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ABSTRACT

Selecting a high school study plan is deemed important for junior high school
students because such plan can have a profound impact on the choice to opt into their university
studies. This can be a very tough decision for most students due to their lack of experience and
self-understanding. To help their students select a study plan, one solution is for guidance
teachers to use their students’ data to analyze the trends in their further studies in order to support
decision making. In general, the learning outcomes of the subject group which is satisfactory are
mainly considered. However, it cannot be concluded that students will always make a selection
according to a study plan with satisfying grade results. Due to a number of factors, it is
impossible to collect all comprehensive variables. It is thus necessary to find a reliable process or
tool to help identify trends in decision making. In this research, Machine Learning, a system that
can learn in many ways, was utilized.

The objective of this research was twofold: 1) to create a guidance model for high
school study plans, and 2) to compare its efficiency. There were 258 data sets for creating the
Machine Learning through three processes; the data set 1 was Correlation Analysis; the data set 2
was the Data Reduction (PCA); and the data set 3 was Feature Selector (Sequential Feature
Selector:Backward Selection). The data was then divided into two groups: the training set
accounting for 80% and the testing set representing 20%. The results showed the accuracy of data
sets 1 to 3 in order as follows: 1) Decision Tree, which was 79%, 79% , and 87%, 2) Artificial
Neural Network, which was 83%, 85%, and 83%, 3) Naive Bayes, which was 87%, 83%, and

88%, and 4) Support Vector Machine, which was 87%, 83%, and 85%.

Keywords : Machine Learning, Decision Tree, Naive Bayes, Neural Network, Support Vector

Machine
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> Labeled data
Supervised Learning > Direct feedback
> Predict outcome/future

> No labels/targets
Unsupervised Learning > No feedback

> Find hidden structure in data

> Decision process
Reinforcement Learning > Reward system

> Learn series of actions
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from sklearn import tree

X = [[e, @], [1, 1]]

Y = [e, 1]

clf = tree.DecisionTreeClassifier()
clf = clf.fit(X, Y)
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clf.predict_proba([[2., 2.]])
array([[@., 1.]]1)
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from sklearn.datasets import load_iris
from sklearn import tree

iris = load_iris()

X, y = iris.data, iris.target

clf = tree.DecisionTreeClassifier()
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Ms lapan MIAATIEHADLINNY
2.6.6 Numpy
. a 4 an . .. A A @ )
library AMAAITATHAS DA (Mathematics and ~ Statistics) NMAYINUNINFUNI
a 14 ° 1 o { g <
agasnaasuaznsmiuIna19 Tagazid luvanisdeyaniduaisranny aray Taoidu
Ao A A qu 0 a o v y X
TA59n15 Open source N1 IAR1szasmiiolalFunsmuIuGid1avae Python a3193u
~ gy X A . < s o
Tu1l 2005 Tasas197uB5AU0 1A US55 Numeric 1ag Numarray Numpy wetlusonauns
Open source (oL laou luasveslueyaia BSD aou1 Numpy 1asumiswaiuu
[ <
GitHub MUANMH UK DIV Numpy communityl!¢ Python community
2.6.7 Matplotlib
S 9 N | Y
11 library N1TUAAIWAVOYA (Data Visualization) ‘Wuyuiuﬂﬁﬁﬂﬂﬂﬂﬂmﬂ
1 @ v J @ = 9 Aaa Y
array NIONAMEAAIANNTURUTVRIRLS Feamnsaad1ens i lunuy 2 T8 Tu Python usin
o A = o a 13 [l 1 ¥
wliduiudalums@eunuumidiniiiln MATLAB uan lii'ldegnioldiugiu MATLAB
a o 1 =) 13
nazamnso 1 uguny Pythonic 1393aq 1A 1591 Matplotlib 921Tud6 Python uan 1%
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NumPy tag IAAdIUve180U 9 natwdIu ol lalseansnmnasiunsianuaimisalu
14 o 1
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MFaTeeamadufen ninaoen1igad launsuvesdoya n s uiudesadeduanaud
3 Iy = 3}/ 1 wAa A 3q ¥ 9 . 1 a
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1) pylab interface fio yAYDININTUNTAYIAG pylab Faoya ¥R IFasanaon

g laanneutadenyIdaaiiegl MATLAB
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2) Pyplot tutorial Ao Matplotlib frontend W30 Matplotlib API Lﬂuijﬂﬂl@ﬁﬂa1ﬁ‘ﬂﬂ
9 A n- Y o o ) v o A
Wi 1ums heavy lifting a3 19uazdamsdnavdonnudunasauazou 9
. . A ~ 19 = v 4 [ < I
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Gtk +, GTKAgg 1¥@maaina Anti-Grain 1o a31930uazde 1 lunedndmdu Gk + uazdou

9 @115 PDF, WxWidgets, Tkinter Lazdu o
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Y o = a A
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4 a o o 1
Wensaazivuul Tdumsdadula@enununsiseuiseuanyInoula1e5e 1IN
a 14 a 14 A a A = 9 1 o ~
Iemaasuazatiaenan’ wIsLEUAATIMIANYI 2554 -2556 TAuA el SEAUNANITIT B

v ) Y
F10INTIUIY 6 MAMTANE INTARASMIANY AL TOYADUA]
1) el
2) gilaun
= 9
3) 1 FNVDIHNATY
Y Y
4) wladinases
P=|
5) WHUMISISOU
a a 4 {
6) 1NAAAMAAT MAMIANYIN 1-1, 2-1, 3-1, 3-2, 4-1, 4-2, 5-1, 5-2, 6-1

7) 3¥IMENAAS MAMIANEIN 1-1, 2-1, 3-1, 4-1, 5-1, 6-1



8) IWNHIOINGY MAMSANYIN 1-1, 2-1, 3-1, 4-1, 5-1, 6-1

9) 31101#1 Ine MAMTANYIN 1-1, 2-1, 3-1, 4-1, 5-1, 6-1

10) IMNFIAN MAMIANEIN 1-1, 2-1, 3-1, 4-1, 5-1, 6-1

a a = A
1) 3dade MamsAnYIN 1-1, 2-1, 3-1, 4-1, 5-1, 6-1

a = = A
12) 'Jslﬂf,:fsl]ﬂﬂy'l NANITANYIN 1-1, 2-1, 3-1, 4-1, 5-1, 6-1

a an 4 =2 A
13) MU szIamans MamMsANYIN 1-1, 2-1, 3-1, 4-1, 5-1, 6-1

14) 3NNAANYT MAMTANYIN 1-1, 2-1, 31, 4-1, 5-1, 6-1

a = = = P~
15) 3 MINUDTNLAINA Tu1ag MAMSANEIN 1-1, 2-1, 3-1, 4-1, 5-1, 6-1

A o =2 A
16) INTARANTINANEILN 3

A o =2 A
17) INsamagisaNAneIln 6
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15190 3.1 Msmvuaas

Attributes ANNHINY
sex IWE
geo giann
career CREVUGRIAINGERN
path UHUMSI5OU
math Jmndiamans
sci s Inemans
eng AFINHIOING Y
thai Jaw Ine
soc B AGEGE
art B AGONE
heal INgUANE
his Jalseiaenans
pe InafnL
we IMMINUIFNLazING 1y lag
gpax3 InsAMAnIseNANYIN 3
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MsAAEEN 70 HENTTIA MIKIUNTZUIUNMIATT
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1) iveyauiulyaludiuvesmdeyanviariig (Missing  Value) M3av03a
1 YA v Y ~ [l 4 Y ad a 4
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2) ihdeyainasdanu liaeande (Inconsistent Data) 15U Foyasiodn luunaz
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3.3 mmﬂméﬁm‘;a (Data Transformation)
3.3.1 M3MnUA Code Toya

Aave ldiinsudasdey Guainmamiua Code Yoyauazilasugildoyalioy

U U U

]
=1 [ o

“lugﬂuuummmﬁuﬂumsm Machin Learning 7% Decision Tree, Naive Bayes, Artificial
4
Neural Network L8 Support Vector Machine Tawdl Attributes A9
. ~ Y 1 I a A 9 [ = a

1) Attributes ‘I/lcl,“]fﬂ"lﬁ"lllﬂ'l"lulﬂuﬂiﬁ Y VBYATSAUWNANIILIYUTIYIY
a a Jd a a Jd a [ a a [ a a a
AFIAUAAITAT, IV1INYIFITAT, I INTYIDING Y, 'J%'"Iﬂ”lkﬂhh/lfl, APIAINY, ’Jmﬁaﬂz, V1TV
= a [N J a = a = = A o = ~
AN, 'J%T].]'i%'!?‘lf”ﬂﬁ@]i, IBINAFANEN, 'JG]f"Iﬂ”ISQ"IH’EJ”IGIfWLLE“I%WIﬂIuiﬁﬂ, NFAMATNTINANYIL
= A o = A
N 3, NTAMAYNTINANEIUN 6

