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Decision tree induction is a major task in data mining and machine learning.
Data mining is the process of extracting useful and yet unknown information such as
patterns or association hidden in stored data. Among various existing techniques applied
to search for interesting patterns, decision tree is one of the most popular tools used for
data mining. Most data mining techniques are data-driven, however, data repositories of
interest in data mining applications can be very large and noisy. Noise is a random error in
data. Noise in a data set can happen in different forms: misclassification or wrong labeled
instances, erroneous or distorted attribute values, contradictory or duplicate instances
having different labels. All kinds of noise can more or less affect the learning performance.
The most serious effect of noise is that it can confuse the learning algorithms to produce
complex and distorted results. The long and corhplex results are due to the attempt to fit
every training data instance, including noisy ones, into the concept descriptions. This is a
major cause of overfitting problem.

Most learning algorithms are designed with the awareness of overfitting
problem due to noisy data. Prepruning and postprocessing are two major techniques
applied to avoid growing a decision tree too deep down to cover the noisy training data.
These techniques are tightly coupled to the tree induction phase. We, on the contrary,
design a loosely coupled approach to deal with noisy data. Our noise-handling feature is
in a separate phase from the tree induction. Both corrupted and uncorrupted data are
clustered and heuristically selected prior to the application of tree induction engine. We
observe from our experimental study that tree models produced from our approach are as
accurate as the models generated by conventional ID3 approach. Moreover, upon highly

corrupted data our approach sh‘ows a better performance than the ID3 approach.
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play Wi munevesmsi classification #aiiud 4 wenn3taani lemavimihiitiuTvua

54 uansmsusangudoyavoudazuenniiag ladagld 2.2
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—
temperatu@
e

hot/miid! \oooi
m;égmm. Jos W§es
yes yes yes
no yes yes
no yes no

no

no

no

no

no

humidity

normal

yes
yes
yes
yes
yes
yes

no

\\_‘//
false / \true

A o Y 1 aa da o Y ~ v A
qij‘]hfl 2.2 mimuuﬂﬂlﬂgammtmazu’a‘ﬂ%smﬁ‘nmwmm{luiﬂuﬂmau%




4 v oA ¥ oy o
MR 2.1 deyaanmermasznoumsdaduludu/ lidunodd

Outlook Temperature Humidity Windy Play
sunny hot high false No
sunny hot high true No
cloudy hot high false Yes
rainy mild high false Yes
rainy coo! normal false Yes
rainy cool normatl true No
cloudy cool normal true Yes
sunny mild high false No
sunny cool normal false Yes
rainy mild normal false Yes
sunny mild normal true Yes
cloudy mild high true Yes
cloudy hot normatl false Yes
rainy mild high true No

@ 1 { Xy
nndreddeyalunsad 2.1 wavesdeyain T Ysznoudiedeya 2 ama fio

1 & 4 [}
play = yes uag play = no nsazszyndeyaniiusanesaoylunnia yes nie no Aoams

R

t4
o~

Psnadeyatlsznoumsdaduleiwunaaiadsil

[ 9
. =S < ° @

info(play) = [ - (A1wdvesmsdningdeyaitlunarda yes / Swudeyananua)

= Y o o Vv g/l
x log, (ANMBVeIMIUsIngdeyailunand yes / audoyananua)]

1 ¥

+ [ - (mwdvesmsilsingdeyaiiunaia no / Swudeyasiavua)

= o & o Y i
x log, (ANBvaIMIYUsngUeyatiunaia no/ 1audeyaninua)]

1

- (9/14) x log, (9/14) - (5/14) x log, (5/14)

Il

0.940 bits

ﬂﬁ%m%'m?fullﬂéfﬂﬁﬁlmﬁaﬁ‘imunﬂmmm%’ay‘aa@mﬂu play = yes %39 play
= no  dealideyaninuennitidmadaTnuadsenoumsdadula  dudsnuenniiiog
outiook wAesmstlFinadeyaiuitedssneumsidonama fail
info,. (T)= (5114 x [ - (2/5) x log,(2/5) - (3/5) x log,(3/5) ]
+ (4/14) x [ - (4/4) x log,(4/4) - (0/4) x 10og,(0/4) ]
+ (56/14) x [ - (3/5) x 10g,(3/5) - (2/5) x log,(2/5) ]

= 0.693 bits
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v

A1 info(T) HiGenlaoned1an m entropy Fatlumwes impurity Munedaa

| a 3 f 9 1Y N ' ' 1
WivTgnivesngudeya nseminaziuvesdeyanama diiimgaaaiideyadisnane

Yzaludunaildnsdwundoyalid 91na1 info voaennINIA outiook aIsARILINA
gain 18daii
gain (outlook) = info(play) - info .. (T)
=0.940 - 0.693
= 0.247 bits

v A YAy Y A a ' o g y Y
HUND ﬂWNﬂJQMﬁﬁlﬁiJﬁﬂiﬂ [HAWDTUIRINAT outlook %wmga“lmu %Zﬂ@\ﬂ‘lﬁ

L]

9 = Y ywz L4

' b4
Foyaiiudn 0.693 bits Jazuenaarangniesvesdeyalnuilld daniu gain nSerss Tvand
3y

@

H = aa o =y [ =3 aa 4
Alasuninmsnasanuennitan outlook fin 0.247 Ua A1 gain VBIBNANLBNNSTTIIA
¥

1aun temperature, humidity a2 windy A ldaatl

gain (temperature) = info (T) —info

temperature <T)

0.940 - 0.911

1!

