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ABSTRACT

This research will present the prediction models for Web Database course which has
the best efficiency. The predicted results will be used to make a learning management strategies
that suitable to each groups of students that has various knowledge, skills as well as basic
computer skills. We synthesis all attributes from many related research articles. The attribute
selection will be done by the multiple regression with the stepwise selection. There are 6
attributes such that 1) Sub_soc (GPAX for social studies) 2) PHP programming 3) own their PC
4) Sub_create (GPAX of creativity subjects) 5) GPAX of Burapha University Identity subjects
and 6) the attitude to computer related subjects. The predicted models are Decision Tree, Naive
Bayes , Neural Network and Support Vector Machine via the RapidMiner Studio with 271 total
records. We set 80% of the record as the training set and 20% for the test set. The best efficiency
model is the Neural Network which has highest accuracy score about 88.89%, followed by the
Support Vector Machine has 85.19%, Decision Tree gives 79.63 % and Naive Bayes with 74.0 %.
The suitable parameters for the Neural Network are set as the Training Cycle is 200, Hidden layer
is 1, Hidden layer sizes are 22, Learning rate is 0.4 and Momentum is 0.3. This gives more

higher accuracy from 88.89% to 92.59% or 3.7% increases.
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“If Income = High and Married = No THEN Risk = Poor”

“If Income = High and Married = Yes THEN Risk = Good” [17]
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2.6. Neural Network
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3.1 Tumaun 1 nmﬁan%ga (Selection)

[

=2 Aw A a Y o A [ J A . dy Y A
MNMsANEIENAITIUITeNNeIRIReAuTuF AT 1ZHIA0N Attribute 11/pIA LT
NeIV0INONANITITIUIYT Web Database 911U 18 Attribute 1aun 1) 1w 2) Usznnnis

] Y
SUNUMIANGSY 3) LHUMTETIUITeNUA1Y 4) NTANFIIVNTANEITEAUTY 1. 6 5) INTA
A a A o ~ = A ~
MATIIANAFNAAS W.6 6) 1ABFTEUNIYT HTML 7) IA8S8UAH C 130 C++ 8) 1AgiTen
a Jd Y] 1 a a J
7111 PHP 9) ABUHAABSAIUAD 10) A5 ANAONMTFoUITIRIUABNNIADS 11) N3
NUNIULNEOU 12) INTAMAINNIWINIBIBINGY 13) INTAMDENGUITINIHIDU ) 14)

{ T A v W 4 A [ { 1 A [ { 1 A
NTAMAINGNIIBAANBAINYIINGIAE 15) INTANDONGNITITIAN 16) INTANABNGNIH

9 4 A 1T A = = a
ANuadedssa 17) wnsamagnguivunaluladarsawnd 18) wan13iseuIE Web
database
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o . A A 9 o . ya o A < 9
VINMININUA Attribute NABITVOI 11U 18 Attribute T8RN UINDTOYA 2
Aan o ' 9 Y 1 =) £y ° .

PmImwanbazIazuiasvesdoya lain ManuYoyaasuIaeUN N 14U 7 Attribute
< Y o . o &
uazmsnuteyanngudeyanziiounaziana 11U 11 Attribute 51902100031
< A o
1. MSNULDYARAIGUUUTOUDIN RI90H319UUVAOUDIUALY Google  Forms
< ° . o o Y
UILAUMDININ Attribute 91UIU 7 Attribute LA
1) NPUITEUIU Web Database 1A8iTeUN T HTML %30 13l
2) AOUITIUIW Web Database IAGITIUNY C 13D C++ 130 14
3) ABUITEUIN Web Database 1A8I38UA11 PHP 130l
4) INTAMALINANANAAS 1.6
YR A 1 J =] a 9 a 4
5) AN ANFOUHI0 lUFOVADNTHEUINIAIUADNNUADS
= a d Y A 1
6) NN unes auanieli

v =)

F
7) a2 1NLT8UIF Web Database Gluuﬁagﬁﬂﬁﬂllﬂ1§ﬂﬂﬂ3uﬂ31ﬂ§ﬂ%@1ﬂ
ya o [ 4 Yo aa a =
AR EJZ’f\‘]L!‘]J'IJﬁ’E]UﬂWiJ’E]@uUlﬁu Google Forms Glﬂﬂﬂuﬁ@ﬁ’lﬂl’l')ﬂﬂlﬂﬂiuiaﬂ
= = 4 a o A = a = =
NITANKYT AUSANYIAITAT HANMINGIDYYITNT NAIUNTITLTIUIN Web Database ‘]Jﬂ'lﬁﬁﬂ‘]&l'l
I3 v g
2561 -2563 91UIU 271 5$Lﬁﬂu Llﬁ$ﬂﬂ!ﬂ°ﬂWﬁﬂ']i@]’f]ﬂl!ﬂﬂﬁ@ﬂﬂ'lllﬁlugﬂll'ﬂ'ﬂl@ﬂﬁ1i

adg a < A o J o A ao g’; 1
aiannsolnd Excel tioti lgmaduiiunsiveluauee i)
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< 9 9 = o o . Yy
2. Mmanudeyannguteyanzibounaz IANATIUIN 11 Attribute 1ALN
1) LWl
v 9
2) INFARDLIUNITANBITLAVTY . 6
3) NUM SIS eUNFeNane
4) UszanmssuEnuInede
5) INIAMAINGUININIIBINGY
~ 1A A
6) INTAMABNANIVINIHIDU )
$ 1T A v 4 a [
7) INFAMATNGUINTATNHAUNWIING A
8) INFAMANGUINITIAY
d' =) 9 4
9) INTANABNAUIVIANVATNEATIA
10) NFAMABNGNIBUNA Tu Tagasaumel

11) tN5A2%1 Web Database

©

[

Y Y an a = = = 4 a @
ﬂi%"]]@llau@‘@]ﬁ’]‘ﬂ’n%’l!ﬂﬂIuiaﬂﬂ'ﬁﬁﬂy’l AUSANHIAINAT UN1INY1Q8Y

u

g

2

A = a = =2 o =
YINT NATUNIILITYUIN Web Database ﬂﬂ15ﬁﬂ]&l'l 2561 -2563 MUIU 271 €1V Iﬂﬂ
9 3 v adg a J A o 1
ﬁ'JiJﬁ'JiJGU’E)N“ﬁL‘IJUTIEJuﬂﬂaLLﬁ&ﬁ]ﬂlﬂﬂgﬂllﬂﬂl@ﬂﬁWﬁﬂlaﬂmﬁﬂi‘lﬂﬁ Excel LW@HTUlﬂQ'ﬂ'lﬁ
9
ﬂ'llu‘l‘lﬂ'lﬁﬁzﬂfﬂumu@l@]lﬂ
2 4 “ v .
3.2 TUAdUN 2 MIINIPNVIYA (Preprocessing)
9 o 9 ac a o 3 9 £y
ﬂ'ﬁﬂﬂﬁ’)ﬂﬁ’)ll"llf]isljaL@ﬂﬁ?iﬂlaﬂﬂiﬂuﬂﬁ Excel i]'lﬂﬂ'lﬁl,ﬂﬂell’f)lluaﬂﬂmlﬂllﬁ'i)llﬂ'liJ
o <] ~ @ )
AT1UIU 7 Attribute Ll,azmammﬁ%uﬂmmgmi’f@uﬂamzmﬂuLLazaﬂwa I1UIU 11 Attribute
9y ad a 7 J A o A G4 9
‘5'31|LGU1Lﬂu1@ﬂﬁ15@£ﬁﬂﬂi@uﬂﬁ Excel VlfV\IﬁL@EJ’JﬂuL‘W'E')G]535]1’(@“?]'31%17%145@1!61]@\161]@34@1Iﬂfl

@ a

v Aa = A v =2 ¥ g
NITUYINVDUANUNIT u‘VIﬂW@Wﬁﬂﬂ’lﬁUuﬂﬂ%’lcﬁﬂu@@ﬂﬂ,ﬂ

U

M5197 3.2 M08 oYANUUVTOUDIWLAZIING UTOYA

A E C D E F G H | ] K L it M 8] P Q R 5
@
g 4 - Z s b
=] = v ] El 2 Ey ol @ -
| 5| &) 3| 2 s S E| F| D] A 5| iz % B
el 8| 2| 2| &| 8| B| S| E| &| %] &| | 8| £| %8| 8| 2| &
xooooo female |direct  |art lang i4 3|yes yes %] yes b sometin 2 3 4 4 2.7 25 35
xoooood] female |direct  |art lang 326 3.5|yes %] b b i someting 2 2.5 3 4 2 2 4
moooood female |dirsct  |art_cal 167 2|wez yes %] yes VES sometin 1.25 1 4 4 2 2 5
xoooooc| female |direct  |art lang 328 2.5|yes b b b i soqnetimg 2 3 3.75 4 3.75 25 3
mooooo female |dirsct  |art_cal 2.53 2.5 |ves %] yes yes VES sometin 117 3 35 3.E6 33 1 4