2) Attributes 1A (M7 0 148¢ 1 (Binary Number) AiD LHUATITEU 1Nl
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No. Attributes Detail Code
1 | Sex LWel 0="718
1 =N
2 | Path UHUMTITOU urINeNansLas
*1413 Attributes tThwane adiarmans
SM = 1
a  Jd
uwufail
Art = 2
. 9 Y 9 A o '
3 | Official (O) VITIFMIANUUINUDITY 1="T%
0="Taly
4 | State Enterprise WINNUTTITIMAD 1=1%
Employees (SEEM) 0 ="Tily
5 | Company employee WINNUUIT ENe AT 1=y
(CEM) 0="laly
6 | Business (B) FINVEIUA YUY 1=y
0 =Ty
[ Y 2 ]
7 | Employee (EM) F1919/gnIN 1=
0= laly
8 | Farmer (F) inbasnsIuAlgdadalszu 1=y
0="Taily
A 1
9 | N MALD 1=y
0="Taily
10 | NE MAALITUENINYINTID 1=y
0= "Taily
11 |E MARZIUDON 1=y
0="Taily
12 |s mald 1="Tq

0="Tuly
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No. Attributes Detail Code
13 | W NMAAZIUAN 1="1%
0="lauly
14 | C MANaN 1=1v
0="Taly
15 | 35K s10l8dnasea feendi 35,000 {CGRPRIVEER
16 | 35K-50K s10'ladinases LS GRERINEN
35,001 — 50,000
17 | 50K-65K s10'ladinases LS GRERINEN
50,001 - 65,000
18 | 65K-80K 510 1adnAs 09 LS GRERINEN!
65,001 - 80,000
19 | 80K-95K s10'ladilnnses LS GRERINEN
80,001 - 95,000
20 | 95K-110K s1wladinnses LS GRERINEN
95,001 - 110,000
21 | 110k 510 ladnAsog LS GRERINEK!
110,001 ¥
22 | Mathi-1, Math2-1, Jadlarans Nansiseu 1FmNam3 i3 suUAIND3 9
Math3-1, Math3-2, 6 MAMSANEN
Math4-1, Math4-2,
Math5-1, Math5-2,
Math6-1
23 | Scil-1, Scil-2, FH1INEINANS HANTIF U I¥mnam iz suaue3 9
Sci2-1, Sci2-2, 6 MAMIANY
Sci3-1, Sci3-2
24 | Engl-1, Engl-2, HINBIBINGY HAMTITOU Immamsizouaunia

Eng2-1, Eng2-2,

Eng3-1, Eng3-2

6 MAMIANY




M1 3.3 msulasdeyauazmsmivua Code (f0)

46

No. Attributes Detail Code

25 | Thail-1, Thail-2, J10111 Ing wamsiseu 6 MANIANYI IFaIHanIiFounue3a
Thai2-1, Thai2-2,
Thai3-1, Thai3-2

26 | Socl-1, Socl-2, M FIAY HAMIEEU 6 MANTAAEN I HaMIiETounINaI
Soc2-1, Soc2-2,
Soc3-1, Soc3-2

27 | Artl-1, Artl-2, Jraily wamsiseu 6 MAMIANY 1FmINam iz suAIND3 9
Art2-1, Art2-2,
Art3-1, Art3-2

28 | Heall-1, Heall-2, FNFIANE WANTITOU 6 MANITANE I¥mnamsiz suaue3 e
Heal2-1, Heal2-2,
Heal3-1, Heal3-2

29 | Hisl-1, His1-2, Jnlseiaenans nansiseu 6 nn IFmnam iz suaNe3 9
His2-1, His2-2, MIANY
His3-1, His3-2

30 | Pel-1, Pel-2, FNAFAYY HANTITIU 6 MAMTANHN I¥mnan3iE suAND3 9
Pe2-1, Pe2-2,
Pe3-1, Pe3-2

31 | Wel-1, Wel-2, Jmmsnuordnuazima lulad wamsFey | ¥amansisouniueia
We2-1, We2-2, 6 MAMIANY
We3-1, We3-2

32 | gpax3 insamasisouAn i 3 l¥amamsisouauese

33 | Gpax6 insamaeisendnyii 6 TmnamsiFeuaues

1NesIn 3.3 uaaagiluuvvesdeyalundas Atributes 2 Usziandoe 1) Joyad

=1 [ . A @ ] ~ 9 A d o a ]
4 2 A1 (Binary Number ) A9 0 DU 1 (¥ UENUNITLTYU LAZINE 2) mayjamﬂummmﬂ YU

nsAmas 1azIaN 9 nmsmvuazluuudoyadinanielinnumanzay aonisiuin

) Y
TueaN oY UIBUHUMTE UL TIUIUNINNA 32 Attributes
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M51ai 3.4 uﬁmﬁ”mén%gmmz Code U®N Attributes (111 Clustering

1 o) SEEM(2)  CEM(3) B{4) EM (5) F (6) N NE E s w s
2 o [ 0 | 0 0 " [ | o o n
g o 1 o o 0 4 [ o L a i [}
4 a 0 0 1 0 0 o 0 1 a 0 0
5 a 0 0 1 0 a [} o 1 a o L}
6 a 0 0 1 1 a 0 ) 1 a 0 0
7 a 0 0 0 a u 0 | a 0 v
8 o [ 1 i} 0 0 " [ | o " [}
9 o 0 1 o 0 o " 0 L o 0 0
10 a 0 1 0 0 0 0 0 1 a 0 0
11 I 0 0 0 a 0 o 0 1 a 0 [
12 a 0 0 [ 1 o o 1 a 0 [
13 o 0 1 o [ 0 o (] | a o o
14 a 0 1 0 ) 0 " o i o o 0
15 o [ 0 1 0 0 0 o L o 0 0
16 a 0 0 1 0 0 0 o 1 a o [
17 a a0 0 1 a o o o 1 a 0 [
18 a 0 0 1 o 0 o o 1 a o ]
19 o 0 0 | [ 0 it (] | ] o ]
20 o 0 ) o 0 1 " o | o i o

91015197 3.4 Attributes 110U Clustering tlasan1doglugyd o uaz 11410 013w

A o o [ [ 1 1 q 1
AunAses gliduun dmSumseudoya Taol Label utiailu 2 a1 Ao 1 =19 uazo = lily

M5190 3.5 udasareggliudeyataz Code Toya

BA BB BC BD BE BF BG BH BL Bl BK BL BM
1| maths31 pe3l thai32 math32 sci32 soc32 his32 heal32 art32 we32 eng32 pe32 gpax3
2 1 4 2 15 15 25 25 4 35 4 2 4 298
3 15 4 35 2 3 35 4 4 35 4 35 4 3.17
4 25 4 3 3 3 25 35 4 4 4 2 4 328
5 15 4 25 2 1 15 25 4 25 35 2 4 203
6 2 4 3 25 25 25 25 4 35 4 25 4 32
7 35 4 35 4 4 4 4 4 4 4 4 4 385
8 3 4 35 35 3 3 3 4 25 4 35 4 n
9 15 4 2 15 1 25 3 4 3 4 25 4 291
10 2 4 3 4 3 3 35 4 35 4 4 4 3.56
11 35 4 35 35 35 3 35 4 2 4 4 4 365
12 4 4 4 4 4 4 4 15 4 4 4 389
13 3 4 25 15 2 1.5 3 4 3 4 1.5 4 293
14 2 4 25 2 25 3 35 4 2 4 1.5 4 321
15 3 4 3 35 3 35 25 4 35 4 35 4 357
16 35 4 3 25 35 3 25 4 35 4 3 4 339
17 4 4 35 4 4 4 35 4 4 4 4 4 38
18 4 4 35 4 4 4 4 4 4 35 4 4 3.89
19 4 4 3 4 35 35 4 4 4 4 4 4 373
20 25 4 25 35 3 2.5 25 4 25 4 35 4 32
21 2 4 35 35 3 3 35 4 25 4 4 4 3.19
22 25 4 4 35 3 4 4 4 4 4 3 4 353
23 25 4 3 35 3 35 3 4 3 4 35 4 348
24 2 4 3 2 3 3 35 4 1 4 3 4 238
25 3 4 4 4 4 4 4 4 25 4 4 4 3.84

A A o a 9 A YA 1
INATTNN 3.5 mammumssmsamm&auamﬂmgﬂ LW@iﬁﬂJﬂ')”lllL"ﬂiﬂgﬁﬂJﬁi’]
o 9 a 4 =~ k) as .. . . .
M5V TUAa VAT IEHUNUNIT38UAIY I Decision Tree, Naive Bayes, Artificial Neural

v
9] o [ a 4
network 18 Support Vector Machine JAU03anaMua 31 Attributes d115UMITIATIZHANY

U

@

4 ' a J a 4 a J
UTTSUIN Iﬂﬂfl Label ﬁf] UHUINUINTATLASAUAMTAT SM = 1 aziHufAal Art = 2
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3.3.2 matdondoyaiivel41un15e319 Machine Learning
o A 9 A q 9 ¥ . . a v a ~
mmsdondoyamelslun15a319 Machine Learning  Tagauileninizoun
o o o § H [
UszaumadisalumsBGeu vunede WnSssunanu lumenaudonidsuasudiinanisiseou
A A 0o I = A o dg! o 9 A Yo = g’/
magiioduiamsanuiegaza 3.00 Yu 'l Tasmsihdeyamsamasyeddus msdnyigu
o =< A = = ° A Yt =< = )
SouANEIN 4 - 6 Un13ANBI 2554 - 2556 WINMTBONFUNANIANHUNTANAYIZTAL 3.00

Ed A o Y v . . v A Yo 9 v
61]1!1‘]JLW@H11]']1°]5WU Machine Learning NON1TAALADNVIN 454 ]l@mnnusumsl,a 258 YA ANNIN

=).