= 0.029 bits

gain (humldlty) info (T) - infohumidigy (T)
= 0.940-0.788

= 0.152 bits

|

gain (Wlndy) = info (T) - im:Owindy(T)

Il

0.940 - 0.892
0.048 Dits

1l

ot

. v
aa [ . v W aa J

wenn3iAanIda gain gefiga fie outlook AaiuKENNTTIN outlook TagaLden
ﬂ o Yo a v A an o o ' o ) Y
WuTnuasinvesdu lddaduls uailossinuennstag outiook daliansoiangudeyald

o s 3 = H 4 a ' {
Wunaaderduioma (nsan1denguf 2.2 insd outiook = sunny Sangudeyafiiiu

© o ° o [
AR yes 91U 2 15ANBSA UazAR1d no 119U 3 15AABIA NI outlook = cloudy Jadoya

Sl‘ﬂ 3 - o i I Ty P ﬂ o

Iaiflunaia yes Waimsnnada uaz outlook = rainy sanqudeyadiiiunara yes $1uu 3

o ° J v a @ [ ¥
I5ANDSA HarAAE no UM 2 3aneta) demesadiedu lddadulalussdude lle 1

I3 L4
Iwundoyannid yes eanvinnara no Tdauysel



3 oo ! a = aa o4 3 Y 1
Junouludriduae lvzAnsundeauenniiidnezuuduinualusedud 2 do

Vo o A o 4
91nTnuain lunsdl outiook = cloudy liswiudesadralnuaiindy fosnnauise

. Vv 1
suunngudoyaiiiiunaid yes 1dianua (310 2.3)

suy cloudy rainy

a

310 2.3 TassadedulidadulindimadonTnuasin

aa o o a
wennsthanawnsagnidendluTnualuszdun 2 dszreudin temperature,
R aa o i =y 1t a
humidity uay windy ann3iiaf outiook v lugnlddn mszaniwermee: lufilemaiiia

m&;miﬂf outlook = sunny AND outlook = cloudy)

a ¥ kY 9 = Y A aa
W“lﬂ'iﬂﬂﬂ']‘Jﬂﬁ'lﬁiﬂuﬂgﬂﬂTQﬂ]ucﬁ'lﬁlN@ (outlook = sunny) DUABALUDINNILIN

r=1

b4
temperature 3XATUIUAT gain 1AA 7]

gain (temperature) = info (outlook = sunny) — info outlook = sunny)

temperature (

A o e P < Y =
1493910 outlook = sunny ﬂ@ﬂ’qu%y‘am‘ﬂuﬂmﬁ yes 2 LIAADIA LazUoua

G

e ¢ v o
Lﬂuﬂmﬁ Nno 3 LIAANBIAN AIUU

info (outlook = sunny) = ~—xlog2(§)—%xlogz[~)

0.971 bits

H

1

IO mpecsiure(QUIOOK = sUNNY) info ([0,2], 1, 1], [1,0])

.+.
(VRN

X

|

|

5}
o

[

|

|
N | —

X

S
oQ

[\}
TN
DO | -
]
[T T W ——

= 0.4 bits
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gain (temperature) = 0.971-0.4 bits
= 0.571 bits

4 k4 o 1 ' an o -
iio outlook = sunny udImaassdwunngudoyane ludroneonniiiag humidity

1
=4

¥
o ! . Y o 1 . @
Az windy 3ERUIMA gain 1aRsdl (udaemmmsilSoufoum gain Tdaagalii 2.4)

a

gain (humidity) = info (outlook = sunny) —info,.,, (outiook = sunny)

1

0.971 —info ([0,3], [2, O])
0.971-0 bits

I

0.971 bits

H

gain (windy) info (outlook = sunny) — info

wind

y (outlook = sunny)

H

0.971 —info ([1,2], [1, 1])

0.971-0.951 bits

= 0.020 bits
{:C;LAJtio&}h\‘\)
sunry *1\‘\ sunny . e
- VAN - e :
Chumidity (owindy
high .~ false /Y
/ ' normal 7
H na yes yes
o ves no
. "o
gain=0571bits |~ gain = 0.971 bits gain = 0.020 bits

P =4 = 1 . aa  d o A
319 2.4 1feueun gain vesuennItiA IusEAUN a0

=t = ' . o A ' =
mﬂﬂﬁlﬂﬁﬂﬂmﬂ‘UﬂW gain 611aﬂquuamuwﬁmmmmmm outlook = sunny

1
~

N aa o - 1 ) aa J o
wWuhwennIiad humidity Tdaigeiiqa Seinsadonuenniting humidity WuTnualu

sEAuNaean Tnua outlook
a a { = aa o
Tumswansanfmiynvedlnua outiook NdvIRnIINABNLENNTINA 1AZIA
Qo o J . t Y Y 1 ' £y dy A 91 aa o .
IASAIUM gain Nuaasdisdoduneuntil aunsadenidiuenniing windy o
Y . A A 1 aa g .
a1 gain NPINGA (1INNYVUDIUONNTUIN temperature, humidity tag windy)

