Yoearianamaluladonsaums aaa,

A A 2 d A L] s Al
NTINAUHUA TDINDAUATICHINITHUTYUUN IDYNATUIYD
Tne38 Classification Tree

Analytical tool Development for Credit Approval

by using Classification Tree

Tag

HINAIAUNITIN 514715@791“5?)9]
YA
Audeu Y 22aLg 4] | —

98
tﬁ‘il‘fl‘.:t‘i_lilu.........

esovsoves

m-uanuﬁ'aa'a.@q“ ’ﬂVTQB'ﬂ 2545

nHpamyanoizmaTulaumIaUINA 690.7

s (2
919158015 nw1

J
WAL A9, 3TNOU NIYIZIAY

snufifudaumiiesinTassmsiaunszouny
nangasInemaasumadia awn3suna lulagars guma
maeudi 2 Imsfnw 2545
anzma lulagasaumne

f\'ﬂ'l‘UumﬂTuIﬂﬂWi "l)?]illﬂa']lfﬂ']ﬂﬂlﬂﬁ'lia']ﬂﬂi“ﬂ\‘l

-

L 0 A

*HOANT100Q*



v ¥ aa a A

Yorade msnanunIelelinsiziNemiuayumsoyiad e

Ta837 Classification Tree

vinfinun UNAIAUNITITU TUNTADINGIA
e'::; I's =
2191383 HALAS. 1NN NIYIAY
seauMsAnY Innmaasumtiugn avuna lulatarsaumsa
QYU MNMTAITAUNSA
Umseinmn 2545
) 1 ]
UNAAELD

TuTanvesgsaofiimsutedufuedings  viEndg wnsmuaamimaiiauasisnsi
° o o IR .. g a & A °
e lfsauanudiSamiloguds  Data Mining (uSnimaiiandisivienlovasgminnly

nuetunevhaluilegiu  iehlfaunsaihdeyaiiioghlfnuldedilsz@ninmuaz
a P a PR
AiaseTerinegsinnniga
L 4 [ 1
Tasemst 1Evimsanyuaesianunsesde  weldhelumslinnziianlsudiums
vaa A o ¥ 1 9 . . ac . . &
DYUATULYD Tﬂﬂuwagamqq ilENQﬂf‘l“lu‘m‘l Data Mining #A87T Classification Tree lWﬂﬂ‘l§1J
o o o 9 o o (d' 9 a [y nﬂ' d' o
wuanuduiuivesdoya taziwadnin ldunldlumsdszitiugni ieasanud@es uazi

o wa o N 4 =1 P o ;
WnsAnsaneyiaduiedulledfivssd@ninmnniy



Title

Student
Advisor

Level of Study
Major

Academic Year

In the high competitive world, many companies are trying to look for techniques and
approaches to overcome their competitors. Data mining is one of interesting technique that is widely
used at present in order to take advantages of data usage effectively in business world.

This project will study and develop analytical tool for credit approval through the use of data
mining with classification tree methodology in order to find relationship within the data. The result

of such relationship will be used to evaluate customer’s credit effectively and reduce the risk of bad

credit approval.
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&
1Re3udnaaY
g a . Qo a . 1 ' a £ ot
uonvIniudazmMATinYes Data Mining Nl Algorithm A199 YBLARZITAIE Famsoz
P=| 9) . n‘/’ dn! 1 as Y] (= ! [] o @ ° [ 9/
i@en1¥ Algorithm Imiu Aiuagiuiledenaisg ed1dn 1wy desiialumsi dnyazvesdoya

a 1) © Aa 2 e‘;’d 9 a P = n‘/’ [}
FUAYDIVBYA uazmmuﬁeganuau mmmsaﬂamﬂawmﬂﬂauuuﬂm 'H'lﬂlﬂﬂuﬂuu\lll

v

.
[y o

muwan  dddfgesnszuumaiunldegimsimuanguussdeyaissinni wazms
2 ° ° P=3 U d o 9 °
o819 Model  Famaiimsfmuauazdenldetiuvizaunds Aoz ldnavesmsin Data