(== B R T T S TR % R
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3.3 Tumauil 3 malasuzideya (Transformation)
3.3.1 M3fimua Key code ¥03903a
{Ivermua Key code Yoya nazaougidoyaliogluglunuimmezaudimsy
Machin Learning 7% Decision Tree, Naive Bayes, Neural Network I1i& Support Vector Machine
Taoll Attribute NAou/aougdoya $119u 3 Attribute 1Aun 1) Admission (Yszimnms s
a o I . . =} o < .
UNMING1A8) e U 4 Attribute 2) Major HS (UHUMSI38u 5811 a18) ueniilu 3 Attribute
a X I~ o 1 ]
3) GWBD (1n33%1 Web Database) #a1413Ju Label fmualid 2 a1 Ao nguinsane 14
(D, D+, C,CH) 1Az NQUINTAR (B, B+, A)
1 I~{ 1 d’ Yo Y o a o dy
wigna lumsuiaunsaeonilu 2 ngu iiiesnngitedesmsii Tumasinauideil i
° aa ' 1 . o [ ' o
15 lumsiineramsizouvesiidalujuae 1 Fawasinmsiiunesutauilu 2 nquaginld
J Y o @ oA 1 = = 9Jq YA = ]
91913 9RAOUNLHUM T TDAOUNgUNAIANIEINaMTiTauND 19 1 lNan 15 Touag 1y
1% déj 9 1 I Aaa A U = ~ = o Y J
szaufvu 1d Tuaiungquildanmaaziinaizouazildernsdamsanaumumsaon
{ ) [ [ 1 an ? J g 4
Mmnzaudrsusessuanuuanavesidansdeingula nazuenaniueInsddaou
Y o I A aa Y 4 A ' A ' =
annsaadmsmauunuvestiaalaslenagnimsaewiensiaien Tundasduiing
v a A =} =2 9 [ =) aa A ' '
AaznuvBIMINFINANaMsiTeuAuazne 1% szausagnszaunamssouligananiazed 1y

sane 14 liulasueglunguinsad 14

Y ° 9
M1 3.3 Jlunudeya nazmsmimua Key code Yoiya

No. Attribute Detail Key code

1 Sex LNE 0=919
1 =%

2 Admission] | IASIMSNFITAZIUDON 0="Taily
1=1%

3 Admission2 | Admission @311 0= Tailaf
1 ="lo

4 Admission3 | @@ 0= Taila
1=l

5 Admission4 | U5 0="Taily
1="%
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No. Attribute Detail Key code
6 MajorHS1 | twumsizeuiiseuilals nqu 0 = laiTas
a Jd o [
fatl/muan 1=1%
7 MajorHS2 | twumsizeuiisenilals nqu 0= Tuly
Aail/mmn 1=Ta
8 MajorHS3 | uWumsizoussenlas ngu 0 ="Taily
a =Y 4 1
M/ NG 1=Ta
9 GPAHS INFARABIUMIANYITLAUTY U, 6 1FAnIAn1ND3 9
A a a 4 U a
10 GPA Math | INTAMALIMAUAAR 1.6 I¥aunsanue3
11 HTML 1R85 81U ¥ HTML 0= lape
1=1n8
12 CCPP IO OUNIY C I CH++ 0="Tlinsy
1 =108
13 PHP INBITIUNIE PHP 0 ="Tling
1=1n8
a S o 1=
14 Computer ABDUNAUABDITIUAD 0 = "laid]
=
1=%
. Y= ' =) a Y a I 1
15 Attitude ANuianaomsizouImsunaouiaaes | 0= lireu
1= %01
16 Review MINUMIUUNITIU 0="Tling
1=1n8
17 Sub_eng INTANAINGUITINIHIOINGY {ERMPEEEFITER
' VA ' Y1 a
18 Sub_lang lﬂjﬂlﬂaﬂﬂ’qujcﬂ’]ﬂqy’]gu z:'] 1%ﬂ1lﬂjﬂﬁ1uﬁ]i\1
19 Identi =SSO A SRR AU S 1A nIan1Ne3 9
entity NTARAINQUITIOAGNHANHIING G0
20 Sub_soc | insamAunduinidany LS GRMEEERIEN
21 Sub_create | psqunasnduINaNUaINaTIS [EQAUELEREER
. d' 1A ) Y a
22 Sub _ict inyamasnguI N Tu ladensaume l¥aunInnIN939
23 GWBD IN3A3% Web Database 0=wol4 (D, D+, C, C+)

1=9 (B, B+ A)




46

=)

1nA15190 3.3 uaasgiuuvvesdoyalunaay Attribute WU anvazdoyall

A Y == 1 . A [ 9y A d o a
2 Uszpnaevaynil 2 A (Binary number ) A9 0 U 1 Ltazmeyaﬂlﬂuﬂ1uauﬂiﬂ MNNIT

U

o 9 o 1R A 1 o v A o ~ v
ﬂWﬁuﬂgﬂL!UUﬂl@y‘aﬂﬂﬂﬁ?’lﬁ]ﬂﬂﬂ??ﬂlﬂﬂW%ﬁN ﬂ@fﬂﬁqu‘ll'lTiJ!ﬂa!W’EWl1“18Wﬁﬂ13!3ﬂuﬂ’lﬂ

7% Decision Tree, Naive Bayes, Neural Network {18 Support Vector Machine Tﬂﬂ‘lq AIBEINITD

Tdyadoyaifoan dmoedregluuudoyaniansied 3.4

M5197 3.4 uaasareggUunudeya taz Code Toya

A B c[.D E F G H | J K L M M o] P Q R S T U V | W | X
Bl SL 5| Bl | ol g < 5 - 2

> E E = E % % % g E = 5 o E g = _nl _cal E _cal _cal _nl g

10| 3| 2| 222|222 5|65 o|la|l8lF 23 a8 =28 8 88
2 1 0 0 0 1 0 0 11326] 25 1 0 0 1 1 0[163] 25 4]3.86 4 2 1
3 0 0 1 0 0 0 0 113.02] 25 1 0 0 1 1 111.25] 2.5/ 3.75[3.86] 35 2 1
4 |#EE 0 0 1 0 0 0 1 0[315] 25 0 0 1 1 1 111.26] 24 4[3.86|3.75 2 1
5 |FRE 0 0 0 0 1 0 0 11275 3 1 1 1 1 1 11233 3 4]3.86]3.25 3 1
6 & 1 0 0 0 1 0 0 113.03] 25 0 1 0 1 1 112.83 3 4[3.71]3.75] 25 1
T AR 1 1 0 0 0 0 0 113.64] 35 1 0 0 1 1 0[1.88 3 4 4 4 3 1
B |FE 1 1 0 0 0 0 0 113.84] 35 1 0 0 1 1 0 3 4 4 4| 35| 35 1
9 | 0 1 0 0 0 0 0 11361 35 1 1 0 1 1 1 35 4 4 4] 35 4 1
10 =R 1 1 0 0 0 0 1 0[332] 25 1 0 0 1 0 111.88) 25 4]1386|3.75 25 1
11 [t 0 0 0 0 1 0 0 11343] 35 0 1 0 1 1 1 25] 345 4[3.57|3.75] 35 1
12'1‘###&‘ 1 0 0 0 1 0 1 0] 256] 25 0 1 0 1 1 01233 2| 3.75[3.14 2| 25 0
13 ## 0 0 0 0 1 1 0 0/ 2.86] 2.5 0 1 0 1 1 1 2.5 3| 3.75)3.86] 3.5 25 1
14 #H#H 1 0 0 0 1 1 0 0[307] 25 1 0 0 1 1 112.67] 3.5| 3.5[3.29/325 3 1
15 #HH# 0 0 0 0 1 1 0 0]2.95 3 0 1 0 1 1 112.38 3 4[3.71]3.25 3 1
16 [fHRF 1 0 0 0 1 0 0 11283 25 0 1 0 1 0 11233 3| 375|343 35 25 0
T | ## 1 1 0 0 0 1 0 0[3.65] 356 1 0 0 1 1 0[3.33] 35|3.75 4] 3.75 4 1
18 |#HH# 0 0 0 0 1 1 0 0] 282 3 1 1 1 1 1 11 2.67 3 4[3.71]3.75] 25 1
19 |FHRH 1 0 0 0 1 0 1 0[3.03] 25 0 1 0 1 1 11113] 25| 35|/343] 35| 15 1
20 |#HE# 1 0 0 0 1 0 1 0 31] 25 1 0 0 1 1 111.63] 25| 3.5[3.567|325) 15 1
21 |#E 0 0 0 0 1 0 1 0[302] 25 1 0 0 0 0 11217 3 4 4| 35 3 0
22 0 0 0 0 1 0 0 11297 25 0 1 0 1 1 111.75 3 4 4] 35| 35 1
23 |#HE 1 1 0 0 0 0 0 11341 35 1 0 0 1 1 11 2.67 4] 3.75[3.71] 35 3 1
24 |#hER 1 0 0 0 1 0 1 0]3.42 3 1 0 0 0 1 1 2 3 4[3.71]3.75 il 1

datafinal | Sheetl ®

9 =) 9

NNANTNA 3.4 NUNMAIMIAUTUMITITINTeyauazuilsgideyaiouion

u
Y
U

Tadouanaviua 22 Attribute dvsuriuin luaariiuenansiseu Tagd Label A0 WaN15isoU

U

a T 3 1 1 ' = [
391 Web Database 1110111 2 A1 fio nguinsane 14 Code = 0 1az nquiniaa Code = 1 390
o Yy dy A 9

ﬂ'l“l’iuﬂﬁl,‘ﬁGU’f]llﬁ“b'ﬂu A9 VBUD

U q

=h.

an 1

Qo

a d @
3.3.2 MIUATIEHANUNUDTIEHIN Attribute 140 Label

o o A 9 9 = 9 Y YA o A
‘wam1ﬂﬂ15@1uuumssamamagmmzuﬂsgﬂﬂuagmiﬂmaaum AIVYANUUUNTT

'
A o

a 4 o 1 o 4 a 4
UATIEUANUWUTTEHIN Attribute LLDE Label ’JG]Q‘]JS%?NﬂﬂﬁTJLﬂﬁ"ISWL‘V‘Ii’)ﬂﬂﬂii’]ﬂ Attribute

o

NaaHanI0loNTNanoNan1558uI% Web Database 081901ad 1Ay N19aDA (F-test) 1105
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11014 Attribute NAANTO AT

o =} ﬂ' = a a
v Tuaainenansiseu menfseumeuilszansamw
msiineny Tuaanlddoyalaslulanansos Attribute
@ A o A a 4
TunsAansoq Atiribute §398143501531A5 129 AN DADOENY QY (Multiple
9
Regression) HUUNITAAAD AU IAUTY (Stepwise  Selection) #18T151n51 SPSS  for
. 3| a 1w a . A A Aa A 1w

Window 11/UN1331A512110901)59a 52 (Attribute) landanarsoNanswaneauilsniy

S 1
QU v =

(Label) Tum3sniizsiae11sunsy SPSS for Window UUUADUAININA 3.1 — 3.4

stepwise fot datamining.sav - SPSS Data Editor
File Edit View Data Transform | Analyze Graphs Utilities Window Help

== =) Reports >
1

1 Sex Descriptive Statistics »
Sex Admission| £ Tables ’ ajorHS1 | MajorHS2 | MajorHS3 | GP#
1 Compare Means >
1 1.00 .00 General Linear Model » .00 .00 1.00
2 -00 -00 Mixed Models > -00 -00 1.00
3 00 00 Correlate 5 00 1.00 00
4 .00 00 T : ; L'" o o
5 100 0 egression inear... —
5 100 100 Laglinear > Curve Estimation... —
7 1.00 1.00 =iy & Binary Logistic...
8 00 1.00 Data Reduction » Multinomial Logstic...
9 1.00 1.00 Scale >
10 0 0 Ordinal... —
- Nonparametric Tests > - | -
11 1.00 0 e S ) robit.
ime Series —
12 -00 -00 Survival % Nenlinear...
13 1.00 .00
= - 7 Multiple Response % ‘Weight Estimation... | —
15 1.00 00 Missing Value Analysis... e iralenlt S,
16 1.00 1.00 Complex Samples > Optimal Scaling...
17 00 00 UU Bl TOuT] TUu] oUT ou
= “An an Al Al “anl Al “an Al

! z . ' .
MNA 3.1 uﬁmmﬂmm& “Analyze” I IO “Regression” ALINYYDY “Linear”

i‘ B " Linear Regression hed
1l .

