘ﬂﬁﬁ 4.1 mmun’qmmafmmmumsmu%’aya DULUNATUINA

LNl RN TRIY) Souas
¥ 268 36.31
NN 470 63.69
3N 738 100

~ o 1 o 1 ) [ < Y < @ A Ao g
1NA1T 19N 4.1 fﬂmauﬂqummwﬁmi‘umﬁmusuau“mﬂuumms;mﬁuﬂ

MIANYITEHINT MY 2554-2558  91UIU 738 AU ii’nmﬂﬁJumﬁma T1UIU 268 AU

a I 9 I Aa o a < 9
Aatlusesay 36.31 Azt umMARYITIUIY 470 AU AAlUTDYAY 63.69
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A o 1w ] Ao g = a = =2
M19519N 4.2 i]'lu’JuﬂQ‘JJGI’JE]fJNVIﬁ'ILﬁ]ﬂﬁﬁﬂﬂlﬁ?"\]']’)ﬂﬂlflﬂﬂiuiaElﬂﬁﬁﬂy’l

o ~ = d' Y A an
IuupaNmsaneIMEniGeuLazlssnnian

msanuidhiden sz1an ERNTRLY

2558 maina 21
NMANIAY 115

33U 136
2557 madna 53
MANIAY 66

57U 119
2556 madna 39
MANIAY 77

57U 116
2555 maina 43
NANAY 154

320 197
2554 mMadna 87
MANIAH 83

52U 170
ERLY malna 243
MantAy 495
Wavia 738

=

{ o 1 @ ] ~ 0o Aa
MNATNN 4.2 TIungualegNNdITIMIAnEIaIu I INA Tu Tadn15Any

o =) = d‘ Y A an 1T Aana d' Y A =) = A o
%HL‘L!ﬂﬁ1hﬂﬂ1iﬁﬂ‘kﬂﬂﬁﬂli&lu tazdszniaanuniaanizeulmsany 2555 WU
= <

gaiga Ao 197 AU azszHAININMIANYI 2554-2558 1TlutAanIATNAY 11U 495 AU

U
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4.1 wamsnaaavilszanimwuaadmuy

v

Y
m3snagovlszantamuesdinu §Isesutiums 3 mada ¢9il Decision Tree,

() I @
Support Vector Machine 116i¢ Deep Learning Eﬁﬂﬂmﬂuﬂ Label 114 2 52AUAD Good 1Az Bad
a = aa a = =2 o Y v 2
NNANTLTYURAYTS TN (GPAX) vosHaaa v I una lulagn1sAny ﬁnl,!‘l.!ﬂhlﬂﬂ\iu
~ = ' ° 3 o A ~ Y
L. HONITLTYURDITSTNTEHINN 3.00 —4.00 mwumﬂuﬁuqmwaﬂ UNUAINY
Good
= = 1 o I o a = T Y
2. NaNTLTIUIRAYTSTNUTEHI19 2.00 — 2.99 mwumﬂuauqmwallm UNUATN Y
Bad
Ian v o A " o ' (3 1 A . @ ~ o ' dy
AIVYAUUUNITUUINIUIUNYUAIBYIUNDNIT Train ANAITINN 4.3 Iﬂﬁlﬁﬂﬁ’)uu

1 lUneaeunumAlia Decision Tree, Support Vector Machine @& Deep Learning

M3 4.3 dAaIUMS Train LAZMT Test

) . daaIu
i]TH'JHGUE)Hﬁ

70% 75% 80%
¥ANIT Train 517 554 590
PYANII Test 221 184 148

INAITNAN 4.3 TIUIUNYUAIDEN 738 AL N IFATIUNIT Train HAZNIT Test
] Y
ionadoUAIUMUINALAN T IMilDatayans 3 maiin Ao Decision Tree, Support Vector
Y
Machine Itai€ Deep Learning LL‘]NﬂQiJmiﬁﬂ’dEJu (Training set) qadaaiune 1 70%, 75%