F4 v
nszuaumsadedulddaduleszdugaioTvualy unguusstoyanaaifsadiu

o & v a : o A
nanua Faaasdu lddadulananysal laassti 2.5

EY U
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= sunny = cloudy = rainy

= high = normal = {rue = false

U 2.5 dulddadulandwundoyaldauysel

&N

T
I ]

{ct [ [l
Tunsdinideyalvundslinswaae
“outlook = sunny, temperature = cool, humidity = high, windy = true”
9
ansalFdulddadulaiidunenmavesdoya’ldii play = no Tasiiarsanan
an o T .
Mead0aleNN3 LA Av outlook = sunny #ag humidity = high
v a J<f ' ° ore .
dulddaduleaunsamlaadiungSonin  ngmssuundoya  (classification
c!y 1 v o F4 4; ¥ o =)
rules) npivzegludnymzuoansinne 1 Fou Tv.udr mamsine. wo IF .. THEN .,
A < ' aa I o @  w o3 A ~
mauaaion lvveengazisunindruvesImuana wennsialudduda leedludon lui
unun AND AudeulyludauInuann Tassadeves Inuaiieghuuuanufvaduszilungde
heniu SwauvesngizehidudauvesTnualy wazvindiedislugli 2.5 waaingns

9

° g Yo A
muuﬂmaga%mu

rule 1: IF (outlook = sunny) AND (humidity = high) THEN play = no
rule 2: IF (outiook = sunny) AND (humidity = normal) THEN play = yes
rule 3: IF (outlook = cloudy) THEN play = yes
rule 4: IF (outlook = rainy) AND (windy = false) THEN play = yes
rule 5: IF (outlook = rainy) AND (windy = true) THEN play = no

2.3 msassaevdszansmwvesduliidadule

o A ) o e . < Y @ o A
miiuwiiesdeyaszinnmsdwun (classification) umsadradiiuunvie

classifier ifiold1iluTmaalumsesinednuusdoyalundazama  wioldimamlsann
¥ 4 o X a o ¥ 2 edufsas o

(class) weavpyanszinavuluean  Tunsdivesnisduundeyadiodulfidadule i
o A o o Y Y ny o Y ¥ a & o9
Twunnie lumaszlidnuazidulaseadradu 1y mydwundeyanvmainouauly

Tasshelssamidion  1dmquineadanioldimaiindug  Tunaonasegludnuusiiong
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oonlthy Wuaumadadu aumslndludeoa ualdhTumaidrzgauaasmalugiuuy

9 Taaaniguse lonildasdedinnugadedlumsefuegiuundeys uazlinnuuiuass

¥
@

(accurate) Tumsrhinnega Fimsildianiuminassvoslumadnarwiidal

3% Holdout

'5%135%“‘1}&%33&1aamﬂuﬁmdau dauusnizendt Yoyarln (training data) vz
f8maullszanaeedlumy niedszina 66% ﬂjmﬁi’fmg,aﬁwm daiianatonn IGHE
nadel (test data) T8 auszmnamitelua nie 34% ﬂjm%’agaﬁg@ﬂm

Joyainezgnduily input 1Wdanoiiy classification e ldadielumaves
foyaiiund1  classifier mm‘fuazl%’%’ay‘amﬂﬁﬂu%@mmg‘ﬂﬁaﬂumsi‘imuﬂﬂmﬁmm

U4

3 N
classifier 33msTaanuuuuasetnaaaduununnldsssdi 2.6

Y

Accuracy
Estimation
Results

11N 2.6 M3daanuuuaswy Holdout

a ~

y dq o - y Ay &~ aa o
Yoyanldmaneveziilassahaniioudeyarnnnlsems sauielinenn3tog
o 3 g @
ixuﬂmmm%y‘a ﬂ1§1/]@’ﬁﬂU%$Lﬂuﬂ'l'ﬂﬂ‘*lgl}@%!ﬁﬂﬂﬁ?)‘l_ltm'ﬁ&iﬂﬂﬂiﬂjJW\'i'.]’l]ﬁﬂUﬂ‘U
I ! ° Y ' :/' o ~ o <2 ) o
Nlﬂﬂ'ﬂjulﬂﬁﬂ1u1&ﬂﬁ1ﬁ%@ﬁﬂl@gmﬂuﬂﬂﬂ i)"lﬂ‘lﬂ!l!'lﬂa']ﬂV]T‘JJmﬁ‘VHu']EJLﬂSUUL‘V]ﬂ‘UﬂU
= Y a Y @ U ° F Y vy 1 @ ' o a
ARTNUNDTY OW]SQﬂULLﬁ@QQTIﬂJLﬂﬁV}TL!'IULlﬂQﬂWEN meulumﬂﬂmmmaﬂumammt}wﬂ
1 dyq/ o 1 J §
ﬂﬁ?ﬂﬂi}ﬂl‘ﬁuuﬂﬂ%}@y‘ﬁrﬂﬂﬁ@‘lﬁ{!ﬂliﬂﬂﬂgﬂuagﬂuﬁﬂwaﬂ1§m@ﬁﬂﬁ‘ﬂ@ﬂLmﬁzt‘iﬂﬂﬂﬁﬂ Lﬁﬁ]
=4 Qy 1 o 9 = {
@IITUMINATOY Wwsnuwamsasadeu luaainnedeyaldgndesdadium
1] 4 o = @ ' o o 3/ c’j 1A Sldy = t 1
B Ua TﬂfJLVlEﬁJﬁﬂﬁ')uﬂﬂﬂ?ﬂ?ﬂﬂ]@y‘ﬁﬂﬂﬁﬂﬂ‘ﬂﬂﬂﬂﬂ ﬂTVl|1ﬂu§]$L§Uﬂ'J'lﬂ'J'lﬂJLL3Juﬁ§\3