.. ' v <
mining 151 li/edngadpanazsiaisy
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A o ' .. ~ a ad P o LY T s
i]’]ﬂ‘l’lﬂﬁ'l’]i]'l%%muvlﬁ"‘]'l Data Mining Nlﬂﬂﬂﬂllﬁ%']‘ﬁﬂ'ﬁﬂﬁ'lll'liﬂu'mﬂ‘lﬁ'mﬂgﬂﬁw'lﬁ

A -9 ! 3 1 o/ . . i o
FusvzdoudenlFliminzanfunulsziananeg uaztinegfiugluuy Application idnan1siia

indaudae Fre19ms1i Data Mining Tihlszgadldluaudiuane uaalugili 2.4

Target Marketing Forecasting
Customer Relationship Customer retention
Market basket analysis Improved underwriting Fraud detection
Cross selling Quality control
Market segmentation Competitive analysis
Predictive Database Link Deviation
Modeling Segmentation Analysis Detection
Classification Demographic clustering | Association discovery Visualization
Value prediction | Neural clustering Sequential pattern discovery Statistics
Similartime sequence discovery

314 2.4 @§19819015711 Data Mining 1111411811619 [Cabena et al. 1998]

d sy lassnuiannszyuauisstinausiioz 1435984 Predictive Modeling A28tMATin

° . & 1 [
Classification 18111 SLIQ algorithm 111s2gndly Fseznaniesvazidealuundalyl
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miffﬂﬂq'u (Classification)

3.1 ATINNMNEYUBA Classification HANANMITINU
. . o <& .. =lq ¥ < . . 2 A o
Classification (Fuimaiinnilaveq Data mining N4 Predictive modeling FIUMININIU
WU Supervised Learning na12fie gunsaadiauuudiasinstanuiany ldenngudiedieves
foyai lddmuaBinoudimih  uazaunsanennssinguusssiomsiida himainnsanuany
R 2 :
18de Famsiaulsznoudae 2 Sunsulng fe
1 4
1. YunouUMsisoud (Training Phase)
dlumsiuengudoyadiodns (Training Set) whn1sTinsizHlauld Algorithm ¥4
Classification tommsiSoui tagiimsadia Model ozansasfineiednazaiuduiug
3/ a 1 LA 9 £ S Ao A 1Y) °
voedoyafigonegogmelugiudeyn ¥ Model Hezlidnumznnguuosdoayagnmimsienies
<! 3 ' Yo LY VoA
poMilU Class 199 @39 Classification rule 1A% Class WA Class HNveTdnYULRMIENGUN
musassagleomniugluuuanudnius 14
} 4
2. FUADUMINATOULOYA (Testing Phase)
] ] L4
Test Data 92gni Ao UINOgAIUYNABIVOY Classification Rule Agnad1au1nng
- - A . . 4y &
ADUMS Training Tasduaoutezilumsne 13991 Classification rule Nignadauilanumug

avfvzansod ll 19t unqudeyalnig 1onse’ly

dmSumaiiafifouldlu Classification fuﬁagﬁmmwﬂﬁﬂ Ar08135Y
- Decision Trees
- Bayesian Networks
- Genetic Algorithm

- Neural Networks
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3.2 Classification Tree

Fumsthdeyauadg Predictive Model Tu31/404 Decision Tree Fausrasranglugiluu
vounuglidu’ld Tnsead19909 Decision Tree 9¥5NBUAIY Node A199) 1AY Node U3ngA9L
071 Root Node tdauandeltiili Node gn asfi Node gnfiorvazuanidiy Node #o'luisn’ld
quAnzsERUeITINNAT 2 Node 1A 1 Node Aiszfugamensifona Leaf Node Tasusing
AawBa Tree azuAAISINARIRAINMI NATEURDSAT2IAM (Classification) dIufiaugavos
azTnun (Leaf node) ¥04 Tree wufunduusadoyaiignianduamszanuasdoyaiitiog Tas
31 Root Node WMile Leaf Node vrfliffvadumadvaminiy  Sudumailozosurudangfild