A [] <> Admissiond ~ Depenc
I || majorHs | [®cwos

I_ @ MajorH52 Block 1of 1—— E
| B

i g 2;1::"‘353 Previous Mext Pt

i @GPAMath Independent(s): Cancel |
il (18 rrmL @ Computer ~ Help

il > C_Cplus E @ Attitude

i 4 PHP @ Review pr

Sl = E

4 Attitude L

| .

i g Review Selection Variable:

Y Sub_eng —

Il || <# Sub_lang 4

1 > Identity Case Labels:

1| || # Sub_soc -.’

1l @v Sub_create I

I— @ Sub_ict WLS Weight:

i v |

| - .

4 Statistics... Plots... Save... Options...

| | | oo |

' v
MWA 3.2 MIAaanth 1Y Linear Regression
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A o o < o . = =
NNMNN 3.2 Muuaawlsaw (Dependent) 11/ GWDB ttaz 11 Attribute N11Ha0
g ' o [ a J
ﬂﬂwuﬂleﬂﬁsﬁﬂ\?ﬁ?llﬂﬁﬁ‘?{u (Independent) ﬂ’]iﬂﬂla@ﬂl!ﬂ‘ﬂ3Lﬂ§1$ﬁﬂ31ﬂﬂﬂﬂ@ﬂw1’jﬂm Stepwise

Selection

GaL 1 | 1 1 L L

Linear Regression: Statistics

= |

Regression Coefficients [V Model fit [

[V Estimates [V R squared change — [

anc | L

[ Confidence intervals [v Descriptives |
[~ Covarance matrix [¥ Part and partial comelations Help

[ Collinearty diagnostics
Residuals

| I”" Durbin-Watson
[ Casewise diagnostics
0 3

oAl

d' = aa a Y
HMNN 3.3 ﬂﬁmflﬂﬁﬂ@ﬂuﬂTi’JLﬂiW%ﬁﬂl@yja

1 aa a é ¥
MINNNA 3.3 MIAONADAIUNTUATIZHTOYA 1ABAIA1 Regression Coefficient

I 1
(1l Estimate taztaana1 Model fit, R squared chang, Descriptive, Part and partial correlation

Linear Regression: Options >

— Stepping Method Criteria _l
%" |Use probability of F Cancel
Entry: & Remaoval: W
™ Use F value M
Entry: W 271

¥ Include constant in equation
— Migsing Values

% Exclude cases listwize il

il il

il al

" Exclude cases pairwise
" Replace with mean

a g o o 9 o o A v @ o
MNN 3.4 mimmmmmiuﬂﬁmeM’Juﬂi‘mmEmiaﬂl%ﬂmuﬂimmﬂ
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INNINA 3.4 NMYUAAT Use probability of F , Entry =.05 182 Remove =.10
A Y o . am v A % a 9 Ya . L
Mo liAanse Attibute A5MsAAaonA M sodsZINaUNS 19795 Stepwise (NN IUNIS
(% A % a 9 9 =Y ) (% Aaa d' 1% 9
Aaenalsdasziiaunis laslsminaaeumslisd1Ayn e ana (F-test) NizaUloy
1 A [ L v A Y a 9 =
NNWIOINY 0.05 NN UM IAaanalsodszoonvnaums lagldnsnageunsi

Wod AN 19EDa (F-tes)) NIZAUVINNNHIOMIND 0.100

HAMIUATIZHANUTUNUTVOI Attribute LAy Label A4a1319% 3.5

A15191 3.5 wamﬁmﬁwﬁmmﬁ’uﬁ’uﬁmm Attribute 40g Label

Model Summary

Change Statistics
R Adjusted R | Std. Error of
Model| R . R Square F Sig. F
Square Square the Estimate df1 lde2

Change [ Change Change
1 449(a) 201 198 41211 201 67.736| 1(269 .000
2 .539(b) 291 285 .38907 .089 33.793 11268 .000
3 .564(c) 318 311 38214 .028 10.804] 1267 .001
4 .584(d) 341 332 37626 .023 9.413] 11266 .002
5 .596(e) 355 .343 37304 .014 5.623 1]265 .018

=

6 |605(f) .366 351 .37062 011 4460 1264 .036

a Predictors: (Constant), Sub_soc

b Predictors: (Constant), Sub_soc, PHP

¢ Predictors: (Constant), Sub_soc, PHP, Computer

d Predictors: (Constant), Sub_soc, PHP, Computer, Sub_create

e Predictors: (Constant), Sub_soc, PHP, Computer, Sub_create, Identity
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4

9109131399 3.5 N13aAATR - [36] Arduilszansanduiusnyga (Multiple

b4
a 2

I A @ o o J J 1 o
Correlation) LﬂuﬂTﬁLLﬁﬂQﬁ\‘]i%ﬂ’ﬂﬂ??ﬂﬁﬂWu‘ﬁﬁ%‘l’mNﬂijiJﬁUfNﬁ’J!Lﬂﬁﬂﬁi$ﬂ\‘]1’iuﬂﬂluﬁﬂﬂ1ﬁ
R J Y Y 1 ' @ a = v o Jou o
nualsau ﬂu“llﬂﬂﬁ 1 Llﬁ'@\n'lﬂ'qMﬂl@ﬂﬂﬂllﬂiﬂﬁigﬂﬂﬂ'lhﬁllwuﬁﬂ‘Uﬁ?LL'IJi@]'IiJ?J'Iﬂ
o . { o i a d v o Jd o
INVIUIU Attribute ﬁu%‘ﬁﬁiﬂﬁllﬂﬁ\l SPSS Lﬁmmiwwmmauwu‘ﬁ 1UIU 22

v
=1

Attribute 11/5un501AAANT0Y Attribute NUINTWAADNANITITIUIYT Web Database 11120 6
[ Ly J 1 H 1 1

Attribute  taz 11sunsyldadaTumannuduius 6 Tuma wu Tuaaf 6 TATR (A
[ a £ [ o 4 ~ ~ = .

ﬁuﬂizamﬁwauwuﬁwvmm) UINNGA 0.605 (60.50 %) Taalu@an 6 U Attribute
Uszneudie 1) Sub_soc (mmmﬁﬂﬂ’cjﬁmﬁqs«ﬂm, 2) PHP (mafﬁﬂumm PHP), 3) Computer

a g1 @ 4 1T A <
(ADWNUADITIUAT), 4) Sub_create (LﬂiﬂmaEJﬂQiJ’JGmﬂ’JﬁJﬁ%)Nﬁiiﬂ), 5) Identity (DT A
A 1T A v o t4 a @ . 9 =R 1 ~ a v
RAYNQUIFIDAANHUUNIINGIAY), AL 6) Attitude (ANNUITNADNITLIIUIFIAIY

a 4
ADUNANDT)

v s
A15131 3.6 memﬁmﬂﬁzﬁm15mm@aa&immmmuummﬁgm

Coefficients(a)
Unstandardized Standardized
Correlations
Coefficients Coefficients
Model t Sig.
Zero-
B Std. Error Beta Partial | Part
order
(Constant) -1.809 263 -6.873 .000
T 1
Sub_soc 312 .052 I 3231 6.050 .000 4491 .349(.297
[ [
PHP 251 .048 : .263: 5.233 .000 3541 .307(.256
| |
6 Computer 301 .093 | 163 3.258 .001 211 .197].160
T 1
Sub_create 132 .046 1 1501 2.881 .004 3101 .175].141
1 1
Identity 123 .053 : .120: 2.340 .020 2241 .143(.115
| |
Attitude 178 .084 " .106I 2.112 .036 1871 .129].104

a Dependent Variable: GWDB
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A 1 A Y1 o a y A
1NH1T19N 3.6 31NA1 Beta [37] ‘I/Iﬁnﬂiﬂﬂﬂﬂllﬂ’ﬂﬂﬂllﬂiﬂﬁﬁ31@%?!%1145@

=l 1

anTwanoal sy 0ilesna1nu 1 Beta vosdanlsoaszlatiainin uaasndauls

b4 9 v
AaAAaa A J

DATLUUITHONTNAADATAINNIN  AIUY Attribute NUBNTNAABHNANITITHUIFT Web

1T A (2

Database 911 Beta Miﬂul‘ﬂfllﬂﬂ llfgllufi Sub_soc (Lﬂﬁﬂmaﬂﬂauﬂﬂﬂﬁdﬂu) Beta =0.323, PHP

q

Jd

(1nBIEUNTE1 PHP) AN Beta =0.263, Computer (ADNNIUADIAIUAI) Beta = .163, Sub_create
4 [ =Y 4 4 T A [ 1Y 4
(msﬂmﬁEJﬂan’mﬂmma%’Nﬁﬁﬂ) Beta =0.150, Identity (!NARAINGUIBIBATNH DI
UH1ING18Y) Beta = Beta =0.120, 18 Attitude (A5 AnsonsiTouindiuaouiiomes)
Beta =0.106
Y v
ajUiuaeumslasugidoya (Transformation) §390 1aoya $1um 2 yariuin
1 9
TueaienSoumeuilszanTnnnsuIenansiseuIy Web Database A9id
9 A < i Ay v o 7 aw AA Y o
Joyagai 113y Attribute 1 ldvinmsdunsiziiond1snuIsenneItossuau
. Y
22 Attribute Usznovunie
1) Sex (ANFT)
2) Admission1 (U5ztan TATIMTINFIAZIUBON)
3) Admission2 (‘lJi LIAN Admission d AUNAN)
4) Admission3 (U3219M a0UIT)
5) Admission4 (152100 SUAT9)
. )=} o 1 Aa Jd o
6) MajorHS1 (HumMsisouiiseuats nqu Aail/miui)
. = o 1 Aa
7) MajorHS2 (HuUMsiFeuiiseuats nqu dail/niu)
. = o a = A
8) MajorHS3 (WuUMsiseusisenilate aala/ang)
[ 9
9) GPAHS (INTAMABIVMTANHITLAVFU . 6)
10) GPA Math (t:N3AIRALIFIABAR TN 1.6 )
11) HTML (085810181 HTML)
12) CC++ (1n8i58UA1 C 150 C++)
13) PHP (4R8i58UN1H1 PHP)
14) Computer (ADNNUADT A1)
. YR 1 = a Y a J
15) Attitude (ADINFANABNIIFTHUIMIAIUADUNUADT)
16) Review (MINUNIUVNIGEU)
17) Sub_eng (tNIAMATAGUIFINIBIBINGY)