(accuracy) voelua
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nnmediedeyaanimeimaildinsunlszneumsdaduladu Lidunedu
gainadaluealdfglit 25 waasidaniadioummmdnaai) fmamoudiodeya
pageuAaT I 2.2 1¢ 1&marmuiuasaily 9o weisud tesnniunedoyagndes 9
isanesauaziieia 1 i5anesa (sanasafidas ninefiudesaiy No udTiaasinneh

ves) Aywgnaesanitiudadiu 9/10 = 0.9 = 90%

= sunny = cloudy =Tainy

= high = normal ={rue = false

= @ oA 1 T 3
M3ei 2.2 foyanaden Tumamsdadulaau/ luiaunodu

Outlook Temperature Humidity Windy Play Predicted

by model
sunny mild high false No No
sunny hot normal true No Yes
cloudy mild high false Yes Yes
rainy mild high faise Yes Yes
rainy cool normal false Yes Yes
rainy cool normat true No Ne
cloudy cool normal true Yes Yes
sunny hot high false No No
cloudy hot normal false Yes Yes
rainy mild high true No No

a dy o o A o ' o J
3 holdout flvzminzausunsdiideyaiiinaumn  wudswiusaneda
' ¢ & A4 Y o vy ﬂ ¥ & v
1IN 1,000 15ARBIA Weilifesninazdesiimsuisfeyassniludoyarnuazdoyanaaey
v ) ' e ' J 4 i & '
fadeyaiifindes wusndr 100 maneda dewisiiudoyafineziidoyadesnit 66
s & ' {1y Yt o ad Hq o '
isanesadazawali luaaii 18iinwgadesdn  A8msathauaznaaeyTumaiIdwaint

A am Y =) . .
ABITMINATDL 1 3B cross-validation

% k-fold cross-validation

¥ ]
A 1% a e . ~ 1 9/
TEmsimlsz@ninmyes classifier uuufiGeniinmsnaaenlyiiesnindaya
o zs' 9 =Ry

o o H Y =
nndzgaaduunumdilemahwmihiduiideyeflouazdoyanaaoy  mstnuazas

@
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wﬂﬁamzﬂﬁzﬁmmasauﬁyuﬁumﬁzufh k wudszy k=10 uaasnvzdesiinszuiums
Anvoad i lueauaznaaoy luaad i 10 sou

1umaus§'u¢’fuﬂmﬁeﬁi’fay‘aaamﬂu k dau uazegdalse@ninm k sou law k
s iuausin 1w 5, 10, 24

soui 1 aglddoyadaud 1 ihudeyanadey doyadud 2 Sedud k gnld

P

dudoyarin wamsinsz@nsaim az1da accuracy#1

soui 2 wldideyadiui 2 Wudoyanamey deyadiun 1 uazdoyadaud 3

n Hamsiadlszansniw a2 11 accuracy#2

souit k sxlddoyadini k iWudeyanaen deyadiud 1 fedaui k-1 gald

U

dudeyafin vamsiasz@nam 1'ldm accuracy#k

MANUILLINATIVEN classifier dzifluAunAsYeq accuracy#1, accuracy#2, ...,

]
=1

¥ ¥
accuracy#k smistiuaaaduisnnnldassli 2.7 355a1szdniam classifier uuuiiay

«

@ ~ 9 A gy
WuEnUNITUYDYaNUDY.

Derived Estimated

classifier accuracy
7y #1

Derived Estimated

classifier accuracy
7y #k

Data
(k partitions)

31U 2.7 m3dannuiuasai k-fold cross-validation
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Tunsdiimsuisdvesdeyauidwaudimiuswaudeya wfu deyail 50

sanoia wisdeyadlu 50 @y (k=50) Wevimnadoy 50-fold cross-validation vi3en

o
I=}

Yo A & A ' Ay ~ <
ﬂ15‘1’]ﬂﬁﬂﬂul‘1ﬂ'ﬂﬂ%ﬂﬂu\1'ﬂ leave-one-out L'HENinﬂluuﬂﬁgi@Uﬂgum@HaLWﬂQﬁﬂﬂﬂﬁﬂ

