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We are flooded with a huge volume of data and information. The tremendous
amount of data, collected and stored in large databases, has far exceeded the human
ability to analyze and extraci valuable information for the purpose o_f decision-making
support. Data mining has thus emerged as a new technology thal can inteMigently
transform the vast amount of data into useful information and knowledge. Data mining
tasks can vary from classification, association, 10 deviation detection.

This-; research focuses on the classification data mining. We have investigated the
performance of four basic classification algorithms on twelve data 'sels. all are taken from
a specific domain of medical diagnosis. Qur main objective is to discover the appropriate
technique for classifier industion on the medical data sets. Mulitple learning techniques
such es bagging and boosting have also been employed to study the improvemant on
inducing a more accurate and sensitive modal. - .

©On the single-leaming approach, we have found that the decision-tree induction
algorithm performs well on the binary-class nominal data sets. However, the performancs
of the tree-based classifiers significantly degraded on high-dimensional data gets. The
naive Bayes algorithm, on the contrary, is not affected by neither the dimensiop nor the
number of classes. '

Tha n;ﬂtipla-leaming approach can, in general, Improve the accuracy of the
classification modet, Nevertheless, we have discovered that if the distribution of data in
each class is highly nan-uniform, the multiple-learning technigues cannot improve,or aven
lower, the classifier's accuracy. We conclude our experimentations with the proposed
dacision model to suggest users how to choose the algorithm most appropriate for their

specific medical data set.
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andenves Al szuuluguuymifififedond ssuumiiesdeyn (data-mining system)

2.2 ssvumiieateyn (Data Mining System)

sruumileadoya dhiszvufeunsodaunssitazfumanuinnnguuesdeyaldlen
STyl ﬁj“lﬁ’ﬁ%aﬁunﬁn%nﬁqh KDD #6111 Knowledge Discovery i Détabasas
mmmmi@‘l‘umiﬁ’\uﬁi1zﬁm1u§1‘fu'lé’mffﬁﬂﬁszuumﬁéqﬁ'ag_amm;ﬁuﬁ'ﬂ_zghm‘lﬂﬁ
%u‘luszuﬁﬁﬁuﬂgunﬁﬁ’ﬂﬁ‘uh (decision-support system) Tnssadwvosssuuaiumyy
ntsdaAnlofirmindiuves data mining mimthitdassedamdendoys urasids
il 2.2

User
Human

Expert

Data collection {internet / Intranet)

: @ - @ = P 1 Y S
7k 2.2 Tassadrevesszuumivayumadgadulomemsunndiinuindau data mining



vninnahavasszuuaiumpundaduly sziu1447 date ining Hdudiin
1'2’1111&';0'!'101%1mi’upuﬂ’nuflﬂm-.;wﬁ'm'luﬁ’ﬁmm'fu usnndndR v inmsdans
amilagszun deta mining ﬁqﬂqﬁm'lﬁﬁa‘hmagmiL‘i‘luéﬁﬂt?u‘lc‘lmfuqnﬁwiw finnugn
Zos unsiitls Tewfoumaafisviurmdifidh Uty jmmmiumwunﬁﬂ'[uﬁ’ﬁa‘fﬁn'lﬁ

amidfidarnediulavssuy data mining unasiElummeguuy . wu waaadhy
p nanaiuna wiedummandaman?  qluuvimnzaufigafieednndluamms
m-:m'mJli‘luzﬂuuu'umn;]uuuﬂlﬁm:'l'u faiptntugit 2.3 "f‘mﬁmmmiﬁﬁ'uﬂswﬁfu
_ mﬂﬂmgnﬁw'mmnﬁmnu‘lﬁﬁﬂ'mﬁ'w'hmﬁ{mﬁui‘fa (heumatic disease) luAnuzueng

111J1Jﬁl,gou'w {Dzeroski and Lavrac, 1996)

IF Sex = male
AND Age > 46
AND Number_of_painful _joints > 3
AND Skin_manifestations = psoriasis
THEN _
Diagnosis = Crystal_induced_synovitis

s 2.3 @edrennuiifunulagsyuy data mining

721U data.mining Afianueselumsfunmudnndeyan l¥iumann woz
nomanndlugvesnguunidou’ly 8us szuu AQI5 (Michalski, ~1986) uaz CN2
(Dzeroski and Lawrac, 1996) mnﬁnﬁ’lﬂum‘:ﬁummmf-maﬁ,mmwuuﬁ' 43803
dunswiingBagihiy (rule induction) Taodadunarsiannnngiidehididouy vinheld
_-ﬁ'au"nnu'l'fﬁmm’m'1’Y1u§1uiﬂqmi‘]um'§mﬁa'lun151J%’uﬂ;]'lﬁ'agi‘lugﬂumﬁ’;qnﬁmmn'i'fu

wenenmMItumaidemailandannzing@aguiioudy Haiimaiindug  §
Pldnoadndnanmin 1 mafin rough set Minnlgdwinseideyamsiilsdoninadu
w2y (Grzymala-Busse,1998; Komorowski and Ohm, 18988) meilantsfuinswduiug
(Agrawal et al., 1996) Fudasnnudludnnazvesnrmduiuinoluyadeyn 1u “80% voq
A HAiduloaun sefioms ligesudae Tauﬂsmgﬂnynnﬁﬂauuﬂqfi 10% wndeya
culdfmua”

msuadsnnuidunyluglueang vidrendeudenlmasziudu &

o F 4 P ™ o o Y
Frotaluglil 2.4 fusmamsdiladomadonsiiaveosnonunimoudIddun 1l



- IF -astigmatism = no AND tear_production = normal
THEN soft_lenses
ELSE

IF prascrip'rion = myope AND tear _produc‘non = normal
THEN hard_lenses

gt 24 uamanadnvesmsiitvindenyiianeuuiinoud

2.3 Fane3funazmatiamaiivileadeya

, miﬁ1!.14:‘3'@«ﬂagaﬁ_"lﬁ'mwﬂswmvnmu’é‘iﬂyﬁlwmnu wumiﬁum;ﬂsmumaimﬂa
emssuun (classification) msdummmnudiiusniolungudeya (association) A7
fungtuvuitemsiangudoya (clustering) msagilfieya (summarization) ‘Iumunuf;nz _
WIATANHURWIZY classification iioannidilss Towl IR Tavassfuandiiedo lsadaTusid

msvnmumﬁ’fannﬂsmm classification skimyhanudiuansdae Aetradalumn

G 2.5) uassramanou Tuma Ui 2.6) ma'xﬂﬂ’nmmuﬂswaﬂuma Tmﬂaw"lﬁ’mﬁunm

Fafmun (classifier) 'u111]1%1]5ﬂwu’lunwmmwagm‘lwu T “lqsmmuunmmu'.lﬂm
~ Professor Jeﬂ%ﬁqﬂm 4 3| sxfian W Tenured

-

- Classific aﬁo n
- Algorithnis

[

Classifier -

Mike |Assistant Prof | 3 no (Model) .

Mary [Assistant Prof 7 yes

Bil Professor Z yes

Jim Associate Proff 7 yes IF rank = “professor’
Dave |AssistantProf | 6 no OR vears > 6

Anne |Associate Prof 3 no THEN tenured = ‘yes®

= H & o e
51025 nemsiuseunsadulueadielfiiudiwundoys



10

Tom - |Assistant Prof
Merlise |AssotiatsProf]:
.Geaorge|Professor
Joseph |Assistant Prof | -

no Temﬁ'éd;? l_ ..

o "n-d-jf?_% 7,
yes :

i 26 woniminaasy Iueauazms ¥ lumasimndoyaluauinn

ar 2 Aq Y ¢ . . o ar o T )
Eiaﬂa‘.i‘m.lﬂ‘ﬂumim classification UVDWWonNdINY 13U tree-based leamers, rule

ieamers, statistical learners, support vector machine, instance-based leamners, multi-layer

perceptron

TuamiFiuiiAnmnuBuufousaneiiuludngy fo  rue leamer (1¥5an03itu OneR
(Holt, 1993)); tree-based leamner (1#5ane3fiy Jas #NFEmavhammilou C4.6 (Quinlan,
199;3)}; statistical Iéame_r (Wé’ana?ﬁu naive Bayes), Uaz instance-based learner (1%
sane3iu ‘1043(_(;1earest_ neighbors) -

‘{’J’ﬂyaﬁﬁ:wﬂﬁa’_ﬂﬂumsa‘ﬁmUé’ﬁﬂﬂ?ﬁuﬁa?}ﬂrjn shiffeyaaameneildilaznon
ﬂ1iﬁﬂﬁu“l%méwiuﬁmneﬁ'ﬂr&ﬁrmwmﬂjﬂsﬁiu'ls Tevzau (play = yes) uazenTwsINIRIAY
15 Seoxliiau (play = no) deyafiiiugmjamane (goal attribute) VOIMTS LA fD
uonnidiad play Tay weviniiing outlook, temperature, humidity , Uz wihdyrﬁmmﬁ

Wunenniidsenounmsvinne (predicting attributes)
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aefi 2.1 doyafitdilszneuntsdnduludunedd

No. Attributes Play
Outlook Temperature Humidity Windy
1 sunny hot high false N
2 sunny hot high true N
3 overcast hot high false P
4 rainy mitd high false P
5 rainy cool normal false P
E.St rainy cool - nermal _ true N
7 overcast coal normal true P
8 sunny mild high false N
9 sﬁnny cool . normal false P
10 rainy mitd normeal false P
11 sunny . mild narmal trua P
12 overcast - ild lhigh _true P
13 overcast hot normal false P
14 rainy mild high true N
2:3 t Rule leamer

finno3futungy Rute leamer 1 OneR iomandadunin simple-rule algorithm

. - 1 A 4 1 4
30 1R) Fudaneifvediniwi¥lumsndie classifier NiFundey OneR  lileann

FanoFhufloradn classifier lugtloun “IF  condition THEN specifiad-class” Tauostitnod

- nonn3idRonlsingu condition s IF outiook = sunny THEN play = no

v
dumaulunisadie classifier Usznoudan

(1) RynerudazmvemauevmItng (el goel atiribute) HeiuNad rules

(.1
(t.2)

(1.3}

ﬁmm'\’fmgn'hﬁnfw] vnq attribute Idwaves class lmundiga
ads rule Aawpaluuy

IF attribute = value THEN majority_class
AMINSATINNUAANNIANOL rule

»
@y Fuenmithd outlook Ungit sunny i § ais ludwou &

¥ ¥
- .

¥ ¥
nfefilfnan play = yes 2 nitr unetuah play = ne 3 nds

W
@ o

o i
Faiu rule Nadralu



-

IF cautiock = sunny THEN play = no

[ ] -~ 2
HIAT I NUHARA = E)

(2) Aedomany rule NidRISAIMTWRANDIAM

o - LY o all
uarasnad Idnnnisihauvssdanenu

nguin 1 :
IF outlook
¥ IF outlook

IF outlook

IF temperature
IF temberalura

IF temperature

ﬂq'!J‘?'I 3
tF humidity
iF humidity
nt]'m"ll 4:

IF windy
e windy

it

n

sunny

THEN play = no

overcast THEN play = yes

rainy

1]

high

normal

false

true

THEN play = yes

hot THEN play = na
rild THEN play = yes
cool THEN play = yes

THEN play = no
THEN play = yes

THEN oplay
THEN play

{error rate
(error rate

{error rate

{error rate
{error rate

(arror rate

(error rate

{error rate

215)
014)
2/5)

2/4)
2i6)
114)

37)

1)

yss  {error rate

no {error rate

1}

2/8)
3/6)

y - ' a H o & o dadw wa
iBonnguit Wrmnuiewmedfigadu lwaafiez sz Tesllumsduun Fawndnin 14ne

IF outlock
IF autkok

IF outlook

2.3.2 Trea-based fsamer

H

sunny

overcast THEN play

rainy

THEN play = no
= yas
THEN play = yes

» 1
faneifulunguiiiddnlifadule (decision tee) WhunTesdelumsdunsizluen

3 . . B " - -'r
dumoutumsada decision tree o lESundeoyn Ndadl

(1) denuennifiaanimiidiv root node

- 5 o L
) 910 root node  advudumadentldaluuagn  Smndumatenezimituiwm

v H , . '
il Wi snuavsovm3iaaiiiiy root node



] »
@) &lnuagn Wunqueefayafieglunmaderiuianum Wngannain tee it
a e M A o v
Twunagniidayaveimunmimiziuiuey Aeandis subtres odwundeyasisly Tay

oo o . 1 . : | o’a A
Beonuanniiaummiifiih root node ve1 subtres LBz Wi uRBUN 2, 3

A ~ . -] ) & o e W »
Hamidesfinsanlunsadi decision tree fin nlsszdaiuludenuenmiiiilaumi
) »
wiiiihi root node tuuRnzdumsuveIn It tree Az subtree
oA ' a o oLl - ' am f . ¥ A
aniildaolszneumndenueniiiifie  waaeadenuaazuenniimnimih
L 4 ey -~ - .’.‘f ] - 'l
il root npde uaziafl gain mLﬂuﬂ1'nm1uanmu1mum=1mmtmﬂﬂmmmﬁ’fﬂua‘l#ﬂ
wuila (msmlmnnﬂmﬁ o leaf node m{lu'ﬁ'ﬂua ﬂmmﬁmm&'nmuﬂ) 1 gain wq«m{ﬂ
v niuunamafiiga
i v o ' oo - v L.
vindegietoyaanmwen i idiadulshduimndeli danada decision tree
TauSuaansadne root node Seyaaameimeilssnoudaw 4 uenniiiadfe outiook,
temperatura, humidity 11og windy Taguenmitiad play iy goal attribute  ¢hwaneysamisvi
. ¥ Moo ]
. ar @ oer =y ¥
classification) dstiusduenn3tiai Temetmifidu root node 14
nARBININ tree. 'iﬂuiumausﬂ'lmmnmmﬂ ‘outiook  #widrdishy oot node
amamnralunsdunamayesdoyn = 0.247 nfifiaemrneandie ree Taolduonns
fi7d temperature ﬁ1wﬁ1ﬁtﬂu root node ﬁwmmmmmm’lum's§1lmnﬂmmm'ﬁoga'lﬁ'
iy 0.029 msmnmmmmu Wuonn3tg humidity i rect node FMNILANUANNTD
1.
Tumsswmnamavosdoyaldividy 0.152 uaz TunfsqarionaassIfionn3iiod windy i
ok ' o
root node #4ldMANaINIndwuanaavesfeyn = 0.048 MM NuANITISIUAADI

v z 2
vosdoyn veamsnanesada decision tree 114 4 funiTuuiiioy

gain (oullooky = 0.247 bils
gain (tshperature) = 0.029 bits
gain {humidity} a 0.152 bits
gain (windy) = 0.048 bits

& A . - a a7 N . L
saduTadenuennitiog outiook dlu root node sz 141 gain gavige
1A o 9 an o - 3
gain dusiuensesuanuanNInveINiwunaaaveenniiog figmidenTih

¥ e L A e ] Aa dAs Y . - oo Jdao ]
wihfifuganstvaeupianguueafioyn uenmitnafilin gain ge feuemmiidndangy
doyaudaiddoyaluudas leaf node Shupmeioiudanua wioiidoyasnnmeizluin
Thafsudnios

&I T unuavesdiayafln (training data)

X uny atiribute fignideniiludinsvneudiedangudeyn



gain (X) = info(T) ~ info _ (T)

. o oy 5 4 q . o . .
info(T) #ie AanduitszyUfinadeyaidesmadieIWennsaduunaaavesdoyald

= -~ T T1eq(C, T)/|T)] x log, [freq (C, T}/{T|1  bits
i =10k L g '

i A H ' '
dfe 1) e Sumdoyadivmualumnvesdeyddn

o

freq (C;, T} #o mmﬁ'ﬁﬁ’waiuT ﬂﬂngnﬂuﬂaiﬁ C .

infox (T) fo HadduiissylSinadoyaiidesmaionssuunnaravesdoya Taold
WeYMIA X tﬁummwmm‘vmmuuﬂﬂqumm‘ﬁ'ana
= ¥ . (IT{/[T}) x info (T bits -
i=1ton . .
e i fe ﬂm'mﬂ1mi’.‘lu'lﬂ"lﬁ'mamawmmﬁ X

|C| fie mmuwganum X =i

mriﬁqathqi’fauaﬂnmmﬂm wavosdoyarn T dsznoudaedeyn 2 Aee e play
= yes LAz play = no. ms%quﬁ'agawmﬁﬂﬂaiﬂaq'luﬂmﬁ yes #3® no doan1UTanm
{faynﬂs“ﬂaumiﬁﬂﬁuhﬂmunﬂmmm ' , ‘
info(play) = [ - (ﬂfmmmmmsﬂsmmaumﬂunmﬁ yes / mmuﬁ’i’auamﬂm)
x log, (Arwdvesmssngdeyadiunaia yes / muw'uagnmw:uﬂ)]
+ - (rrwidvesmafagdoymifuamia no / mmwﬁ'mmmwuﬂ)

x 16g, (Adveamstsngdeyadiunaa no / mmu%’mgamwm)] :
- (9/14) x log, (9/14) - (5/14) x log, (5/14)
'0.940 bits - -

i

i

mswduunaaavesteyaesmiy play-= yes nie play = no deslddoyavinuevni
ﬁaﬁé"uﬂszﬂﬂumsﬁﬂﬁu‘fﬁ  duflonuenniiod  outiook * sxdaammiuiadeyaiiuiie
iszneumudennaid & mu - '
INfOuoaT) = (5/14) X [ - (2/5) x logy(2/5) - (3/5) X Iogg(SIS)}
. (4/14) x [ - (4/4) x logx{4/4) - (0/4} x log(0/4) .
(5/14) x [ - (3/5) X 10gz(3/5) - (2/5) x 0g,(2/5) ]
0.693 bits ' '

+



duite Srifeyalmidn iefeian outiook vawanﬂhmu g0 Mdaya
WuBN 0.693 bits ﬂwzuonﬂamnqnnawnwwa’lnmﬂa
.
it info(T) HGunlddnad1391 A1 entropy

entropy(P,Pz, ... ,Pp} =Py log Py - Pylog P - ... - P, log P,

info( [2,4,3]) = entropy (2/9, 4/9, 3/9)
= --(2/9) log (2/9) — (4/9) log (4/9) — (3/9) log (3/9)
=(2log2-4log4—3log3+9log9)/9

Lmﬂmmmwmu1sngﬂmanmvfluﬂmﬂﬁoummﬂnqwmﬂoyaﬂﬂ Ae  uanmiiag
outlook, temperature, humidity nag windy ATHIM gain mﬂmiLaommovuﬂwmn’amﬁ' \‘lf:
info (T) — infogueak - (T) .