9
1A 80% IATIUIUNQUAIDENANL 517, 554 1Az 590 AU ATNEIAY

4.2 wammﬂaauﬁmmﬂﬁﬂ Decision Tree

o

[

[ 9
9 aﬁﬁ'mgavgﬂ Attribute uaz%’eya‘ﬁﬁmiﬂmﬁ@ﬂ Attribute N3LLUY Backward

e

Selection Q¥ Stepwise Selection [WNAFOUANVUAININANA Decision Tree AL Support

Vector Machine W31 YoyaNimsAaLaen Attribute 923A1A1MQNABY (Accuracy) AU

U U

Y 9
7192 NANA A9



M50 4.4 wanmsnadoy Tumaniemaiin Decision Tree Wvoyai U All Attribute

Train 70% 75% 80%
Accuracy 82.35 82.61 83.11
Classification error 17.65 17.39 16.89
Correlation 0.115 0.128 0.186
Cross-entropy o0 o0 o0

v
aA

A a 9 o
NATTNN 4.4 Ij\llﬂaﬂ’liliﬂugﬂmﬁ

43

AFIUVDINIT Train LANAIINY WUIAIAIY

ANt T UE I (82.35%, 82.61% 1Az 83.11% ANE1A1) tag Attribute IANUFURUT

U U

FINULALAU

Y

83.2

83

82.8

82.6

82.4

82.2

82

81.8

MW 4.1 Hanmsnadeu Tumadiemaiia Decision Tree 11doyat 1111 All Attribute

1NN A 4.1 kan1snaden TuAaAIuIMALA Decision Tree 1Yoy U All

. 1 1 9 = Y 49!
Attribute WU ﬂ"lﬂ’J"IiJQﬂ@]i’NiJLLU’JIHﬂJQ’Q"Uu
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M50 4.5 wanmsnadou Tunadiemaiia Decision Tree W1903a19 111 Backward t1ag

Stepwise
Train 70% 75% 80%
Accuracy 82.81 83.15 84.46
Classification error 17.19 16.85 15.54
Correlation 0.187 0.209 0.307
Cross-entropy 0.664 0.656 o0

{ 9 o . 1 [ R
MNITNN 4.5 TueamsiTeuinNdaaIuvednIs Train LANANNAY WDIIAIAY

Y

Y
nAealuud TNgUD ATl 82.81%,  83.15% Az 84.46% AINAIAY LAZ Atiribute

[ o

SR W @ Ay Y 1 o 9 9 .
AIMUTUNUTHINULASNU Iﬂﬂﬂ’l%ulﬂf,;f\‘iﬂ'J’lﬂWﬁquU'E]ﬂa!aHﬂLLUU All Attribute

2L D

85

84.5
84

83.5 /
83

82.5
82

81.5

MW 4.2 wamsnadou Tumaalemaiia Decision Tree 11140319111 Backward Hag

Stepwise
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A vy 9 A 9 2 vy
NMNN 4.2 ATO8AZANNYNABY (Accuracy) 3 uU TUNGITUNINNNI DAL
1 Y
80 ansoth Tumannavu s lumaauny1d
ANULANATNTE NI 1A 0082AINYNAD (Accuracy) TULARZAATIUNTT Train
A P} A o a P v a Ao o = Y] Y a oA =
HeanIndayani N zmiuuaandusnsanyinal Taaizeussniansany
2 A 1 % < Y = 1 H = ya
2554-2558 FauANNuana N U lulsziduaumsissunsaeussnINYUveIHTou sy
1 a o Y 1 A v 1 ~ =2 =\ 1 Y Y 1 3’; =)
uaazdvvadaou lumileunulunaazilmsane InanemsIdinsavesdaoulunaazaull
Y o Y = D= 1 2’, A 1 [ Y= < R Ay
A M liinsamasazduveadsouszninyulinnuuanaany anlsziaunianedin
Y v
WalMsGeuivesaazyAnalinuIANAIIAY 5999 Cognitive Style NuAazAUTiAIIM
HANAINAY