18) Sub_lang (INTAMAGNAUITINIEIDU )
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{ 1A v o E4 a @

19) Identity (Lﬂimaﬁﬂﬂqmmamﬂymummmaﬂ)
20) Sub_soc (INTANAVAYUIFITIAN)

A 1T A 9 4
21) Sub_create (INTARAYNYUIFIANNAINATIA)
22) Sub_ict (tNFAMAINGNIFUNA TU Tada 1A UNe)
9 A I . Ay ¥ o 9 a o
VOYAYAN 2 111 Attribute m”lﬂmﬂmiﬂﬂﬂ'immamiamﬁwwmmmnaawmm

9y
(Multiple Regression) LUUMSAAADNUUUE AU (Stepwise Selection) 91UIU 6 Attribute
Uszneudie
1) Sub_soc (miﬂm%ﬂmjﬁmﬁ’mu)
=
2) PHP (1A8158UN1Y1 PHP)
a d %

3) Computer (ABUWINDITIUANI) Attitude

d' LY 9 A
4) Sub_create ((NTANAYNYNIFIANNAINTTIA)

4 1T A v o 4 a [

5) Identity (mmmﬁﬂﬂqmmmmaﬂymummmaﬂ)

. Y= ' )=} a F) a J
6) Attitude (ﬂ’Hllgﬁﬂﬁ@ﬂ?ﬁliﬂu3%1ﬂ1uﬂﬁm1ﬁlﬂ]m’E]i)

3.4 Aumoui 4 MnuriNesdoya (Data Mining)
Ya v o 9 o ~ Y . . .

3.4.1 gaveimaas lumariuienanisisenTasleslsunsy Rapid Miner  Studio
° a A I .. .
mmsnageudseansnnluaa 1aold3F Decision Tree, Naive Bayes , Neural Network 18

Y

Support Vector Machine 91n1uH1ms1f5ouifiouA1n1ugnae (Accuracy), AIAININLE

. ' = ' 9 1asn A ° A
(Precision) 118£A1AIINTLAN (Recall) Yo uAagATDYA LAZUAIT WO INAAIIUIBNT
Usz@NnTnINA1NYNADY (Accuracy) ANga

9 A o

3.4.2 myihdeyayad 1,2 i luwearihnenansiBeu Tuuaazgadoya gIveinuali

u Q

a = 1

= I . . A ' Y
GWDB (Han13i38143%1 Web Database) 1114 Label 1 2 f1 (Binorminal) fio nguinsane 14
Y
Code = 0 1ag NQUINTAA Code = 1 mumaumiﬁwﬂ%gaLsﬁ'ﬂﬂmﬂm Rapid Miner Studio
AININN 3.5 AU

iWlaT1sunsu Rapid Miner Studio tag 191u1 Import data tWer v eyaid Tsunsy
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Fle Edr process view Connectons Serngs Bxtensons el

S IER R | vers| e Rosts | Tuvoren | Avtomedel | oepormnts | [ro s seratos. P misudo -
Reposttory Process Parameters
e i R R .
| Omorom 1. @ process PP BE 4% @ oo
— O (T s loguarbosty e v |®
4o wran_test reger 6 5 oo
M daca tran_test_ineeger5 s - -
Hl data tan_test_integer gra restto
1l datz tran_test_integer ora

Bl deta wan_sest_prediczon andomsees 200 | @
Hl data_ceaned. 2

send i never v |@
v

<
I rioe agvanced parameters

Operators + Change compatilty (39,000}
g Help
» [ Data Access (56) 2 A
» [ Bnéna (821 . Process
» (1 Clnznsng (28) Recommended Operators [N P—
. core
PLLZ s £ Retriave o 1% | | EEsokct Atvbutes &8 6% | [ Sat Rk 2t 6% | | ) Aooy Motel e
» B Scoring (14) —
» [ vaktzcon (30) = e root operator which s
» I ey (23 Ceoin the outer most operator of
o ERE SOCc BER & Casesenstve (3 EVerY process.
@ GeLoare st rom e
Uemibs 0rag80109 an Exarpla S from tha rapostony or ick Loae Exaph Sat o1 eata new Examo Set’ o stat, R

M 3.5 1dsunsu Rapid Miner Studio 4ag i1 Import data

o o 9 9 Y o a glj 1 a 9 1 .
ﬁm%mmm@yamﬂﬂmﬂiu El“ﬁﬂ']!,uu@]\?ﬂ1%14@]"’1]@\1‘1]?]11“?31‘1“1@]@13 Attribute

9 v
meﬂnmsmmwm’feya AININA 3.6

olumns. X E

Format your columns.

i _| Replace errors with missing values (@

=
s | o~ sons © | Adnisson? & = pdmision & = Adisons © = Wit 2
integer

integer = == preger integer. mteger nteger
- M) Change role ®
1 1 0 A
2 0 ®  Please enter the new role 0 N
3 o 4 0
4 1} L1}
"l v 1
5 ! I 1°
6 1 id L1}
I \weight I |
7 1 v = e &
e
8 o U U U 0
9 1 1 o 0 o 0
10 0 0 0 [} 1 0
11 1 0 o 0 1 0
12 0 0 0 [1} 1 1 v
’ < [} >
@& no problems. -
a 4= Previous = Next x Cancel
: il W

' v
ﬂTINﬁ 3.6 mimm%uﬂ%gmmaz Attribute
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g Y g‘/ 1 a
Hlaaamaiia

9
Yoy

VOUADE Attribute AIAITN 3.7

M990 3.7 uaAwwlatoyaveAag Attribute
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No. Attribute Type Role
1 ID polynominal id
1 Sex integer
2 Admissionl integer
3 Admission2 integer
4 Admission3 integer
5 Admission4 integer
6 MajorHS1 integer
7 MajorHS2 integer
8 MajorHS3 integer
9 GPAHS real
10 GPA Math real
11 HTML integer
12 CCPP integer
13 PHP integer
14 Computer integer
15 Attitude integer
16 Review integer
17 Sub_eng real
18 Sub_lang real
19 Identity real
20 Sub_soc real
21 Sub_create real
22 Sub ict real
23 GWBD binominal Label
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A ¥ a9 ? - ¥ v Yy o dw
lueﬂﬂﬂqsﬁuﬂﬂlﬂy‘aﬂqlﬁﬂﬂﬁﬂﬂﬁﬂﬂllaﬂﬂgqﬂwaaW'ﬁﬂQﬂWW‘ﬂ 3.8

GWDB Sex Admission1 dmission2 Admission3 dmissi MajorHS1 MajorHS2 MajorHS3 GPAHS GPAMath HTML
1 1 o 0 i} 1 i} 0 1 3.260 2.500 1
1 0 o 1 o 0 o 0 1 3.020 2.500 1
1 0 1} 1 1] 0 1] 1 0 3.150 2.500 1}
1 0 a 0 0 1 0 0 1 2.750 3 1
1 1 o [} o 1 o 0 1 3.030 2.500 o
1 1 1 0 1] 0 1] 0 1 3.640 3.500 1
1 1 1 0 0 L1} i} 0 1 3.840 3.500 1
1 0 1 [} o 0 o 0 1 3.610 3.500 1
1 1 1 [t} o 0 [ 1 0 3.320 2.500 1
1 0 a 0 0 1 0 0 1 3.430 3.500 a
o 1 o 0 i} 1 i} 1 0 2.560 2.500 o
1 0 o [t} o 1 1 0 0 2.860 2.500 o
1 1 a 0 0 1 1 i} 0 3.070 2.500 1
1 0 a 0 i} 1 1 o 0 2.950 3 o
T 4 a n o 4 o o A aann a s

4 a 9 1 .
ﬂTINﬁ 3.7 UAPNFUATVDY VIR Attribute

v 2
3.4.4 Tupaumsaiia Tuaane 115153 Rapid Miner Studio A4l

= @ 9

& A A A . A vy
YUN 1 109N Data set LA 1adON Operator Multiply LW?Ji‘If“Uf]lJuaG]gﬂlﬂfJ’JﬂuL‘lﬂ
[ Y . . :
Tuaasiu1eHan1835 Decision Tree, Naive Bayes, Support Vector Machine, Neural Network
1 Y
uazgﬁaﬂ Operator Split Validation Lﬁ@LL“]_NﬂQlI Train QY NN Test VDIULAASIT NUY

y A ' Y ¥ o A o gquyua o A
ﬁ']ﬂ!ﬁulsb'@ujﬂﬂ Operator N ) leﬂﬂ'JfJﬂULW’(’]Vnclﬁlﬂﬂ Process ANNINN 3.8

@ Process » 7% P P f E iewH
s ay =
Yas " % =4
v -
v
v
I~ %
v
vy
i~ g
-p
v
a0
P
% )
=)
v
< >

MNA 3.8 M3adalumanuy Multiply
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6?1 1 3/ 1 a 4 . . . Aa v g 1 I 1
Yuf 2 A3AIM3101A05  Operator Split  Validation 31u3Teilusdoyasenilungy

9 Y F4
Train=80 % 118 NQN Test= 20% AIUUMIAIATUIAAL Operator Validation LA split =

relative, split ratio = 0.8 (Train set 80 %, Test set 20 %) LLﬂ%Lﬁ@ﬂﬂfjiJﬁ"JElEhﬂLﬁJ‘l.l Automatic

o d‘
ANNINN 3.9

Parameters

% validation (Split Validation)

split relative v | @
split ratio 0.8 6]
sampling... % automatic v | @

use local random seed ™ i

' v
v 1 a J
NN 3.9 NIIAIAINITIABS Operator Validation
:’J d' = o (% 9 o
YU 3 1990 Operator M5V 19 IumaiuIeg
m3a319laaa Decision Tree

1) W@ Operator Validation AN WA 3.10

) Process » 7% B 8 2
Retrieve data brain_te. Multiply , " R
PR LA e _
Lz _ % " I
| p
) [
b e 1/
L

NN 3.10 7M311a Operator Validation

4 @ @ K

B R JR

2) viadanila Operator  Validation WNUHTIA Traing 1LQg Teasing Tu

Hiena Traing 1aen Operator  Decition tree waz lumiang Teasing 319 Operator Apply

Y r 1
Model 118 Operator Performance 91ANY a1nt@1U¥ou 14 operator #14 9 18R WNei 14

109 Process AIATNN 3.11
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) Process » Validation » AP ap
Trainir Testing
Decision Tree Apply Model Performance
LB md) mod ¢y mod g g Ish b ‘ o
" owm thr (| 2 ¥ e per a3
wei thr “
4

MMWN 3.11 TuAa Decision Tree

g a 4 J a 4
3) MTENAINITINLADT Operator Decition  tree  AINWITIURDT Operator

Performance A901WA 3.12

Parameters Parameters

. Decision Tree % =

criterion gain_ratio v o main criterion accuraey v|a
maximal depth W 10 accuracy
apply pruning
confidence v 0.1
apply prepruning

— weighted mean precision
«a Hide advanced parameters.