0.940 - 0.693

0.247  bits

1

gain (outlook)

~gain (temperature) = info (T) — infowmperature (T)
= 0.940 - 0.911
= 0029 bits

gain (humidity) = info (T) = infoyymiany {T)

-'; 0.940 — 0.788

= 0.152 bits

info (T) — infogaq (T} .

0.940 - 0.892

0.048 'bits

gain (windy)

i

n

wenn3TadR1M  gain gefiqa A9 outiook Aafuienn3Gad outiook Segnieniiiu
oot node 409 decision tree lﬁﬂdﬂ,‘lﬂ attribute outlook ﬂ'a"himu1ﬁﬂﬁ'ﬁﬂtju%aga1ﬁti{]i&ﬂmf{
Aeafuiiaviun 3edpeadas decision tres Al Tsfintsaidenuonniingfiezandhy Tvualu
53AUR 2 Aevin root node lunsdl outiook = overcast lifufudosadieinveiudy
dsssnmmmosangudeyaiifiunne yes Mo

outlook

sury fvercaw
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llnnn?ﬁaﬁﬁmmmgmﬁami‘lﬂwuﬂmzé’uﬁ 2 1szneudin temperature, humidity

nag windy (evmitd outiook sx'lignlden mswanmenn szl lomaiRamemsel
outlook = sunny AND outlook = rainy) . ’
AnssnmsainInuaganeddoile (outlook = sunny)  Sudenuannitog

. ¥
temperature 12f 12081 gain AR

gain (temperature) = info (qutlook = sunny) - iNfOiemperature (OUHOOK = SUNNY)

;! o 1 g g " P
118910 outiook = sunny fandudeyaiidlunaa yes 2 15anefa uavdeyadiilu
[ . .
fABId no 3 13ARDIA AeTl

, ‘ 2 2) 3 3
| info (outlook = sunny) = -—EXlng(EJ—gx log, [g)

,‘ = 0.971 bits |
infOiemporanno(OUtiook = sunny) = info 10,21, {1, 11, 1, O)

n

|

X

|
|

x

fal

S

i)

L) .

I
N

|

|

x

=)

02

=]
P
S
S A
—1

= 04 bits

gain (temperature) = 0.971 — 0.4 bits -
= 0571 bits

1ile outlook = sunny 'uii"mm;maﬁ'\Lmnnéju{l‘agﬂeia'lﬂﬁﬁdmtaﬂﬂ?ﬁ’aﬁ . attribute
humidity Was windy _
gain {humidity) = Infel(uutioo'k': shnny)—infohumid.t, {outlook = sunny) .
= 0.971 - info ([0,3} , [2, 0]) ' '
= 0.971 -0 bits
= 0.971 bits 7
gain {windy) = info (outlook ='sur|ny)—infei,,,,im,y {outlook = sunny)
| = 0.971 —info (1,2}, {1, 1]}
= 0.971 - 0.951 bits
= 0.020 bits.



. aa 44 ' i i
Tavaqikidinisnaanandis decision tres ApAIuLEMMITIADU 1 9:1R¢1 gain #ati

gain {temperature) = ¢.571 bits
gain (humidity) = 0.971 bits-
gain (windy) = 0.020 dits

Sensandonuovmitag humidity SiuTnualussAvfivesonnlvua outlook

decision tree Sunie InuagnmevivesInua outiook FResRvsmIAonuennItn
Haz9INIBIMIAMIUAT gain funasdsiaetaneumii sunsofen i iuennite windy
ﬂﬁ"lﬁ’ﬁi'l_gai_p ﬁ;qaﬁiqa (9IPNQUYBIBNNITIIA tamperature, humidity  UAg windy)

ATEUINMSH313 decision tree ﬂzguqﬂtﬁn leaf nodes Wunguussdeyanamideiiu

» » 1
visua uazn e tres 7 IRsiludglit 2.7

. = . .-l 1
70N 2.7 am decision tree MR Indeyansidunedn

. A 4
decision tree annsautlasdunguuuiitenlvlfdd

rule 1: IF (outlook

= sunny) AND (humidity = high) THEN play = no
rule 2 IF (outlook.= sunny) AND (humidity = normal) THEN play = vyes
rule 3: IF {oullook = overcast) THEN play = ves
rule 4 IF {outiook = rainy} AND (windy = false) THEN play = yes
rue 5 IF (ouﬂook = rainy) AND (windy = true) THEN play = no

]
awv

wed et '
Tunsaindidoyaimifidalunswama
“aoutlock = sunny, temperature = cool, humidity = high, windy = true”
L
ansnl¥ decision tree inrnaarmunsdoyaild play = no leonvisannfsaans

na o
wonNILNA Ao outlook = sunny WO humidity = high



2.3.3 Statisticaf learner

Fmsadnlusaienmsiwundoyalaoldmdnnismeadd  dunisidmguiaannine
- . ] o4 - T o2 & & - a)
dluveund (Bayes' theorem) FEilseuuAguimauovniadludayaflninomiludes:
as v:;né’ an o & ol 1 ) oo fd & o o m’- ¥
nndu Mffedulutennsianiises hiinaded lunonniiadou SuSunitnfii msld
I .
nquiudedsdie (raive Bayes method)
£ by - 3 EY- NN Ve W ' Ve [
FEmstildnsionussdwenniivdusozmidulé ez hlundazaniuoglu
’ . P v
o ar 1 ) @ v ] 3 o I3
amala fafludadiusila dedruru Tuarsed 2.1 'ﬁauaﬂnﬁﬂ’s’ﬂunmmﬂ 14 150A030

ag“luﬂmﬂ’ﬁm play = yes 3o 9 15anein uazeglunainves play = no sw 5 15AABIA

mawms U1l attrlbute outlook

. .

outiook = sunry Using 5 eneia tudwauibfuamaves play = yes 2
1sAnedn Aanaass play = no 3 15ARBTA
Aadludaduvenaie yes = 2/9

fadludadiuvosnnia no = 355

outiook =’ overcast sy 4 13AADIA
fntludaduvesaane yes = 4/9

fadludaduvsinaid no = 0/5

I

outiook- = rainy 1510 5 t3Aneia
Aadludaduvesnard yes = 3/9
Aniludaduvosnana no = 2/5
Mdaduudazamaveniewndidasdiuda  classifier A 14Tunmsdumnaaiaves

' ] - Py ]
foya vindoyamsidunednlunisni 2.1 9214 classifier Aagii 2.8

Outlock Temperature Hurnidity Windy Play
yes no yes no yes  no _ yes no |yes .no
sunny 2 3 hot 2 2 high 3 4 |false 8 2 9 5
overcast 4 o mid -4 2 normali 6 1 true 3 3
rainy 3 2 cool 3 1

sunny 219 3/5 | hot 2/9 215 | high 39 45 [false 69 2/5 | 9114  5M4
overcast 4/9 0O/5 | mild 4/ 2/5 | normal  6/9 1/5 | true 39 35

rainy 319 2/5 | cool 39 5

7UN 2.8 classifieritlAvIndanaiy naive Bayes
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: I d
grmmenssionaludlairiuiudsd

“outiook ‘= sunny, temperative = cool, humidity = high, windy = true”

A Q f 1 " W M
1% Bayes classifier fuz1#i 2.8 Anamnuesiluii play = yes W30 play = no lddail

L] . o = -
anuhaziilunsdd play = yes o

219 x 39 x 39 x 3/9 x 9/14 = 0.0053

aymningiiudi play =yes:  mamniwmihufiplay =yes | amninziuvssnaa
tilo outlook ‘= sunny 11l humidity = high = play = yes
L4 " 4 '
mmmilzl;ﬁuw play = yes mwmmﬂuﬂ play = yes
1il0 temperature = cool o windy = true '

arnhozithnidl play = no A6 3/5 x 1/5 x 4/5 x 3/5 x 5114 = 0.0206

“srfunndeyandnsaleniedsduleagli play = no
nsdifidoynlinsudu (missing values) Bayes classifier Sanslinnonaausadoya’d
Tﬂaﬁ’nmmmmmi’lu{lmuaww‘%‘ﬁﬁ&uaan'hJ 1 t’ﬁ-ﬁagnwmhmf‘mmmﬂuﬁwia"lﬂf:
“temp?rature = cool, h_umidity = high, windy = frue”

0.0238

H

arniweilunsdl play = yes fip 3/9 x 319 x 3/9 x 914

|
i

arniwaiiunidl play = no fle 1/5 x.4/5 x 3/5 x 514 = 00343
Saaplndoyanemssionmadiedu sinneiddiplay = no _
~ A a‘q v o t 1 Py ’ . :; . ar ar
Tunsdifideyasuenmiiimilumduny wu sgamgl uazmanududinims dalu
4 aa g (4 . -
a1519d 2.2 Forsvesud wxldmemaunas uazmnnuulsdyon vaaiangdii play = yes

¥ []
uag play = no Aatiu Bayes classifier sziiludegii 2.9



3 - voo ) i oo o a
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No. Attributes Play
7 "Outlook "l'"—e't"nperatu—ré Humidity Windy
1 sunny 85 85 false N
2 sunny 80 90 true N
3 overcast 83 86 false P
4 rainy 70 96 failse P
5 rainy 68 80 false P
6 rainy 65 70 true N
7 overcast 64 65 trua P
8 sunny 72 95 false N
9 sunny 68 70 false P
10 rainy 75 80 false P
11 sunny 75 70 true P
12 overcast 72 9C true P
13 overcast 81 75 false P
14 rainy 71 91 true N
M Temperature Humidity Windy Play
yas no yes no yas ne yas  no yas  no
| sunNy 2 B3 85 86 85 ‘false 6 P 9 5
overcast 4 70 30 o6 90 true 3 3
rainy 3 68 65 80 70
64 T2 65 95
€9 71 70 o1
75 80
75 70
T2 90
81 75
sunny 29 35 [mean. 73 746 |mean 79.1 8§62 [false 69 26 [ 9114 5/14
overcast 4/9 Q5 | SD . 62 79 SD 102 &7 true 39 éfﬁ
rainy 39 25 .

7117 2.9 Bayes classifier Tunsiifideyaiiuduay
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ﬂﬁﬁmwﬂamnm*ﬁ'ﬂgaTmmwﬁ?ﬁaﬁﬁ;ﬂuﬁ'mm wu wonsalennlddoyadt outiook =
_sunny, temperature = 66, humidiyt = 90, windy = true ‘ﬂﬂ‘ffﬁhméﬂut}xﬁ‘lﬂ’nmtﬂi‘lJ"s'm'hl
funiv probability density funetion (fex)) - ' '
) = (I(sb*Vam)*e
wu dreigungll = 66 oewvhusuled
f (temperature = 66 | play = yes) = (1 / (6.2 x 21 ))e ~(66 73X 66 -T3)/ 2x6.246.2
' E = 00340
f (temperature = 66 | plé_py =no) = (1 / (79\/2—71- ))e (66 -74.6) 66-74.6)12:7.9<7.9
= 0.0291

- (X — mean) (x— mean) / 2 * SD * SD.

uaed humidity = 90 @mNIafIN probabilty density function davgaaReafudnedu

w18 g e nasiausinediunsdl play = yes uazaruninailunsd

play = no - ' '

amnizily play = yes o 2/9 * 0.0340 * 0.0221 * 3/9 * 9/14 = 0.000036
avunivzidhu play = no fiv 35 * 0.0291 * 0.0380 * 3/5 * 5/14 = 0.000136

Syiuanianmemafidntmense i outiook = sunny, temperature = 66, humidiyt = 90,

windy = true e ldinnedvazdadule lisen liiduneds

2.3.4 Instance-based learner

. 5’aﬂa?ﬁiamﬁﬁuuﬁ;ﬁaa%’w-’imﬂ'aﬁnmaﬂmﬂm’fggahmﬁuff szuanenautn e
ngudrsdunssithifimsafialuaanie classifier ‘l’iﬁauﬁwﬂﬂmm‘1‘1J1¥ﬁmm-i’}'w,a'lmiﬁ
Radu 1whz'tﬁﬁ‘ﬁm5Lﬁu‘?fmgia‘ﬁn'l.-ﬁ*xLﬁ')ﬁmﬁmnmﬂmmﬂm’famwﬁmwﬁﬁgﬂmj wends’
u3ondanedfuuuuiih lazy evaluation mmﬁiﬁu%maymm%ﬂmﬂai}zﬁwm‘nmﬁawwn
wi‘lun?iUamsLﬁu%‘ﬂga’lﬁ’ﬂg'lugﬂtmuﬁmmzﬂmﬁm#u udszFanulumswsnseinaa
voedoyalml Famsatudmiudaneifuluamnguéhaduiisadiu eager evaluation fldm
drulngjlunmsadh classifier mi"lmxuwaumsﬁmwi’!’ﬂgaﬂlwﬁazﬁyumn

mswigaaauesdaneiiiu instance-based sxl#nmnfSouifiendeyaluiiudeymds
ffioguaniudoyndfinasmunnaratiud FoyafisiogrunsladounyInddssfudeoya
Twadaniiga ﬁ%ﬁﬁmmﬂmnmm%’m@“l%ﬂmuﬂiﬁzmw%’agﬁﬁﬁag Saneifunszinnil
maﬂ%ﬁﬂné"}u’h k-nearest neighbor Tay & Wudaauinudu & k Wy 1 mnofans

Wedsznnveadeyalmi 1 lddeyniiliogifisinenadiiidnuus Indifeafudoyalmi
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, ¥ . N .

wnfiga Tunu3iuiliEdaneifiu 10-nearest neighbor 1iufiesz1ddoyn 10 wnsiiindide,

fudoyalninnfgalumsinnelssaandeya
maianaindifsweoyaiitiagivdeyalmifdeimobiuiedizon sslfions

Euglidean distance #3131 onidsl]
Distance(X,Y) = 2
. (X.¥) VI (x-Y)

' i=1ton

Tasdoyasioms X ssvsznoudiudnus (atiribute) A139) AD (X, Xy, ...%) wazdoynswms

v azusznaudodnues (Y, Ya, . Yo)

2.3.5 maiiafi 19muilsednsnin classifier

A a . " & ¥ o Y
auulszaninimees dassifier [Humsunignieadiveaiaveanisinnodeya
4 _ 2 : , , v b gy
i1 18d s 95T classification meonsl vfeifun?1 multiole leaming  avinnition ¥
18uf bagging uaz boosting

Bagging

wnlin bagging Mie bootstrap aggregation iHlun13#1 classification vawnds 1u 10
afs AIIE classifior 10 Tuian Wevsinia 10 luma'ludiifonsAimeniedwunysznn
voyalny ir:zfaﬁaqa1ﬂﬁ:1aﬂ1stfu1ﬂ11¥w§a 10 Twmastnoaama waf Wonmsdnnyes
¥4 10 Tpnenszmiloufuionun wioeeszinsinnoamauananiufls madnsgams
AR SRR P.o - TCT) TV IR SUTIG ML 9 zim'lmﬁﬁnnm'ﬁfluﬂmﬂﬂ ITHAAIND

o d] » ' et . & o o ¥ o
finnn 1ln1ﬁﬂ1u1uﬂﬂqiuiﬂﬂﬂ’]u1ﬁq} 00717 bwgll’lg LOAIYUADUM TN U lﬁﬂiil]'ﬂ 2.10
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w3

" unknown sample X

Class
prediction
Class
prediction
Initial '
data :
cl final )
ass class
prediction \ prediction /

\_____///

11 2.10 mniin Bagging tamuilszd@nEnmmisdumn

Boosting

mndln hoosting 1Hunyh classification vawasamilaufumeiin bagging nAManL
araRnsath clessifier udazafahildiusasyrof maiin boosting sziiudurinadaons
IWanimiinfideyaudazisanoia 'ﬁ‘ﬂm?uﬁunﬂuﬂﬂa'?aﬁmfwﬁmﬁu 1wty e
classification ﬂi!"qmmmsnﬁﬂau classifier Aodoryonaaey innninlaf classifier Tuwiie
ﬂzgnlﬁuﬁn‘fmﬁmﬁn'lﬁnn'r‘h classification m:wia11J°h¥mmﬁuliﬁuﬁmjaﬁfﬁnﬁmwﬁﬁ
wnahdeyadu  mwih classification sediiulluiinarniiounseiald classifier i
AMUMIUAS IR A winilo himunieiuanunivesaiddndeld aszuaums
{9fune uaz lassifier AR e (gL 2,11 fe classifier €% szgmiThi i umsdinng

P a s
ﬂawumﬁngam:maﬁu’iuamﬂw
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new sample data

54 2.11 mnatin Boosting Wi sz EnSnmmsdwma

oy o ¥ 1
2.4 'J'Bﬂ'l‘i‘?!fﬁWﬂﬁﬁlﬂllﬂuﬂiiﬂﬂﬂﬂlﬂn

msuniisdoyarszion classification Sumsaiie dassifer #o iy Tuealnns
Smundernnilsznn (cass) vosdeynluownr  classifier #191lse TonlidResdoa]
A7TMINIUATS (accurate) TumIvimitega f)fuﬁuﬂ'ﬁmmuﬂumqfﬁammsn'l'i'ui‘lummwﬂu
nsnffsuinnlszdninmesdaneiiinin fmihiiade classifier 3301l Tanm

¥
HNNATIVOL classifier Tvare3TAsll

4% Holdout

¥ N .