H

- A Y Ay Ay iy Y sy = 9/
mmmmu“ﬂ‘nmmmﬂu%gammu a'ﬁmiu%z“lﬂummmamnuaamn

a

3% stratified cross-validation

4 ‘ b4
AwminavevdszanimmuuutlSuljuniu@uiuunnit  kfold  cross-

validation Taelddeyanutiseondiu k dw  udazdufideyansunnaaadisdadau

4 q

3/
@ Y -

b4 b4
wofudeyadsdu dredruru drdeyadadull 1,000 saneda Tuswauiidunare A 600
J 3 4 T 1 o 1
iFAADSA LAzAMA B 400 aneda diowidoyasoniiiu 10 dau (iufe k = 10) udag
1 = 4 o y 4 4
dauvziidoya 100 sanesa uazludwnuil 60 sansiadludeyanare A uas 40 1annia

dludeyanara B

v g Y Y

2.4 addennndesnumsasdulidafuladagihie

Tassardedoyalszinndulidaduly Suldsuanuidemihnnlfedaumnsnas
(’lmmﬁmmiﬁﬂuiﬂlmm‘?m (machine learning) ﬁaﬂsmg“lumﬂmimm Breiman uag
Az (Breiman et al. 1984) uaznuiiliugasuduairannuiionIisumsldlnseadiednls
anduls ldun dane3iu ID3 (iterative dichotomiser) w84 John Ross Quinlan (Quinlan
1986) uazindouiiulisunsy C4.5 (Quinlan 1993)

Y ¥ Yo = o v A a o o ¥ Y
myafeau lidaduluggihiafeinssiuar Suumlsziondoya Joonuuu
o as Y o =R K =y A ¥ o q ¥ Y ¥ yy
paneinuezAssfiledensdideyasuni ileenindeyasuniuzin 1 nseadreduld
- 9/ [ é q'/ N 1 a
daadiouluviniadsedly Felasva hWerdawald Taserdhedu ldfvinalnajitu lumae
v F4 [
wenemazvewnoan I IWaunsaefuedoyasuniy  asasziuguiiesninluigdnuasi
=4 ' s A 9l L4 ) Yo Y =
5en1 overfitting  MiemMIne a1 luaa ldnzesetue lddudeyadnnniemsunn
3 [ [} 3 1
fuldiwel# ldnnugndesgeiiga Tasfidiow Tumail lesinensevunsyadeyadoyady
anugndesanasediann  TagwiSes overfiting TalimsAnswaziveaue luenms
NUIUNN (Schaffer 1993: Talmon and McNair 1992; Wolpert 1992)

Jamdigvesnisiideyasunufe wihldlassahduldidunnad1ad
wnalnguazdudewduly  wuamensudleilgmiaeiallfe (1) WHaTmsnugurwna
voudu Il ld i s Tnuanndull)  waz2) MIsmsdansdesvesdu'lll (pruning) #

] v ¥ t
manmamesadenananiviuieieiuonseunqudeyasuniu
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wmadilymuwnesn Jeuldlulisunsuadadulifadulougegihivlugn
uspq (Freidman 1977) uAmendadmenu et Wiedesnifines Sutiouinld
"3%‘m§é1”ﬂ?;w§'a pruning mﬂﬁﬂmsﬁﬂﬁagmauaﬁuiﬂﬂ Breiman tazase (1984) mevad
Kim and Koehler (1994) 1&8nmiinsgidou lvitvzfinsanimdansuszdulasaes v
Zuligadulsfimingaunasianuniuasgefiqa mailanisdanaii Quinian 14 ( Quinian
1987)  vedudeyadiunilalmersz Temilunsasasaeuuasdmnsdiuveslnssatie
SR ldese Temioen 1y Tasmsasavaeurzlditmaruduiuslusada

Gelford uazame (1993) Iiauesaneiiulumsadiedulfuasiinsdans
adniadiemsutadeyasendumesdnsuiy sl umsadeduly doudl

A Y A o C e (SR o’qy o’zl [ Y
mieldlumansnaeuiedadiui linedsy Tewine Biniuaduunumvesdoya (cross-

validation) WeauasnaeugminnldlumsadredulfuazdnilFadralimdha
¥ ) T
A5V 0Y magimsafaazmsdanslassadedu ldounndu i 18 bidanuuluas

Y w [ 1 19 Y A =

2 g Y a [ o d o A '
ity Aianniusesiwanesinszgingwaduiganie felddulddadulefilinnumiu

U U

asaazva i lngisudownnly

a o Q' =) é d‘ . . o/
MANANITAANIDNLUININTGN Quinlan and Rivest (1989) l4fe ldudnns

E4
oo

¥ v
Y94 minimum descriptive length (MDL) fialumsaseduIdiazdansvesduld uamaiiail

<t Y

) 1 Y . ~ f-‘é {
falidounnssangndunulumendelay Wallace and Pattrick (1993) Bnuuan1awiianld

Y

Tawalumsdaneduld Ao 14maiia dynamic programming (Bohanec and Bratko 1994)
~ = v A ¥ sy © Yt 9 = a ¢ =
il'lﬂﬂ?j‘ﬂl‘ﬂﬂ“ﬂﬂ']ﬁﬁﬂﬂqnvlﬂﬁa1fJ'J‘ﬁ ‘Vnch’ill@ﬁuiﬂﬁﬂy'\?lﬂﬁ'lzﬁl,ﬂjﬂllﬁ/lﬂll

Uszaninmveunaiinnmsdans aalsingluanuiseves Esposito et al. (1995); Cohen

Yt v aw =

(1993); Mingers (1989) lumevddlaiindsenanouaadumaiianisdananidseaninim
it wuluauddeves Cohen and Jensen (1997) szyndlémgus muttiple testing