!!UU%]GBQﬁt’I’%Nmﬂmﬂﬁﬂ Decision Tree

GPAX_High_School

> 1.780 <1780

GPAX_High_School Bad

= 2085 52085

i Earn_Farther

=140000 = 140000

Good Bad

MW 4.3 nuusiaesdideinmsaiedlemaiia Decision Tree 1doyai LD All Atiribute

] v ]
= A o a aAA o g

1NN 4.3 WD Attribute DUV IMARHGEsuNIZIdugnINanadmsuns

]
= %

=3 [ = G a = = =) =
Fouszavilsayanes ardsumaluladnsdny Ao insamavazauisendnyineuilals
Taodizouazanalinanisoumasasanogszning 1.78 - 2.08 ndidosninieminy 1.78
A o a Ay 1A o Y ~ a S = Y 1%
wiidugnswan liddmsumsizoulumuismaluTagmsane nazdrield laslszana
= a ' 1 ~ = ' ' 9 =
ApTueIbAININNTT 140,000 VN LARANISITOUIMASAZAUDYIZNI 1.78 - 2.08 Fizouazdl

[ a d'd J =1 a =S = 9
dugninananensizeuluaviivuna lulagmsany 1a
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GPAX_High_School
> 1780 <1780
GPAX_High_School ==
2085 =2.085
Good GPAX_High_School
oita £2005
Bad GPAX_High_School
> 1.885 =1.885
Good Bad

Ml 4.4 vuuiieesd ldannsadualemaiia Decision Tree 119oyad 11U Backward

Iag Stepwise

' ' '
= a AA o

1INNINA 4.4 WU Attribute NTUNVIMAORGouNzIdugninanddimiuns
a v A d a = = A = o =
Feuszavilsyaes a1 umalulagnsdny as insamasazaniseunyinoulaiy
] [ Y 9 = =3 A 1 1 A 9 U A %
Uiy TagdiouazdpalinamsToumasas auagszyiiig 1.78 - 2.08 NI AUBENIIHI 0NN

= a d' 12 o (% = a = =
1.78 %gnﬁlli]‘ﬂ‘ﬁNﬁ‘l’lul‘JJﬂﬁ”I‘l’iﬁ’]JfﬂiLifJ‘LlGll!?ﬂ"]JTJGmmﬂIuTﬁﬂﬂﬁﬁﬂH1
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4.3 HamsnAgaURIBINAlIA Support Vector Machine
o ¥ 9 o ¢ . o &
NMITUIVDYALVIIUATIEN NN Attribute  HATNITNTDIVOYANILUY Backward
a J A
Selection (lAg Stepwise Selection Aremaiin Support Vector Machine wunldnadns

MUOUNY AIN1T 19N 4.12

M5199 4.6 wamsnadeu Tuaaalemaiina Support Vector Machine

Train 70% 75% 80%
Accuracy 80.54 80.65 80.81
Classification error 19.46 19.35 19.19
Specificity 100 100 100

1A 4.6 TwaansiSoudiimsinaen (Training  set) tANA1TY A28
mafin Support Vector Machine Wi A1augndestinun Tugatu i 80.54%, 80.65%
1Az 80.81% MUAIAY UANNTZAUMIHNABUIAIANT U (Specificity) 1H1AL 100% 1T1u
anuiugrwesmsieteyaiioglunaia Negative fuaal@insandiuveanisine