FBnnsiiszinirdoynsondiuassdan dauusniFundy doyafln (training data) aeiiimion
tlazinaeeslumy wietsvna 6% mm-ﬁnmﬁwuﬂ ﬂ‘uuﬂﬁmzmm*u ﬂuaqnmnw (test

data) fitwannlszinandaiugiu nis 34% um%unmﬂuﬂ
A ;
Soyatinazgnaaiiu input Wdane3fi. classifieation iioldad i lumavesdoyad

¥

Sunin classifier  wimiuezMdeyonaneuiannugnAeslumsimnnaataues classifier
e w . A o o ot 4 a o ol
TEans fanmuiuassiinaauiiuununm @deglit 212 3 holdout fiesomnzaniuosdin

Foyafismrann whudnnuseneimnnndt 1,000 5aneia)



Fstimation '

3

Initial data

¥

=] ' o '
1111’1 2.12 MIIRAUNATN Holdout

W k-fold cross-validation

B dmlsedminwues classifier il szuntisdoyasendly kA uazezde
YssENBNIW Kk 501 (K Humusmnads iy 5,10, 24)

souft 1 9xl¥oyadandt 1 Sudoyamanoy Soyadaudl 2 Sedwd k gnldifhudeya
Fin wanidasziinEnm o2 18¢1 accuracy#1

soufi 2 vzxi¥foyadaudt 2 dudoyanagen doyadnd 1 uazdeyadnidl 3 dadand

k gnidifhidoyaiin wans Tadsedniinim oz e accuracy#?2

sl « ox¥oyndadl k dhidoyanaaoy  Jeyndaud 1 fadaui ket grldiih
foyaRn war1siadss@ndsn oz 1dd accuracytk

AMAMMNIUATIINDY  classifier  tmiflunuefnues  scourasy#i, accuracy#2,
accuracy#h
L) 2 [ ‘ - a . g -
FEnriinamaineemmiddgufl 2,13 Binliz@eBnm elassifier uusivsmnziy
- o %
nsdideyaiiloy



K= = | Derived .| Estimated
classifier accuracy #1
b
Derived .} Estimated
classifier accuracy ¥k
: F 3
Data

11 2.13. MITanuIUATILLLY k-foid cross-vatidation
Tunsdifinsuisdnvesdeyamdwudunihfudnoudoya.  wu  doyadl 50
1 i": - 1 4 ° . d"
anesa wisdeinidiu 50 dau WeiimInaeen 50-fold cross-vaiidation szisunmsnaaeuil

0 g A {
&3 ndenilaii leave-one-out Fnrlflunsdifidoyniiovinn

3% stratified cross-validation

ﬁ‘ﬁnjmﬂﬂauﬂ‘szﬁﬂ'ﬁﬂmmuf‘rﬂ%’m!;atﬁmﬁm‘fuumn?ﬁ k-fold cross-validation lat
Tidoyafnisennithy k dowm uviazﬁ’mﬁ-ﬂagaﬂs'unfmamé’uur’fﬂdmLﬁmﬁm’fagaﬁ"aﬁ’u
Fantrausu Erdeyadeduil 1,000 anode Tusnandidhunaia A 600 anesa uoznata B
400 isanosa diewisdeyasendiy 10 dau giufe k = 10) ukazdIusziifeya 100 1nnada
sazludniond 60 saneiadiudoyanaid A uaz 40 annefediudoyonne

TuinssnsisoissmanemBouiionbzAninmussdancifuadn  dassifier 2
3ms stratified 10-fold cross-validation fithuniskemam3Tnt k-fold cross-validation uag

aa . 4 P A
3% stratified cross-validation e 1¥ idnan inaaeuiidede1duindige
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» [ 1
TasamsdotiymjimnofivznaneulssnEnmeesdaneifuang  #l¥lumsi

muaweunﬂnmnﬁamiuwTum‘nmmmvwa efumdanesiuimingaufigadmiy

auami’nmnukﬂmamiu'rmu roazBoaiiembamissneudessifioni5ise Ying

uiade 3.1 maﬁmu‘i’agnm 12 gl lumsmaneudaneiin. Ysngluiide 3.2 uns

o

a4 3.3 Surwandesdimri WlunsSns sl suiousadwinusazdane Ay

3.1 iilsuiside

: L
msduaitszutsonnihu 7 Suneudsil

d
O]

(1) Arvuazsrweglaideiifisides

R < . - o
{2) FnwimsFOusEuY Weka Fuihy open-source environment yl4lunii data

mining

3) ssadeyansitedlsndnon 12 yadeya lavdeyadnlngjazduduon

o I3
UCI Repository uagfiaidpmmmnizdoyavianisuwms

{4) sulm;ﬂuuuuﬁmmqa Weglugtuuy arff ifel¥fuszun Weka

(5) mm1~waanns'nnﬁ‘uﬂﬂ~nﬂ':mf mﬂﬂamﬂnﬂanaiﬂun'l%mﬂunwugmtmnma

fiu Bmﬂﬁ]i‘ﬂﬂﬂﬂﬂlﬂﬂﬂllﬁ‘]ﬂ FENDUAW

OneR nnguEanei i 1¥ndnn1s Rule lsamer

J48 mnﬂtjuﬁ’aﬂe"?ﬁuﬁ“ﬁwﬁﬂﬂ‘!i Tree-based learner

naive Bayes 91ﬂnduﬁnnﬂ?ﬁuﬁwwﬁﬂms Statistical learner

1B10 nnngusaneifiuiiléndnms instance-based learner

Bagging Hufane3iiutlsziam muttiple leaming Wi szdngom
classifier A2uimaiia bagging Taelumsioiioznageumaiin bagging
fudanesfiu OneR, J48, naive Bayes, uaz 1B10

AdaBoost (luganeTiumlszian muttiple learning 1iRuyssAnsnn
classifier #10mAtin boosting Tavlunsaisiisznaneumaiin boosting

fludone3fiu OneR, J48, naive Bayes, Iz 1B10



(6) namsuuAaBaneiiufudeyaurazgaiisrus 1} ofuiinwadnssuns
o « ' Y = 4 = of =i
dannzinnuiveairnsdonsitu nFesneuiureifldlummanouiiu

- o
ABUNINABS PC Pentium Hl 700 MHz RAM 256 MB

-

@) AInnsvnauazirusuuzdinyuzvesdaneifuuazmniisfiminz aufydeyanis

3.2 unasfnveadeyauazmidmlzzinndoyn

«

o . P / | - @ Y a s
foyaf il Insans3duii Mnnnundfeyavesuniinndum sfyundvesiiio  iiles
o N . . L o
o3 il {University of California at Irvine) (Blake, Keogh and Merz, 1998) Tavdadenn
Jd d o oo ar '3 3 3 = o L)
mwizdoyanamsunndiiberdosiunisidedslsn Sougadeyadiamuail 12 ga Suunld

i 4 nqude

» deyoiiedonyw, dydnuel, dunv tsuiu uay lufideyadnlageme
(nominal data, no missiﬁg values)
"lﬁ'llf’i'ﬁm;;a Lymphography 4% Post aperative

. %’aqnﬁtﬁﬁaﬁamm, dayinuel, Auav rlufu ualideyouadugame
(nominal data, missing values) _

i 1ﬁktﬁﬁﬂgn Primary tumor, Heart disease (108 Breast cancer

. ﬁugnﬁtﬁuﬁ’:mtﬁ’?mm wnduuonniniiszyamm uas lifidoyadauiaggme
{(numaeric data, no missing values)}
Hl.iﬁ‘ﬁmgﬂ Diabetes, Heart (Statlog), Thyroid Uz Liver disorders

o doyafidiudnaimun @nduuennsiadissynom wadfeyausdiggme
(numeric data, missing values)

‘lﬁtlf’i‘ﬁ'wa Wisconsin breast cancer, Hepatitis LLd2 Lungcancer

swdogadoyn Snnueymidwxnde Fad) uastmousmatundasyadoya w014
Aa01919% 3.1
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‘@197197 3.1 gadoynuaz Toosidurvsaenniiig lasagl

%i]'ﬁﬂ-i.l;ﬂ : S iou fwuuennifadnunadnuee fnon
Foyo | uonn3Dod | dtied  donoms | Faian nmiggnie | eam

1. Lymphagraphy 148 19 9 | 6 3 No 4 |

2. Post opecative 87 e | - | 7 1 No 3 |
3. Primary tumor . 339 - 18 13 ! 4 -l ves 22
‘| 4. Heart disease 597 S 14 2 5 6 Yes 2
5, Breast cancer 286 | 10 - 9 - . Yes -2
6. Diabetes ~ 768 9 - - | 8 | Ko 2
7. Heart (Statlog) 270 14 - - 13 No 2

8. Thyroid 215 : 6 - - 5 No 3 )

MQ Liver disorder 345 7 - - 6 No 2 ]
10.Wisconsin  breast 699 10 - - g | Yes 2

cancer ' II
11 Hepatitis 155 20 A ; 19 | ves '
12.Lung cancer_ 32 57 - - 56 | Yos 4 |

v
doyauanzyaiinssunnaaravesdayadiail
. I A et Y
(1) Yoyn Lymphography indeyaniidiiesudemiunie

fidurudoya 148 1snnnia Suunsendlu 4 aatar Ao

normal find (91U 2 Gareia)
metastases Gitmua 81 13rA83R)
_malignant lymph (61mu 61 3AReTA)
fibrosis @ 4 senata)

(2) Yoye Post operative diudeyanmiyiisdvanmauldndanirinda

fidnuanudoya 87 isaneia §uunoomiiu 3 aara flo

| vunefia suldgndaliiealedy @ 1 1snn0se)
s e auligndandatin - @l§mau 24 saRpiR)
A nneda auWgnd<Wvedile (@ 62 13Reie)

oo d Aa a @ c
(3) doyn Primary wmor HiufoyaniitedolsmuzFafifaduoitoziney
#9msudeyn 339 aaneia umunoenily 22 sna fe
ltng _ (I 84 sarnin)

head and neck {18 mu 20 15AReA)



esophagus ({8 1u 9 sAnDTAl
thyroid {4 4u 14 sanase)
stomach R 39 13ARBsTA)

duodenum and small intestine

@$mn 1 sARBIA)

colon @i iu 14 anesa)

ractum @$u3il 6 5AnDTR)
- o

anus (I 0 19RABIA)

salivery glands

@y 2 3nAeia)

pancreas (6 28 13AReTR)
gall bladder @$1u 16 ARBsA)
liver @1 7 AnDsA)
Kidney {_ﬁﬁhu"m 24 15An93A)
bladder ({8 2 1AneiA)
testis @M 1 1IRARTA)
prosiate @i 10 saneda)
ovary @1y 29 1sAnaiA)

corpus uteri

$14U 6 15AABSA)

(i
ﬁﬂ

cervix uteri @i$1mau 2 sinneda)
vagina @i$mm 1 tnneia)
breast @ 17u 24 Anese)”

» .
(4) 4y Heart disease Wudeyamiiisdosiminasadornsnirlodiulauidnmwidnasd
fifandoyn 597 1snneia Sumnesndlu 2 nae fie
< 50% diameler narrowing Edwiou 353 1saneTR)
> 50% diameter narrowing . (U§1uu 244 RELGEL)
. - dl aa o = A‘ ' o al
(5) Yoyn Breast cancer (ThudoyarmiTisdsnsifatiulmiveansGudwy
fiduudioya 286 senoia Suunoendlu 2 aana e
no racurrence (ﬁﬁmm 201 l‘mﬂﬂ{ﬂ)
recutrence (Hiduau 85 waneia)
(6} Yoyn Diabetes HiudoyanmimageuiinulddesinmiTinumanunioli laoldumsgu
' ar 4 oA M M e A w '
vavsnmseuniTan nagsusuau dmemdgsidiusurAudiosduidounas Tyos lani

Ao ¥ o
H$moudoyn 768 1sannia Suunseniiy 2 nata Ao



positive (i§17u 268 iTrABIRA)
negative @419 500 isAneia)
(7) eya Heart Disease (Statlog) (ﬂui’nqﬁmswaﬁauimu'!1’1'1'181n1ﬂm¢"[5ﬂﬁ:1~nu§'0'1u’
H$mamdioya 270 sanois Swuneendu 2 aaa fe
absent of heart diseass (@i m7u 150 1snRasA)
present of heart disease ({8 2u 120 iseneia)
(8) ¥oya Thyroid gland Hudeyamsifesedentoyond

fidnmudeya 215 unneda duuneenitin 3 ania fin

normat @ 150 1saneda)
hyper-thyroid @$1u7u 35 GARBTR)
hypo-thyroid % 1m9u 30 sRResR)

(9) Soya Liver disorders Ll ngiwazidonvesdoya)
Génudnya 345 sanedn Sunnesndin 2 Aoty fe
class 1 @ mau 145 anesia)
class 2 G5 mau 200 anoTa) .
(10) fimya Wisconsin breast cancer (TunisTilsdouedadmniniuninfiouss maiignant)
w301 10u34 (penign)
Bémudoya 699 1sanedn Suunesndlu 2 navd fin
benign ({$1u7u 458 15PROTR)
malignant @idry 241 1sneda)
(11) Soya Hepatitis (hisngswasiBeavesdoya)
fifwaudoya 155 saneis Swuneendy 2 aata fie
die o ({8 32 sanese) |
live @ 123 15anesA)
(12) 4oy Lung cancer (Wil ngswayiBsavaadoya)
Hifwaudeya 32 srnsia Swmnoemily 3 aave fe
class 1 i 9 rnain)
class 2 @ 13 58T R)

class 3 @ 10 uaaeia)



e
[}

v & y Y A w
roiand 12 BAV AL ?'f“l]1ﬂﬂﬁl"lﬂ.il1ﬁ"ﬂ1ﬂﬂﬂ"m= GE

nuINgUAS MIUNAT

Agui 1: doyaniismaunata = 2 (binary class)

- Fy P
nUN 2: Ay

)

uanguamd i uuennd

SwunlAitlu 2 agu

Breast cancer data

Diabetes data

Heart disease data (Statiog)

Liver disordar data

Wisconsin breast cancer data

Hepatitis data

Heart disease data

HS A > 2 (multi-class) -

Lymphography data
Post opérative data
Primary tumor data
Thyroid data

Lung cancer data

o $wunldiihe 2 ngu

(4 classes)
(3 classes)
(22 classes)
(3 classes)

(4 classes)

oA o at o
nguN 1: i’fﬂgnﬂuﬁm’]uuawminﬁ > 15 (high-dimensional data)

Lymphography data
Primary tumor data
Hepatitis data

Lung cancer data

nquii 2: deyafili S maunenniiig < 15

Post operative data
Heart diseass data
Breast cancer data
Diabetes data

Heart diseass (Statlog)
Thyrold data

Liver disorder data

Wisconsin breast cancer

(19 attributes)
{18 attributes)
(20 attributes)
(57 attributes)

{9 aﬁributes)
{14 attributes)
(10 attributes)
(9 attributes)
{14 attribules)
{8 attributes)
(7 attributes)
(16 atiributes)
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janduawnnuauyssivesdeya Suunldidu 2 aqu
ﬂejnﬁ 1: Yoynil missing values
- Primary tumor data
- Hear't'-'diéease' data
- . Breast cancer data
- Wisconsin breast cancer dafa
T - Hepatitis data
e - _Luhg canber data -
nguit 2: ‘\ss'au"ﬁ'lﬁﬂ missing values
- - Lymphography data
- Post opérative_ data
- Diabetes datar
=~ Heart disease (Statlog) data
- Thyroid data

- Liver disorder data

mﬂqnmynnummanmm wsuﬂ"lﬁ'ﬁ‘lu 3 N
ﬂqmﬂ 1 'llflunmﬂumﬂumm‘u (Unﬁu goal attribute)
- Diabetes data-
- Heart disease (Stetlog) data’
- -'Thyrold» data
- Liver disorder data
"~ Wisconsin breast cancer data
- Hepatitis data 7
- Lung cancer dala;
ﬂqnw 2: ﬁﬂgamwmﬂu%mmmaﬁmaﬂum '
- - Primary tumor data -
- Ereast cancer.data

nqufi 3: ﬁauawauﬁammmmu%mm

Lymphography data - {158 nominal attributes, 3 numeric)

- qut operatlve data {7 nominal attributes, 1 numeric)

- Heartdlsésse dsta (7 nominal attributes, & numeric)
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3.3 AtmmaneunSeumousoneinumzimaliamsFunsievlunn

di - as = 3 . w L4 -

winslen i lumimageudanoTRunsmaiind g lunsdausnsiluea o 1zuv

‘ ) . LA oa m !
WEKA (Waikato Environment for Knowledge Analysis) FathuaronAus fimouns s Tag

uminu1dy Waikato Usenmilafuoud (hitpiwww.cs waikato.acnzimiwekal)  TU31n3Y

o - - [
WEKA szfudeyaiieglugiuuy ARFF (Atiribute-Relation File Format) #3uszneudauen
i -1 4
Awtuideya uazdimdoya dsdiedrase Tl

h % This is a toy example, the UCT weather dataset.