dmsumssanunanyveaazngy

Root Node

Leaf Node
3UN 3.1 @29613994 Decision Tree

doAv93m5 19 Decision tree 1uN311 Classification
o ¥ lumsinutes dienfSsuifisufumailnvea Classification HUVDUY
ln:y A as 1 2 s
uaz liRundemsneinslumsadranmin
a do 3 a o o gd o v o
o Humnilafidedonsiaim sawiwadnid Idndsdemsinnudle
{ é o o o

o mait ldausoudaaiiunu sQL Fauilwazaanlunissamsiudeyalugudoya
® HadniA1deIn  Decision Tree  Unnugndeuniuduileifsuifsaiumatinves

Classification 11U 9

SuUnPUM T3 Classification Tree LT Y 2 daufD
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> )
1. Tree Building (Fudunoulumsada Tree 971911 Top-Down TasisuAuadanin
&MU Root node 1d21% Algorithm Tumsfiuasima Atribute Mmnzauiganiozldlunmsuan

NIBDNNI

o a A [}

3 [] ] 1]
. L. -l -3 ] A
2. Tree Pruning 1Judunsufisziimsfdanmiodiuvesdoyai hifeideseenly &
Hd { - = .A Qd’
dniiiRanndoyaiildlumsadra Tree 1adaudidofianain (Noise or Outliers) doyanHandd
d 0 o 1a o a ]
Salsngldtumaiinsade Tree Aflvnalngifiuly femivifailymmsdhtdeyanuan

gananniiull fiSunda Overfitting 158 Overtraining

Classification Tree 3 algorittm sgvatouuuldaunsadenld lasnalezuandiedun
@ A 4 a /o A A 4 . 4 o
nénnslumsadn wiemsidenmisfimesfezinsuanfuienezead e Tree viandnmisly
117 Pruning

A8 Algorithm Y94 Classification Tree

®  CLS(1966) . flunitalu algorithm 130UsAYBINIINI Decision Tree

L CART (1984) : Classification And Regression Trees

L ID3 (1986) . Induction Decision Tree WaIH1 1AY Quilan

®  (C4.5(1993) : Decision Tree Induction Algorithm éaﬁmuwiemmn ID3
L4 SLIQ (1996) - A Fast Scalable Classifier for Data mining

o SPRINT (1996) : A Scalable Paralle]l Classifier for Data mining
® PUBLIC(1998) 4inatin Tree splitting and Tree pruning Integration

L RainForest (1998) : A Framework of Fast Decision Tree Construction of Large Dataset

»
o o a’ = . A 1 ar
dmiuTasesnuianszuuauil ldden¥ SLIQ algorithm dwzaaiitasioazidunluv?

donolu
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3.3 SLIQ algorithm
[ .. . v &
SLIQ (Supervised Learning In Quest) 11U Decision Tree Classifier 3 Yuvyini dafinnu
ausolun1sy Classification Anuuudug Tagldinaiinvean1s Pre-Sorting , Breadth First
1 4 ]
Growth (nafialmimariidwld sLIQ aunsaszdamsseuranadoyavuialnguu Disk
{ o ' o 4 é Y { I3 { )
unufesiuumitsnnudweunies aegaflifugaiild sLiQ Whidsmsihaulsuazimune
#0N15%1 Data Mining
' 4 . d > ' I .
faihezlimsfinuiluGo Classification v udunaudwdluodn ua Algorithm 403
] L~ ° @ 9 1 ° ] z & o
Classification a7uIngingnesnuuuIndmiuhnulsznanauunizonrusuiniy Foild
oo [ Y da t . P o 1
$rvavannuaunsalumsiamsgudeyaiifivinalng miseenuuy Classifier 1 1Adad ey
1Y) Y i [] 1o 1o o
A1598AMIAY Training Data ilvwalng Sadenifuilgnindifiy SLIQ Algorithm 1dign
£ Ao o ¥ d ¥ ' ' o A
afreiuluguuui hisuiudeunudoyavinalnguumizsanudveunses
4pAvD4 SLIQ
9 a . o o o o 9t
1. ¥inniin Pre-Sorting lumssamsiudeyauuvudaey vldgrwaanalumsdszurana
4" (K1} = o A 3 A Q’l’
ioannhidealimstaisvadoyalming adl
2. Tpseadunsdansdeyn  Imaiunainveamsutsdeyaseniiu  Class list uaz
Attribute list 1&21¥ Index funsaelumsdrededeiy  dldewansuiavesdeyanly
lumsdszuiana
3. ansaldauiudeyadwaunnld  Tasfnsdianugndedlumsiaunoudnege v