3.1

In [3]: df=pd.read_excel('highschoolchoosepath.x1lsx")
dcf=pd.read _excel('test data.xlsx")
df=df.loc[df[ 'gpax']>=3.0]
len(df)

Out[3]: 258

M 3.1 msdondoyariveld1un15a319 Machine Learning

a 4 Y] v o 1
3.3.3 MIUATIEUANUANNUDIICHIN Attributes (Correlation Analysis)

o a J o 4 . . o {1
oy au1 NI 12HANNFUWRUS (Correlation  Analysis) Tagn15i1doyafir1u

v Y

a J o 4 ] <
ﬂi%ﬂ?ﬂﬂ”lﬁfl’llﬂi?gﬁﬂ'ﬂllﬁllWU‘ﬁﬂ'JEJﬂTiﬁ%}NﬂiTV\I (Scatter Plot) Lﬁa@mmm%mumm

De

9 % a o 1 1 o 1
doyan1insza1ea laaluaudtell nianguueumsGouneisenfnyinoulale sznin
a 14 a = a 9 a 4
UHUINBIFTAS LA AN AR AAS I DuNUAAL N13a319 Scatter  Plot Iaslun13diasiz
o o o"dsl Y . I . 9 > A . k4
ANNAdUWUsU Y Matplotlib [35] 15lu library N1IUAAINAVDYA (Data Visualization) 9319
1 [ v % = Y Aana
A5 11910 Array  nIONAILAAIANNFNWUT VAT Feawsaairans v Tunyy 2 U4
i g ° Y a o v A <
Tun 11 Python tiverilumsnsraaeuiin ldinanuiulandeyaiiunszuaumsnaunses
I ~ o a 4
Wugadoyanamnsoszih lildlumsareTuealumsinnzduur Tdumsidenununs
= o = I 9 ~ Aa P I~ ~
Goudseudnbinoutate naziludeyanuizaulunisinsizd enlSeuiiien

a a o A gy X
']J5$ﬁﬂﬁﬂ1wuﬂﬂﬂ1ﬁ@\3ﬂﬁ§1\ﬂlu
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6 path
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M 3.4 naludasanuduiusdeyanguerFwueadinases
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1NN 3.4 WHAAIANHULANNTUNUTUDIYATOYA Career AD YAV DYADITN
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eaneronsaia TueadAT e HUNUMFI38UA8 3T Decision Tree, Naive Bayes, Artificial
< o A o I3
Neural network a2 Support Vector Machine 211 lan1nmsnszaredan lalailu 1y 1y
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§ o o v

ﬂ'lﬂﬂ'lWﬁ 3.5 ﬂzLmﬂqaﬂymxmmﬁuwumawmﬁ’ay‘a salary ﬁf) 3']811:92(‘1]’0\1

s Y Y9 9 ' ' 1
E‘!ﬂﬂﬂﬁ’ﬂﬂ Usenovunie i'lt’JllﬂQ‘iJﬂﬂi@\‘l UBYNIT 35,000 ¥IN50,001 - 65,000 ¥IN 65,001 -
] ] dg! g}/ dy ] Y
80,000 H29 80,001 - 95,000 ¥3495,001 - 110,000 taz 110,001 U 11/ nazvosnsaosyail lilag

v o I v = ' Y a L4 = Y as .
ﬂ?ﬁJﬁ'iJWLl‘ﬁ“Vlﬂg’c’NN'(?I!.W‘EJQW?J@]’EJﬂ'IiﬁﬁNIJJLﬂa'JLﬂ51$Wlmuﬂ'liliﬂuﬂﬂﬂ 1% Decision Tree,
<

Naive Bayes, Artificial Neural network 481& Support Vector Machine verin ldanmsnszae

a1 1 Tudema@ennu

40 :

path M UNFU
30
25
20

15

10 15 20 25 30 35 40

3 a 4 v o 7
ﬂTINﬁ 3.6 MIAATIEUANUTUNUD @B]I’JEJﬂﬁ’tff%)N Scatter Plot

A I a 4 o v Y 9 9y
AMNHNHINN 3.6 WUNTUATIEHANNTUNUT A8N158519 Scatter Plot Iﬁﬂel.‘;lf

) Y3 =X o 1 ) A Y o ) Ay oy Y
MatplothbLlﬁﬂ\‘li‘ﬁlﬁuﬂ\iﬂ”l'iﬂ'i%%"lﬂﬂﬁlla$ﬂ1§!ﬂ1$ﬂi:|3J6U@\‘15U@yjﬁﬂliflﬂ‘llﬂﬂﬂgﬂﬂlﬂyjaﬂllllllﬂ
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U

ya o °

. o . = I Y ~ Aaw
Attributes 1191180 12 Attributes NAIv8vz fviualiiudeyagan 1 Talun1539s a5
o Y o9 I 1 = ] Y] =
Tuaalumsiinedrenismisdoyasenudosngy auurunsanyIaeisouAnInoY
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Taguaasmeyadiduazyadoou 1InMsaiATziuaaldnudimamznquiuvesdoya
v Y 1 a 14 a 4 1 [l
pgFaL TaenguuruINeTNAATIAZANAMTAT (SM) IN1ZNGUDININUUATUYIT LAZUNY
a { 1 1 1 3’; 1 [ v W
Aail (ART) 1IMznguogn @ Iug18819 NIA0INqULENODNIINAUIAZINTNIZEAIAN UL
a KX 3 Y 3 1 Y A o 9 a A
NN 45 09 Judlunaasldimungadoyaisnzihuadwaznagevlszansnmaes
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a 4
3.3.4 miamiwwmiammﬂ%’aya (Principal Component Analysis : PCA)

) A

@ a J [ 4 o !
TAAINWUATIEUANUAUNUS (Correlation  Analysis) TagnisuivoyanuIu

k)

a

a 4 1% o <Y Y Yy o o 'd
NTLUIUNMITUINUATIEUANUANWUTAIEMNTAI19n5 1M (Scatter  Plot) HIVYIINTIUATIEN
. . 4 0 = {

TagtmsanuuIavoya (Principal Component Analysis : PCA) tiovz fvualdifludoyayan

o a 4 o [ I A A a
2 Tagrmsansizviodnilseneunan PCA Wunsaannuulsdsiuvazmuaszaniamlu
o v a 4 d‘ I 1 o 9 a 4 =1

mahdoya ldAnszd meldlinnuminzay aomsiud Tumau a1z iunumsizsou
#1833 Decision Tree, Naive Bayes, Artificial Neural network LI61& Support Vector Machine

I gl.: Aaa Aaa a 4 9 1 9
Iﬂﬂ PCA HJu"lluﬁ@u‘vniﬁ'ﬂ@]‘ﬂL!,‘]JE‘NM@ﬁﬂﬂ?iﬂWQﬂmﬁﬁ'lﬁ@liiﬂﬂ‘];ﬂsllﬁlllvaﬁlj?@'i)\?fﬂi