@relation weather symbolic

@attribute outlook {sunny, overcast, rainy}
@attribute temperature {hot, mild, cool}
@attribute humidity {high, normal}
@attribute windy {TRUE, FALSE}
@attribute play {yes, no}

@data
sunny hot high,FALSE no
sunny hot high, TRUE no
overcast hot,high FALSE yes
rainy mild high FALSE yes

- rainy cool normal FALSE yes
rainy cool,normal, TRUE no
overcast cool normal, TRUE yes
sunny,mild high,FALSE ,no
sunny,cool hormal FALSE yes

_ rainy,mild,normal FALSE yes
sunny,mild normal, TRUE yes
overcast mild high, TRUE yes
overcast hot normal FALSE yes
rainy,mild high, TRUE no

Uit 3.1 daedredeyaluguuy ARFF
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‘ymaayamwaw"l%’luﬂ15'.uﬂs1an'§uumumJsvﬁwﬁmwaaﬂmwuﬁamﬂminma
mﬁmqmﬂﬂuulwnqiu;ﬂlmu ARFF m1nuu1ﬂaﬂ'ﬁaualﬂl‘1’1qiﬂmﬂm WEKA fawnisiden

uudnds “Preprocess” wazmudaouitudids “Open file...” mgﬂ‘n 3.2

i 3.2 uamsmsivandeyatuzinm ARFF dhgTilsunsuy WEKA
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psdaunsed luaavn 14 laomsidenuiufidy “Classify” audlonindantaneinuly

13 classify Hazideon test options sz idnaaeuTuan (nTe classifier) Asied1alugld 3.3

i \‘fl!l‘d Knowledge txplorer

3
. E;.
L AN R weka,clesstfiers. vules.OneR -8B 6 !
| @Crossaditobon. - Fode | 10 T weather, s!'lbolic
! OPorcortagall. o De 3 i Instanzes: 44
' L actributes:  §
"{ More cptions... 7 L outlook
AR . :; TEMPEEALULE
(Mom) play - 5; husidicy
> windy
i Sert } : iiad : play !
“Mﬂ“(ﬂ-‘“'ﬂ'ﬂﬁﬂﬂ - 1'§Te:!: wade: 10-€old grosa-validation ’ : E
- 1
W“ mes Classifier model [full training sst) == :
! E ouclogk: ;
3 ';! ! . funnyY > no
+ e OVETCARC > yes :
: e ralny -> yes ¥
K i 1.0/14 irstences correct) ‘
' ,; . i
L !{ Tiae taken ta build model: 0.1 seconds N
Sty - .. :
B A
o L ; P,

7133 wamams dessiy $oyndnsianoifin OneR

v 2 . . 4 ‘d
wadwi# 1Asztnngluniousenin Classifier output Faszuaailuen nawldlums

afuluea uazneaziBeammagovluea wasdluglii 3.4) Gusr TP Rate, FP Rats,

Precision, Recall, F-Measure $uiunmunme 32n7is confusion matyix uﬁﬂﬁm’mi‘fayﬂﬁ

Tuaavunegnuazieia ludnuusuesnsneniia
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Clagsifier outpul
=s» Stratified cross-validation sss
sna SUBRALY ==

. Correctly Classified Instances .6 | 42,8571 %
.| Incoxrectly Classified Instances - 8 . 57,1429 %
i Kappe statistic B -0.1429 - :

Mean absolute error : 0.5714

Root mean squared errox 0.7559

Relative absolute errar o 123.0769 %

Root relative sguaréd error 157.6527 %

1 Total !'Iumberl of Inscénces 14

e=x Detailed Accuracy By Classg ==«

TP Rate FP Rate Precision Recall F-Measure <Class
0.444 . 0.6 . 0.571 0.444 0.5 yes
0.4 . 0.556 0.286 0.4 0.333 no

| == Confusion Matrix ===

ab <-- c;sssil‘:ied as

45 ] a=vYes
321b=no

117 3.4 usaniheenadniuesmsii classification’

513 confusion matrix xﬂu%mgaﬁﬁmﬁn;z‘l%"lumsﬁ'ﬂﬂ'nmuiumweﬂuma AN
wiuAse (accuracy) fio 5ﬂi1miv'imw*fu'aqamaw'l.ﬁ'gnﬁ'm HieundBen success rate
w‘%‘nﬁ'mwmuje"nn%waamiﬁdu-wﬂmm’fagﬁ'lﬁmaﬁ'ﬂﬂmﬁﬁnﬁn‘s’q ' 1unsﬁﬁﬁ1muﬁmz
. Fonduiiu error mimiuﬁﬂwmﬂffﬁmundou'lﬁxi‘l’uﬂmﬂiznfm 4o False positive 1oz False
negative uﬁﬂémi-ﬁmuﬂ error ﬁ'lﬁﬁqﬂﬁ 35 @3 confusion matrix Tugilt 35 Fums

o ) & - ) gt | .
nedeyafilinesnats fiv o positive 1Az ARIY negative

| uneaana = “positive” MieRa1d = “negative”
ey = “positive” | TTUe positive (TP) ' False negative (FN)
aerfudess = “negative” - | False positive (FP) True neagative (TN)

. o5 ¢:- . o V . - ~.'n
g a5 wednddwumbzannisiinegn (True) uazmsRiuioie (Faise)
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lunstnnoemsitedomenaunnd ManunsuReet1uard hinsidoa
Woanerendaiuit Tuma e classifier Andwiuiszdninmdivala  fufludedin
wzsalinniui msimnogadentiuitiu True positive rate il naziiiu True: negative
rate 1ivla Tevsdaduldhmamsinoiiownsafiodla (precision) gatws l&dluda

. » o
Hiun3e (accuracy) vealuaa driaaeqmaiieansodmnsm idan confusion matrix Wail

True positive rate (or sensitivity) = TP /(TP + FN)
True negative rate (or specificity) = TN/ {TN + FP)
Precigion ' = TP /(TP + FP}
Accuracy = (TP + TN) / (all samples)

fumyIeiiesnareunisudivuszdninmuos classifier A nnudarsanatiy oz
wazmniinlaedinTzionmatey Hoit

1 nawltumsadniuea Saluniovediud

(2) #1Sensitivity Failum True positive rate veInataman

3 f1 Specificity  Builud1 True 'negat‘lve. rate YoM aAN e

(4) M Precigion '

(5) fn Accuracy

o



unn 4

wamsanneinoudnmniseinEmumsdunnzvluaa

o . A aa  ar ‘v - - o = .o )
nsdunned laafensiidolsn 1¥danesfiufiugu 4 danoiiiu dud OneRr,

'J48- (decisiontree induction), naive Bayes, Instance-based (10-nearest neighbors)

szaanadaeTsunsy Weka version 3-2 Unn30nouR983 PC Pentium Il A2711157 700

MHz wiwanuimdn 256 MB evWedadmowg 28 GB  wanwsumsvnfSeudiou

a8 - % o . ) . o - ) o a .
ﬂ'ﬁ':’:ﬁ“ﬁﬂ']ﬂﬂ_’liﬂ'llluﬂ”ﬂﬂ classifier ﬂi"ﬂﬂi']ﬂﬁgl:ﬂlﬂﬂiu"jﬁﬂ 4.1 '!ﬂﬂﬂﬂﬂ]ilwuﬂigﬂ“ﬁﬂ‘lﬂ

* . 4 e . . oW - X n“:
nmsdansed luen  Ydimailn Bagging unz Boosting nITWRUSaneTRUAUEUNG 4

a = 4 = L4 -l ) o P o = or 9’
~ Sanoifiy . wansams el eudsumaminlszdninmmsduun dsngneazdealuinde
42 ¥ie4.3 dumseilsway)

d. ar
_ 41 wamPmneiEaisudaneif

4 . 1 g ) . {19 3. Car o ‘
M5l 4.1 §a 4 4 ﬂﬂ1ﬂﬁllﬁﬂﬂﬂi”ﬁﬂﬁﬂ‘lﬂ‘ﬂﬂﬂ classifier ﬁ"lﬁmﬂmimmswﬂnma
ﬁauaﬂﬂaiﬂu OneR, J48 naive Bayes LAY lnstance-based mumnu 1um'suﬂmﬂmu

Liummmm%’aqamummuﬂmﬁ Tﬂmiumm;ﬂfu'agamﬂu binary class lilouiiyadeyad

Li‘lu multi-class

AT 4.1 szdnBnmesmsdunsed lisandodanedity Oner

yadiaya vaAtfaig An . S e
‘ (uﬁm'mﬁmuhnma). Muaa (3ufl) | Sensitivity | - Specificity PreCIS|on  Accuracy -
Heart disease 0.05 . | . ‘ o . J . 75.04% -
Diameter < 50 L . 0.782 10.793 o
Diameter > 30 | | 0.705 0,691 -
Breast cancer _ — 0 : - ' 69.;23% T
" No recurrence ' ” 0.9 » 0.727
Recurrence | . ' ‘ 0.2 0.459
Diabetes T ool ' [ 7ias%.
" Positive ' 0466 , 0.622 o
- Negative : ‘ : 0.848 "0.748
Heart (Statlog) 0 T T 7148%
Abscnt ' 0.733 0.748 )
" Present 0692 0.675 )
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AT 4.1 (AD)

taiaya
{UHAIAITTILUNARH)

[ aafitise
Tuwea (S}

@1

Sensitivity

A1

A
Precision

© A
Accuracy

Thyroid

Liver disorder 0 L 55.94%
" Class1 . - o421 | 0473 |
" Class 2 0.66 Toelt
Wisconsin breast cancer 0.01 91.85%
" Benign | 0.954 0924 B
Maligna;_t T 0.851 0907 T
Hepatitis 0.04 84.52%
Dic o 0.4 0667 | B
Live T 0.952 0.869
Post operative patient 0 68.97%
I TV T e 0 T
| Stable 1004z | 0333
" Admitted 0.952 o7 |
0

91.16%

" Normal

" liyperthyroid |

| 0857

0.8

Lung cancer

40.63%

" Fibrosis

 Class 1 , T 0sse - 0.625 o
Class 2 T 0308 0331 |
CCless3 ) 04T Tz
! Lymphography 0.03 74.32%
" Normal 10 TTTTTTVOVTTTT
T'Metastases | |03 0.84
‘Malignant lymph | S o 0. 0.671 T
0
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yadiaya
(wamamTdmunaad)

nafAtisi
Tuaa (Sud)

A
Sensitivity

A
Specificity _

A

¢
Accuracy

Primary tumor

0

Lung

27.43%

7 0.881

0261

Head and neck

0.2

0.364

Esophagus

Thyroid -

Stomachy

0.053

-‘Duoden.and sm. int -

Colon

Rectum

Anus -

Salivary glands

Pancreas

Gall bladder

Liver -

Kidney

Bladder

Testis

Prostate

Ovary .

Corpus uteri

Cervix uteri

Vagina -

Breast

583

ool o ol ol ol o o ol ol o) ¢ ol ol = ©
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aniefi 4.2 dszdninmveiniidunned luaododanesiiu J4s

iR T T
{usRIAITIIUUNARTK)

vafiteshg |

Taa (Sundl) | Sensitivitf

A1
Specificity

4]
Precision '

- ) |
Accuracy

Heart disease

0.1]

80.07%

Diameter < 50

0.864

0.811

“Absent

Diameter>350 | 7 0.709 0783 |
Breast cancet 0.01 | 75.17%
" No recurfénce 0.965 0752 | T
Recurrence 0.247 0.;f5
Diabetes 0.1 78.43%
" Positive 0.619 0638 |
""" Negative I 0.812 0799 |
Heart (Statlog) 0.04 21.48%% y

0.86

~ Present

0.758

Liver disorder

 Class 1

Class 2

0.04

0.545

68.70%

Wisconsin breast cancer

0.06

" Benign

" Malignant

0.948

- 94,56%

Die

Hepatitis . '

0.17

05

Live

N §1.29%

Normal

“Hypo-thyroid

" Hyper-thyroid |

Post operative patient 0 70.11%
e TR S It e RIS
Stable T 0 0 T
7 Admited | T 0.984 0709 [
Thyroid .02 94.42%

0967

0.954

0.943

0.943

0.8313

0.893
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mi_m'r"l 42 (no)

yadiaya - naitldahe G i A f1

(waaomsdruunaaia) | Tuwma () | Sensitivity | Specificity Precision Accuracy
Lung canoer. ' o0 o o . 43.75%
Class1 || o4 | 04

" Class 2 | | 0.462 0.429

Class3 . .. . 0.4 0.5
Lymphography 037 . T | 7635%

Normal 05 o ;

Metastases | . ' 0.815 0.825
- Malignant lymph i ol 0721 | 0.133

Fibrosis ” | _ o5 | 0333
Primary tumor o 0.08 ' ' 41.00%

Lung N 0679 EE

Head and neck T T 09 0.692

Esophagus: | : o 0 0

Thytoid C I 0357 ‘0385

Stomach . | . . 0.051 0.077 .

Duoden.and sm. int R . | 70 :

Colon _ 7 _ 0 0

Rectum  +- _ s o 0

Anus : o .0

Saiivary glands 0 0

Pancreas o : ‘ 0.107 0

Gall bladder : ' 0.563 0.375

Liver | | ' | 0 - 0

Kidney " ' 035 04

Bladder T | : 0 0

Testis .0 : 0

' Prostate . 0.2 05,

Ovz-lry - 0.724 “0.538

Cofpué uteri ' VR . 0

Cervix uteri , ' . . 0 0 .

Vagina - [ o 0

Breast _ | 0.667 0.8
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T

= a o ¢ o - .
A1519% 4.3 dszninmuaimsdunsed lumadwdanesiiy naive Bayes

yatiaya wadlisse | a1 A1 A1 . A
(wamopiriupaaid) | Tuea (M) | Sensitivity | Specificity Precision Accuracy

Heart disease 0.03 83.75%

" Diameter < 50 ' 0.87 0.858 o
: -Diaméter?_’_SO 0.791 0.808
Breast cancer 0 _ 74.13%
~  No recurrence ' 0.866 0.787

Recurrénce: 0.447 0.585 ]

Diabetes 001 I 76.04%

“Positive 0612 0.672

Negative 0.84 0.802 |
"Heart (Statlog) - 001 35.56%

Absent ' 0.893 0.854

Present 0.808 0858 |

Liver disorder 0 ' - 55.65%

T"""Class 1 0.759 0.482

" Class 2 0.41 0.701 -
“Wisconsin breast cancer 0.01 - - 9599%
"""" Bonign 0954 0984 |

Malignant * 6971 0918 -

Hepatitis - C0.03 84.52%

Die 0.733 0.579

Tive 0872 0932 " _
Post operative patient 0 - 70.1 1 %

ICU 0 o 0 )

Stable 0.042 0.333

Admitted _ "0.968 0.714 T
Thyroid o ' " 96.74%

""""" Normal 0987 . 0.967
" Hyper-thyroid 0sTi |09

Hypo-thyroid 0861 | 0963
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PRTERT 4.3(R®)
satiayam na 1 itaie i . i a1
(usmamisduunaai®) | Taaa () | Sensitivity | Specificity |, Precision Accuracy
Lung cancer 0 . 53.13%
Class 1 0.444 . 0.5 I
- Class 2 0.615 0.444
Class3 0.5 0.833
Lymphography | 0.0z 81.76%
Normal . 0.5 0.5
Metastaées : 0.901 0.811
- Malignant lymph . 0.721 . 0.846
TFibrosis 075 0.75 _
.Primary-tumor 1] 49.56%
Lung 0.762 0.678 -
Head and neck 0.95 : 0.76.
Esophagus ~ - . 0 0
Thyroid 0214 0333
Stomach 0.308 0.378
Duoden.and sm. int 0 . 0
Colon 0 0.
Rectum 0 0
Anus 0 .0
“Salivary glands 0 0
Pancreas 0357 0.256
Gall bladder 0.5 - 0276
Liver 0 0
Kidney 0458 | 0324 ,
Bladder 0 0
Testis 0 0
Prostate 0.2 0.5
Ovary 0.862 0.543
Corpus uteri 0 0
Cervix uteri 0 0-
‘Vaginé 0 0
Breast . 0.792 0.76
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A1 3R 4.4 lszinBnimuesnsFansie lnaadu6ana TNl Instance-based
(10-nearest neighbors)

yeioys
(EAIMITIINUNARTR)

LRtiain

Tunaa (Yul) |

#1
Seasitivit

A

A

- Precision

Al
Accuracy

Heart disease
Diameter <50

~ Diameter > 50

0.01

Specificity

0.836

10.836

83.58%

Breast cancer

73.43%

No recugrence

0.98

Recurrence

0153

Diabeles

74.35%

Absent

" Positive o 0.601 0.641 T
" Negative 0.82° 0.793 T
Heart (Statlog) 0.01 82.96%

0.317

Present

0.75

0.849

Liver disorder

62.90%

" Hypo-thyroid. ¢

Class T Tosse | T osse T T T
© Class2 ' e 1 oe68 | osg T T
Wisconsin breast cancer 0.01 96.71%

. Bemén_._..__m- S BT I TG e e
~ Malignant o 0.95 Tegss T T
Hepaltitis 0.01 83.23%
TpDie T 0.467 0.583 .
CLive T 092 0.878 T