+ Change comps

X3 Hide advanced parameters

' ]
v 1 a s
MNA 3.12 MIAININT AT Operator Deception tree , Operator Performance

9 v
(4 v A

Aan deception tree A9U criterion = gain ratio, maximal

v

v Y
AINHINN 3.12 31U El‘ﬁ
9 Y
dept = 10, confidence = 0.1 1agfAIA1 Performance @91 main criterion = accuracy TCEGRLIG

Mueszneudle m accuracy , weighted mean recall, weighted mean precision

v v
v A

YuN 4 Run laaa Lﬁa@,fhmmgﬂﬁm (Accuracy), MANULNUET (Precision) LA

AINNNTLAN (Recall) M3 Run TUABAININN 3.13
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f‘j‘f!”]““j".‘[ E@”’"’-‘”“ " e S| o | s oo

Ropository | Procoss I
@ Imoort Data mr ) Process » Validation » PP Pk W weH
[ I AU {0 004 - 22 k0) by Test
W AAum_2ways (15 340 P - 22 k) Decision Tree. Model Performance

I Anum_2ways_out12 ¢
1 o o 3540

Il CT628_Final_Exam_Data_Set_C ( 1318 1140 44 -5 48)
M dota tain_test_iteger 6 stapwise ol grod @ (01 5.
M data train_test_nteger 6 stepwise grad 2 level (517205
1 data tran_test_nkeger grad (51721 1533 4 - 5 k)

.-l
el
s g
rRER g
i

< >

| Oparators. x
|

MNA 3.13 M3 Run 13Aa deception tree

TwaziBuaTtgradniszaniamTuaa uansluiaded 3.5 mandswanazms
sziuma (Interpretation Evaluation) %1 60
mM3a313laaa Naive Bayes
1) 11la Operator Validation (2) RN Traing 1aen Operator Naive Bayes Hag
a1 Tesing 31N Operator Apply Model 18¢ Operator Performance g m%auim

Operator A4 9 AN UNIN1TINA Process Aan WA 3.14

NN 3.14 Tuaa Naive Bayes
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R a J [ A
NITAIATINITINNDT Operator Performance ANNINN 3.15

Parameters

3% Performance (Performance (Classification))

>

main criterion accuracy v @

accuracy
classification error %
kappa

weighted mean recal

weighted mean precision

::‘ Hide advanced parameters

H U a s
MNA 3.15 M5 1nes Operator Performance TuiAa Naive Bayes
d' a v dy g’/ 1 [ dy . . . A
INNINN 3.15 NUIVYUAIAT Performance AU main criterion = accuracy LaZlaon
o Y ! . . . .
HamuIelsznouAlen accuracy , weighted mean recall, weighted mean precision
msazeluna Support Vector Machine
1) 1ila Operator Validation (3) 1A Traing 1aen Operator  Support Vector

. y A ' Y 9 v A o Y a v =
Machine tazantauyeu 1o Operator AN 9 Winenuineih 1vimna Process A9NINN 3.15

_ o Process » Validation (3) » ;9 }3 =2 E j %—i' Eﬂ_‘ \

Training

SVM Apply Model (3) Performance (3)

mod o 'm mod ! lab lab % per e
thr 'tes_‘ unl mod per e1a ave
thr V «

MNA 3.16 Tuea Support Vector Machine
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g a 14
2) MIAIAINITINNDT Operator Support Vector Machine , Operator Performance

Hag A9NINN 3.17

Parameters
Parameters
% performance (Performance (Classification))
. SVM (Support Vector Machine)

>

A main criterion accuracy L Al6]
kemel type W radial v |@ =
accuracy
kernel gamma 1.0
kernel cach 200 classffication error %*
emel cache
cw 0.0 kappa
convergence epsion 0.001 weighted mean recal
max jterations 100000 weighted mean precision "

-
4% Hide advanced parametars aa Hide advanced parameters

' v
v 1 a 4
MNWA 3.17 MIAMMNTADT Operator Support Vector Machine, Operator Performance

Y
v v 1

H Y 2
INNINA 3.17 MUI8HUAIAT Support Vector Machine #43 kernel type = radial,

kernal gamma = 1.0, kernal cache =200, convergence epsilon = 0.001, f11 maxiterations =
100000 uazé?wh Performance @Tﬁﬁ main criterion = accuracy wazidenraruedszneuaie
f accuracy , weighted mean recall, weighted mean precision
msa319l1aa Neural Network
1) 11l@ Operator ~ Validation (4) Hiena Traing 1aen Operator ~ Neural Network

9 A 1 Y Y o A [ Y a
LLG%ﬁWﬂLﬁUW@NIﬂQ Operator AN 9 Hﬂﬂ’)ﬂﬂu!‘Wﬂ‘VIﬂﬁLﬂﬂ Process

L B v
) Process » Validation {4) » Vo) =S - |
Training
Neural Net Apply Model (4) Performance (4)
med lab lab per AVE
! %

unl mad exa ave

per
v v

MNN 3.18 lu1@a Neural Network
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g a 14 [ .
2) MITAATINISINLE DT Operator Neural Network, Operator Performance A4 1N i

Proce: Param
Parameters 1l Edit Parameter List: hidden layers X
nm
« Neural Net = Edit Parameter List. hidden layers
= _ A — Describes the name and the size of all hidden layers.
hidden layers - Edit List (3)... i 7/
. hidden layer name hidden layer sizes
training cycles 200
s1 22
learning rate % 0.4 i o ba
53 22
momentum %* 0.2
decay
| shuffie
v
.".* Hide advanced parameters

' v
o 1 =) 4
ﬂTINﬁ 3.19 MIANAINITTINADT Neural Network
Ao dy g’/ 1 .. . Y
Tuanuateiam training Cycle = 200, learning rate =0.4, momentum = 0.3 , 319 3
Y 9 H
hidden layer, #4f1 hidden layer sizes =22 @IUNITAIA1 Operator Performance AININA 3.13

Y
PUUNING Run uiaa

3.5 Yun 5 msudswanazmsisyilivea (Interpretation Evaluation)
v o A 9 ° ~ Yy v ~ A Y o
naannauiumMsadigluaainenamsiseualstoyayain 1 uaz ¥an 2 §Ie
HuauonamsnagoudsanininnisiiuIeds Decision Tree, Naive Bayes , Neural Network
1Az Support Vector Machine Tnalianudingynisnfieuiieuain1ugndss (Accuracy) d2u
AMANUUNUE (Precision) HAZAINNNITZAN (Recall) Lnauoiiollszneunanissinueg

o v a a Y . . . &
ﬁ’JE)EJNWﬁﬂﬁﬂﬂﬁ@ﬂﬂﬁ%ﬁ‘ﬂﬁﬂ1ﬂiumﬁ ﬂ’JUTﬂ‘iLLﬂ‘ill Rapid Miner Studio A4U

MSUAAIHAAIAINYNABY (Accuracy) AINTNT 3.20
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(@ Table View () Plot View

true 1 true 0 class precision
~——- ~——
pred. 1 TP | 34 ) FP |_ 3 ) 91.89%
P — /==x
o
pred. 0 FNOT 4 " ™ Ly 76.47%
class recall 47 81.25%

mwﬁ 3.20 uamwammmgﬂﬁm (Accuracy)

210NN 3.20 Accuracy 1D miﬁmamﬁmauﬁmauﬁgﬂﬁ’muﬁiﬂmﬁﬂuﬁ’u
Sunumaeunaaii U1 Tmaashine [39]

gATMIAIUIY Accuracy = (TP + TN) / (TP + TN + FP + FN) [39]

Ia EJ“ﬁ TP = True positive; FP = False positive; TN = True negative;
FN = False negative

11PN 320 ATfiM0NT LT IAe T YA 54 M99 HNTY TP = 34; FP =

3; TN =13; FN=4 N15%1A1 Accuracy fab
Accuracy =(34+13)/(34+13+3+4)
= 47/ 54

0.87037 W3D 87.04 %

MIUAAINANILUET (Precision) A8 AININT 3.21

| (@ Table View () Plot View

| frue 1 e 0__ class precision

~——% r S
pred. 1 TP | # ) EP ¥ 5 ) 01.89%
—_—r— = ~ S
pred. 0 I" 7N ™ | 3 76.47%
EN ! i |
class recall = = W% 81.25%

MNN 3.21 UAAINAAANUULUEN (Precision) (DAY [38]
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NN 3.21 MANULUE (Precision) W3e i Tuaaimedunaiaiida
W1sagn / mﬁiumaﬁmwinﬂuﬂmﬁﬁﬁﬁqﬁmﬁmﬁ’qgﬂuazﬁﬂ [39]

Wi 1 Precision = TP/A(TP+FP)

=34/ (34+3)

=34/37

=0.9189 ©30 91.89 %
Wil 0 Precision = TN/(TN+FN)

=13/ (13+4)

=13/17

=0.7647 W30 76.47 %

Mean precition =(91.89 +76.47)/2
=84.18 %

MIUTAINAAIANNTZAN (Recall) 1DAY AININN 3.22

® Table View () Plot View

class precision

~——— i' - b

pred. 1 TPl a Ty FP AR _ ) 91.80%
E == If- — L

pred. 0 EN | 4 ) N 13 ) 76.47%

class recall 89.47 81.25%

MNA 3.22 LAAIHAAIANINTZAN (Recall) 1nAE [38]

A 1 = A A o < Ao o A
INNINN 3.22 ANAUTEAN (Recall) AD ﬂTVITlJLﬂa‘ﬂTLﬂﬂLﬂuﬂﬁWﬁV]ﬂ1aQW§]ﬁm1