[ [

a a0 Y I 9 1A A 1 4 < =
anszv mitlugateyalvuniseniiesdlsznoundn swiluwauianmsnlasunlas

o o

7 o . A~ o o Yo 9 Y
peAsznousanh e Atributes NUANUFNWUTAY tazihldsuiulosasdienisg
~ ~ P’ ' 9 Aaa gy A o
nnanulsdsiunmnngavesesdllsznou yelsausoaniaveyaluvaznding
o 9 [ A o o a o @ o 9 9 a I~
SnpdoyadiulugNezlinanunmsih lansgd Tasndsaini pca uda laaagiinailu
< 1o . ad [ dal
247152 nou 11UIIUIU 4 Attributes TAgNUUADUAITI

| 2 9 ~ A 1 @ .. [
1 WumsBuaumsGenldan PcA foglual Decomposition aziiinisdina

9 A 1 9 ~ Y a 4 9 YA %’ o [ % 1
ﬁumgaVIagiugmmammsmﬂw“lumiamﬁwwmsamummeua I E TRV RN IR R AsTTE oY)

QU QU

a @ A Y ] A o =< 9 gJ/ Y 1 = [ 1
ASUUUIIYIVINULINA ﬁiﬂﬁﬂulﬂllﬁuﬂﬂﬂﬁNﬂu %Qﬁﬂﬁ@ﬁi‘l’iﬂgiuﬁlﬂalﬂﬂﬂﬂUﬂ@uﬂWi

a 4 o (2 4
AAT1ZH @201 Stand Scaler 11151499 7 — score AN 3.7

PCA

from sklearn.decomposition import PCA
from sklearn.preprocessing import StandardScaler # z-score

MW 3.7 M3EUAY PCA nazmsidinadonya

a 4 (% 2
2) Havudd PCA Ansizianunlsdsiuain PCA ﬁ%N@n Object Y laguen
o R o = 9 A v o E < \
911U Components Tuniino X_t UUIYON UoYaN Transform WA HANIINUU PCA NITaN

Anauu 1 Scikit - learn (589021 Explained variance W30 Eigenvector Tumsase Components

[

[l 3’; Y o . 4 [ 4
Tnsinseil lasi I¥ideyasiuiu 12 Attributes d31909A152no v M3y 4 Components tite 14

Y

]
=

I 9 A @
Lﬂumay‘a"gﬂ% 2 ANNINN 3.8
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pca = PCA(n_components=X_t.shape[1])
# pca = PCA(n_components)

1 pca.fit_transform(X_t)
print(f'explained_variance (n_components={pca.n_components}) = {pca.explained_variance_}') # Eigenv

print(f'explained_variance_ratio (n_components={pca.n_components}) = {pca.explained_variance_ratio_
/ print(f'sum explained_variance_ratio = {np.sum(pca.explained_variance_ratio_)}')

MMNN 3.8 WAVUDI PCA 91AA1 Variance

a d o [ o o .
3.3.5 mmm*swwmgﬁaﬂﬂmaﬂymmmamu (Feature Selector : Backward Selection)

)]

v o 9 A any . I = .
MU UAVOYAYAN 3 Tae7% Backward Selection 11)UN15AALADN Attributes Tag

1 1 U a Qd’
N13UT Attributes v;ﬂm!fﬁ'mﬂuﬁummazmmumiwmmw Attributes NAMTUYTLANT

@

o 4 1 @ J a A 4 %
TUAUNUTUNTIU (Partial Correlation) NULNUN Tﬂﬂﬂ?ﬂﬂﬂﬁ]ﬂ‘ﬁ‘lﬁlﬁﬂlﬂﬁ Attributes ﬁu dl| “L]?\iﬁ

N
1 :-_, d' 9 1 1 d' ] =K% ) 7 aa A L)) 1
ANNFADDNIINTUNIT LLﬁTVIﬂﬁ@’U’NﬂTﬂaﬂa\iﬂfJNiJufJﬁWﬂﬂluﬂNﬁﬂ@]Wi@llN DINVINAAAN

v
a

Y
p619 liTivednynieadauandl Atributes aana1d lilai limsiiuaiuiu uaasi

(Y 9

E‘TTJJ15‘51‘Ufﬂwﬂ’f)@ﬂﬁﬂﬂﬁllﬂ?iulﬁ)!,if%\iﬁuﬁuﬂ”lﬁsllﬂwﬂ Attributes  NNANNFIAYT08T0I0INN

9

9
[ LY

o (2 . 1 A o Y A ] A o o Aaa
@ﬂﬂklﬂ ATNINITVIA Attributes th ‘UHW‘U'J']ilNaVthlWﬂWV]aﬂaﬂ't‘)fJ']\HJ‘HEJﬁ”IﬂﬂJVI'Nﬁﬂ@ JU
Attributes NiiANNEAYADMITIUE Houdadlsainaiesnnnaumsazinlie1uams
o =< 9 . = A 9 o a L4 =
MUIYAAAIINDIAY Attributes Vllﬂa'ﬂ!,ﬂ'lll'ﬂuﬂTﬁﬁﬁ'NﬂTﬁ‘1/]']1!']fJTiJLﬂﬁ'JLﬂiT%‘HLLNuﬂ’]ﬁLiEJu
#183F Decision Tree, Naive Bayes, Artificial Neural network 481¢ Support Vector Machine nly
. = A . A ' 1Y ' an o A aa A as
Backward Selection 9¢1UN151a00 Attributes NUANANA U IUUAAZITAIN 3T 1)Decision Tree 9%
Backward Selection ARIADN Attributes (math, sci, soc, his, pe) 2)Artificial Neural Network 7%
Backward Selection AAIADA Attributes (math, eng, soc, heal, his) 3)Naive Bayes 7% Backward
Selection AALABA Attributes (sex, math, soc, his, gpax) 4)Support Vector Machine 7% Backward

Selection AAIABN Attributes (math, sci, eng, pe, gpax)

clf = tree.DecisionTreeClassifier(random_state=rs,criterion="gini")

#sfs = SequentialFeatureSelector(clf,n features to select=11,direction="backward")
sfs = SequentialFeatureSelector(clf,direction="backward")

sfs.fit(X_train, y_train)

MNN 3.9 NI Gl“lsflﬁngf d Feature Selector: Backward Selection
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3.4 MIa31UVUDA01 (Model) NaaauvazifSaumeavillszansain
msaauuudiasseenuuy Iaely Scikit - learn YUAIY Python UMFHIOIMUUL

ﬂ1illﬂa‘§ﬂﬁ1ﬁﬂﬁazﬂiiﬁﬂ 1@onld  Machine Learning Tunyy Supervised Learning

a A

U32N0UAIY 4 357D 1) Decision Tree 2) Artificial Neural Network 3) Naive Bayes 4) Support

Vector Machine 914 1l

3.4.1 191384 Machine Learning

9 v Y
Pﬁi] FUAUAIBNTAAAS Python 911 Anaconda Distribution %9n1011 Anaconda T

s [P Y Y < a & Yo A w A
YUNIT Package Scikit-learn le Lla’)ﬂﬁ'ljJ'lﬁﬂﬁﬂﬁqllﬂ‘ﬂuﬂﬂ\?ﬂ']Wﬂ 3.10

Anaconda Distribution

The World's Most Popular Python/R Deta Science Platform

‘ Download ‘

is the industry standard for developing. testing, and training on a

single machine, enabling individual data scientists to;

v Y

/WA 3.10 N5 Download HALMTAAAY Anaconda

o w 1 I v A 9J i d’d‘ 1

AR UADNINN visen 1y Integrated Development Environment N¥©31  Jupyter

2 { < 2
notebook [314910N15i38N Anaconda Prompt Li@3A1UN1 Directory N1 notebook tazizuau Iag
A o < g dy Y o o Y o & A o o
MISHUN Jupyter notebook N9z 151NYUUNT Jupyter U lFdmTiloumduiolszuranadids
g o J o @ I3 o ‘)
U 9 nienudaInadniaonoARIds @113 code A2 markdown 1Az Raw g1
[ ] I @ 1

nerastoyaluunuais 9 18 1w uaauily Heading @7 Jupyter notebook a1 ldaiuldie
Y A ¢ ) ' o A 2 ¥ Y =2
NINUMTANILAL T IFNUEIUAD Tool bar 130 Menu 1 @Az 11139191998 1U Command

1 <] ) 2 v o ] {
palette 1¥UN5 19 code 1ABNI5AA Ctrl Shift P N1l Command YU1N A4AIDE19AINA 3.11
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MNA 3.11 Integrated Development Environment

31319 Jupyter notebook 114113911 Machine Learning @38013 Import Library
Tz a J o .
Usznaudae Numpy ldansunnaiasmansuaznifiuim Matplotlib 15msuaawadoya
(Data Visualization) @281356319n319 Pandas 191un159an15903a (Data Manipulation) %70
o ) = Y. ) ' N ¥ )
Iansvoyaiazdes import uazuaastoyaanisoeiu il ldnainvate uagisuihwn Tnaa
7% Decision Tree, Naive Bayes , Artificial Neural network (@& Support Vector Machine 4159

mosenlglumsaalumase ldaninn 3.12

= JUPYTEr cal3 Last Checkpoint 0412612021 (autasaved) Lot

MNA 3.12 M3y Jupyter notebook 111591 Machine Learning

3.4.2 ﬂﬁﬁ%jNLL‘]J‘]Jﬁhﬁ’t’N (Model)