Post operative patient 0 71.26%
| Stable T 0 0 T

Admiced 1 TP T e o
Thyroid ] 92.09%
~ Normal T v T [Teses T

" Hyperdhyroid T T T omias |
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7 - a3 4.400) _
" amdiaya | wawiidiasw i A #1 A
(wdaaansduunaaid) | Tiwea (Yuifl) | Sensitivity | Specificity Precision Accuracy
- Lung'cancer. - 0 B o ' 46.88%
Class1 0.556 0.5
Class 2 ' 0.538 0.389
Class 3 03 0.75
. Lymphography 0 . 80.41%
" Normal_ 0 0.
Metasta;es . 0.901 0.793
Malignant iymph 0.754 0.821
Fibrosis 7 0 0
Primary tumor 0.01 | 48.67%
Lung 0.726 0.635 '
-Head and neck 1 0.714
Esophagus -0 0 |
Thyroid 0.286 04
Stomach 0.205 G4
Duoden.and sm. int 0 0
Colon - 7 0 0
Rectum 0 0 -
Anus - 0 0
Salivary glands 0 0.
" Pancreas- 0.321 0.25
Gall bladder 0.688 0344
Liver . 0 - 0
, ‘Ki‘dney 0.333 0.364
Bladder 0 0
Testis 0 0
Prostate 0 . 0
Ovary 0.897 0.413
- Cotpus uteri 0 0
. ‘Cervix uteri 0 0
Vagina 0 0
“Breast 075 0.75
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i o 2 oada -
A5190 4.5 uamansSoumovunan 4 lumsdua ey lusaveanafidaneiiu a1ss

i
r

fi 4.6 uomamsifSoifouny Sensitivity unz Specificity v usiazdanesfiulaouaaanily

afisufioyludnyazess True rate Suwpamnoim,. MmN 47 uar 4.8 udAInm

wWisufousd Precision uaz Accuracy vsaunazdano3iumudiay

L4
g

a1nf 4.5 nfsufvunafiiflunstunied lusaventaddaneifiu
“Foyatoyn eIy (i)
OneR J48 naive Bayes Instance-based {10-NN)
Heart disease 0.05 0.1 0.03 | .0.01
Breast cancer ) 0. 0.01 0 0
Diabetes 0.01 0.1 0.01 0.01
Heart (Statloé] 0 - 0.04 0.01 0.01
Liver disorders ” 0 004 . 0 0
Wisconsin breast cancer 0.01 _0.06 0.01 0.01
Hepatitis 0.04 0.17 .03 0.01
Post operative: 0 0 0 0 -
Thyroid 0 0.02 0 0
Lung cancer 0.01 002 ] o0 o
| Lymphography 0.03 037 | 0.02 0

Primary tumor 0 0.08 0 0.01
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1] - ¥ 1
AN 4.6 nfFoumitun) Sensitivity 10z Specificky Tugiliiu True rate veeviafidans3iy

yafiaya fi1 True rate #1 True rate | #1 True rate d1 True rate
(umpINFEIIMUNARE) OneR 148 Naive Bayes 10-NN
Heart diseasc . |
" Diameter < 50 0.782 0.864 087 | omie T T
" “Diameter > 50 0.705 0700 | o791 | 0836 .
Breast cancer
No“_r-ecurrence 0.9 0,965 0866 | 098
" Recurrefice 02 0.247 0447 | 0153
Diabetes
Positive 0.466 0619 0.612° 0.601
""""" Negative 0.848 0812 T0.34 0.82 |
Heart (Statlog)
M:\i)sentﬁ T 0.733 0.86 _l’ '""'(isiiii:_ 'offa_:i:'
Present 0.692 0.758 0.808 0.75
Liver disorder
TClass 1 | Toas2r 0.545 T 0.759 0.559
Class2 T | 068 1 o9 041 068
Wisconsin breast cancer
" TBenign . | 0954 0.948 0954 0.976
" Malignant | 0851 [ 0s42 | 097 1095 i
| Hepatitis
eie ] 04 0.5 0.733 T 0467
Thive T 0.952 0.888 08712 1 092
Post operative patient
eyt % Y D R B 0
Stable | 0042 - | 0 T T Y
 Admitted 0.952 0.984 0.968 T
Thyraid
" Normal 0.947 0967 X A A T
" Hyper-thyroid 0857 1 0943 | 0971 T0.714
Li{;«_’;}é&h&féid“"“ R X T Y < |"'"0”.i_i6f“ 1 0267
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11 4.6 (da)

Hatayn
{MARINTIMUNARIA)

A1 True rate
OneR

i

A1 True rate
a8

A1 True

Naive Bayes

rate’ | @1 Trverate |

10-NN

l.ung cancer

Class 1

Cia:;,s 2
i Class3 h

0.556

0.A44

0444

0.536

0.308

0.462

0615

TTo.538

0.4

0.4

0.5

% R

Lymphography

Normal-,

0.5

- Metastases

0.901

\} Malignant lymph

0.721

Fibrosis

0.75

Prlmary tumor

Lung

- ”Vdgma

Breast 7 |

" Head andneck 02 09 0.95 v
''''' Esophagus 0 T o e T
i ﬁ&?&'&“"""“ N A 0357 0314 "6”2%'6
“Stomach 0026 0051 0308 0205
l Duoden and &ﬂ'l ll]t T -_6““ I %“aww T "—‘(']‘“ — B ——b—- ) o
" Colon '“""ﬁ_' o o T e T e
Rectum ' 0 (] 0 0
- "A'.iﬁé‘”"'"_ 0 0 D
0 0 R o
" Pancreas 0 0.107 0357 0321
" Gall bladder | o T 7 R X S YT
T e R el I
" Kidney T T 025 04580333
""ﬁladder N B T ”T_ﬁ"'"' B
[ Testis [ S | R Y A
T Prostate o T ez T 02 e
Tovary T [0 T T ez T T T 0se2 ""“f_,plis’i'
“Corpus ui'e-ri””"‘ I N B S --l 0 i,ﬂq
TCervixweri | o T\ ToT T e T B
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o - ' L dde - ot
AT 4.7 n}?fn“nﬂ”ﬂ? Preacision Y03IMADANBINY

0.963

Yadiaya A1 Precision @1 Precision #n Precision #1 Precision
(uaRINTRUAAATH) OneR Jas Naive Bayes' 10-NN
Heart disease ,

Diameter < 50 0.793 - 0811 0.858 0.881
Diameter > 50 0.691 0.783 0.808 0.779
Breast gaﬁce;.r . ]
No recurrence . 0.727 0.752 0.787 0.732
Recurrerice | 0459 0.75 0585 0.765
Diabetes .
“Positive 0622 0638 0672 06T
Negative 0.748 0799 0.802 0.793
Heart (Statlog) _ " 7 ) .
Absent 0.748 0.816 0.854 0.817
Present 0.675 0813 0.858 0.849
Liver disorder 7 B '
Class 1 0473 0.653 0.482 0559
Class 2 0.611 0.705 - 0.701 0.68
Wiscoﬁsin breast cancer .
Benign ;. 0.924 0.969 0.984 0.974
Malignant . 0.907 0.904 0.918 - 0.954 -
Hepatitis ' 7
“Die 0.667 - 0.517 0.579 0.583
Live T 0o 0.881 0932 0.878
Post operative patient - ) V
ICU T 0 0 0
" Stable 0.333 0 _ 0333 0
Admitted 0711 0709 0.714 0.713
Thyroid - _ '
Normai 0928 0.954 0.967 0.898
Hyper-thyroid 0.833 0.943 0.971 i
Hypo-thyroid 0923 0.893 I
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A5 4.7 (§8)

yatiaya A1 Precision F1 Precision' @1 Precision . | @1 Precision
(uaRIMTTMUAAATA) OneR Jas Naive Bayes ' 10-NN
Lung cancer ' ' ‘
T Class | 0.625 04 - 0.5 0.5
Class2 0333 0.429 0444 0.389
"Class 3 0333 05 0.833 0.75
Lymphography
Normal _ 0 03 05 0
Metastases 084 0825, 0811 0.793
Malignant lymph 0671 0733 0.846 0821 .
. Fibrosis 0 0.-333 0.75 0
Primary tumor ‘ _
Lung 0261 0.483 0678 0.635
Ficad and neck 0364 0692 076 0714
Esophagus 0 0 0o 0
Thyroid 0 0,385 0.333 0.4
Stomach 0053 0.077 0378 Y
Duoden.and sﬁx. int 0 .0. : 0 0
Colon . 0 0 0 0
Rectum 0 0 0 0
Anus 7 0 0 0 0
Salijvary glands , 0 0 i o
Pancreas 0 0.1 0256 0.25
Gall bladder 0 0.375 0.276 0.344
Liver . 0 0 0 0
“Kidney 0 0.4 0.324 0364
Bladder 0 0 o 5
Testi_s’ 0 0 0 0
Prostate 0 705 0.5 0
Ovary 0 0538 0.543 0.413,
: Corpus uteti 0 0 0 o 0
Cervix uteri 0 ’ 0 0 0
Vagina 0 0 0 S0
Broast 0.56 08 0.76 T T0.75




o . ) L] N
13190 4.8 nffoudivur Accuracy vewisisane3iiu

53

yadiaya @1 Accuracy fn Amurad, 1 én Accuracy #1 Accuracy ‘
OneR 348 | Naive Bayes " 10-NN
Heart disease . 75.04% 80.07% .| - 83.75% 83.58%
Breast cancer 69.23% 75.17% | 74.13% 73.43%
[ Diabetes T48% TAAS% | 76.08% 7435%
Heart (Statiog) T48% 31.48% | 85.56% 82.96%
Liver disofder 55.94% 68.70% . . 55.65% 62.90%
Wisconsinbreast cancer | 9185% 9456% | 9599% | 96.71%
Hepatitis 84.52% T8120% | 8452% 83.23%
Post operative patieﬁt 6897% C70.11% " 70.11% 71.26%
Thyroid 91.16% TohA% | 94.76% 02.09%
Lung cancer 4063% T #B75% | B.3% 46.88%
- Lymphography 74.32% . 76.35% . '. 81.76% _. . 80.41%
Primary tumor 27.43% . '41.00%' : 49.56% 48.67%

4.2 Namﬂi’fmnﬁﬂ Bagging uaz Boosting .

. wnila Baggang uay Boosting Li‘iumimm‘nzﬂumﬂwﬁwﬂﬂ (multlple learnmg) ma

mmmwuﬂs ﬁmmwmsmmaﬂmmma'ﬁ'aqn

8anoiiiu OneR, J48, naive Bayes 1% Instance-based UningreagU1ddemsiit 4.9 8a

412

MIMm Boostlng fludanesiiu OneR J48, naive Bayes 1oy Instance-based ﬂi'lﬂg:'

waﬁ';ﬂ'lé'mmﬂm 413 f14.16

1umi'muumﬁaumim Baggmg -
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. é . . - e v w e -
o 4.9 dsziinBamminiBagging fudane3itu OneR

- yadoyn aaiWeduluen | M Truerate . | ") Precision - " #1 Accuracy
. _ ' (sensitivity and -

(uﬁmmimuuﬂﬂmﬁ) 1 - * specificity) _
OneR | Bagging “OneR Bagging OneR | Bagging | OneR | Bagging |
7| OmeR |~ .| OneR OneR- |- OneR

“Heart disease 005|042 , N - 75.08% | 77.39%
Diameter <50 T [o7sz [0839 [0.793 [0791
" Diameter> 50 : 0.705 | 068 - | 0.691 | 0.744
Ereast‘cancer N 0.’ 0.01. I R P | 6923% | 72.38% -
No recurrence 09 092 [0727 |0746 | '
Recurrence B 037 (0350|0459 |0.579
| Diabetes 0.0l |01 _ T , 71.48% | 72.56%
" Positive ' [0466 | 049 | 0.622 |0.636 '
Negative 0.848 |0.848 - | 0.748 | 0.758
' -.Heart,(Statlo?g) 0 0.04 . o T 1. 71.48% | 74.07%
~ Absent v 0.733 | 0.78 0.748 [0.76 -
“Present . 0692 |0.692 | 0675 |0.716
Livclidisorder 3 0 10.03 . - ) . 55.94% | 58.26%
Ciass 1 N 0421 [0.414~ 0473 | 0.504
Class2 - 066 |0.705 |0.611 |0.624 . _ ‘
Wisconsin breast cancer | 0.01 | 0.11 - . ] T ' 91.85%_ ‘93.13%
“Benign ‘ 0954|0963 [0924 | 0.934 '
Malignant - ) 0.851 | 0.87] 0.907' b.925
“Hepatitis oo 006 | | T 84.52% | 87.10%
Die 04 [0433 | 0667 |08I3
Live 10952 10976 | 0.869 |0.878 _
"Post operative patient | 0 0 R B 68.97% | 70.11%
icu | R KR I ]
Stable 0043 [6042 0333 | 0333
Admitted : 0952 | 0968 |0.711 [0.714"
Thyroid 0 0.03 T - T[o1.16% | 9023%
Normal _ 0547 [0947 [0928 | 0916
Hyper-thyroid 0.857 |08 10833 | 0824
~Hypo-hyrow 08 |08 0923 |0.923
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31971 4.9 (#o)

aafilfadalunn

gadoyn MTruerate | - fitProcision . | i1 Accuracy
OneR | Bagging OneR | Bagging | OneR Bagging OneR | Bagging

Lung cancer 0.01 0.01 - _ 1.40.63% 46.88_

Class1 0556 |0444 | 0625 |05 . '

Class 2 0308 [0538 | 0333|0438

Class 3 o4 [o4 0333 |65 *
Lymphography 003|002 - | — T432% | 10.27%

Normal ¥ — o |0 0. |0 T

Metastases (0778|076 |0.84 | 0.762

Malignant lymph 0.77 | 0.656 | 0.671 | 0.635

Fibrosis . N 0 0 o To o
Primary turrior 0 6,03 1 [2743% | 27.14%

Lug ‘ 0881 0976 {0261 [0276

Head and nock 102 005 Tosea |03

Esophagus 0 -0 -.0 0

Thyroid 5 0 o o . Jo

Stomach 0026 |0.128 0053 | 0.15

Duoden.and sm. int 10 T .0_ i) i)

" Colon To 0 To e

Rectum ’ 0 ] 0 0

Anus : 0 ‘ ¢ ‘ 0 0

Safivary glands o % 0. |0

Pancreas ) O

Gall bladder 0 0 0 0 '

Liver 0 - 0 0 0

Kidney 0 o 0 0

“Bladder o o7 0 0

Testis . 0 jo 0 1o

Prostate’ o 1o 0 o

Ovary ¢ |0 0 )

~Cortpus uteri 0 1o -0 0

Cervix uter] T To 0 0

Vagina 0 0 0 o

Breast o583 o167 [056 |03




56

d ) ) - i - or & Y .‘. . S
mIui 4.10 dizdninunitiBagging fudanaiiiu 148

qm’fggn aoiftidadtulman | M Tfug fate A1 Precision . 1 Accuracy
. | (sensitivity and '
- (aAINTIVIIMAARIN) | specificity)
.148 Bagging | J48 | Bagging | J48 | Bagging | J48 | Bagging
1 18 1 148 143 ] 4
‘[ Heart discase 0.1 | 096 ' B007% | 19.73%
Diameter <30 0864 | 0858 | 0811 | 081
Diameter > 50__ 0709 [0.709 | 0.783 | 0.776 »
Breast cancet — 0.01 0.14 ' 1 7547% T308%
"No recurrence 0965~ {092 | 0.752 | 0.752 '
Recurrence 0247 0282 075 |06
Diabetes o1 | 262 - I 7448% | 76.56% -
" Positive ' 0619 [0.601 0638 |0.688
“Negative 0812 (0854 | 0795 |08 :
Heart (Statlog) . 0.04 045 - o K o B1.48% | 79.26% -
Absent ) 086 (078 | 0816 |0.836
Present 0758 | 0808 | 0813 |0.746 - ,
1 Liver disbrder - 0.04- 1049 ‘ ] B . 68.70% | 68.99%
"Class 1 0345 |0.58 | 0653 |0.644
””””” Class 2 3 079 0765 | 0705 |0718
Wisconsin breast cancer | 0.06 .| 1.88 ‘ . . | - - ] 94.56% | 96.42%
Benign ' 0948 | 0969 | 0969 | 0.976
‘Malignant 7 : 0.942 [0.954 0904 |0.943 -
Hepatitis 0.7 1028 B A %1 39% | 86.45%
T Die 05 | 0533|0517 0696 |
- hive - , {0888 0944 | 0881 | 0894
Post operative patient | 0 0.07 - ' ‘ 70.11% | 67.82%
- 1€U ' 0 o o K
Stable 10 ooz o o2
Admitted 0.984 [0935 10709 |0.707 _
Thyroid 002 [0.13 | | %A | 4%
" "Normal 0967 | 0967 | 0954 [0954
Hyper-thyroid 0943 [0914 0943 | 0941 |
"~ Hypo-thyroid - 0833 |0.867 | 0.893 |0.897 | I
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A1317 4.10 (AD)

‘Eﬂi’falgn nmittdrdiluan 1 True rate il Precision; i Aécumcy
J48 | Bagging | J48 | Bagging | J48 | Bagging | J48 | Bagging |

Lung cancer 0.02 0.07 43.75% | 50%
Class 1 ' 0444|0556 |04 |05
" Class 2 - 0462 |0462 |0429 | 0462

Class 3 . _ 04 0.5 0.5 0.556 o
Lymphography 037|015 | 1 7635% '77.70%'