Wemnsasosdumsveenivedszuyld (Scalable)

o o .. . 4 o 1 &
SLIQ fitnileufy Decision Tree Classifier 0Uq 211l fivszlinszurumsey 2 dunou Ao

Tree Building (18 Tree Pruning

® Tree Building
¥ »
T UABUUINT Decision Tree 9211MTIULN Training Data eoaud1q 108 Training
ﬁ ' A ' ] . 4 & e a A " W
Set szgaineaniiu 2 dau wiennanTaeld Atribute FaduneuiivzidlliFess sundia

[ 9/ 1 v 4* a A
adndoyaluudazd M9z AUAY Class 19 Class Mila
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MakeTree(Training Data T)

Partition(T);

Partition (Data S)
If (all points in S are in the same class) then return;
Evaluate splits for each attribute A
Use best split found to partition S into S1 and S2 ;
Partition (S1);

Partition (S2);

31 3.2 Algorithm Tum5a$19 Tree [Mehta et al. 1996]

® Tree Pruning
o a’ll Qy :i 1 .. ] 3/ 1
naanndunousnTUgAas 1519218 Tree ALY Training Data Set Goufosud o1
D e A 4 , L 4
wnedah uAazAignadaly Tree orvliduanilany (Noise) nFodoyatunnsodld ees

[ Ll
WlinadoRana1al8ilelinsi Classifying Test Data  fzifugalszasAndnuoanisi Tree

H
o a d o Y a

. d‘ o Y a ] & Aa P-Y

Pruning IMofsanefiszdhififadediawain (Emor) A1en  Tasnisifion Subtree NiidoRana1n
Y a
touhiga

11924 Tree Growth Phase Tiilyn1 2 dofifurdoatuilsz@ninm

1. 157¥0an19auenSIinIunvel Node Test

2. 1un Data poAITUE UG n&91N Split point gAIEDANE?

;.4 1 d []

U Classifier HULRUANYY 5 Depth-First Growth 1tazn155e3d0yas19 NN Node

¥pq Tree 93gn1HiWe 1¥1dn1s Split Y63 Numeric Attribute fidfiga ualuilogiu SLIQ vegnld

unun it luofin Tasmsldinatin One-Time Pre-Sorting 59UV Breadth-First Tree Growing

SLIQ Pre-Sorting and Breadth First Growth

111591 Pre-Sorting 9213 NAUAIUNISEIN List Y04 Training SMULARE Attribute (16N
pomn waantiuozadia List 341180 Gond1 Class list ol lumstade 4wy List veq
Attributes #4199 1671 Attributes List 32152nou'l1/&2e 2 Had #ip Attribute Value 1A% Index (i

31989904 Class List a@11u Class List fozilsznoulidas 2 Had A Class Label taz dniad
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§1115US1904 Leaf Node 11 Decision Tree 1uilAiag Leaf Node U904 Decision Tree HINUDINT
1114989 Training Data lagnisuiiegnimualiaeandsinsafuduniams@uniann Node
1907 Root dhufitiseenuniu usnuez 181614 Class List

SuduTasmsmmualiioaifiu Leaf 499 Class List Wanua® i@t Root 494 Decision
Tiree M&a01A1UEUTMIdaAOYDY Training Data TAUNTZIWAYEY Attributes Mfunng Lists