MT) Taeowenow I¥inaniaeednyae overfitting W1niae

Q

(Y @ 9

aw dy T = as ﬂ' zs' g 1 d’ Y Y
Iﬂﬁﬂﬂ']ﬁ’)%ﬁ]ulmﬂﬂNﬂ?ﬂﬁ?ﬂ?%ﬂﬂﬂﬂiﬂﬂﬂ13ﬂ1 @'iil‘ﬂlluvlﬂll\‘i‘ﬂﬂﬂ'ﬁﬂﬂﬂl@l{‘ﬁ

-1

v 2
sumulutuaeuvsanmsadedu lddaduls uansanuenTuasuMInIItULAZIAM IO

Y asj = 1 a a e
PoyasunIusendndtuasuvesmsaddulll Taserenarsanldlnseuuuifavesauide

Y
@

v 1
[ 9 a o o a 1 Y Y
uﬂﬂmumau%ﬂmﬁﬂu‘ffay‘aiumm‘ﬂuwmmumsﬂau (pre-process) HazUUADUNITHIN

A3

=n

14
) Y o 3 [
wiidaduladuduneundn  (core-process) msuwanissamsfudeyasuniussniiiy

Be

¥ 1 9 1 o o" kY 9 Y a @ d’lw
u@au@nﬂﬁ'lﬂﬂgﬂﬂwaﬁl'ﬂﬁﬂ&')a’ﬂu“]f']xiﬂ'ﬁﬁﬁlﬂi'lgﬂiﬂiﬂﬁi'lﬁﬂuulﬂ\ll“]fﬂ@‘ﬂl‘!ﬂ HUBNAIINUUI

3 8/
A A Yy R A

' ' o Ay P 3 A Yy g ~
mﬂamua‘nwmﬂmmm‘nmm%flumsmmmazﬂwaﬂmaﬁswmu"lu NHITNYULBDIIN

Loy



25

H a ) L4 t o

worwnwzeiueteyasuniy sz lemilasasevesnmsasnnudesmsniieanuiifie
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Frldsordnsdunnsidulidadulaggideivuduidoyavinalug1d  uazmsuen
3 o o Y b Yy Yo a @ ' 9
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%% Data weather

%

9% attribute detail including names and their possible values

%

:ttribute( outlook, [sunny, overcast, rainy]).

attribute( temperature, [hot, mild, cool}).

attribute( humidity, [high, normal]).

attribute( windy, [true, false]).

attribute( class, {yes, no]).

%

% data detail

%

instance(l, class=no, [outlook=sunny, temperature=hot, humidity=high, windy=false]).
instance(2, class=no, [outlook=sunny, temperature=hot, humidity=high, windy=true}).
instance(3, class=yes, [outlook=overcast, temperature=hot, humidity=high, windy=false]).
instance(4, class=yes, [outlook=rainy, temperature=mild, humidity=high, windy=false]).
instance(5, class=yes, [outlook=rainy, temperature=cool, humidity=normal, windy=false]).
instance(6, class=no, [outlook=rainy, temperature=cool, humidity=normal, windy=true]).
instance(7, class=yes, [outlook=overcast, temperature=cool, humidity=normal, windy=true]).
instance(8, class=no, [outlook=sunny, temperature=mild, humidity=high, windy=false]).
instance(9, class=yes, [outlook=sunny, temperature=cool, humidity=normal, windy=false]).
instance(10, class=yes, [outlook=rainy, temperature=mild, humidity=normal, windy=false]).
instance(11, class=yes, [outlook=sunny, temperature=mild, humidity=normal, windy=true]).
instance(12, class=yes, [outlook=overcast, temperature=mild, humidity=high, windy=true]).
instance(13, class=yes, [outlook=overcast, temperature=hot, humidity=normal, windy=false]).
instance(14, class=no, [outlook=rainy, temperature=mild, humidity=high, windy=true}).

%
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% d:f 1-Nilttaya/3-Research-Grants/NRCT /1 2547-48-DTreefFinal-ReportfProgram/robust-tree-version3-5:
compiled 0.00 sec, 23,708 bytes

Welcore to SWI-Prolog (Multi-threaded, 32 bits, Version 5.6.55)

Copyright (¢} 1990-2008 University of Amsterdam.

SwWi-Prolog comes with ABSOLUTELY NO WARRANTY. This is free software,

and you are welcome to redistribute it under certain conditions. .
Please visit hitp:/fwww.swi-prolog.org for details. :

Forhelp, use ?- help{Topic). or ?- apropos(Word).

12:]

7U7 3.3 dennuilsngiiesunlFlisunsu Robust-tree

AINIUYY SWi-Prolog Hanuuziiiy interactive 1AS09W1Y 17- YU1EHINT

) v o & Yq Y o Y A Q¥ o LA o W o W

wiensesumida glymusadenudsmasuldfidusnvealuga Main Aefids rt. (fids

Tumwn Prolog azdBarudisnionnne " Ffilnngeztudeanulfidenhezathe

dulidadulannnlnd  (ldi 0) wSeszadiudulidadulsdromaiainumiudodoya
* o

sunau (da 1) dedielugdi 3.4 deamsadedu lddedulanuulnd devimivaziliing

1 1 ¥
fonnm 14 1d%e adoya msldife TWail ludeaszyumagaludau pl

12-1t.
Robust tree induction for data classification:

Thare are two level of robustness
0 = simply ID3 style without noise handling function
1 = grouping data then select representatives to build tree

Please specify level of robustness (and end command with a period): 0.
Training-data file name (e .g. data-sample ) ==> data-weather.
% data-weather compiled 0.02 sec, 4,924 bytes

outlook=sunny
humidity=high => [ (class=no}/3]
humidity=normal =» [{class=yes){2]
outlook=overcast => [ {class=yes)/4]
outlook=rainy
windy=true => [ (class=no)?2]
windy=false =» [ (class=yes)/3]

Size of tree: 7 internal nodes and 5 leaf nodes.