Y
1) Decision Tree MU 1% Msadauuusiassoonuuy Iaeld Scikit-learn U

Y
%

N1 Python 1 Scikit-learn 1y 1 6lngAlgorithm #1M5U1a0n Root Node 7 ¥®31CART
o 1 1 1 o {3 @
(Classification and Regression Trees) laslianbaziaunsessuausihrineiiluduay

(Regression) L41J1) Random Generator waz i Compute rule sets N CART $19 Binary Trees



56

v 9

Tagldnaanvuzuaziaiing Joyalasuunigaluuaaz Tnua uag CART Ianuadiony
C4.5 Tagisuanmsutedoyayaisous (Training set) $0082 80 AZIOYAYANATOU (Testing

set) Fooaz 20 uag 19 Gini Tumsswunlun1snl Root Node taz ldarlunmsasirnaen Tuna

Ao Recall, Precision a1 F1-score AINING 3.13

X_train, X_test, y train, y test = train_test_ split(x_data, y data, test_size=0.2,random_state=rs)
clf = tree.DecisionTreeClassifier(random_state=1@,criterion="gini")

clf = clf.fit(X_train, y_train)

y_pred = clf.predict(X_test)

print(confusion_matrix(y _test, y pred))

print(classification_report(y_test, y_pred))

print('accuracy: {:.4f}"'.format(accuracy_score(y_test,y_pred)))

MW 3.13 Miad1aTuea Decision Tree

v
a o [

4 '
2) Artificial Neural Network Tua91u398iiasa IasiauInmsutsdoyayaisous
(Training Set) 000z 80 uazdoyagANAAOU (Testing set) $08a 20 AZAIMUA 4 Hidden
£
layer @M UA Hidden layer sizes =50 Iumsviluaatiinisuilswan uazldarlums

#3799 11AafA® Recall, Precision 118z F1 - score AN 3.14

X_train, X_test, y_train, y test = train_test_split(x_data, y_data, test_size=0.2,random_state=18)

model = sklearn.neural_network.MLPClassifier(hidden_layer_sizes=(56,50,50,50), activation="relu', solver='adam’,
alpha=0.0001, batch_size="auto', learning_rate='constant', learning_ra
max_iter=100000, shuffle=True, random_state=True, tol=0.8001, verbose=
nesterovs_momentum=True, early stopping=False, validation_fraction=0.1
n_iter_no_change=10)

model.fit(X_train, y_train)

y_predANN = model.predict(X test)

print(confusion_matrix(y_test, y_predANN))

print(classification_report(y_test, y_predANN))

print(‘accuracy: {:.4f}'.format(accuracy score(y_test,y predANN)))

MW 3.14 Maad19Tuaa Artificial Neural Network

Yy 9 v
3) Naive Bayes 111398 1a3A1 Tagiu1nn1suisdoyayaisous (Training  set)

9

$ouaz 80 uazdoyayANATOU (Testing set) 50802 20 1 Scikit-learn 1119 Naive Bayes
4 ] o { (D 4 I
Algorithms ¥871 Gaussian Naive Bayes laaansazi l9maeiiios iluldammsuanuauny
. o a o 2 ' Y1
Gaussian A1NYUDUUS Msuanuaauuulng lumsi Tueatiimsulswan uazldaluns

#3799 1MAafAe Recall, Precision 11ag Fl-score AINTNN 3.15
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X_train, X_test, y_train, y_test = train_test_split(x_data, y_data, test_size=0.2,random_state=10)
gnb = GaussianNB()

y_predgnb = gnb.fit(X_train, y_train).predict(X_test)

print(confusion_matrix(y_test, y_predgnb))

print(classification_report(y_test, y_predgnb))

print('accuracy: {:.4f}'.format(accuracy_score(y_test,y_predgnb)))

MNN 3.15 M3as1aluaa Naive Bayes

9
@ o 1 = Y

9 v
4) Support Vector Machine Tua1u33siiaan1 Tasiiuainmisuladoyayaisous

U
Y

.. Y 9 . 9 0 A
(Training set) 79802 80 11A¥VOYAYANANDY (Testing set) T08aL 20 U3 IuAaliling
' Y1 A .. [ ~
wilswanaz lemlunisasivaeu lumane Recall, Precision 182 Fl-score A4NINN 3.16
X_train, X_test, y train, y_test = train_test_split(x_data, y_data, test_size=0.2,random_state=10)
csvm=svm.SVC()
csvm, fit(X_train,y train)
y_predsvm = csvm.predict(X_test)
print(confusion_matrix(y test, y_predsvm))

print(classification_report(y_test, y_predsvm))
print(‘accuracy: {:.4f}"'.format(accuracy_score(y_test,y_predsvm)))

/WA 3.16 M3a31aluma Support Vector

3.5 msudswanazmsdsdivwa (Interpretation Evaluation)
Y
WuguananIsnNaaoUlseansnImuuu91a09Nnd 4 25 1)Decision Tree 2)Artificial
9
Neural Network 3)Naive Bayes 4)Support Vector Machine Lb&f aan1ae 1T
v 1 o 1 a o a 4
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VINUVDTIa0IR0NATA Decision  Tree 13UAUAIBNLITOYAYAZOUS
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(Training Set) S98@% 80 uaz%’agaiﬁﬂmaau (Testing set) $08a2 20 VINUUMHUAAINTEDN

1 a 4 a 14 =< 9 A a 9
TEHINUHNUINYATATUASAUAFAAT (SM) FILNUAWLAY 1 nsouUNUAall (ART) UnuUnY
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M519f 4.1 HANITNATOVUUVTIA0IYAN | AI8MANA Decision Tree

Correlation Analysis
Decision Tree
Precision Recall F1 - score Support
SM 1 0.82 0.89 0.85 36
ART 2 0.69 0.56 0.62 16
Accuracy 0.79 52
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math <= 25
gini = 0.46
samples = 206
value =[132, 74]

gpax <= 2.5
gini = 0.444
samples = 81
value = (27, 54]

eng <= 2.5
gini = 0.497
samples = 52

value = (24, 28]
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thai <= 1.5
gini = 0.269

samples = 125

value = (105, 20]

fl Decision Tree

sci<=1.5
gini = 0.25
samples =123
value = [105, 18]
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1NN NA 4.1 DFLIBANEUTMITIUIEHAINTONAYAN 1| Correlation Analysis 728
(MAUA Decision Tree mﬂ%’mga 258 ¥A Machine Learning 921413041 Root node 18 Ta0An
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171 2.5 11PN 1R IADNDINAIDINITBIASUUUIRASNTIUANBIADUAUA U 183D
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HATILINNAT 2.5 IHDIUAID NN AZUUUIFINIY MEUINNIWIBUBENI 1.5 (NBIADN
mouda lavusuasveamuiadu lifanmsiiuedemaiia Decision Tree
1.2 MInadouLUUTIaeItoyayai 1 Adematia Artificial Neural Network
1HeNARBIUDTIADIAIINALA Artificial Neural Network 1agtiatoyaye
i5oU3 (Training set) $08az 80 LAz VoyayANATDU (Testing set) 3088 20 AIAITNIUIUE
1 a o a 4
(Precision) UY0INITIADNTZHINIHNUINGIFANAASUASANAFTAS (SM) UNUALIAY 1 HIDUNU

Aail (ART) unudoiay 2

M31971 4.2 HAMINATOUIUUTIABITYAYAT | AIBINATIA Artificial Neural Network

Correlation Analysis
ANN
Precision Recall F1 - score Support
SM 1 0.87 0.89 0.88 37
ART 2 0.71 0.67 0.69 15
Accuracy 0.83 52

{ o .. 1 a 4
1AA15199 4.2 AIANUUNUET (Precision) YBINITLABNTEHINMHUINGIPNAAT
a - a a0 9 o w 1 ~ y
gazAAamaasHIouNuAall UA13peay 87 az71l M1l A1loMan15isen® (Recall)
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UNUNITEUN 1 W30 2 N3osay 89 AL67 MNAIAY WA la1ALVUTIaDIAIemMALnA
Artificial Neural Network 921¥01591379@0U LU Fl-score 1HIDATIVTBUANUUNUEIVDA
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nuuTianegh Sooaz 88 Hazeo TUIUATINITINANMIAONUNUNSEEUN 1 1az2 (Support)
swnui 52 Tasa13ooazn11ugnA0 (Accuracy) ¥4 Artificial Neural Network 1in71ugndos
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1.3 MINAdeULLUTIaeIToyayai 1 A1eimAlin Naive Bayes
Y] ° Y a . A I a Y}
1nMInaasdlduuusianidiemaiin Naive Bayes tloutinioyayaizous
(Training set) $08a2 80 AzY0YAYANATOU (Testing set) 508z 20 AIANULNUGT (Precision)
A 1 a 4 a o Y A a  J
VYBINMIIABATEHIUNUINIMART Az AdiamMans (SM) Lnualeav 1 ¥seunudail (ART)