4 o . : o .
dalu 31/7 3.3 92130 %A Training Data ABUIALHAI Pre-Sorting

Trining Data After Pre-S orting

age  salary dlass age class lstindex salary class listindex cless  leaf

1| 30 65 G 23 2 15 2 1] G N1
2| 23 15 B 30 1 40 4 21 B N1
31 40 75 G 40 3 60 6 31 G N1
41 55 40 B 45 6 65 1 41 B N1
5| 55 | 100 G 55 5 75 3 51 G N1
6| 45 60 G 55 1 100 5 61 G N1
Age List SalaryList Class list

3N 3.3 fr9619m 3 Pre-Sorting

3.3.1 MSUANNIVBI Tree ( SLIQ Process Node Split )
£ 2 )
Gini Index gmﬂuawmminhu Breiman et al refbreiman lLﬂQﬂ‘I‘I’f’TﬂU SLIQ ums

dsziliumgafveeans Split Tutyumaqdmiy Attribute

L)
gini (T)=1- X p%

. J

Jj=1

windioya set T Usznonléed061991n n Classes Tne gini (T) sxgnAmuald p | (ilu
: P
Relative Frequency 84 Class j Tu T #1nNmsuenudauiia T (Juaeq Subsets fip T1 uag T2 ¥

1 4
Index v839Dya Gini 92gnuLI Spiit (S) 92 1AdnVMLH
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gt (1) =" Lgini(ry)+ 2\ 2gini(r)

Taef N1, N2, 1oz N 93RS 149UY04 records 14 T1, T2, 48 T HAIINMIAIUIN 9A
' v ) . ., a2 . . H o 4
#if1 Gini Splitting Index 1attAOUAY Salary attribute list ¥4 Split points 11 5 ldgAAMuAIRDM
: o .
yafiily Gini Splitting Index Value 4azffl 14 Gini Index Value N@nNgARD (<=50) szgniden

u Split point

Possible split poards <40 <=9 <=70 =<=80 <=]120
Salary Class
N2 | N3 | N2 | N3 | N2 | N3 [ N2 | N N2 | N3
40 | B
-1 —_— G 0 3 0 3 1 2 2 1 3 g
60 | G
-1 B il 1 1 a 1 fi ] il ] 8]
(ENe
_— o3s i 1] 0z2s 033 0335
100 | G
- <=3 ==70
G2 = I- (0."1) (1!1) = Gim(N2) = 1-(1."2) (1."2) = 1/2

Gini(N3) = 1- (33 - (/3 U Gini(3) = 1-(212)° - (02" = D
Gin(splif) = 1/4% 0+ ¥4 *0=0  Gin(splity =24 *1/2+ 28 *0 = 14 = 025

o

31U 3.4 §19613M3MUIN Gini Index

¥
TuAIR NN Data Split 910 Leave Manunazganseiuazdsadulindon i split

{1 o s o ' <&
point NangaszgmAy 13fudaz Leaf Node Tab Algorithm Aand1792UaABNNTZUIMMININLA
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EvaluateSplits()
For each attribute A do
Traverse attribute list of A
For each value v in the attribute list do
Find the corresponding entry in the class list , and
Hence the corresponding class and the leaf node (say 1)
Update the class histogram in the leaf |
If A is a numeric attribute then
Compute splitting index for test (A <=v ) for leaf 1
If A is a categorical attribute then
For each leaf of the tree do

Find subset of A with best Split
311 3.5 Algorithm Tumsuanfs [Mehta et al. 1996]