Normal + | 05 |0 o5 e T

Metastases - T0.815 | 0.84 0.825 | 0.81

Malignant lymph 0721 [0.738 | 0.733 | 0.738

TFibrosis 05 105 . [0333 |05 T 1
Primary tumor Toos - [073 | | | 31.00% | 92.77%

Lung _ 0670 0679|0483 | 0576

Head and neck _ 09 "~ |09 0.692 | 0.667

Esophagus . 0 - 0 0 0

Thyroid 0357 0214|0385 0375

Stomach Toos1 [0is4 . | 0077 | 0214

Duoden.and sm. int 0 0 0 0 _

Colon R TR 0077

Rectum 0 0 0 0

Anus 0 0 0 0

Salivary glands 0 05 [o 0.35

“Pancreas 0107 0179 |01 . 106179

Gall bladder o563 |oams o3 |oEs T

Liver 0 o 0 0

Kidney 025|025 04 0.25

Bladder O o 0

Testis o |o 0 0

Prostate 02 0 0.5 - 0

Ovary 0724 [0793 10538 |0.548

Corpus uteri - o 0 0 ¢

Corvix uteri ) 0 0 (0

Vagina 0 . 0 0 10

Breast 0.667 0.75 0.8 0.72
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yatoyn ani1§ed wnn #i1True rate fit Precision #1 Accuracy
{sensitivity and
(UNANTITIUNAMNE) specificity)
NB | Bagging | NB | Bagging | NB | Bagging | NB | Bagging
NB NB NB " NB
Heart disease 0.03 0.11 83.75% f 83.92%
Diameter < 50 tos7 10867 | 0858 |0.862
Diameter2 50 0.751 [0.799 . {0808 [0.306 _
Breast cancer 0 0.01 . . [I T4.13% | 14.48%
~ No recurrence 10866 |[0.866 . 10.787 [0.791
Recurrence {0447 (0450 0585 {0501
Diabetes 0.01 |o013 76.04% | 75.65%
Positive 0.612 0612 [0.672 [0.664
" Negative 1084 0834 {0802 |08 )
Heart (Statlog) 0.01 | 007 . 85.36% | 85.19%
Absent 0.893 [0:387 [0.854 [03853 1
Present 0.808 |0.808 | 0.858 | 0.851 T
L‘iverdisorder g - 1005 55.65% | 57.68%
" Class | l 0.759 | 0.703 | 0.482 9.498“” D o
Class 2 : 041 10485 |0.701 |0.693
"Wisconsin breast cancer | 0.01 0.13 i 95.09% | 95.99%
Benign 0.954 [0.954 | 0984 |0.984 -
Malignant 0971 [0971 [0918 j0918 1
Hepatitis 003 1005 84.52% | 85.16%
T 0.733 | 0.733 | 0.579 |0.595 N
T Live T -+ 0872 {088 10932 0932 T
Post operative patient 0 0.01 70.11% | 71.26%
v o AT 0 L
stable | T 0.042 0333 {0 - T
T hdmited T T T T oee | ot [oms | ]
Thyroid 0 0.02 ~ 196.74% | 96.74%
" Normal {0987 [0993 ]0:"9""67_ 0.961 [I .
" Hyper-thyroid | 0.971 | 0943 10971 |1 | T
" Hypo-thyroid T 0867 [0367 {0963 0.963 1 R
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AR 4.11 (#D)

yadoyn nofl§aflnma | #1True rate #1 Precision fi1 Accuracy
§ NB | Bagging | NB | Bagging | NB | Bagging | NB | Bagging
Lung cancer 0 0.01 53.13% | 59.38%
Ciass | 0444 {0444 |05 [0.571 '
Class 2 - 0.615 1 0.692 0444 |05
Class 3 P 0.3 0.6 0.833 | 0.857 .
Lymphography 0.02 - | 0.2 [ — 81.76% | 83.11%
Normal ¥ 05 |0 05 |0 '
Metastases 0901 (0914 [0.811 [0813
Malignant Tymph 0.721 | 0.754 | 0.846 | 0.868
“Fibrosis 0.75 | 0.75 0.75 |1
Primary tumor 0 " j0.03 . T 49.56% | 51.03%
Lung 0702 | 0.726 0.678 | 0.693
Head and neck 095 |09 076 076
Esophagus i o o 0 0
Thyroid 0214 | 0214 | 0333 | 0435 '
Stotnach 70308 | 0308 0.387 | 0.353
| Duoden.and sm. int 0 0 0 10
Colon B 0 0 o0
Rectum ' 0 0 0 0
Anus h 0 ‘ 0 0 0
[ Salivary glands 0 0.5 0 05
Pancreas 0357 [0357 | 0256 |0.303
Gall bladder . 0.5 0.625 0276 | 0345 i
Liver 0 0 0 A
Kidney 0.458 | 0.5 0334|0316 T
Bladder 0. 0 0 . 0
" Testis 0 0 o " To T
" Prostate 02 ol os os T T
ovay 0.862 | 0.862 0543|0532 S
| Corpusuteri 0 0 0 0 T
- Cervixuteri 0 0 0 0 N
T Vagna 0 0 0 o T
" Breast 0792 10.792 0.76 076 I
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AR 4.12 1lszAnEnmnis: Bagging Audnne3ity instance-based (10-NN)

o Wedialume

; qnﬁqqn #1True rate 1 Precision "1 Acturicy
! . (sensitivity and
[ (uamImsduinaaie) . specificity) _
: T0-NN | Bagging | 10-NN | Bagging | 10-NN | Bagging | 10-NN | Bagging
10-NN . 10-NN 10-NN | 10-NN
Heart disease 0.01 0.03 ' 83.58% | 82.08%
" Diameter < 50 0.836 [0.793 | 0.881 |0.892
. Diameter > 50 _ 0.836. | 0.861 | 0.779 | 0.742
_ Breast cancer * 0 0.1 73.43% | 74.83% _
No recurrence 098 | 0975|0732 | 0745
Recurrence 0.153 [0212 |0.765 |0.783 7
' Diabetes 0.01 0.02 74.35% | 73.96%
Positive 0.601 [0.545 | 0.641 |0.652
Negative g 0.82 0.844 0.793 | 0.776
Heart (Statlog) 001 100l $296% | 82.59%
Absent 0.893 [0.867 |0.817 |0.828
Present 075 {0775 |[0.849 |0.823
Liver disorder 0 0.01 _ 62.90% | 61.45%
~ Class | 0.559 0428 0559 |0.554
" "Class 2 068 [0.75 068 |064a |7
Wisconsin breast cancer | 0.01 0.03 96.71% | 95.57%
Benign 0976 | 0972 | 0974 |0976 | '
- Matignant 0.95 10954 0954 |0947 | o
Hepatitis 0.01 0.01: 83.23% | 85.16%
Die 0.467 (0.5 0.583 | 0.652 B
" Live 092 0936 | 0878 |0886 | ]
Post operative patient 0 0.01 | 71.26% | 71.26%
i 0 0 ;
| Stable 0 0
" Admitted 1 1 0.713 {0.713
Thyroid 0 0 _ 92.09% | 93.23%
© Normal 1 I 0.898 [ 0.909
" Hyper-thyroid 0.714 - 0.771 1 1
" Hypo-thyroid | 0.767 {0767 |1 1
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A197971 4.12 (A9)

Hgﬂ‘ﬁ'ay,a' nmm‘ffﬂhﬂmﬁﬁ_ M True rate -1 Precision | A1 Accuracy
10-NN | Bagging | 10-NN | Bagging | 10-NN | Bagging | 10-NN | Bagging
Lung cancer 10 10.01: I 3 a i 46.88% 50%
Ciass1 - " [0356 |0322 |05 o4
Class 2 10538 0769|0389 | 0435
Class 3 03 |04 075 |1 T
Lymphography 0 001 |- , ) J 1 8041% j BL76% -
' Normal ¥ - 00 10 0 T
“Metastases 0501 | 0889 | 0.793 | 0818
" Malignant lymph 0754 | 0803 | 0821 | 0817
" Fibrosts T Je e o e L
Primary tumor 001 | 002 . | | 4867% | 4749%
Lung ' 0726 | 0738 | 0635 | 0.681 '
Head and neck 1 1 0.714 | 0.741
Esophagus 0 0 o 0
Thyroid 0286|0214 |04 0375
Stomach - 10205 | 0.154 04" | 0261
-'Duoden.and sm. int 0 ¢ 0. 0
Colon To - [0 LR 0
TRectum 0 0 o |0
Anus’ 10 0 - 0 0
..Si'tlivary glands - 0 0 o 10
Pancreas 06321 [0.143  [025 [0.16
Gail bladder 0688|0815 |034d 0295
Tiver 0 K o 0
Kidney 4333 (0375 [0d6x |03zt
Bladder 0 0 0 - O
Testis 0 0 1@ . 0
Prostate 0 0 ..0 ) 0
“Ovary 0.897 0897 0413 | 0.433
Corpus uteri o |0 0 0
Cervix uteri .'0 [0 .0. . 0
Vagina i} 10 0 - 0
Breast bG35~ (675 075 | 0.783
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A15739 4,13 VszAnTnmmai Boosting fudaneify OneR

yadoyn amitl¥atluan #1True rate #1 Precision #1 Accuracy -
. (sensitivity and
AR TVITUHANDIY) specificity)
‘OneR | Boost | OneR’ | Boost | OneR | Boost | OneR | Boost
OneR OneR : OneR’ OneR
Heart disease 005|022 75.04% | 76.38%
Diameter < 50 0782 10822 | 0793 | 0.788
Diameter> 50 0.705 | 0.68 0.691 | 0.725 _
"iirfast cancer 0 0.03 _']— ] 1% %
No recurrence - 09 oss1t Jo727 0747
Recurrence B %I ' 02 10.294 0459 | 051 il”" """" T
Diabetes -] 0.0t 0.18 il TV .48% | 69.40%
™ Positive - 0465 {0489 |oen |05T2 | ¥ __
Negative 0.848 | 0.804 |0.748 |0.746 ' ) B
Heart (Statlog) g 0.11 _ T1.48% | 76.67%
Absent 0.733 | 0.78 0.748 | 0.796
“Present 0692 [0.75 | 0675 [0.732 T
Liver disorder | 0 0.06 | 5550% | 64.35%
" Class 1 - T 0421 [0531 [0473 [o0s83 ' T | T T
| Class2 : 0.66 {0725 | 0611 |0681 o T
Wisconsin breast cancer | 0.01 10.]6 _ 91.85% | 95.28%
‘ '—Eenign L | 0.954 | 0.965 I0f34 0.963 b
Malignant ' 0.851 10.92¢9 0.907 |0.933
Hepatitis 6.04 013 84.52% | 79.35%
T Die ' 04 |04 0657 |o0.462 T
" Live 0952 |0.338 1_01359 0.86 ‘“'“"'”" T
Post operative patient | 0 K 68.97% | 68.97%
R 0 0 |0 ia 0 1
"Stable - ' 0042 | 0135 0333 [0.429
Admitted T 70952 {0919 0711 | 0722 T
Thyroid 0 6.03 ST.16% | 95.35%
- Normal | 0947 098 0928 laoss . 7T
© Hyperthyroid | 0857 0914 0833 097 T
" Hypo-thyroid | *'""'"'l 08 |0.867 [0923 |0929 B
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a15199 4.13 (AB)

‘lgﬂfl'mal,ﬂ vaiildadlien | 61 True rate i Precision - _f'i‘l Accuracy
OneR | Boost - OneR | Boost Boost | OneR Boost
"Lung cancer 0.01 0 _ 40.63% | 50%
Class 1 0.556 | 0.444 0.667
Class 2 0308 | 0538 0.412
|7 Ciass 3. 04 |03 0556 -
Lymphography To03 (007 ~ ' _ T432% | 19.05%
Normal ¥ 7 o |0 0.
Metastases 0.778 | 0.84 0.84
Malignant lymph 0.77 | 0803 10731
Fibrosis ' 0 1o 0
Primary tumor 1o 0.01 B ' 27.43% | 28.02%
Lung 0881|0714 0536 |
g Head and neck - 02 005 0.143
Esophagus ‘ N 0 0 0
Thyroid ‘ 0 0 0
~ Stomach ‘ 0.026 0.872 0.155
Duoden.and sm. int 0 | 0 1o
Colon ) 0 1o 0 0
“Rectum . e 0 0 0 0
Anus To 0 0 0
Salivary glands 0 0 0 - 0
Pancreas. . 0 10 0 0.
Gall bladder 0 0 0 0
Liver 0 0 0 0
Kidney 0 0 0 0
“Bladder o |0 0 0
Testis 0 0 ¢ ¢
Prostate 0 0 0 0
Ovary To 0 0 1o
Corpus uleri - 0 0 0 o
Cervix uteri 0 0 0 10 .
Vagina : 0 0 0 0
Breast - 0583 |0 0. 0.
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MINN 4.14 AszAnBnnsii Boosting AudaneTiy J48

yafoyn et inTunn i1 True rate fi1 Precision fi1 Accuracy
. (sensitivity and :
(llﬂﬂﬁﬂ']i"lll'Hﬂﬂﬂ"lﬁ) Speciﬁcity)
- ' 148 | Boost | J48 | Boost | 948 | Boost | J48 | Boost
148 | 8 18| 148
Heart di§ease -1 041 1.94 20.07% | 30.0%
Diameter <50 0864 | 0.836 |0811 |0.839 -
Diameter = 50° - To709 1075 0.783 | 0.759 _
Brenstcancer—~Toot To2 . R ECAGED
| Norecurrence | 0.965 [0.801 ]0.752 [0.774
Recurrence ' 0247 | 6447 055 - [0.487
[ Diabetes o1 |208 ' T7448% | 7331%
Positive - 10615 0612 |0.638 |0619
Negative 0812 |0.798 | 0.799 | 0.793 D N
Heart (Statlog) T [o0s [ded T ' "BIAB% | 80.00%
Absont . 086 {0833 | 0816 |08i2 '
Present ) B 0758 10758 [0813 [0.784
Liver disorder \ 0.04 0.28 : _ 68.70% | 71.30%
| Class1 0.545 | 0.641 0653|0664 | T T
CClss2 T 079 {0765 | 0.705 |o746 | T T ]
Wisconsin breast cancer | 0.06 - 1.02 _ . 94.56% | 95.85%
''''' Benign 0948 | 0961 | 0569 |0.976 '
T Malignant T 0043 0954|0004 | 0927
Hepatitis 0.17 |04 — 81.29% | 83.23%
Die T 05 10633 10517 tosse | v
T Live B ' 0.388 | 0.88 0.881 | 05909 N
Post operative patient 0 0.08 T 70.11% | 58.62%
i A —ts - ; G -
T N I 0083 [0 |0.123
U Admitted [ 7T 0984 |0.79 0709 |07 N
Thyroid _ 002 |02 ' -. 94 A2% | 94.88%
CNermal T T T T T0967 [ 0973 0954 | 0.954 T
" Hyper-thyroid | 0943 {0914 |0943 | 0.941 T
[ THypo-thyreid [T (0833|0867 [0893 (0929 | ]
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| '
RT3V 4.14 (AD)

ydioya noiiléduluen | fiTrierate | . A1 Precision M1 Accuracy
J48 Boost J48 Boost J48 Boost 1 J48 Boost
Lung cancer 10.02 0.09 L 43.75% | 50.00%
Class 1 0444 0556 |04 0417 i
Class 2 | 0.462 | 0.308 0.429 | 0444
Class3 0.4 0.7 0.5 0.636
Lymphography 0.37 0.19 76.35% | 83.78%
Normal ¥ | 05 |6 05 |0
i Metastases 0815 | 0889 | 0825 | 0847
‘Malignant tymph 0721 [0.787 ~|0.733 [0.842 o
Fibrosis _ 0.5 1 0.333 | 0.667 .
| Primary tumor ‘1008 1041 - 41.00% | 41.00%
Lung * 0.679 {0667 0483 | 0479 N
Hiead and neck 09 |09 0.692 | 0.692
Esophagus . 0 0] 0 0
Thyroid 0357 [0357 | 0385 |0385
Stomach . 0051 [ 0.051 0077 | 0.087 B
" "Duoden.and sm, int ] 0 Il 0 T T
TColon T 0 0 0 0 [T T
Rectum ' o 0 v 0
Anus 0 0 0 - 0 o
Salivary glands 0 0 0 10
Pancreas 0.107 | 0.143 0.1 0.129 o
Gail biadder 0565|8363 0375 036
Liver 0 0 0 R
TKidney 025 |025 |04 10375 )
Bladder 0 0 § 0 o
""" Testis o 0 To e T[T
" Prostate N 1 02 0.2 05 05 o
Covary 0.724 | 0.724 0538|0538 T
" ‘Corpus uteri - 0 0 0 0 ’
| Cervixuteri ] 0 0 0 ) - T
" Vagina - ! 0 0 R R N
" Breast | 0667 | 0.667 08 |08
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A151991 4.15 AszAnEnwn1aiir Boosting Audane3iu naive Bayes (NB)

yadoyn vafldeda luna #1 True rate T lPi‘eciSion : A1 Accuracy
. - (sensitivity'and '
’ (llﬂﬁx‘lﬂ'ﬁﬂ']lluﬂﬂﬂ1ﬁ) ) specificity) . .
NB Boost NB Boost | NB l,Boost NB Boost
NB NB NB _NB
Heart disease 0.03 | 0.35 18375% | 82.58%
Diameter < 50 0.87 | 0858 |0.858 |0.849
. Diameter >50. 0791 [0779  [0.808 |0.792
Breastcancer ] © 909 T4.13% | 6923%
No recurrence " Tose6 0811 | 0.787 |0.765
Recurrence L0.447 0412|0585 [0479 ]
Diabetes 001 044 {7604% | 76.69%
Positive 0612 | 0612 |0672 [0.686 . B
Negative 084 1085 0802 0803 |
Heart (Statlog) 0.01 0.17 ' _ 85.56% | 86.30%
Absent 0893 [0873 |0.854 |0879 | '
Present J0.808 [0.85 0.858 | 0.843 )
Liver disorder ‘ 0 0.09 55.65% | 63.41%
Class [ ' 0.759 0517 {0482 |0658 | R
Ciass 2 Y 041 |osos  |o7ol [os97 | | T
"Wisconsin breast cancer | 0.01 029 o ' 95.99% [ 95.14%
Benign . ' 0954 |0965 10984 [0961 | [ ]
Malignant ‘ 0971 |0925 {0918 [0933 | o
Hepatitis 0.03 0.11 84.52% | 85.81%
'''' Die B 0733|0667 |0579 |0625 R
T Live T o 0872|0904 (0932 | 0919 T
Post operative patient | 0 0.02 ) 70.11% | 68.97%
B U ' S UEAT N ) 0
" Stable 0042 [oo0s3 | 6333 (0333 h
TTAdmitted [ 0968 | 0935 {0714 |0.716 , T
Thyroid 0 0.04 96.74% | 69.77%
T Normal T T 0987 |1 16967 | 0.698 T
" THyper-thyroid 0971 |0 |o9n o o
‘;ﬁiép};{hyr'iii‘d""“"'1"“ 0867 [0 -~ loge3 1o~ T
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ATnR 4.15 (Ae)

yadoyn amitfrdnluen | f1True rate fi1 Precision | A1 Accuracy -
NB Boost NB Boost NB Boost | NB Boost
Lung cancer 0 0.05 53.13% {.50%
Class | 0444 | 0.556 |05 0.5
" Class2 0.615 | 0538 | 0444 |0.412
Class 3 05 |04 0833 0.8 o
Lymphography 0.02. |0.13 ‘ . 81.76% | 78.33%
Normal 05 |0 05 |0
Mctastases ) 0901 | 0815 |08ii [0.815
Malignant lymph 0.721 | 0.77 0.846 |0.758 .
Fibrosis 075 |05  [075 1075 ”
Primary tumor 0 0.19 49.56% 1 49.56% -
Lung - 0702 | 0702 | 0678 o6 T
" Head and neck” 095  Jo3s 076 076 -
Esophagus . o - 0 0 0 - - N
""" Thyroid X 0214 | 0214 0333 0333
Stomach B 0308 | 0308 | 0387 | 0387
_mﬁuoden.ar.)d sm. int - N - 0 0 0 0 . -
) "(“_‘olo"h“w 0 0 0 G
T . - S 1o
Anus 0 0 0 0
Salivary glands . 0 0 0 0
Parcreas 5357 0357 0256 | 0.256
Gal! bladder 0.5 0.5 0276|0276 ) -
ver T 0 o - o 1o B
Kidney T ) 0458 |0458 0324 o324 |7
""" Bladder K ) o e e
T Testis ”’ 0 0 o lo TV
" Prostate 0.2 02 0.3 03
Tovary T 0.862 | 0.862 0543 | 0543 B
" Corpus uteri 0 0 0 A B T
T Cervixuteri o o7 e o o -
I 7 S O R I/ R I E -
" TBreast o 0792 o792 [o.76 (o761 T
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f3iafi 4.16 Uszdninmniiti Boosting AUS0NDTHY Instance-based (10-NN)