UNUAIBIAY 2

a ° v A v a .
AN 4.3 WaNITNATDULUVIOIVDYAYAN 1 AIYNALA Naive Bayes

Correlation Analysis
Naive Bayes
Precision Recall F1 - score Support
SM 1 0.88 0.95 0.91 37
ART 2 0.83 0.67 0.74 15
Accuracy 0.87 52
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1NA13199 4.3 AIANUILNUET (Precision) VOINITLABNTEHINUNUINGIAETAT
a Jd A Aa Jd a9 o W 1 = g
uazadamaasHsounuAal Un1500az 88 1AZ83 AINAIAY A11oNANITIEENH (Recall)
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o g}/ A a A = ~ v A 19
91 11274 IUIUATINIZINANTIAONUHUMTITOUN 1 1Az 2 (Support) SINNUTN 52 Tasn1508
9 . ~ Yy Ay
AZANNYNADI (Accuracy) U943 Naive Bayes HATTNYNABINTBYAS 87
1.4 msmﬁemmuﬁmm%’agamﬁ 1 gaemaiina Support Vector Machine
4 q9 ° v A . Ty ~ ¥
o lFuusiaean1ematia Support Vector Machine Tagiiadnyayaizoui
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Correlation Analysis
Support Vector Machine
Precision Recall F1 - score Support
SM 1 0.86 0.94 0.90 34
ART 2 0.87 0.72 0.79 18
Accuracy 0.87 52

A o .. 1 a 14
MNATNN 4.4 AIANVLUUE (Precision) VBINITADNTEHINWHUINGIMN TN
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H Y H H
HUUTIe90gN S00az 90 HAL79 TIWIUATINIINANTIAONUAUNITFOUN 1 1AZ2 (Support)
sunui 52 Taea13e8azA1INYNARBA (Accuracy) UDI Support Vector Machine 17210 NADIN
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fouaz 87
1.5 MINAABULVUTI009%AN 2 Aa8nALiA Decision Tree
MINUVUTI0099I8NATA Decision Tree 1935N15aAvMIAY0YA (Principal
. A 9y o9 ] = ) .. Y 9
Component Analysis : PCA) [5UAUAIIUUIUBYAYALIOUS (Training Set) 308AL 80 UAZVDYD
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% o 1 1 a J
YANATOU (Testing set) 30082 20 MNUUMNUAAINITIADNTEHIWNUHUINGIAITAT AL

A 2 = Y A a d Y
AMAFITNT (SM) FILUNUAYLAY 1 mmmuﬁaﬂ (ART) UnuUfgav 2

M3197 4.5 wamsnagoUUUDTIA0IYAT 2 AIBNATIA Decision Tree

PCA
Decision Tree
Precision Recall F1 - score Support
SM 1 0.80 0.92 0.86 36
ART 2 0.73 0.50 0.59 16
Accuracy 0.79 52
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1.6 MInagoULUUTIAItoyaYAi 2 Adematin Artificial Neural Network
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M31971 4.6 HAMINATOUUUUTIA0ITRYAYAT 2 AI8INATIA Artificial Neural Network

PCA
ANN
Precision Recall F1 - score Support
SM 1 0.82 1.00 0.90 37
ART 2 1.00 0.47 0.64 15
Accuracy 0.85 52
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1.7 MinadouLuUiaeivoyayai 2 Aaemaiin Naive Bayes
9 o Y a . Yoy 9
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M5190 4.7 wansnadoUuUUTIaesteyaai 2 AaenAiin Naive Bayes

PCA
Naive Bayes
Precision Recall F1 - score Support
SM 1 0.83 0.95 0.89 37
ART 2 0.80 0.53 0.64 15
Accuracy 0.83 52
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9 . = Yy Ay
AZANNYNADI (Accuracy) Y93 Naive Bayes HATTNYNABINT YT 83
1.8 msmﬁ@mmuﬁmm%’@gamﬁ 2 grEmadin Support Vector Machine
A 9 o kY a . Yo
e lduuudiaosnlenaila Support Vector Machine 14350158AUU1A
Gﬁ’@y,a (Principal Component Analysis : PCA) Tﬂﬂuﬂﬁay’amﬁﬂui (Training Set) founy 80
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PCA
Support Vector Machine
Precision Recall F1 - score Support
SM 1 0.85 0.92 0.88 37
ART 2 0.75 0.60 0.67 15
Accuracy 0.83 52

A o .. 1 a 14
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a

MINNVVTIA09AI8INATIA Decision Tree Muadoyayai 3 Tagds

Backward ~ Selection [3UAUAI81LTDYAYABTEUS (Training  Set) 3080z 80 uazdoyaya
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NAADU (Testing

A 2 = Y A a d Y
AMAFITNT (SM) FILUNUAYLAY 1 mmmuﬁaﬂ (ART) UnuUfgiav 2

M3197 4.9 waMINATOUUUDTIADIYATN 3 AIBNATIA Decision Tree

Backward Selection
Decision Tree
Precision Recall F1 - score Support
SM 1 0.87 0.94 0.91 36
ART 2 0.85 0.69 0.76 16
Accuracy 0.87 52
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math <= 2.5
gini = 0.46
samples = 206

value = [132, 74]
class = math

math <=1.5 sci<=1.5

gini = 0.444 gini = 0.269
samples = 81 samples = 125
value = [27, 54] value = [105, 20]

class = sci class = math

his <= 2.5 his<=1.5 soc <= 1.5
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samples = 53 samples = 3 samples = 122
value = [24, 29] value = [1, 2] value = [104, 18]
class = sci class = sci class = math
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110 m3nageunuusiaesteyayaii 3 AIemaila Artificial Neural Network
ilenaaeuuL$ 10898 8MATIA Artificial Neural Network f1nuateya
At 3 1at33 Backward Selection Tngitafoyayadoud (Training set) J0as 80 wazdoya
YANATOU (Testing  set) 30802 20 AIAIUUNUET (Precision) YOINITIADNTLHANIUNY

a J a 4 Y A a J Y
IMNYIAAATLALAUAFTAT (SM) UNUALAY 1 ERIGTH| (ART) unugta 2

M5197 4.10 wamsnadoULUUTIaBITeyagAN 3 AIeINATA Artificial Neural Network

Backward Selection
ANN
Precision Recall F1 - score Support
SM 1 0.91 0.84 0.87 37
ART 2 0.67 0.80 0.73 15
Accuracy 0.83 52

4 o . ' a J
1NA151970 4.10 AIANUUNUEGT (Precision) VOINITIADNTLHINLNUINGIANTAT
a d A a a0 Y o w U ~ g
uazadaransvIouruAall Ua1sesaz 91 az67 MUEIAY A1 1N 1aN138NH1 (Recall)
~ P A Ay o o Ay v o Y a
UAUNIS50UN 1 M50 2 Nipeay 84 uarso mua1aY Naf 1A 1nuuUTIa09AeINAln
Artificial Neural Network 9214A1501599@81 U1 Fl-score INOATIVADUANNUNUE YD
v Y v 1

nuusiaedeghn Seoaz 87 waz73 TuauATINIzINANMSIAENUAUNTEEUN 1 waz2 (Support)
swnud 52 TaeA13osazA11uYNADI (Accuracy) Y04 Artificial Neural Network 1A91gNADY

Ay
NIvYALT 83

1.11 MsnadoutuUTIanstoyagai 3 A1emaiin Naive Bayes

v
=

ninminaaedlduuuiiaoidiomaiin Naive Bayes fnuadoyagai

q

TA87% Backward  Selection 1oH1990yagAToU3 (Training  set) 50082 80 Hazdoyayn

k1) q

NAADY (Testing  set) 3082 20 ATAINUNUET (Precision) YUBINITLAONTTHININY

a J a J 9 A a J Y
MYIAAATUAZAUAFTAT (SM) UNUAYLAY 1 Wiﬂllwuﬁaﬂ (ART) UNUAILAY 2



M1 4.11 HansNadeULDTaeITeYagAN 3 AIeIMATIA Naive Bayes
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Backward Selection
Naive Bayes
Precision Recall F1 - score Support
SM 1 0.90 0.95 0.92 37
ART 2 0.85 0.73 0.79 15
Accuracy 0.88 52

§ 1 1 o .. 1 a 4
%1ﬂ¢]151\1‘ﬁ 4.11 MANUUNUYT (Precision) "116\1ﬂ15l§ﬂﬂﬁ$1’i'ﬂ\‘umuﬁl‘ﬂ81?(1?(@]3