11158 1UI8UN Gini Splitting Index §115V Attribute vl Class Histogram N#AANUUIN
flUuAag Leaf Node ‘ﬂ%gﬂ‘i’fﬁﬁ SLIQ Tumsihuezen Frequency Distribution U893 Class Values
TaodoynazRoansafufi Node thuq S0 Numeric Attribute TiiugIAY Histogram List a2iflu
g ludnyaz <Class, Freq> 1tz 1 Categorical Attribute s3uana1afiuTagezidlu List uuy 3 $osde
<Attribute value, Class, Freq> Tugﬂﬁ 3.6 uaasdamsmm Split point 910 Salary attribute
dmfudufiaesuos Decision Tree céﬁﬂuﬁf':ﬂzﬁnqﬁiu’faga'lﬁ'gn Split 910 Age attribute 31ABY
(&2 1au14 split i Age<= 35 uAaz Class Histogram szaziouldifiudansnsze1ve4 Leaf Node
Fuuwainein Decision Tree Tugilfi 3.6 f1 L szmaneBamsnszneiivimels Tuvasdion R o2
nnede wadniuosnmsnageuiliimels susnly salary list ozidlu N2 anfu ms Split afq
usn%zgnﬁmuﬂﬁﬂi’ﬁ (Salary<=15) 1131 N2 (lagndans Split 1INAIDYNAINGT (Salary 15,
Class Index 2) milZezde I lUmadhovesnmiety uazfimde lunwvesi Hanuad
Class Histogram 989 Node N2 fozgniiufin deinfio Split (Salary=<40) agnfnual3dmsu
Node N3 Tngdsms Split 91n#206198and17 (Salary 40, Class Index4) szogiitadoveia taz

. . ' ;o &
Class Histogram 494 Node N3 v¢ijufinmsiasuinlasinipatu
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N1
salavy  class listindex class  leaf
15 | 2 | 1] o | N2
40 | 4 | " B |2
60 6 31 G N3
5 B N3
6 1 R 1 1 1 3
75 3 51 G N3 N ______N3___
Update class his and
00 | 5 sl ¢ | N3 B e ol 2
b G B G
S alary List Class list L 1 0 0 0
R |0 1 ] 3
N2 N3
Update class histograms and
Evahiate fixst solit for rode N3
B G B G
LI 1 o 1 0
Rl o |1 o | 3|
N2 N3

31 3.6 Ar0d19vBIMIUANTI

1 4
1437 Split Y83 Categorical Attribute 11 SLIQ 921435 gnnanlumsfmua Subset
) 1 4
Y04 set S (1ALA1VDI Attribute 1A8TS14IU Element 11 S A0aT08n 71 Threshold HiTUIY Element
1 . Q' d‘ = é ' 1 [ U o Oy
s #114910 Best Split vzgauiud 1R Set Buves s Fehaddr aszuaumsfsnaazieg 1y

Sovq Taoh lilimsasui)asvoanis Split g

113 Update Class list
»
JunpunelUffiomsa¥1a Child Node dmiuunas Leaf Node Hazn1s Update fi11u

., daw ) a
Class List %414 Algorithm a3 3.7
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UpdateLabels()

For each attribute A used in a split do

Traverse attribute list of A

For each value v in the attribute list do
Find the corresponding entry in the class list (say e)
Find the new class ¢ to which v belongs by applying

The splitting test at node referenced from e

Update the class label fore to ¢

Update node referenced in e to the child corresponding to the class ¢

gﬂﬁ 3.7 Algorithm Tums Update Class list [Mehta et al. 1996]

finrsanguii 3.8 9z Class List gn Update #89910 Node N2 tag Node N3 g Split
20NAWY Salary Attribute =‘§4mu Algorithm fl,;u Salary Attribute WIAUNUAE Class List Entry
(Entry 4) Feflnnufedoafusiune Salary fiD 40 929N Update $uusn Leaf Tu Entry 4 984
Class List 92gn14lumsfum Node Aigeludothafiogud (sulu N3) wéenny split fign
idonTlay N3 ozgminnlFlumsduni child A lna c}?a‘luﬁ"aaduﬁagjuﬁa (¥l N6) Wad Leaf