1 d a {o o A Z a
an /ﬂ”llﬁ@]‘ﬂTﬁmfﬂiﬁlﬂuﬂﬁTﬁ‘ﬁﬂTﬁ\‘]‘W‘miﬂnﬂﬂgﬂlmgW@] [39]
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Wieii 1 Recall = TP/ATP+EN)
— 34/ (34+4)
=34/38
=0.8947 1130 89.47 %
Wi 0 Recall = TN/ATN+EP)
=13/(13+3)
=13/16
=0.8125 W30 81.25 %
Mean precition =(89.47 +81.25)/2
=85.36
srvazdeanan1sTeuieud s ans NI uIgNanITs U 31AN1TA 319
Tinalasl¥3% Decision Tree, Naive Bayes , Neural Network @& Support Vector Machine Laig

a A a o A ] A 9 A
W ﬂ'lil,‘]_ldifJ'LIH/]EJ'U“]J53fT‘I/]‘ﬁﬂ'lWﬂ'li‘l/ﬂUT(’lNﬁﬂ']iﬁﬂu Iﬂﬂiﬂﬁl@ﬂaﬂfﬂﬂ 1 uag ﬂl@lql,aaquﬂ‘ﬂ 2

fseriiaueluuni 4 ae'ly
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maﬂuﬁ@ﬁ1muﬂﬂ1uiaﬂﬂiiﬁﬂy1ﬂmgﬁﬂyiﬁ1ﬁ3Nﬁiﬁﬂﬂ1aﬂyiw1N%@qﬂizﬁﬂMWﬂ
= a a o =1 a 1 ax
Wisumevlszansn e Tuman1siIvIoNanI15isouI%1 Web  Database 58131995
. . . o Y
Decision Tree, Naive Bayes, Neural Network L@ Support Vector Machine mnuali GWDB
~ a I = 1 . . A ' 9 9
(WaN558UI%1 Web Database) 11U Label ¥ 2 A1 (Binominal) A9 ﬂqmﬂmweh UNUAY
' = Y ya o a g Y [~
Key code 0 uag NANUINTAN LINUAIY Key code 1 gpﬂmﬁuewammmiwwmey’auanu
% dy
500U AU
A a Ia J a A Y9 ~ .
ADUN 1 Waﬂ15’JmiwW’Jmi18‘Viﬂi3@'1/]‘55111/!1%&@61@81%%639@1{@% 1 Attribute
Ay v o e Aawv A a Y o .
“I/Ivlﬂft]1ﬂﬂ1iﬁ'ﬂlﬂi1$%£ﬁ]ﬂﬁ1i\ﬂu’mEJ‘i/lLﬂEJ’JGUENiHu’Ju 22 Attribute
~ Aa Ia o Aa A Y Y ~ "
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Al d d A\l Al
4.1 fduN 1 wamaanziaNzidszanimnluaalasl¥vonayan 1 Attribute N1A210

U Q

v Y o

o ‘ v
MITUATIHIBNATNUIVNNS IV 314U 22 Attribute

~ = a A Y ! r.° . .
M1319N 4.1 ﬂTiLiﬁﬂﬂmﬂﬂﬂigﬁﬂﬁﬂ”mﬂ’l"mgﬂﬂ’EN (Accuracy) ANANNLNUYT (Precision)

= ' =3 ~ Y = 3 .
may Uag AMANUIZan (Recall) mag PFAVDYAN 1 MUY 22 Attribute

Algorithms Accuracy (%) | Mean_Precision (%) | Mean_Recall (%)

Naive Bayes 70.37 75.00 78.95

Support Vector Machine 70.37 35.19 50.00

Neural Network 81.48 78.09 81.41

Decision Tree 72.22 69.61 54.93
90
80
70
60
50
40
30
20
10
0

Naive Bayes SVM Neural network Decision Tree

0 Accuracy M Precision [l Recall

7N 4.1 MsfSeufoudse@nsn1nas Naive Bayes , Support Vector Machine, Neural

Network 1a¥ Decision Tree G};ﬂ%’auuaﬁ 1 91U9U 22 Attribute
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~ ~ Y o 9 A o .
NATITNN 4.1 Uag NN 4.1 ﬁ?ﬂllﬂ'n MIUIPAVDYAN 1 NUIU 22 Attribute

a o

Ay (4 4 A A Y 9 A o =3 a
Aldnnmsdunizienasiazaudssinnelies ad e luaaioriiuienanszouisn
Web Database W1 U52@NFAIM41111895 Neural Network A1) NADY (Accuracy) 1N
Nga 81.48 % 309891135 Decision Tree 72.22 % 619 UGANI075 Naive Bayes Lag Support
Vector Machine ﬁmﬂﬂmgﬂgfﬂﬂ (Accuracy) 10U 70.37 %

v ~ ' o . A 1 an

mummﬁ*aumau AIAULUUYT (Precision) RAY WUINIT Neural Network U1

9 .
ANMEIH Support Vector Machine 35.19 %

N 78.09 % 59999071395 Naive Bayes 75.00 % 8UAUNA1Y Decision Tree 69.61 % 1ag a1al
q
9 ~ 1 = = 1 Ay A
Mooy AANNTEan (Recall) A8 W15 Neural Network M10NGA
81.41% 509098175 Naive Bayes 78.95 % 0 UAUNA W Decision Tree 54.93 % Lag a1AU

9 .
(o] AMEIT Support Vector Machine 50.00 %

A ‘-" d i A
4.2 eouil 2 wamsanznimnzilszanimmluaalaglidoyayaii 2 Attribute ildarn
[ a < (Y o v
N3AANBIAILNITINTIZHNNNIADONHYY (Multiple Regression) HUUMSAMABNIAY

YU (Stepwise Selection) UM 6 Attribute

~ = a A Y ! ! o . o
M13194N 4.2 ﬂﬁnﬁﬂ‘umﬂUﬂﬁzﬁV]’ﬁﬂWWﬂ’NNQﬂ@ﬂﬂ (Accuracy) A1ANNUNUYT (Precision)

9 = o

ez MANYIZAN (Recall) YAUVDYAN 2 9I1UIU 6 Attribute

U

Algorithms Accuracy (%) | Mean Precision (%) Mean Recall (%)
(%)
Naive Bayes 74.07 68.57 67.11
Support Vector Machine 85.19 83.04 80.43
Neural Network 88.89 86.03 90.30
Decision Tree 79.63 78.28 83.72
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100

0 III ||| ||| |I|

Naive Bayes SVM Neural network Decision Tree

x©
S

(=)
S

IS
(=]

[5o3
S

[ Accuracy [ Precision [l Recall

an

2NN 4.2 M3TeuieulseansnnIs Naive Bayes , Support Vector Machine, Neural Network

D.

o .

1182 Decision Tree gAtoYaN 2 $119U 6 Attribute

v v
=3 o

~ A PR ) Y . a2
1INA13190 4.2 taz amd 4.2 a3 187 msihyadeyai 2 $19u 6 Attribute
@ a o @
1a91nnsAaNs8IdI8N15 1IN 121ANOADDINT A (Multiple Regression) HULMIAAERDN
9 i1
AAVVY (Stepwise Selection) mﬁ%ﬁﬂummﬁaﬁmwwamif{mmm Web Database W1131
Usz@NTn1MI1187F Neural  Network UA1A1U9NABY (Accuracy) HINTIGA 88.89 %
509994125 Support Vector Machine  85.19 % 81@UN@1MIF Decision Tree 79.63 % 8191
Y ax .
FANYID Naive Bayes 74.07 %
Y = 1 1o .. = 1 Aan
AumsifSeuion A1nNLUE (Precision) (RAY WUIIT Neural Network 410
ﬁt;m 86.03 % 39909U1ID Support Vector Machine 83.04 % BUAVNE M Decision Tree 78.28 %
uazaIAUGATIEID Naive Bayes 68.57 %
Y] ~ ' = ~ 1 an A
Aumanfieuon A1A1NTEan (Recall) (M@ WD Neural Network M10NGA
90.30 % 504894125 Decision Tree 83.72 % OUALNTIWAT Support Vector Machine 80.43 %

nazd1AUgANeID Naive Bayes 67.11 %
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Y a 4
4.3 aoui 3 manfSauwamsdnnznlszansmmlaadisdeyayail 1 fudoyayah 2

U Q

~ ! v a Y Y = ) =
M1319N 4.3 AANUYNADY (Accuracy) NTAUATIEUAIYUDYAYAN 1 LASVDYAYAN 2
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Algorithms AANUYNADL (Accuracy) | AINIWYNADY (Accuracy)
3 2 3 p
Yoyayan 1 YoyayaAn 2
Naive Bayes 70.37 74.07
Support Vector Machine 70.37 85.19
Neural Network 81.48 88.89
Decision Tree 72.22 79.63
100
80
79.63
40
20
0
o a 9 o
UYAYAN 1 UDYAYAN 2
Naive Bayes [l SVM [ Neural network Decision Tree

d' =1 1 9 Aax .
HNNN 4.3 ﬂTiL‘lEEJ‘]JL‘VIEJ‘]Jﬂ”Iﬂ’J”IiJQﬂG]@Q (Accuracy) 1% Naive Bayes , Support Vector

Machine, Neural Network (48 Decision Tree ﬂsljﬂuuasljﬂﬁ 1 Lmzijﬂﬁ 3

~ ~ Y = ' Y
ANATITNN 4.3 LLag NINN 4.3 ﬁ?ﬂ"lﬂ'ﬂ ﬁ]TﬂﬂTiL’LI%EJ‘]JWIfJ‘]Jf"ﬂﬂ'JnJQﬂﬁﬂQ

(Accuracy) veam31Fdeyagai 1 uazdoyayan 2 irnnewamsiou wun luaasineg

G q

9 Y A A 9 A 2 ax a A 1 an .
Iﬂﬂ‘lﬂﬁl@%}aijﬂﬂ 2 HATANUYNADN (Accuracy) PNHUUNNIT WIITAUITIYITWUIN I Naive

4 2 4 2 4 X
Bayes TN 3.7 % , Support Vector Machine (NUUU 14.82 %, Neural Network TWUAY 7.41 %,
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v ¥
AT Decision Tree WNAYY 7.41 %, uaza;ﬂ"lﬁm TuaamsmIuIgnan1siseuIu1 Web
9 ax o 9 . 9 o = 9
Database 713895 Neural Network UMDY 6 Attribute L“lﬂhl!,ﬂﬁ“lfnlﬂﬂ HATAITUYNADININ