A 19

a 4 a  J o w ' 3
nazAdlaMaAsSYIouNuAall IA1500az 90 1AZ85 AINEIAU A1 1oNIAN15I3onE (Recall)

= A A Ay o v Ay v o Y a .
UAUNITLIIYUN 1 13D 2 NIBYAL 95 AT 73 ANl Wamvlﬂi]’]ﬂllﬂlﬁna@\clg’]:]ﬂlﬂﬂuﬂ Naive

Y 4 1 o o {y
Bayes i]ﬂ“]fﬂﬁ@]i’;i]ﬁ’au 111U Fl-score Lﬁ@@5'Ji]ﬁf]‘]Jﬂ’)'lllLHJUEJ’]GU@\HUJ‘Ufl]']aﬂ\i’ﬂgﬁiﬂﬂag

° Y A A A a A v A vy
92 L1179 DTUIUAIINISLNANIILADNUNUNITLTIYUN 1 LS 2 (Support) JIUNUN 52 Tﬂﬂﬂ'ﬁ@ﬂ

Y . A Yy Ay
ATANUYNAD (Accuracy) VB Naive Bayes HATTNYNABINT YT 88

=

1.12 MInaaeuuuUTIaestoyayai 3 Aemaiin Support Vector Machine

Q

welduuniiassdiemnaiin Support Vector Machine fvuadoyayai 3
Aan . [ = Y .. 9 Y
1a873% Backward Selection Iﬂﬂl!ﬂﬁﬂlﬂyjﬁi{miﬂug (Training Set) 3980% 80 LLATUDYAYA

Q

NAADY (Testing  set) 3082 20 AIAINUNUET (Precision) YBINITLAONTSHINIUNY

a J a 4 k4 A a  J y
AMNYIAAATLAZAUAFTAT (SM) UNUAIYLAY 1 nIoUNUAaL (ART) UNUAYLAY 2

4 o 9 = a2 .
ﬂ1§1\1ﬁ 4.12 Waﬂ’liﬂﬂﬁﬂﬂuﬂﬂﬂqaaqm@a&!a"]2@1/] 3 ﬁjﬂl‘ﬂﬂﬂﬂ Support Vector Machine

Backward Selection
Support Vector Machine
Precision Recall F1 - score Support
SM 1 0.91 0.86 0.89 37
ART 2 0.71 0.80 0.75 15
Accuracy 0.85 52
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! 1 1o .. ' a J
INAITN 4.12 AINNINLUU (Precision) YDINTADNTZHINUNUING 1A AN

a d A a Jd a0 9 o w 1 ~ g
wazadlamaasvisounudal In1500az 91 taz71 MUAIAU A1 leMan153enH (Recall)

=1

LLWHﬂ']ﬁL%EJUﬁ 1 ﬁ%@ 2 N30802 86 LAY 80 AINAIAY Wa‘ﬁulﬁjfﬂ']ﬂll‘ll‘llﬁ'lﬁ'ﬁ]\iﬁ')ﬂl‘ﬂﬂaﬂ
Support Vector Machine 921913759980 11UV Fl-score (NOATIVADUANNUNUEI VD
v 9 v f

nuutiaesegh Sooaz 89 uaz7s iuauATINIzNaMIonuNUMIHSouT 1 1az2 (Support)
FINAUN 52 Tﬂﬂﬁ1%68@$ﬂ]1ugﬂﬁjﬂﬂ (Accuracy) Y9 Support Vector Machine ﬁmmgﬂﬁm
Ay

NnIvynT 85

= =

d' = a d a a Y Y
- FAIDUN 2 ﬂ1i!‘l.|%£l‘u!‘VIEI‘l.lNﬂf'n5'J!ﬂﬁ'lgﬁﬂﬁgﬁﬂﬁﬂ'lWIN!ﬂﬁﬂ?U"UﬂHa‘ljﬂ"ﬂ 1¥aN

Q

D

2 lazyen 3

~ = A L. Yy v A =~ =
A1319N 4.13 ﬂTﬁLleJULVIEJULVIﬂUﬂ Decision Tree pIgvRyaYAN 1 ¥an 2 agygan 3

Interpretation Evaluation

Decision Tree
Precision Recall F1 - score Support

b = . .
VoyaYAnN 1 (Correlation Analysis)

SM 1 0.82 0.89 0.85 36
ART 2 0.69 0.59 0.62 16
Accuracy 0.79 52
Toyayail 2 (PCA)
SM 1 0.80 0.92 0.86 36
ART 2 0.73 0.50 0.59 16
Accuracy 0.79 52

ﬂﬁljﬂyjaﬂgﬂﬁ 3 (Backward Selection)

SM 1 0.87 0.94 0.91 36

ART 2 0.85 0.69 0.76 16

Accuracy 0.87 52
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1NA1T190N 4.13 wanmisuasizrdszansonlumanisaonuruUn1TiSou

a 4 a Jd A a  J ) A A Sy 9
Memdaasuazadamaaiisounuaall UBDNUDYAYAN 1 LasPan 2 UATIDIASAITNYNADN

9 1]
v

(Accuracy) Y94 1u1Aa Decision Tree IMNUNITOITT 919411090191NM T OYANIHIUNS
a o ¥ A4 a v 4 ' ¥
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gadoyan 1 Fedawanldosdlsznovveslnseadrwangnimumazaadwauad lladaiu
¢ 14 o ) ) d' v ) Ly =
pensznonlnundnudesasaindeyagyai 1 Usgneudis 12 Atributes nudinyatam 2
I3 = o Y9 9y 9
PCA 1uavAtsznauvaiilu 4 Components mﬂwmiaﬂazmmgﬂmq (Accuracy) Y93U030
A [ d's}
gad 1 taz2 Mnuniosas 79

Taglin135181UAANULNUE (Precision) MIADATEHINUNUATEFEOUN 1 LAY 2

A a1 Y

Yoatoyayai 1 IM5esay 82 Hazeo Ay Jeyayai 2 UA¥esaz 80 Haz73 MudIA
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1 = o ~ A A Y A s 19

A1 lonansisena (Recall) UWUNITLIYUN 1 ¥iTD 2 VOIVDYALAN 1 UATIBYAT 89 LIASS9
o w 9 A A9 o w Ay Y I3 Y a

ATNATAD UBNUBYAYAN 2 UATTBYAL 92 LUAZS50 ATNATAY Wa‘ﬂulﬂ‘DTﬂL!‘]J‘]Jﬁ]']ﬁ@\‘]ﬂ'JfJWIﬂuﬂ

Decision Tree %31%ﬂ13§]3’3%ﬁ@ﬂ HYY Fl-score Lﬁ’f)@3’371]ﬁ’t’J”]Jﬂ’NJJLLJJ'MEJOW“U@QLLUU%OTG’ENf‘ﬂi

A A ~ A 9 A Ay o v 9 =
QDNUAUNITLIIUN 1 YTO 2 UDIUBDUAYAN 1 DYN 8L 85 LIAL62 ANUAIAU Voyayan 2 oy
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{ 9 ) g}/ a [
7 §o0az 86 1aZ59 1AYTIUIUATINIINANTADNUHUNTITOUN 1 11ag2 (Support) 5INNU
Y [
52 Nedoyayan 1 1az 2
~ Y A I . 3 v .
Tunsaidoyayain 3 1935015 Backward Selection 1ilumsAaidon Attributes Iy
1 'd
M511 Attributes et lugunisuaz@udunNIT NI Attributes. NAMFUUTEANT
[ v l a 4 =1
ANAUNUTUNTIU (Partial Correlation) TagTueadnsziupumsiseuals 5 Decision Tree
Aq ¥ . Y A . . . Ay v
119 Backward Selection 1@laon Attributes (math, sci, soc, his, pe) A1IDIALANUYNABY
(Accuracy) 50802 87 1aglin1331891UAIANNUNUET (Precision) VDINITLADNTEHITIUHY

a P A 7 a Y o w1 ¥
'mmﬁmmuazﬂmﬁmﬁmw%uwuﬁaﬂ 79803 87 LAL8S ANUAIAL ﬂ?IﬂﬂWﬁﬂWiﬁﬂﬂcﬁ1

v
=

(Recall) UHUAITITOUN 1 UATUNUNITITEUN 2 NIpBAT 94 UAL69 AINEIAL WA 1Aa1n
HUUT1ABIAUNALA Decision Tree 3¢ 1¥A15ATIVADY 1LY Fl-score 1HIDATIVADUAIY

v 9y H H
uiudwewnuiastegh Sosaz 91 az76 SwIUASINIZINAMSIAONUHUMSEoUTN 1 1az2

(Support) 5N UN 52
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~ ~ A . Yy v A ~ A
M990 4.14 ﬂ'liLlEEJTJWIEJTJWIﬂ‘L!ﬂ Artificial Neural Network AIgvDYAYAN 1 PN 2 uasyan 3