ROBUST-TREE:: robust level 0, Model building time = 0.0940001 sec.
trus.

29|
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Tnuagaieveena nse leaf node

outlook=sunny
humidity=high => [(class=no)/3]
humidity=normal => [(class=yes)/2]
outlook=overcast => [(class=yes)/4]
outlook=rainy
windy=true => [(class=no)/2]
windy=false => [(class=yes)/3]
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Steps:
1. Write greeting message and inform user for choices of either running ID3 or
Robust-tree
Read(Choice)
Inform user to enter training-file name
Read(File)
Open(File)
Clear node and counter database /* this database is for generating node
information and counting on node sequence number, respectively */
7. Start(Timing)
8. If Choice=0 Then call rtree(0, AttributeList) /* running ID3 */
9. If Choice=1 Then call rtree(l, AttributeList) /* running Robust-tree */
10. Stop(Timing)
11. Report execution time

S OUR W

4 1Y o . { o A g ' a ! @
71/ 3.5 aneTitu Main iwdhidudiudadedugls

. . a3 =t
M3 implement luga Main TugduuvveaTdsunsulusdenuanssvazidoaves

]
o o

k7
mdddumsame rt laaail

%% Main module: rt

rt -
writeln('Robust tree induction for data classification:"), nl,
writeln(' There are two level of robustness"),
writeln(' 0= = simply ID3 style without noise handling function'),
writeln(' 1= grouping data then select representatives to build tree"), nl,
write(" Please specify level of robustness (and end command with a period): Y,

read(L),

write(" Training-data file name (e.g. data-sample.) ==> ),

read(D), % get data file name as typed by user

consult(D), % then open and compile that file; data is also a prolog program

get_time(StartTime),

% retractall: clear all nodes and node-ID counter in the DB

% node and counter are two global values of this program
retractall(nede(_, _, _)),
retractall(counter()),

% findall: make list Attr of all attribute names

% except attribute class
findall(A, (attribute(A, ), A \= class), Attr),
rtree(L,, Attr), % then call robust tree building module

get_time(FinishTime),

Time is FinishTime-StartTime,

nl,write(ROBUST-TREE:: robust level N, write(L), write(, ",
write('Model building time =), write(Time),writeln(' sec.".

a =} LY ~ s Y Y Y o @ . o ¥ P
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Steps:

1. Read(K) /* K can be inferred from number of classes */

2. Means = Clustering(Instances, K) /* Call module clustering to get characteristics
of each cluster mean; all means are stores in a
list called Means */

3. Sample = DataSelection(Instances, K, Means) /* Call module DataSelection to
select data samples near central point of each
cluster; selected data are stored in a list called
Sample */

4. Minlnstance = K-log((removedData+K)/ totallnstances */ Set a heuristic
Minlnstances to limit tree creation; stop
growing tree when number of instances in a
node less than MinInstance */

5. call Induce_tree(root, Sample, AttributeList, MinInstances)

6. call Print_tree_model

[y

3.6 daneifuaii Robust-tree inuniusatoyasuniy
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mawlasdanediiu 103 Wufdalilsfonlugiuuy rree(0,Attr) uanssivazBon 148ad

% start traditional tree-induction with ID3 algorithm

rtree(0,Attr) :- !,
% make a list Ins = [1,2,...,n] of all instance ID

findall(N, instance(N, _, _), Ins),

% create decision tree, start with the root node

% set MinInstance in leaf nodes = 1

% then show model as decision tree once finish building phase
induce_tree(root, Ins, Attr, 1),
print_tree_model.

% start clustering before induce tree

rtree(1,Attr) :- !,
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attribute(class, ClassList),

length(ClassList, K), % K is for specifying number of clusters
findall(N, instance(N,_,_),Ins),
clustering(Ins, K, Clusters, Means), % grouping instances

select_DataSample(Clusters,K,Means,[],Sample), % then select Sample
removed_Data(Sample, Ins, Removed),

length(Removed, R),

length(Ins, I),

MinlInstance is K-log((R+K)/), % a heuristic to prune tree
induce_tree(root,Sample,Attr, MinInstance),

print_tree_model,

% the rest is simply for giving information to user
write('Min instances in each branch ="), writeln(MinInstance),
nl,write('Initial Data = "),write(I),writeln(' instances’),
write('Removed Data =), writeIn(Removed),

write(' removed ="),write(R), writeln(' instances),nl.
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Steps:
1. Initialize K means /* Create temporary mean points for all K clusters. */
/* The following is the part for the assign_clusters sub-module*/

2. call find_clusters(K, Instances, Means) /* assign each data to the closest cluster;

reference point is the mean of cluster */

3. call find_means(K, Instances, NewMeans) /* compute new mean of each cluster:
this computation is based on current members of each
cluster */