ﬁq{s’] (Accuracy) 88.89 %

d‘ (%) v a d =1 Aa a
4.4  aoufl 4 MsUSummsfimes Neural Network stazmstfsaunauilssansmnms
ming
{ YA o o 1 a 4 ¥ 1

1M sngIve laiinuan1ns1limes luea Neural  Network 1iio3du laun
Training Cycle = 200, Learning rate =0.4, Momentum = 0.3 , 91424 3 Hidden layer, 1 Hidden
layer sizes =22 91AHANITITONUI11UIAA Neural Network 1f1A11NYNADI (Accuracy) H1N
Nga = 88.89 %

o 1% 1A Tauaa Neural Network ftvanzauiiga faveladuiunisnaaseliy
1 A J [ 1 a 14 1 c’o 1
AM151101A03 Y09 111AA Neural Network Iagnaaeliuamisiiimes 1nliaA1a1na1 uazgs

T a o A Y o Yo dﬂg dy 9 1 a 14 A

nMmsmeingave lamruaiuluidesdu Amslnes Tuiaa Neural Network inaaoq
Y5u Taunsiuau Training Cycle, 9119U Hidden layer, 9119 Hidden layer sizes, G Learning

rate LD ﬂ'1 Momentum

. o ¥
Training Cycle RRIGR mmuiauclumiﬁﬂug

= 1 1

< g 1% X
Hidden layer nued e Wuyui gNANITEHIN Input Layer N1 Output Layer 992
Unaednaolszansnmlumsisouivesuea

Hidden layer sizes MU1eD9 91U Inua (Node) ﬁ@gﬂu Hidden layer

. =3 Ay A o o ' \! 9 =
Learning rate ¥111803 USunandeutlasuiiminluuaag step 1unoaiiedla
4 1 901 o g.’l 1 4

Momentum #31899 MstydadIuveaiimiinlunssnouniiie update
1 @ A Y [ 1 a 1 [ a 1 A
anfagiiu medosnumgegaluuinalag (lilsaigegessen) nag anuaeiiiosoanism
e
AMnanga

Ha1NNMIUFuA WIS v0aTuaa Neural Network UAAIAIAITIN 4.4 - 4.7



71

M5197 4.4 HaN13NAAI5VA Training Cycle ¥99131AA Neural Network

Training Hidden layer Hidden layer Learning rate | Momentum Accuracy
Cycle sizes
50 3 22 0.4 0.3 85.19 %
100 3 22 0.4 0.3 85.19 %
200 3 22 0.4 0.3 88.89 %
300 3 22 0.4 0.3 87.04 %
400 3 22 0.4 0.3 87.04 %
500 3 22 0.4 0.3 88.89 %
600 3 22 0.4 0.4 87.04 %
700 3 22 0.4 0.4 87.04 %
1000 3 22 0.4 0.4 87.04 %

A13199 4.4 WUN 1WeUSTVUTIUIN Training Cycle Vod 1A Neural Network 1108

A Yo o

P 9
N1191UIU Training Cycle N9 uAYUlUT0IAY (Training Cycle =200)TaallSusiuau
Training Cycle = 100 11az 50 WU YsEANTAIMNITHIUIG AIANUYNADY (Accuracy) aAAY
3.7%

@

i191)5U$1U Training Cycle WINNIIFAUIU Training Cycle ﬁ'fﬁ sy
L‘ﬁyﬂﬂﬁ}u (Training Cycle =200) Tagllsuduau Training Cycle = 300, 400, 500, 600,700 4ag
1000 WUNU52ANTAINNITIIUIGVOY Training Cycle = 300, 400,600,700 LA 1000 A1
AUYNADI (Accuracy) AAAY 1.85 % @Y Training Cycle = 500 WUIIAIAIINYNADA
(Accuracy) 1IN AIANT9&Y (Training  Cyele =200) AINNYNADY (Accuracy) =

88.89%

9 l
[ Y o =

AIUUTIUIU Training Cycle MHNZAUTIMTU TUAATNUIBHANTITEUITT Web
A .. A = Yy 1y o Aq Y
Database 9 Tralnlng Cycle =200 Lu@ﬂ%Wﬂllﬂ’ﬂilﬂllﬂ1@11!1/‘16\1\111“&’(3333Elm’)ﬁﬂfli‘]ﬂu

a s Y
NIAATIEVBYD
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M5199 4.5 #an1INAaoIlSuTIUIU Hidden layer v04 Tuiaa Neural Network

Training Hidden layer Hidden layer Learning rate | Momentum Accuracy
Cycle sizes
200 1 22 0.4 0.3 92.59 %
200 2 22 0.4 0.3 87.04 %
200 3 22 0.4 0.3 88.89 %
200 4 22 0.4 0.3 70.37 %
200 5 22 0.4 0.3 70.37 %
200 6 22 0.4 0.3 70.37 %
200 10 22 0.4 0.4 70.37 %

GﬂiN‘ﬁ 4.5 WUM Lﬁaam"mau Hidden layer v94131Aa Neural Network H{ognn
31U Hidden 1ayerﬁﬁﬁiﬂﬁ1ﬂﬂﬂ%ublmﬁﬂiﬁju (Hidden layer = 3) Iag1/5ud1121 Hidden
layer anaensaaz 1 wuInlsEEngainnisiovesTuiaa Hidden layer AIAINYNADY
(Accuracy) Wi 3.71% a5z ansnmmssiunevesTuiaa 2 Hidden layer aAQY 1.85%

o111 Hidden layer ¥03111A8 Neural Network 110015149 Hidden
layerﬁwf%’ﬂﬁmuﬂ%uimﬁmé’fu (Hidden layer = 3) 1n01/50%119% Hidden layer iituASsay
1 nundsgansammsiiuieussluea Hidden layer= 4, 5, 6 A1A1UNADY (Accuracy)
anad 3.71 % taz Yszansmwmsmiuievesluma 10 Hidden layer anas 3.71 % 110U
Fa1fu $1U2U Hidden layer fnnnzauduiuTuaamuenansBeuin web
Database 719 1 Hidden layer 182 {29614 19 1uiaa 1 Hidden layer lun13naaeq15u Hidden

9
layer sizes, Learning rate (i Momentum Tuauneuae 'l
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5199 4.6 HaN13NAA0I5UTIUIU Hidden layer sizes 9411108 Neural Network

Training Hidden layer Hidden layer Learning rate | Momentum Accuracy
Cycle sizes
200 1 19 0.4 0.3 87.04 %
200 1 20 0.4 0.3 87.04 %
200 1 21 0.4 0.3 87.04 %
200 1 22 0.4 0.3 92.59 %
200 1 23 0.4 0.3 90.74 %
200 1 24 0.4 0.3 87.04 %
200 1 25 0.4 0.4 87.04 %

A15199 4.6 WU 1PAATIUIY Hidden layer sizes U049 1u1AA Neural Network

[

Woun11914IU Hidden layer sizes ﬁﬁﬂﬂﬁmuﬂ%ﬂmﬁmﬁh (Hidden layer sizes = 22) lag
1509111 Hidden layer sizes annenaaz 1 wutlszAnsammarinnevesTuaa Hidden
layer sizes = 21, 22,23 fAUYNADI (Accuracy) AfAY 5.5 % NINU

(s 1191 Hidden layer sizes Y94 131A8 Neural Network 110n315147Y Hidden

[

H 9 k4
layer i :"3 amvuaru luiosduy (Hidden layer sizes = 22) Tag1l5u3119U Hidden layer sizes

e

unsIaz 1 nuNdsganiamnsiiuieussluaa Hidden layer sizes = 23 A1AINYNADY
(Accuracy) aaad 1.85 % utaz Uszanimwmsinuievesluiaa Hidden layer sizes = 24, 25

AN 5.55 % 191U

9
[ Y

A9UU 314U Hidden layer sizes Mrizaud11su laaamuonan1sizeulI

@

Web Database 7® Hidden layer sizes =22 L fvelald luaa 1 Hidden layer, 22 Hidden

G
v

TunMInAaedd5y Learning rate 118¢ Momentum Jutuaauae 1y
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M15197 4.7 #an13NAa35UA1 Learning rate U9 141Aa Neural Network

Training Hidden layer Hidden layer Learning rate | Momentum Accuracy
Cycle sizes
200 1 22 0.1 0.3 87.04 %
200 1 22 0.2 0.3 87.04 %
200 1 22 0.3 0.3 88.89 %
200 1 22 0.4 0.3 92.59 %
200 1 22 0.5 0.3 92.59 %
200 1 22 0.6 0.3 92.59 %
200 1 23 0.7 0.3 92.59 %
200 1 24 0.9 0.3 92.59 %
200 1 25 1.0 0.3 92.59 %

A13199 4.7 WU 11/0aAAT Learning rate Y94 13108 Neural Network 110803171

=

. PN
Learning rate N7

@

o éj dy Y . 1Y) 1 .
oMY UATU 1 UIU09AY (Learning rate = 0.4) 1a81/5UA1 Learning rate anad
9
A5982 0.1 WU Learning rate = 0.3 Ysz@NTNWmMIniuieanas 3.7 % 1ag Learning rate =
0.2,0.1 aaad 5.55 %
d‘ A 1 . 1 1 . d' Iy
WBDINUAI Learning rate w04 Taaa Neural Network 41013171 Learning rate NHI9Y
Y 4 ] k)
Mruavuluiioadu (Learning rate=0.4 ) Taglsum Learning rate {tNUATIAL 0.1 WU
Useansmwmsmuieves Iuna Learing rate = 0.5, 0.6, 0.7, 0.8, 0.9 ttaz 1.0 HUszansnin

v
1 U % = 3

o ! . Y o ds! dy Y
Mg A AU Tuaan Learning rate NRIomMuavnluiody
Y ) 9 1
a9l u 1u91U98ATIUAT Learning rate MHaNZaud 115y Tuaasuenan1siseu
a A Yy v Jq . . .
1931 Web Database f19 0.4 — 1.00 1ag Q?%leﬂﬁlﬂfimﬂa 1 Hidden layer, 22 Hidden, Learning

Y
rate = 0.4 1lunInaasalSua1 Momentum lusuanouas
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M135199 4.8 HAN13NAA091/5UA Momentum U094 13198 Neural Network