1 9
Joyanioglunaid Negative 1agnAoaiieunudoyaisananuauoanald Negative

80.85
80.8

80.75
80.7

80.65
80.6

80.55 /
80.5

80.45

80.4

MNA 4.5 namsnaaey luaamemaiin Support Vector Machine
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A vy Y a y A 2 . Adyy
INNINN 4.5 ﬂii@ﬂazﬂﬁmgﬂﬁm (Accuracy) %m!uﬂumwu’gﬁﬂmmﬂVlﬂ@gﬁlu

seaudosay 80 ansniin U lF lumaaunld

4.4 HaMsNATOUAIBINAIIA Deep Learning

9 2

MnmMsdeyaiInT 1z N0 Attribute  1aZn15030ITBYAN U Backward

[

a v J -
Selection (11 Stepwise Selection Aemadin Deep Learning I@nadnsinail

M3197 4.7 wamsnaaon Tueaalemnaiia Deep Learning Widoyai iy All Attribute

Train 70% 75% 80%
Accuracy 83.26 77.17 79.73
Classification error 16.74 22.83 20.27
Correlation 0.430 0.364 0.458
Cross-entropy 0.564 0.548 0.512

A 2 PP = L. v vy a
1NN 4.7 TumansizouiNIMsHNaou (Training set) HANANAUAIBINATIA
Y Y
Deep Learning W11 A1A10RnA0iuul THuAua aee a9l 83.26%, 77.17% uag 79.73%
o W =~ o o o 1% [ 1 I~ ]
ANEIAD 1aZ Attribute ANNAUNUTFINULAZAUADUA19gS naasldisiu 1@ Attribute

upazad litdaszaeny

M3197 4.8 wamsnagon Tuwanlenaiin Deep Learning W190yad 101 Backward

Train 70% 75% 80%
Accuracy 74.66 81.52 83.78
Classification error 25.34 18.48 16.22
Correlation 0.382 0.403 0.474
Cross-entropy 0.548 0.522 0.518
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=

A 9 = L. v vy a
NI 4.8 TuAansieuINUMIANaoY (Training set) UANAINAUAIBINATIA
Y F4
Deep Learning WU31 1AM A0t THuAua a9 Al 74.66%, 81.52% uaz 83.78%
o w . = [ v IR W [ 1 9 Y I 9 .
MUAIAY 1Az Attribute IANUFURUTFIN ULz AUADUA 9GS naaaliiriu 191 Attribute

upazad litdaszaeny

M3197 4.9 wamsnadon Tuwanlenaia Deep Learning 11903a14 1Y Stepwise

Train 70% 75% 80%
Accuracy 79.58 83.65 85.94
Classification error 20.42 16.35 14.06
Correlation 0.287 0.412 0.445
Cross-entropy 0.551 0.477 0.466

=

A 9
1NN1TNN 4.9 Tfumammaug‘ﬂ

=

MINNAOU (Training set) UANANAUAIBINATIA

fad)}

YU 899 A9 79.58%, 83.65% LA 85.94%

Te

Deep Learning W11 A1AIMYNA0LUI T

v [ 1 9

o w . % o P < 1 .
AINEIAD 1ag Atribute HANANWUTFINULAznUABUA g uaasldidu 111 Attribute

uaazen lilldaszaeny
4.5 agdwaminaans

d‘ o a A 9 o .
MINN 4.10 NINWIIVVDI Accuracy VULUNATUNAUAWUDIVDYALATITUIU Attribute

Accuracy

man All Attribute 5 Attribute 2 Attribute

70% | 75% | 80% | 70% | 75% | 80% | 70% | 75% | 80%

Decision Tree 82.35 | 82.61 | 83.11 | 82.81 | 83.15 | 84.46 | 82.81 | 83.15 | 84.46

SVM 80.54 | 80.65 | 80.81 | 80.54 | 80.65 | 80.81 | 80.54 | 80.65 | 80.81

Deep Learning 83.26 | 77.17 | 79.73 | 74.66 | 81.52 | 83.78 | 79.58 | 83.65 | 85.94
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INAIT1T 4.10 NMNTIMNVI Accuracy SwHAmLmATAMITeaToyauas 1w
Attribute WU 1A 119NR0aRTNINTO Attribute 11UY Stepwise Selection TAIGINIING
N304 Attribute 11U  Backward Selection UagilUU All  Attribute Lﬁmmﬂ:ﬁ%mﬁﬂiﬂﬂlm‘u
Stepwise iN15U%A Attribute Yoz it ldfunuimdemsswundeyaoen maemme Aribute
ﬁﬁummwiamﬁﬁmuﬂ%’ayawhi?”u 11350399 Attribute 1111 Backward  Selection 9 ¥