A [ \ 'd‘ o J
494 Entry 4 U Class List 9290 Update 1o I#deandesfum Inifiniaiu
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age classlistindex  salavy  class list ivdex class _laaf
23 2 15 2 I} G N2
30 1 40 4 B N4
40 3 60 6 31 G N3
45 | 6 65 | 1 B | N3 |—» N6
55 | 5 75 | 3 5] G | N3 | Hewvahe
55 | 4 100 | 5 6] G |.N3
Nl Age =135 .‘.n.
’
N2 N3¥ s
Salany <=40 Salary<= 30
N4 N5 Né N7

ar L)

319 3.8 @re19lums Update Class list

3.3.2 Tree Pruning
Y & Yy a 4 A o 4 a ¢ &
Tumsadie Tree Favzdealimsuanivnaliifosq Wy Weuaniasueeduuda 15192

¥ v A 4 & ad o g v d =
At IMIAANIYDY Tree YINIODN IN1IE Tree NNWNNG udniu Nezuaaslvimudena
= a 9y U .. o A Y 1 o . a8 v
wwﬂnmawagamamu‘lu Training Data aummmnmnmagamamuwmwzlﬂu Noise 13184
Wmsdafantisnuniutededesiqaeenty  edlumsifudgqunmees Tree uaziiiu

o a v [ 2 Y ° . <
msUfuudmsdangu (Classity) Yoyalifiullodragndes Fandnnisdieauueens Pruning A
fio msfmdamsuanialuszAud19qved Tree 1A Estimate error rate ga°) (#0141 Accuracy ¥4
Tree ﬁﬁ?ﬂﬁﬁﬁﬂ

a [ [ o R .
MATIANTS Pruning @w1sausia1fiiiu 2 inatinfie Pre Pruning 18¢ Post Pruning
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®  Pre-Pruning

L4 o o Q. A‘ ﬂ’l‘ 3 1 é (-3 {
sxhmsddai Tasmsngamsuaniafaud lugamsade Tree ¥192i117 Node g

y &

1 A = g 3 aa
uangia'l paeiu Leaf node Falatndvzilimsiasm1aada vson1 Information Gain (Wovon
DINUMINZAUYDIMSUANNY fwudwavesmsidenamangalunmsuanfslosndin
4 Gyl Q' d 9 A d 4 { Q 1 1
Threshold A1} msuanfsfezgaiivngaas ddiduiFownfivgimsidons1 Threshold i
(MUY
® Post Pruning
° 0w a P> 4 o w9 o w_Aa a a
whinsiidanioentin Tree filmduiiudr Tasnsdidaniunsneenly Tashudas
o o J 4 ﬂ’l’ g A
TnuaezgmiMsfMuIumIal Expect Error rate 100 SubTree 14 Ivuarugndalyl dadinis
° ' J $ o d v ° "o o °
Pruning 1 1¥#1 Expect Error rate §a%1 Subtree Wufvzgaunue1 1 uadniidmidiashosiims
o 4 & [ ° 4 ° ' J
ﬂﬂmuuaan"lﬂ LOEMARINTIMNT Pruned Tree 11&7 Test set NITPNUINININT Accuracy YDA
& .. { 1 ° o o
a Tree 4 Decision Tree N 1A Expect Error rate mqﬂﬂ?a Accuracy qqqﬂngmﬁanmuﬂ%
a g4 a ° a ' o e a &
wennnaeamatiniindeniin1sAi9san1 Expect Emor rate udafialidnmaiianiled

Ly 2

fe1sades U Bit N921411ums Encode Model 1A# Best Pruned TreefoA a4 Tree 7 1481171

3
A o

A o [ ] o
findrgalums Encoding Favih 1 ludelimsuisdeyasenluiflu Test set

Cross Validation

gy Tasenuiannszuuiilesams Pruning Tat1$inATIAYE4 Cross Validation Fufy
(NATIAULY Post Pruning lAoveyiimsiiie ngudeyauuugdy (Random) eeniluaeidiufe
Training Set 112 Test Set Tnv%veadoyaiioe 19y Training Set uag Test Set ﬁi‘fuagﬁuﬂﬂﬁu
wanweta 15y $wandoyaiivog