’iﬁ‘ﬁaﬂﬂ nildede Tuen 1 True rate 11 Precision i1 Accuracy
. (sensitivity and
(UTRIM TV UIUANTIT) specificity)
10-NN | "Boost | 10-NN [ Boost | 10-NN | Boost | 10-NN | Boost
10-NN 10-NN 10-NN 10-NN
Heart disease 0.01 |21.24 83.58% | 82.25%
Diameter < 50 0836 0824 |08l |oses |
Diamerer > 50 0836 [082 |07 |0.763 |
Breast cancer * 0 1.72 73.43% | 73.43%
No recurrence 098 “[o98 10732 [0.732 T
Recurrence 0.153 | 0.153 0.765 | 0.765 T T
| Diabetes 0.01 | 1855 | _ _ 74.35% | 7435%
. Positive 10601 | 0601 |0.641 [ D64i B
Negative 082 |082 0.793 {0.793 -
Heart (Statlog) 0.01 534 | 82.96% | 81.11%
Absent . 0895 {086  |08i7 o081
Present 1 075 | 0.75 0840 | 0811 -
Liver disorder 0 14.94 l | 62.90% | 62.90%
" Class 1 , 0559 [0:559 [0559 {oss9 . T
" Class 2 068|068  [0.68 |068 -
Wisconsin breast cancer | 0.01 24.82 _ 96.71% | 96.14%
" Benign 0976 0972 10974 | 0.969 Tt
" Malignant 095 | 0942 E 0954 | 0.946 .
Hepatitis 0.01 1.65 : 83.23% | 83.23%
| Die | V0267 {0467 0583 |0s83 | T
" Live " ) 1092 (092 0.878 |0.3878 R
| Post oﬁerative patient 0 0.16 71.26% | 71.27%
€U 0 0 0 B
 Stable 0 [ ¢ 0 N
© Admitted i 1- 0713 0713 |7 )
Thyroid 0 4.44 _ . 92.09% | 93.02% -
T I i 0953 | 0898 |o0sa7 | |
| Hyper-thyroid | ’ 0.714 |0914 (1 0.941
" THypo-thyroid 0.767 {0833 (1 0833 )
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13199 4.16 (A0)

T

‘igﬁ‘fl’iluﬁ l.'.liﬂ?'l'l‘]’fﬁ%ﬂ”m,ﬁ i1 True rate fl Preci'sion 1 Accuracy
[0-NN | Boost | 10-NN | Boost | 10-NN | Boost } 10-NN ' Boost
Lung cancer 0 0.16 -  46.88% 40.63%
Class | 0556 0333 |05 | 0375
Class 2 0538 [0.538 0385 [035
“Class 3 T3 o3 (075 | 0.75
Lymphography 0 157 ' 80.41% | 78.38%
Normal 0 0 0 (U
Metastases 0901 | 0852 |0.793 |0.793
Malignant lymph 0.754 0.754 0.821 | 0.767
" Fibrosis ' 0o [0z |© T
Primary tumor 0-.01 2.46 - 48.67% | 48.67%
Lung o736 o726 0635 \06as |
Head and neck 1 1 0.714 | 0.714
Esophagus 0 0 0 0
Thyroid 0286 | 0.286 04 04
Stomach 0.205 0.205 0'.4- 0.4
Duoden.and sm. int 0 - 0 0 0
Colon 7 0 o 0 0
Rectum 0 0 0 0
Anus 0 0 0 -0
Salivary glands 0 0 0 0
Pancreas 0321 | 0.321 0.25 0.25 .
Gall bladder 0.688 0.688 0.344 0.344
Liver o - |0 0 0
Kidney - 0.33.3 0.333. 0.364 0.364
Bladder 0 [ 0 0
Testis 0 0 0 0
Prostate 0. |0 0 0
Ovary 0.897 0.897 0413 0.413
Cortpus uteri 0 0 0 [N
Cervix uteri 0 0 0 0
Vagina 0 0 0 | O
Breast 0.75 0.75 0.75 0.75
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4.3 shlnuma
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Accuracy {Breast cancer data set) ) Accuracy {(rebeles-dala set)

Accuracy (neant disease dataset)
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Accuracy (Lung cancer data set Accuracy {Lymphography data set)

Accuracy (Post-operative data set) . ’ Accuracy (Primary tumor data set)

*“ef

&
UM 4.1 n‘s1ﬂ1ﬂ'§umﬁwﬁ1mmuﬁum’swm’imﬂmwﬂmwﬂ%ga (»9)
- gindoyalunmnswidhedu  munseapldanedfuihanddfigatudeyaudasynds

uansdaens 1@ 417 laslumsanassgaanidvesdoyasndiafionudameulumsuila

HaamuAuRUE e Sanes tuazudazmatinmsnzaufudeyaizaniatha



#1119 4.17 yadoyauazdanadtuniuundoyaldimimas thaa

Hodyn Cfwou ¢ dwou | dmiu doyn | doya | doyn 1 Sanu3fn | mada .
doyn .| uewnd | mmw | duav ) doAdm | qoe  wiuesy  Aluwiu
1% fign A3
1. Lymphography 148 19 4 v NB Boost J48
2. Post operative a7 9 3 v 10NN -
3. Primary tumor . | 339 18 22 v v NB Bag NB
4. Heart disease 597 14 5 v v J48 Bag J48
5. Breast cancer 285 10 2 v v Ja8 -
6. Diabetes 768 - 9 2 v NB - Baost NB
' 7. Heart (Siatlog) 270 14 2 v NB . Boost NB
| 8. Thyroid 215 3 v NB -
9. Liver disorder 345 2 v J4B | BoostJd8
10.Wisconsin 699 10 2 v v . 10NN -
breasl cancer
.11, Hepatitis - 155 20 2 v v NB, Bag OneR
OneR
12Lung cancer | 32 57 4 v v NB Bag NB
sndeyamumsnad 417 anmoapleanisnagesnSoudoulumnissdundnld
&l

»
anffoufinnlsz@ninimyesdansd iudiug v

(1) §aneifiu naive Bayes (NB) e ldafudoyafiduduay (numeric data) uazlin
H -y , A W dw 1a . o
gatoyaiuszideyaggmolaiueguiol flufinanszmudenuifisans el
- ol o ; ¥ ar 'l’: ar Y. . q o<
daneivy vz lnnTugedoyaRanuianua 7-9p Sane3iu naive Bayes liun
o - o : &
mIswundoyaiistasiiigate 5 yadoya  lunsdifgadoyailszoeuivuaindenaw
wiodgdnusl (nominal data) danesnuan lddmsumidusaneTin J48
dodunaninnsvflug?t 41 Saneifin naive Bayes Timamiuasalums
Anngiigalugadeyn Liver disorders Miidhudoyailszinnduoy Tdwuuenniiog

Wao (7 wanniting) uasiifeyniivaaesnara

L7 < A ar ar Y
(2) fanethn 448 Flddnumrmsaddulddadule (decision-tres induction) luns

afalunadionmstwun  danldasudeymlsznndenmmisdydnuafiinou




amavesdoya Lidiumsnaie Uszdntnmunidoneifu 48 Lildiumansznuvin
mdifeyagamo  ualunidifidoyaiinauuonniiindnn (high-dimensional data)
W yadeyn Lung cancer (57 uenwiiiofAl Hepatis (20 HOVM3 1134),
Lymphography (19 1oYm3f9#) waz Primary tumor (18 uown3tiad) fane3iu J4s

Pz ntamarmumuasalumsiuundeudedmin

(3) $an37L Instance-based M38 10-nearest neighbors THHaN s MUNYyDRILIUATY
. ! . & ddw o
figalumesyadoya fie Joyn Post operative patient Faiiudoymiszinmdenaiuiil
fidoyadulagepne uasdeyn Wiscansin breast cancer fidhnlszimduauuasil
L) i & -{ VoW .
wadmvesoyageme  inldagyhuiiesduldifivaidoneSini Instance-based i
dszdngamlumsadralueafifinnumivassduasdmun  efhunasiihunaaly
~ A |J rar -
audadlay liuegiudnwasdoya

T 4
s Aa

Qi Ll A ar 1 ] Aﬂ.

(4) Sanpivu OneR Fudiudaneiuidduasumaaiilumadoudniouay v lmanh

Tidudon uanalszdninmysiiqa Gloushdudane3fiu naive Bayes) lugadoya

Hepatitis ifhudeyalszimdnon  Taoialdanediin oneR 1zlilddanodfinfild
-] o P 153 y:il a - it ] F) o o
dyzdngmwmsdwungsige uallon¥iusaneifugnuwonSouiousudanedin

-y 1] i - LY ‘? yﬂl 1 : v 4 < 1
wiinlnuinmsfaduuosiaiu kannagoviisahmeandasfudeFunadenain

maulioumainlszdntinm single learning fiv muitiple learming

AsulszAnEammsdnunvos umadsmatin multiple leaming (M151 bagging
1 ¥
uae boosting) Wenlisudioui single Yearning (Sane3Tiuiug U OneR, naive Bayes, J48,

»
Instance-based) ajinanisnane 1Ada

(1) ©in 12 gadoya s ldnei multiple learning ThlseAnEmmwmainnoiiuiy
n3sgatute 8 yndeyn fiaesyadeyaiiniilfmaiin mutiple leaming Taifinasion s
duniungt (durdyateyn Post operative patient uazdoya Thyroid ) uaviiaes
‘m‘\’fnq‘n (15;16%17!11{:1 Breast cancer uaz'ﬁ'ﬂgn Wisconsic breast cancer ) fimsh
multiple tearning ‘lﬁnnmiﬁmmﬁi'ﬁﬂ1111uu'umwhn’hé’nna?ﬁnf;ugmﬁlﬁu single
learning

Funa'ldgadeyniinmaft multicle learning Tiliamsdunnfiai dudeys
#imanszaoluusazama tiBudadiuilndifosiu wivdeuthaeehidiu uniform

¥ ] ¥
distribution wanadadndoyaluudazaniovesyedeyanadyaidnal
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SAs RN dadauvnidoya
Jaya AMIUATY Tundazaaymiivuiiuiovas
Breast cancer -2.78% J70.3:297
Wisconsic breast cancer -0.14% 65.5: 34.5
Post operative 0% 1.1:276:713
Thyroid

0% 69.8:16.3:13.9

Tuvaengadoyaimniia multiple leaming IMudasnnuuiuasalumsinne

> N .I 1 o
foyneinldwoniu manszewvesdoyaluudasamadoushelndifivaiu  @ndu

iWagadeyaided Ae doya Hepatitis HideyaluudnzamaiilTinadiuandiaiuun)

: L
muazduavesdamiumansznedeyalundnzamavesiaagadeynuaaslfdan

»

Sasufinves  dadruvoadoyn

foya AT lusazamadouiiudovas

Lung. cancer 11.76% 28.1:406 ;313

Liver disorders  3.78% 42.1: 579

Hepatitis 3.05% 206:79.4 _

‘Primary tumor  2.97%  24.8:59:27:44:1415:03:4.1:
18:0:06:83:47:21:7.1:06:

. 03:29:86:18:06:03:7.1

Lymphography — 2.47% 14:547:41.2:27

Heart (Statlog)  0.86% 55.6 : 44.4

Diabetes 0.85% 34.9 : 65.1

Heart diseasg 0.2%-

. 59.1:40.9

A‘ L 'y ' . ) . a .w = R J ! a = e . )
(2) WONWIITUINIIN multiple leamning NUDIGNBINUWUIMUADZIANDITNY ﬁ"{l]ﬂ’dﬂ'lﬁ

nagouldn

dano3iu OneR liwmfumaiin boosting lWdaswnuiuaTslammdy

a4 A ISP | a8 - ' | ar
WAy 4.75% luvazildoaundodudy 0.047 Jud  Iwadnhldduiu

I " : o ' {4 F i
matin bagging NfSasTNMEIuATs IaomBuinty 2.57% wozldaumde

A -
WHUY 0.08 FH

o o v . Y . o . T i A 4
danoThy J48 ﬂl‘l’f"a"}uﬁﬂlﬂﬂy.@_a‘ggmg saranuutunssTanafanui

3 . 4 J = s -. 1 r Qr =
1.890% Juvazildnanndodiviu 066 Jni  IMwednnidiwdumaie



. dews [ {2
boosting 7 1¥GasmImniuase Tasnfefuiy 0.40% unzlnauniniuiy
0.63 Jui

- SaneTfiy naive Bayes' l¥3anfunaiin bagging IHSaswnuminesIay
R 4 i a4 4 4 - : !
waouvu 1.85% luaszil¥naundoiuiu 005 Jud  MWwodanld
Tauiumatin boosting #ldns M WLNUAIIIRumBvoAnaily -1.85% oy

W -
¥aunduudy 0.16 Juii

- Bane3iiy Instance-based 195 wumAiln bagging IWERs M MUIIUATSTae
wavdidy 05% Tuvarilfoaundodinduy 0014 Suf  Weadninld
sufumaiin boosting SR MIMIIUAI TnamRuaAnaiiy -1.61% unz
Adnaundonuiud 7.264 i

g8 mntin mustiple learning Wﬂu‘iﬁﬂmnnvaﬁﬂamuwufm OneR i
'uunaumsﬂ%’"lﬂmmn"lumuernu "luumvﬂaaﬂmm Instance-based luiiHanouauewe
maila muliiple learning 11N

a ‘ ] . . W w . '
Aorraaf I lunsadalmaa sefudinisih boosting fudaneifiy instance-

lﬁ's J 1 o L] " J N o
based 9z lfiawAniInnAthng bagging ethadamey Raillidisanandnune lazy
evaluation vesdaneiiu ez lindraTuan idamith udezaduilelifoyaidosnisduun
P A o - . o . @ 1 . -
ey ok nefoyadiomaiin boosting Hdeaiweiiesfunaessuuazluanimin

- , ; 4
vasdeyalimdozsen S Tiaaiile laes agatiu

onRolsaHansznyesinyuzdeyanidnliz Antamyasdanesiy

) lunsdideyaififivinsman Sanasiy 148 Hanldafoumiidudanesi naive

VA o g & l# . i )
Bayes UAIDYIPDINIIMIUADINRVUY (multi-class) anniuns lumswunyes
Hane3# naive Bayes 928N

Ao

{2} 'u&m‘mm‘lu?uuenn‘:"u’mu‘m (high-diemensional data) éﬂum‘mﬂﬁﬂufrﬁmuﬂ .
InURREMeNI TadnanT 15 uevmidiag SanelTiu naive Bayes sian143
Tunngadeyaiiiiu high-dimensional data lunsdifideyadidnaunennidaddnh
15 wovniing ﬁqﬁam?ﬁh nalve Bayes, J48 nz Instance-based Vi1imi'ldd

Indinvadu
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{4)

S)