If Means # NewMeans Then repeat step 2
Output mean values and instances in each clusters
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3.2.5 Tzug]a Data selection
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4 da  y 4 & Yy a 4 v '
Tsunniluievesersnadiud Clusters Fdl¥lassahadoyadan nazdeyaluypnguasgn
G d J 3 4 1 .
suantuersniniumil wulunsddoye data-weather diedangamdanzld Clusters = (13/1,
10/1, 9/1, 7/1, 5/1, 3/1, 1/1, 1472, 12/2, 1112, 812, 6/2, 412, 2(2, 13/2, 10/2, 9/2, 7/2, 5/2,
= = J ey . v = J X L
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1. For each data cluster

2 Compute similarity of each member compared to cluster mean
3 Computer average similarity score of a cluster

4. Computer variance on similarity of a cluster

5 Threshold = 2* variance

6 Remove member with similarity score < Threshold

7. Return K clusters with selected data
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If data set is empty /* Case 1 */
Then Assert(node(leaf,[Class/0], ParentNode)
Exit /* insert a leaf node in a database, then exit */
{f number of data instances < MinInstances /* Case 2%/
Then Compute distribution of each class
Asseri(node(leaf, ClassDistribution, ParentNode)
If all data instances have the same class label /* Case 3 */
Then Assert(node(leaf, ClassDistribution, ParentNode)
If data > MinlInstances and data have mixing class labels /* Case 4 *f
i0. Then BuildSubtree
11. If data attributes conflict with the existing attribute values of a tree
/¥ Case 5 */
12. Then stop growing and create a leaf node with mixing class labels
13. Return a decision tree

¥
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ot
Rabust tree induction for data classification:
There are two level of robustness

0 = simplyID3 style without noise handling function
1-= grouping data then select representatives to build tree

Please specifylevel of robustness {and end command with a period): 0.
Training-data file name (e.g. data-sample.) ==> data-weather
% data-weather compiled 0.00 sec, 4,924 bytes

outlook=sunny
hHurnidity=high == [ (class=no)/3]
humidity=normal => [ (class=yes)/?]
outlook=overcast => [ (class=yes)4]
autlook=rainy
windy=true => [ (class=no}/2)
windy=false => [ (class=yes)/3]

Size of tree: 7 internal nodes and 5 leaf nodes.

ROBUST-TREE:: robust level 0, Model building time = 0.14 sec.
true.

2 7- test.

Test-data file name (e.g. data-sample-test.) ==> data-weather-test.

Warning: d:/1-nittaya/B-research—grants/nrct/m-?54?~48-dtree/ﬁnal—rep0rt/programidata-weather—test.pl:B:
Redefined static procedure attribites2

Warning: d./1-nittaya/3-research-grants/nrcti»s-2547-48- direeffinal-reporfprogram/data-weather-test pt: 18:
Redefined static procedure instances3

% data-weather-test compiled 0.00 sec, 324 bytes

Predicting correctly: 8 from 10 cases ==> Accuracy = 0.8

Model Test Time = 0.016 sec.
true.
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Audiology 150 76 69 24
Breast cancer 191 95 9 2
Vote 300 135 16 2
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outlook=sunny
humidity=high
windy=true => [ (class=no)/1]
windy=false
temperature=hot => [ (class=yes)/1]
temperature=mild => [ (class=no)/1]
temperature=cool => [ (class=yes)/0]
humidity=normal => [ (class=yes)/2]
outlook=overcast => [ (class=yes)/4]
outlook=rainy
windy=true => [ (class=no)/2]
windy=false => [ (class=yes)/3]

Size of tree: 12 internal nodes and 8 leaf nodes.

ROBUST-TREE: robust level 0, Model building
time =0.125 sec.

Initial mean points = [13/1, 10/2]
Selected data = [13, 10,9, 7, 5, 3, 1]
Selected data =[14, 12, 11, 8,6, 4, 2, 13, 10,9, 7, 5, 3, 1]

outlock=sunny

humidity=high => [ (class=n0)/2, (class=yes)/1]

humidity=normal => [ (class=yes)/2]
outlook=overcast => [ (class=yes)/4]
outlook=rainy

windy=true => [ (class=n0)/2]

windy=false => [ (class=yes)/3]

Size of tree: 7 internal nodes and 5 leaf nodes.
Min instances in each branch = 3.94591

Initial Data = 14 instances
Removed Data =[]
removed =0 instances

ROBUST-TREE:: robust level 1, Model building time =
0.0940001 sec.

(a) tree model 199 1D3

(b) tree model U949 Robust-tree
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ROBUST-TREE:: robust level 0, Model building
time = 0.125 sec.
true.

77 test.

Test-data file name (e.g. data-sample-test.) ==>
data-weather.

% data-weather compiled 0.00 sec, -512 bytes

Predicting correctly: 13 from 14 cases ==>
Accuracy = 0.928571

Model Test Time = 0.016 sec.
true.

87

ROBUST-TREE:: robust level 1, Model building
time = 0.0940001 sec.
true .

57 test.

Test-data file name (e.g. data-sample-test.) ==>
data-weather.

% data-weather compiled 0.00 sec, 0 bytes

Predicting correctly: 14 from 14 cases ==>
Accuracy =1

Model Test Time = 0.0 sec.
true.
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(a) HANINATDU tree model ¥4 ID3

(b) WaMsnaa oY tree model U84 Robust-tree
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