FIMANMSMIIUYOINST Pruning LUY Cross Validation ffp 921nsi¥af Accuracy
voeTnuafilsenoudae Sub Tree TuiiovmsniFoudfiount Accuracy 5¥M319M58 Sub Tree fiu
M3 13l Sub Tree iy lvulan Accuracy Andifiu

Favtugnimsnudam Accuracy ¥84M5 1T Sub Tree AN117150 Sub Tree Asgiims
Pruning @R Sub Tree vhuna uazﬁ%zmmsﬁ1°§1"l1lx‘§auTﬂuﬁ'umn9’hufhwaquﬁ'muwm

Tree 9UNTEV 14T Sub TreehozAo 1¥1HAMS Pruning
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11530 Accuracy
1 o A‘ o L d' - 1 1 o 1 1
ATIINEY (Accuracy) HudAsdwnlfidudriasnnunind lumsinisngudeyalu
] v ¢ [} 3 ] [/ §
ouina wie nqudoyai lildrumsBouiinneon Fuzdudoyan1dlums Pruning tazventia

MALUUEIUDY Model N1 101

dld’y

myfannuinug nsdingueniiianuaiud e 90 % vesnreufidlu Positive
sample 81993 ligndeaiin ﬁ'ﬁagaﬁwﬁtﬁuq 3-4 % Y99 Training data FuhiTafinednan
amuiuiri¥msudangudeyamsfinsanlunnqmiidulilBvesdeya

Sensitivity 1Jumsiaanuannsolumseadigilisuees  Positive sample Tuvaizii
Specificity (Junnuannsalumseadigiiinuues Negative sample §4ﬁqﬂsﬁqaun1sq’fnd1qf
Taul) Precision HumsSanlesidudvessnudeyafimaiiaziiu Positive sample 1dar1934q 7

(T Positive sample

Sensitivity =t _pos / Pos
Specificity =t neg/Neg

Precision =t _pos /(t pos +f pos)

Tagfl  t_pos A S1uuveasidlusiavesdoya Positive
A o 1A a - .
t neg A1D mmwmmmﬂuﬂswamga Negative
A o v -] Y "
f pos fiD mmwmmmﬂumwawaga Positive
Pos fio $1uuvesdoya Positive

Neg fio $1u2uv0d0Y0 Negative

& o ' [~ o o '
FIMIAMIUMA  Sensitivity 1ag  Specificity ez ldsiamisadhimsman

1 ] do a 1 '

Accuracy 1A1AY @UNISMITHIA Accuracy voglugduesfenBuiua  Sensitivity g

L d
Specificity Aeaumsdnaaisil

Accuracy = Sensitivity * Pos / ( Pos +Neg ) + Specificity * Neg ( Pos + Neg)




25

Tash  Pos fio S1uruveIdoYR Positive

Neg fio $1uuv03d0Y0 Negative

[ 4 ]
venenilisdiaunsaimsnSouiioy Model iad1971 Model lafinnugndoaluns
@319 Model 9ndayagaifioniy TasmsifSeuisuaindr Accuracy 114 Tau Model #iflan

Accuracy ganuaaNiinugndeslums Predict Arvosdoyaga



UNn 4

(7Y LY

szuvativayumsioseneiaayeliiesy

¥ ' & o o y S o
1uunﬁ%znanﬁaswamﬁuﬂmﬂuﬂmmszummﬁmmswmuwu mnmmsmsum’faga

n’: o o v 2 9
TUADUMITNINIUVDITZUY AadAdMTIIHaaNEN 19 1114w

(v 4
4.1 Tnguszenn

¥ ) 1
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Ingndlddseu Maludwdnvaiziald wu o1y e msAn o1dw 51014 vaq sl
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a o -~ o R 1 a ' 9 2 o

WoANTIN HUMLBIMT9s 1AM Relation U0 Pattern A199) Nigouagludoya %9 Pattern A9
1 4 v [

nantazthvednslumsmugugua  wazuSmisanudsaninms I dude iy luedulivs:

AnTmn

42 nFesfleflflumsiannszuy
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