(6)
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doyadihiauysal Tumenniidennnusasedaitling e (missing values) T
finansznudolssdntninyeidanes iy

doyafuiluduay (numeric data) wiedeyafutiuiiluus (¥u tuesfaise, 0/1,

yesino) 8ane3iiu naive Bayes sxlvimanisviauiiindt J48 uag Instance-based

sonsdau tufelirruniuasafigaiigatu 7 yadeyanindiuau 9 yadeoya

o A o ' [ { o - '
dogaiisuunldon iesnfifudoynlsngegludaduiid i vesnd 30%

(Foni rare case) WippWeiBRNIA MY INgFUMmMTaumn@URFal L

nqudaya (Sonh hard case) Saneifiu naive Bayes unymisldinaila boosting
susaneifiy 448 saulimsiuundeymlsuaniigndestdnniu @unalden
i sensitivity LL02 specificity 1umi‘1ﬁ1ﬂajuN-ﬁm‘mﬂﬂﬂu)
i‘inJui’n’egaLlﬁﬁﬁa%’hﬁ’nﬂﬂ%’ﬁu“lﬂnziﬁwnmiﬁ)°munﬁnsﬁumsqnhé’anﬂ?ﬁnﬁ'uq

¥ ¥ : - :
as = 1 < g =
AellagtiBonlunsiideyatiosndi 100 1saaeia Sanediiu Instance-based uaz

“naive Bayes vawldd  daulunsdifeynunnndt 500 saneda Soneiiu J4s8,

N o ! 3 Q’; H QF T o ’ = i
Instance-based LAz naive Bayes Wi 1dd uavisiiidodunandanasiy J4s 19

: . W o & & - 2 = 7 |
manlumsadi lusananhdanesfuwugudu 290199 THANIENUAD

PrzdnnmuesdaneiiuddeyaiinFunagaunn iy wnndt 10,000 1saneda
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unagl
mﬁiui‘:i’lqnajmuwﬁeznaﬂam}szﬁﬂﬁmmmﬁana?ﬁmiwﬂ fldlumsiunites
Joyasznndunizdluweaiuundeyn (classification) Wefumdanesiufitnngmdige
dmivafie classification model ¥wlunsFiiedelsmmenuwnd ANz ANYE
sonestusrvsafiniuasclunsiindhnlsizdundn  namereunsoivudeya

» .
Fumesyn Arwdaneifuuguddonei warnagevnszdunmuiniuasivesnaadiowes
(mniln A9 bagging uas boosting

5.1 ajplnaniiide

»
9 ed

o o e .
nan snaaesrp usmduid i lddail

- - . ot -~ ; 4 \ A -y 1 L]
(1) UszAnSnmveadaneifuugniiuihy single learning iioiv15001910A1 accuracy HAYA1

] ' ¥,
precision Iaumiy Sadidnlszininmengslud1 1A
naive Bayas > Instance-based > decision-tree induction > simple-rule induction (1R)

gAdsRnsamzsaudasyafoya nundaneiiuy  decisiontree induction  1¥

o o o e e L4 o e
tszAnimmmaiaugalugadoymisziondanmmiadydinuel  uozdudayaiififio:
aownmie  Tuveizfl naive Bayes Tdilsz@imBnmmshanidiiqalunsdideyadulng

ar O ] e ¥ .
hiduay niem luundazdeyafiinusmannahiesnae (muiti-class)

(2) mAiin multiple leaming sanIanANLIiuAsslunsiun deldsududanedii
& A o W 3w ¢ ' ¥ o =i o o -
fiugw Taolidedandadueafeyaluasamaszdealisnaudiindifsiu nielu

ool 9 -t ' Y Yy . a A e
psdindoyafidnousmannahaesnma  sxdeshilideyalunaalafivanaimaoifill
Wmgatunhamadugimdesdialhiod iy

lunsdifmsnszvisvesdoyaluudazamaiidadmiusnanduiunh  30%  (¥u

. . ;a4 -
sndoyataua 100 saneda Snudeyaluamainiaiiu 66 isaneda $audeyo
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lunmafiaeuily 34 vaneda dlddeyalunmafiviisfinnidoyalusmahioosdia

1§14 32%) aiia muitiple leaming vz hifomuauiiuazalumsduun
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(3) dnmmzvoiayaininaamlszininmniadinuvesdanssite ldun

® {wmunnniting nie dimension
o o . ey or . . .
§ano3Nu naive Bayes 19111 high-dimensional data

& §nunain
danvifiu decision-tree induction ¥ansldATAnAudeyaiiiiy binary
class uaAvianld lidfudoya multi-class

® Jszminmveatoya

’ a = . Q g @ @ ) '

90N83 7Y naive Bayes ‘mqm1ﬁ'ﬂn1ﬂﬂu{ﬂgj‘aﬂizmﬂmmﬂ (humeric data)
uazynan lddfsumiiudaneiity decisiontree induction Tudeyatlszinn

donu {nominal data)

lunsnageudaneifumuidnunsdoyalinsudi wie missing values laidi

nansznudellszAninumstinussdanaiiu

5.2 YslausuMz

. - S e meR W o 4 L : s . .
nnmsvareudanesindunsiey luaawonisdwun  (classification . model  or
, ' as o R REE a8 S Ao T o
classifiery ludeyangunisdiledolsn  wuih hilifanesiudeiihnuiddngadunndeya
vule dnumzvstdoyaiinanelsz@nnmmahanvesdanesiin unznndedunaiildnn
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Tradndanuansheduily inean1d9edszneumsdndu lndondanssin - Tas

s u {Il I PO § Py = & 11 vlyw &
HINTUIATUANHIHEUDN Elllqﬁ Nlﬂﬁﬂﬂﬂﬂ11ﬁ1u1ii\_llﬁﬂﬂ1ﬂﬁn'}!ﬂlgﬂﬂQﬂQuﬁﬁuNﬂu U IAAIN

I}

IF number of attributes > 15
THEN chaose Bagging naive Bayes algorlfhm
ELSE

IF binary-class

THEN choose Baggmg naive Bayes algorithm
ELSE

IF numeric data
THEN IF uniform class dlsTr'lbu*hon -
~THEN choose: Boosfmg naive Bayes aigorl'rhm
ELSE
IF classify rare case
THEN choose naive Bayes algor'rfhm

_ ELSE choose 10-nearest neighbors algorithm
ELSE ' '

IF uniform class distribution
THEN choose Bagging decision-tree algorithm
ELSE 7
IF classify rare case _
THEN choose Boosting decision-tree algorithm
ELSE choose decision-tree induction algorithm.

as + \ 4 . ) 4 ] ; . - & © .
TupaRenailifimnuanmnton 0.25 nisfidhsnuiiemss 75% dumnhluea
o [ . v o : o o oo 4 4 4
ks Temloaraldnnmuysal dededldTumsnaneuuasiulpadss@namiiniy &
dhaameiigieliqagamnsfivefanfu@ude  luownn suwamaiiuily
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ABSTRACT

© We are flooded with a huge volume of data
and information. The tremendous amount
of data, collected and stored in large
. databases, has far exceeded the human
ability’ to analyze and extract valuable
information for the purposc of decision-
making support. Data mining has emerged
-as a new technology that can intelligently
transform the vast amount of data into
usetul information and knowledge. Data
mining tasks can vary from classification,
association, fo deviation detection. We
focus on the classification technique. The
objective of this research is to analyze the
different techniques and algorithms of data
classification with the intention of
discovering the appropriate technique for
the cancer dataset. The discovered
‘technique must generate the most accurate
classifier with the lowest error rate on
predicting the class of unseen data.

1. INTRODUCTION

Enormous amounts of data are being
collected daily from scientific projects,
stocks  trading,  hospital information
systems, computerized sales records and

many other sources. A huge volume of data
has far exceeded the human ability to
analyze and extract valuable information.
This situation has urged for new
techniques and -automated tools that can
intelligently transform the pile of data into

~useful information and knowledge. Data

mining is such an immineni promising
techniology. The benefit of data mining is
to turn the newfound knowledge into
actionable results such as increasing a
customer’s fikelihood to buy, or improving
the ability to identify patterns of cancer
recurrence of patients. We focus on the
task of classification, the most extensively
studied data mining technique.
Classification is a form of data analysis
in that it is the process of extracting
models . (or patterns) to describe data
classes or concepts. The extracted model is
used to predict the class of unseen cata
whose class is unknown. For example,
each data item in the dataset gathered from
patients who were checked-up for a
specific type of cancer was labeled as
cither negative (no cancer) or positive
{having cancer). The extracted model
might be the common characteristics and
symptoms of most patients whe had

This ressarch has been supported by the grant from Suaranaree Uriversity of Technology, vear 2545

(2002).



cancer. This model is useful tor the tuture
prediction to determine who is at high nsk
of having cancer.

Data classification is a two-step
process{8]: learning and classification-
testing. In the learning phase. data whose
classes are known (called the training data)

are analyzed by the classification algorithm

to build the model. This model can be
represented in various forms, for instance,
"a decision tree, a set of rules, a
mathematical formulae. Since the class of
each training data is provided, the
classification is categorized as supervised
" learning. In the classification-testing

phase, the model is tested on another set of

data whosé classes are also known (called
the test data). The purpose of testing is to
estimate the accuracy of the classification
model. The process of classification*is
“illustrated in Figure 1.1.

Learning phase

TS
Training
Data

Classification
Algorithm

bui |d\

i Model TR

: Test data

Classification-testing phase
Figure 1.1 The data classification process

Due to the numerous applications of
classification  (e.g., credit approval,
medical diagnosis, stock forecasting),
many researchers from diverse disciplines
attempt to use various techniques on data
classifica-tion. These techniques range
from decision tree induction, Bayesian
classification, nearest neighbor

single technique that performs the best .
classification on all data types [4, 5, 17,
18]. ‘ .
There is much research in comparing
different classification techniques [3, 4, 5,
20). The team in STATLOG project {18]
compares tree-based algorithms against -
some other classification algorithms on -
several typcs of datasets. Another
extensive study [17] compares thirty-three
classification algorithms. Most compatison
studies investigate the algorithms that

" perform generally well on any kinds of

datasets. Our project,. on the contrary,
emphasizes on the cancer datasets to

_identify the most appropriate algorithms

for this specific domain. _ :
This research compares fourteen
different algorithms on two cancer
datasets. These datasets are obtained from
the UCI Machine Learning Repository [2].
For the purpose of a consistency
comparison, we do all experiments in the
same environment using the MLCH+
system [12]. Each algorithm is compared
on the basis of predicting accuracy. The
next section explains the datasets used in
our - experiments. Section 3  briefly
describes the -classification algorithms.
Section 4 outlines the experimental setup.

Section 5. reports the resulis. The last

. section concludes the paper with some

classification, to case-based reasoning, As

the echaracteristics of data vary from
application to application, there is no

general comments and recommendations.

2. DATASETS
The cancer datasets briefly described in

this section are from the UCI Repository

[2].
Breast Cancer Dataset

This dataset was obtained from the
University Medical Centre, Institute of
Oncology, Ljubljana, Yugoslavia. The
dataset was reported by M. Zwitter and M.

‘Soklic. The problem is to prediet whether a

patient who has been treated for breast
tumor has recurred-breast-tumor or is safe
from the recurrence. The dataset contains
201 instances of no-recurrence class and
85 instances of recurrence class. The



_instances are described by 9 attributes, four
of which are numerical and five are
nominal. Nine instances are removed due
to the missing values. Our results are thus
based on 277 instances.

Lung Cancer Dataset ‘

The data describes three types of
pathological lung cancers. The donor is
Stefan Aeberhard. He gives no information
on the individual - variables.
contains 32 instances, 56 predictive
attributes- (all _are nominal). The class
distribution is 9 instances of class 1, 13
instances of class 2, and 10 mstances of
class 3.

3. CLASSIFICATION
ALGORITHMS .
This  section describes . each
classification algorithm briefly. The 14
algorithms are grouped into  four

categories: basic algorithms (use simple

techniques), - statistical algorithms, tree-
based algorithms, and miscellaneous (use
different techniques, e.g., instance-based,
decision graph). ' ‘

3.1 Basic Algorithms
OneR: It is a simple algorithm proposed

by Holte [9]. OneR induces classification -

rules based on the value of a single
attribute. OneR is usually used as a base
algorithm to compare the predictive
accuracy . with  other - sophisticated
algorithms. It is shown [9] that we can get
ieasonable accuracy on many tasks by
simply looking at one aftribute. The
average accuracy of OneR for the datasets
tested by Holt is 5.7% lower than that of
C4.5.

Const: The algorlthm [12] predicts a
constant class by simply prediciing the
majority class in the training data.
Although it makes litile sense to use this
classification scheme for prediction, it can

be used as the baseline accuracy to.

evaluate various classifiers.

The data
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Table-majority: A simple table-lookup
algorithm [12]. All instances are stored ina
table for the purpose of predicting. If an
instance is not found. table-majority
predicts the majority class of the table.

3.2 Statistical Algorithms

Naive Bayes: The naive-Bayes
classification algorithm [16] is based on
Bayes theorem of posterior probability.
Given the instance, the algorithm
computes conditional probabilities of the
classes and picks the class with the highest
posterior.  Naive-Bayes  classification
assumes that attributes are independence.

" The probabilities for nominal attributes are

‘ estimated ' by -counts,

while continuous
attributes are estimated by. assuming a
normal distribution for each attribute and
class. Unknown attrlbutes are simply

- skipped.

Dise-Naive-Bayes: This is a varlant [6] of
Naive Bayes to achieve a better
classification by  discretizing  the
continuous attributes. Discretization is

~ performed as a preprocessing step prior to

the Naive-Bayes classification process.

33 Trée—Basgd Algorithms

ID3 and MC4: These are greedy
algorithms to induce decision - trees for
classification. A decision-tree model is -

~ built by analyzing training data and the
~ mode} is used to classify unseen data, 1D3
' {19] is a very basic decision-tree algorithm

with no tree-pruning. The algorithm uses
an information-theoretic measure to select
the attribute tested for each nonleaf node
of the tree. MC4 [12] is a decision-tree

~ algorithm ‘with pruning. Pruning is the

. technique

to. improve accuracy by
removing the branches reflecting noise in
the data.

Option decision tree: The tree has option
that allow several optional - splits, - which

are then voted as experts during
classification [14]. _
Lazy DT; Lazy decision tree is an

algorithm for building the best decision



tree regarding each test instance [7].
Nbtree: A decision tree algorithm hybrid
with Naive-Bayes at the level of the leat
nodes [11]-

3.4 Miscellaneous

~IB: IB is an mstance-based (or nearest-
_ neighbor) algorithm [1]. The algorithm
stores all training instances and buils the

classifier when an unseen instance needs to .

* be classified. The non-trivial computation
- is performed in the prediction time to
search the pattern closest to the unknown
sample.

HOODG: This Hill- cllmbmg Oblivious,
read-Once Decision Graph algorithm uses
a bottom-up approach to build a decision
graph [10] with a hlll-chmbmg technique
implemented.

R4

"EODG: This is a classification algorithm -

1o build oblivious decision graph top-down
- [13]. It cannot handle unknown values.

¥SS: The Feature Subset Selection is an
algorithm that selects a good subset of
features {or attributes) for the improved
accuracy performance [15).

-4, EXPERIMENTS

For each dataset, the experimentation on
fourteen classification algorithms has been
_performed under the same environment,
that is, using the MLC++ system [i2].
'MLC++ is a library of C++ classes and
tools supporting supervised learning of
concepts. The system provides a variety of
tools that help comparing different
learning algorithms.

In supervised machine lea.mmg, we try
to find a set of rules (a classifier) that can
be used to accurately predict the class of
unseen instance. Thus, the key factor to
compare the performance of different
classification algorithms is the accuracy.
Accuracy estimation is the process of

- approximating the future performance of a
classifier. We use the holdout method to
estimate the accuracy. About two thirds of
the data are allocated to the training set
(for building a classifier), and the

1. The basic algorithms (i.é.,

remaining (one third) is allocated to the
test set. The accuracy on the test set is the
estimated accuracy.

5. RESULTS

The classification accuracy of each
algorithm on each dataset is reported as the
error-rate on the test dataset. The results of
performance comparison are summarized
in Table 5.1 and are also shown graphically
in Figure 5.1.

The following conclusions may be
drawn from the results: .
OneR,

Const, Table-majority) employ - a

simple scheme in building a classifier,
" mostly predicting a majority class.
Thus, their performance can be used as
a baseline to compare against
sophisticated algorithms.

The algorithms that perform better (or

as good as) the basic’ algorithms are

LazyDT, MC4, OptionDT. These three

algorithms are tree-based.

. The error rates of most algorithms on
the lung-cancer dataset are high due to
the small size of the dataset.

6. CONCLUSIONS AND
DISCUSSION
of

By the criterion error-rate

comparison, the most accurate algorithms- '

are those in the group of decision-tree
induction. The low ‘error rates of 1B,
EODG, FSS algorithms require further
experimentation on a larger dataset. Even
though it is natural to measure a
classifier’s performance in term of the
error rate, for the specific domain of
medical  diagnosis, the cost of
missclassification error should be taken
into account. Healthy person incorrectly -
predicted to be ill (false positive) is much
less- harmful than sick person incorrectly
predicted as healthy (faise negative).
Therefore, owr future plan is to
investigate further the decision-tree
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induction algorithms on a larger dataset  comparison criteria.
with different evaluation methods and

80.00%
60.00%
40.00% B
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20.00% : —m Cancer
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Figure 5.1 Predicting error rate of fourteen algorithms on two datasets
" Table 5.1 Error rates of fourteen classification algorithms on two datasets
Dataset Algorithms o
Const OneR Table- Naive | Disc-Naive- | LazyDT D3
| - majority Bayes Bayes
Breast 25.58% 29.07% 25.58% 26.74% 26.74% - 23.25% 1 29.07%
Lung, 75% 75% 75% 30% 50% 50% 50%
Dataset . Algorithms - :
OptionDT MC4 NBtree EODG | - ESS HOODG IB
Breast | 25.58% | 25.58% 27.91% 26.31% 2947% 30.23% | 29.07%

Lung | 50% 50% 50% 25% 25% 75% 25%
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