Training Hidden layer Hidden layer Learning rate | Momentum Accuracy
Cycle sizes
200 1 22 0.4 0.1 88.89 %
200 1 22 0.4 0.2 90.74 %
200 1 22 0.4 0.3 92.59 %
200 1 22 0.4 0.4 92.59 %
200 1 22 0.4 0.5 92.59 %
200 1 22 0.4 0.6 92.59 %
200 1 22 0.4 0.7 92.59 %
200 1 22 0.4 0.8 92.59 %
200 1 22 0.4 0.9 90.74 %
200 1 22 0.4 1.0 70.37 %

A15199 4.8 WU 11JoanA1 Momentum V94 141AA Neural Network 1108071

)

5

[

1 A o dag dy Y [ g}/
11 Momentum NN ﬂmﬁumu“lumamu (Momentum = 0.3) Iﬂﬂ‘ﬂﬁ’u Momentum afa3A I3

RY

a2 0.1 WU Iuean1 Momentum = 0.2 UsZANTAINATIIUI8AADT 1.85 % uag luaan

Momentum = 0.1 aaad 3.7 %
11eLNNA1 Momentum Y04 10108 Neural Network 1411131 A1 Momentum 71398
Y 9 v Y
Avuavuluiiiesdy (Momentum = 0.3 ) Tas1/SUAT Momentum 1A NATIAL 0.1 WU

152@nTA1NA5uIevedINAan1 Momentum = 0.4, 0.5, 0.6, 0.7, ua 0.8 U5EaNTAINNT

P
o =<

o LY Y 1 d‘ YA o ¥ 1 a a
MUY NINU ﬂ‘]JIlILﬂ’d 1 Momentum mmﬂaﬂmuﬂmuimﬁmﬁ'u 1 aawlszansninms

o 1 S Y
mueluea A Momentum = 0.9 ¥AIANUYNABIAAAI 1.85 % ag luaa Momentum = 1.0

IAANNgNABIANRT 22.22 %

v Y 9 '
[ v A 0 [

Aai U IHIUITeATIUAT Momentum MrN1zaud 115U TuaaMiuIgnan1sisou

a A Yn o A ' Yy A A Y
791 Web Database A9 0.3 — 0.8 IﬂﬂW?%ﬂLﬁ@ﬂﬂ’] Momentum u’f]flﬂ'c:fﬂ 19 0.3 Gl,um‘iﬂium

U

Tuaa
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@ 1 a 4 o Y Ia o Y
%']ﬂwaﬂ1§'°]J§"1Jﬂ1W15'IJJWIfJ'§GUENTiJLﬂa Neural Network ‘V]ﬂ;‘ﬁ@’)ﬂﬂulﬂ

1 a 4 § {
AMW11NmesveTuma Neural Network iz a@uiiga Ao Training Cycle =200, Hidden
1 a J
layer = 1, Hidden layer sizes = 22, Learning rate = 0.4 481 Momentum = 0.3 TagA1m15130n 05

Y
v o =2

A (o [l 1 1 a o~ ya Ay 9 A o .
1/]”IJﬁ‘Uﬁl‘ﬂNLL@Iﬂ@INﬁﬂﬂﬂWWWiWNL@@iW@'JﬂﬂﬂWWHWUHGluL‘UﬂQﬁu A9 1UIU Hidden layer A0

=

910 3 Hidden layer 1418® 1 Hidden layer Haa4mal 131aa Neural Network H132@n3a1nns
o A dy 1 Y I A 49! [ ~
MUYNUUVU 1INAINNNYNADI (Accuracy) 88.89 % 111 92.59 % (NUU 3.7 %) AININN

4.4

accuracy: 92.59%

frue 1 true 0 class precision
pred. 1 25 1 097.22%
pred. 0 3 15 83.33%
class recal 092.11% 93.75%

MNN 4.4 Uszansanmsiue luea Neural Network

910NN 4.4 WD Tuiaa Neural Network I1A1A7MMQNADI (Accuracy) 92.59 %

AANVLNUE (Precision) IRAY 90.28 % AL AIANNTZAN (Recall) (RAY 92.93 %
d' a d L o d'd a A d' Y
4.5 aeui 5 agilwamsInsizii nazduaeumsinluaaiiflszansmmanniga 1y

45.1 wamsavonun lumswmsoudoya (Attribute) ot ud1 Tuaa unewanis
a aa 4 a @
{50139 Web Database ¥o9iidaavuna luTagnsAny auzAnyenans un1Inerdeysn
] a I 1 1 1
TAe1UINaN15i5013%1 Web Database 111 2 A1 (Binominal) Ao ngunsaneld uaz nquiniad
Y . A 1 1 Y o A k4 9
a711871 Attribute NdIHaADAINNNYNADIVBINTIINBUINTGA Usznouaredoya 6
Attribute 1AL
1) Sub_soc (1N3AMABNGNINIFIAN)
=
2) PHP (1n8i38101H1 PHP)
a Jd o
3) Computer (ADUNINOTAIUAI) Attitude

~ =) 9 <,
4) Sub_create (\NIANAYNYNIVINNNUAINATIA)
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{ 1A v o E4 a Y]
5) Identity (:NIADAINGNITIOAANHAINYIIINGIAY)
. 9= ' =3 Aa 9 A <
6) Attitude (ANVITNABNIFTHUITIAIUADUNUADT)
4.52 Uszansn e luman1siIuIeNan15i5813%1 Web Database Wan15398
J I i o o a
a31'147117% Neural Network 11135 msnih ldadwluaasiunenanisisouisn Web database
Taeldd01a 6 Attribute 1HA1AUYNABY (Accuracy) MINTGA 92.59 %
453 mahlueadngannisise Taunis Neural Network 111495 91uns
o a Aaa 4
MUIHANITITEUIW Web  Database vodtiaaarvunalulagnisdnyl ausdnuirmans
v 9
YNNG I DUUADUMIANTUNITALL
< an 4 o o
453.1 muvoyavesidaiionsinan1sison $14IU 6 Attribute Jsznow
1) Sub_soc (miﬂmaﬂﬂdﬁmﬁmu)
=
2) PHP (1A8158UN1Y1 PHP)
a d %
3) Computer (ABUWIINDITIUANI) Attitude
d' LY 9 A
4) Sub_create (INTARANYUIFIANUATNATIN)
$ 1T A v o a [
5) Identity (mi@m’éﬂﬂqmmmmaﬂymummmaﬂ)
o Y= 1 = a 9 A o
6) Attitude (ANVITNABNIFTHUITIATUADUNUADT )
{ Y] 4
4.5.3.2 ulaeugilioya (Transformation) 111/ad Key code vosvoyatiuiin lld

F1 Excel Tag Key code 91301319 4.9 441

M1351971 4.9 M35 Key code Toyadmsuvimnenanmsisou

MAUN ¥0 Attribute Detail Key code
1 PHP 1nBi5oUN1Y1 PHP 0="liny
1 =108
a Jd 1 @ (=}
2 Computer ADUWAUNDITIUAD 0 = "lai]
=
1=4
. =R ' =3 a Y a 4 1
3 Attitude Anuianaemsizoudnaiuaouiiuaes | 0= luyou
1 = ¥9U
. { 1A v @ o a 1% A =
4 Identity INTAMAINGUIFIOAANHUNNIING1GE I3 unsanuIIe
{ 1A [ Y S
5 Subfsoc Lﬂjﬂlﬂaﬂﬂquqc}ﬂaqﬂu Gl‘]fﬂ%ﬂ'iﬂﬁmfﬂﬁ
6 Sub_create | |nsamAsnguImanuadeasse ldrunsanuase
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a a a 4
4.5.3.3 1Walysunsy RapidMiner Studio t1az11a Process 1HAANSAATIEH

Y  Aax A 9 =
A3875 Neural Network NUMAANUYNADININN

] Y o = @ ]
qe LW@%%i‘BWTu’IﬂWﬁﬂ'ﬁlﬁﬂu m’amﬂuma

o = Y ax [ A
MUYAANITITIUAIYIT Neural Network ANNINN 4.5

Fle Edt Process View Connections Settngs Extensions Hep

N || - H - b Sl | fiews: Design Results Turbo Prep Auto Model | Deployments F ,O‘ All Studio ¥
Repository Process Parameters
& mport Data = @ Process » £ L =P L% @ £ % valdation (Split Validation)
lit lati v @
» [ Samples * reate
» Bl Local Repository (L=g=cy) Retrieve data train... validation <ot ratio 08 ©
» H DB (Lecacy inp c aut =
v samping type | automatic v @
use ot random seed @
\ %%, Hide advanced parameters
Opeulur; 4 COCEE, & I/ Change compatibility (9.9.000)
_ N . 0 0 .
g g train 80%, test 20%
Searct Datg Edi X ]
Pata train, Data test :
b 77 Data Access (58) A | B HE ©Sc BEE & Case sensive % p .
¥ [ Blending (82) 1 Split Validation
¥ [ Cleansing (28) 6 Attrlbute RapidMiner Studio Core
» [ Modeling (167) Tags: Divide, Separate, Part, Iraining, Testing, Holdout,
Panitions, Validations, Evaluations, Validation
» [ scorng (14)
b £ Validation (30) B
» I Utity (5) Ny This operator performs a simple validation i.e. randomly

@ Getmore operators fram
" the Marketplace

Drag&Drop an Bxample Set from the repository or click ‘Load Example Set’ or 'Create new Example Set’ to start.

splits up the ExamplaSet into a training set and test set
and evaluates the model. This operator performs a split
validation in order to estimate the performance of a v

v
=

a o ~ Y ax A £Y
NNN 4.5 Iﬂlﬂaﬂ'lu’lﬂwaﬂ'ﬁﬁﬂu@'gﬂj‘ﬁ Neural Network T]llﬂ’]ﬂ')']llgﬂm@\‘lil']ﬂﬂqﬂ

[

Fle Edt Process View Connections

NDEIE
Repository
@ Import Data =~

¥ [] Samples
» B Local Repository (Lesacy)
» B DB (Legacy)

Operators

b [ Data Access (58) -~
» [7]Blending (82)

b [ Cleansing (28)
» 7] Modeling (167)
» [ Scoring (14)

b [ Validation (30)
» [ Utiity (85) v

@ SeLmore operators flom
the Marketplace

tiings Extensons Help

b B ] lews: Design Results Turbo Prep. Auto Model | Deployments

L Al St@

Process Parameters
© Process » Validation » P PR 2P (4G @ F | ¢ Neuallet
_— A
hidden fyers ) Edi List (1)... i)
Apply Model Performance ¥
d - | training cycles 200 |
tra mod g |, mox mod lab lab % per e g = &
e ® mod per exa wed |, o i
Y B v learning rate 04 6§
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