Attribute voz1198 U 1HAIAIMYNADY (Accuracy) laigamimin

d' = Y Y A A ]
M1919N 4.11 L‘Lr%EJ‘IJWIEJ‘Uﬂ’NiJQﬂﬁ@QGU’ENWQﬂ']i“l/]ﬂﬁﬂﬂjﬂlﬂaﬂﬂﬂmﬂuﬂﬂ@nﬂﬂu

o o 1 . o 9 9 .
WUNATNTATIUNIT Train HaguIvayaviyy All Attribute

So8aznNNGNADY (Accuracy) N=738 A
GG Train 70% Train 75% Train 80%
Decision Tree 82.35 82.61 83.11
Support Vector Machine 80.54 80.65 80.81
Deep Learning 83.26 77.17 79.73
84
83
?
82
81 -®
80
79
78
77
76
75
74
==@==Decision Tree ==@=—Support Vector Machine Deep Learning

d' = Y 9 a A [
MNN 4.6 Lll%El‘]JlfI/lEITJﬂ'JHJQﬂ@l@\?"U’fNNﬂﬂ']i“l/lﬂﬁ’f]UIlIlﬂﬁﬂﬁﬂlﬂﬂuﬂﬂﬁ'l\?ﬂu

uunmuddIUNs Train tazihdoyaduy All Attribute
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110A15197 4.11 uazmnd 4.6 WU Sesazanugnaeslumaiia Decision Tree

11A71uYNADIFINIT Support Vector Machine 118¢ Deep Learning AMUa1AU A1308a2A1M

Y a

. oA g X A = . Ay 1R s A
ANADIVBUNAUA Deep Learning MLLH'JI'H?JGUHC] 49 IHBI1NY Attribute VlllllWQ‘]_lﬁgﬁ\‘lﬂ'ﬁiﬂ
a 901 9 [ . o Y o Y9 Y dy
WUANUFIHOUNUUDI Attribute Vl'lﬁl‘ﬁﬂ13ﬂ1u3ﬂl@'ﬁ]ﬂiﬂllﬂﬂ']ﬁ’f)ﬂﬁgﬂ'nugﬂﬁf]\‘]‘llu“] N
d' = 9 9 A A ]
M1919N 4.12 lf].ldﬁﬂU!VIEJUﬂ'J']JJQﬂﬁ’fNGUfNWﬁﬂ'lﬁﬂﬂﬁﬂﬂiilmaﬂ'wlﬂﬂuﬂﬂﬁ"lﬂﬂu

o (YA . o 9 9
WUNATNTATIUNIT Train HaguIvayauiLuy Backward

So8aznNNYNADY (Accuracy) N=738 A
MAn Train 70% Train 75% Train 80%
Decision Tree 82.81 83.15 84.46
Support Vector Machine 80.54 80.65 80.81
Deep Learning 74.66 81.52 83.78
86
84
82 y A
80 e —
78
76
74
72
70
68
==@==Decision Tree ==@=Support Vector Machine Deep Learning

d' = Y 9 a A [
MNN 4.7 Lll%El‘]JlfI/lEITJﬂ'JHJQﬂ@l@\?"U’fNNﬂﬂ']i“l/lﬂﬁ’f]ﬂilllﬂﬁﬂ')ﬂlﬂﬂuﬂﬂGﬂ\‘iﬂu

SuunmudndIuNs Train tazihdoyatuy Backward
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110A15197 4.12 wazmnd 4.7 W Sesazanugnaeslumaiia Decision Tree
1177 NABIgINI1 Deep Learning 1182 Support Vector Machine AWa16D Faiif15ogazaa1u
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