Interpretation Evaluation

ANN
Precision Recall F1 - score Support

ﬂgj}ﬂya‘gﬂﬁ 1 (Correlation Analysis)

SM 1 0.87 0.89 0.88 37
ART 2 0.71 0.67 0.69 15
Accuracy 0.83 91
%’amvamﬁ 2 (PCA)
SM 1 0.82 1.00 0.90 37
ART 2 1.00 0.47 0.64 15
Accuracy 0.85 52

"’lgljf)igjaijﬂﬁ 3 (Backward Selection)

SM 1 0.91 0.84 0.87 37
ART 2 0.67 0.80 0.73 15
Accuracy 0.83 52

~ a 4 a A ~
1015197 4.14 wanisinsizilszaniainlumanis@enuHu NG ou

A P A S A A o v A A Ay 9
Mnmaasuazadiamaasviseunudall vasveyayan 1 uazaan 2 YA1308azANUYNABI
9 v
(Accuracy) Y99 111A@ Artificial Neural Network 1nalfgenunId0aI5aA1AULAA 1N UDEN
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Tassadrudngnsaw vazadraduesdlsznoulmidundiuaudosasaindoyagan 1

UsznoudIe 12 Attributes W1ufiayagad 2 PCA sanasAilsznauludiily 4 Components

= S v 9 9 =

A308AzANYNABY (Accuracy) Toyayah 1 HaFesas 83 uazdoyayai 2 I Sovaz 85

Q

TagliNTI18UAIANNLNUE (Precision) NTIADATEHINUHNUMTEEUN 1 A2

= a9 o 9 !

6UE]Q"IQJI’E'JLl‘lfﬂ‘]qf?"I“l/l 1 U500 87 LAL71 ANAIAY UoyayaN 2 ‘flﬂ?%)’é)ﬂﬁg 82 1AL 100 MNAIAY

U Q

H A 9 =~ S 1 9

A1 1oN1E@NITISNH (Recall) LNUNITITOUN 1 130 2 VBITONAYAN 1 A1508AL 89 UAY 67

U Q

ade vestoyagah 2 Ta3esaz 100 waz 47 mudey wah ldvinuuusiaesdiemaiia

Artificial Neural Network %zﬁl%’ﬂ1iﬁi’mﬁﬂﬂ 1YY Fl-score Lﬁ@ﬁi?ﬂﬁﬂﬂﬂ??ﬂl!ijuﬁﬁlﬂﬂ
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° A ~ ~ A 9 A Ay o w
HUUITADINITIABNUNUNITLITYUN 1 HT0 2 VOJUBYAYAN 1 DYN I0IAT 88 1AL 69 MUAIAD

Q u

(43

9 A A Y o = a A ~ A
YoItoyayah 2 0 30882 90 UAz64 TasTruIuASINIZINAMIRONUNUMIEEUN 1 1Az 2
v A 3’, 9 A
(Support) SAAUN 52 NIVoYaYAN 1 a2
{ A . < g .
Tunsaidouagan 3 1935015 Backward  Selection 1 un15AAIA0N Attributes

k) q

=

r'd
Taon131i1 Attributes NnA TN luaunsiaz AuiuNTHITUT Attributes NAAdN52ANT
[ [ 4 1 a J A,
ANFUWUT VAU (Partial  Correlation) 1ag TNIAAIATIEHUNUATFoUAI8TT Artificial
Aq ¥ . Y A . oAy
Neural Network 9119 Backward Selection 1diaen Attributes (math, eng, soc, heal, his) 41598
AzANYNADI (Accuracy) 500az 83 1A8NINITTIUAINNUNUE (Precision) YOINFADN
1 a J a 4 a J o W ]
SEUNLHUINMES Az adinenaas I ounuAall Fesaz 91 uaze7 mudiey A1 lenans
=} % =} d’ = d‘ { o U {
Fone (Recall) LHUATITEUN 1 HazUNUNITEoUN 2 Niosay 84 1azs0 mud1ay Hanld
ﬂ1ﬂllﬂﬂﬁ1aﬂﬂﬁjlﬂlﬂﬂﬁﬂ Artificial Neural Network ilquﬁlgf)ﬂﬁﬁi’m’dﬂu YUY Fl-score

1 H Y H
L‘ﬁ@ﬁi’]ﬂﬁﬂ‘uﬂ’ﬂllLLMUE]H"]JENLL“U“U%W@@Q@QTI %’aaaz 87 1ag73 ﬁ?ﬂﬁuﬂiﬂﬁﬁ]glﬂﬂﬂTﬂaﬂﬂ

HAUMTIOUN 1 1a22 (Support) 3INAUN 52

3197 4.15 Manfeuifioumaiin Naive Bayes adedoyagai 1 yai 2 uazyai 3

Interpretation Evaluation

Naive Bayes
Precision Recall F1 - score Support

aﬁj’t’)gﬁijﬂ‘ﬁ 1 (Correlation Analysis)

SM 1 0.88 0.95 0.91 37
ART 2 0.83 0.67 0.74 15
Accuracy 0.87 52
Gﬁ’mq;mgﬂﬁ 2 (PCA)
SM 1 0.83 0.95 0.89 37
ART 2 0.80 0.53 0.64 15
Accuracy 0.83 52

%’ay)aﬁyﬂﬁ 3 (Backward Selection)

SM 1 0.90 0.95 0.92 37

ART 2 0.85 0.73 0.79 15

Accuracy 0.88 52
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941 $p8az 89 UAZ64 1ATTIUIUATINLINAN IO NUNUMSTITOUN 1 1ag2 (Support) TINAU

= ) A
N 52 MNUDYAYAN 1 Liag2

{ A, I @
Tunsaiveyamyan 3 1935013 Backward Selection 11/UNSAAIADN Attributes 198
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3 9 a

D 9 <
1317 Attributes AAUT N TUAUNITUAZAUTUNITNIITU Attributes NUATUUTLANT

v o d v . . a d =1 Y as . ~
ANTUNUTUINEIU (Partial Correlation) TﬂﬂTummmﬁwmmuﬂmiﬂumﬂ 1% Naive Bayes N
149 Backward Selection 1A1@®n Attributes (sex, math, soc, his, gpax) fA1308azAUYNADY
(Accuracy) $080a2 88 TA8lin1351891UAIANNLNUET (Precision) YDINI5TIADNTEHINIUNY

a 4 a 4 a J o w 1 ¥
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(Recall) HAUMTFEUN 1 LAazUNUMTHoUN 2 §p8ay 95 uaz73 A1Nd1aY Wafn laan
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T Y 1 ]
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~ - A L Y v A = a
M131941N 4.16 M3fSeumeumaLn Support Vector Machine A38UdYaYAN 1 AN 2 LLAaYAN 3

Interpretation Evaluation

SVM
Precision Recall F1 - score Support

ﬂgj}ﬂya‘gﬂﬁ 1 (Correlation Analysis)

SM 1 0.86 0.94 0.90 34
ART 2 0.87 0.72 0.79 18
Accuracy 0.87 52
%’amvamﬁ 2 (PCA)
SM 1 0.85 0.92 0.88 37
ART 2 0.75 0.60 0.67 15
Accuracy 0.83 52

"’lgljf)igjaijﬂﬁ 3 (Backward Selection)

SM 1 0.91 0.86 0.89 37
ART 2 0.71 0.80 0.75 15
Accuracy 0.85 52
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9 A A Y o = a A ~ A
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o v J J . . a 4 Y a
ANTUNUTUI9TIU (Partial  Correlation) 1ag TNIAAUATIZHUHUNITITOUAIY 3T Support
. Aq ¥ . Y A . . Ay
Vector Machine 9119 Backward Selection 1diaen Attributes (math, sci, eng, pe, gpax) 41398
AzANUYNADY (Accuracy) 50802 85 1A8TiN1351891UAINNULLUET (Precision) YBINTIADN
1 a J a 4 Aa o @ ]
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H Y H
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Y

HAUMTIOUN 1 1a22 (Support) 3INAUN 52

d' a 4
- A9UN 3 ﬁ?‘l.lwﬁﬂ1§'3!ﬂ§"l$°r‘i

! a Jd A A {
3197 4.17 d3UHaNI5AATIZHAT Accuracy Medoyayai 1 Joyagai 2 uazdoyayah 3

Algorithms Accuracy Accuracy Accuracy
Foyayaii 1 Foyayail 2 Foyayai 3
(Correlation (PCA) (Backward Selection)
Analysis)

Decision Tree 79 79 87

Artificial Neural 83 85 83

Network

Naive Bayes 87 83 88

Support Vector Machine 87 83 85
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