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ABSTRACT

This research aims to study the performance of data mining techniques in
medical dataset. The data in this research contains data of patients with breast
cancer, diabetics and patients with hyperthyroidism. All dataset were collected from
UCl databases. This research has been used machine learning in particular Decision
Tree C4.5, Naive Bayes, Neural Networks, Random Forest, Deep Learning techniques
and the Gain Ratio principle to create the models of disease Breast cancer, diabetes
and hypothyroidism prediction models. In order to measure the performance of
prediction models, 10-fold cross validation was utilized to divide the data into
training and testing sets. Accuracy, sensitivity and specificity of the prediction models
were used to compare the prediction performance of each model. The experimental
results showed that the Random Forest technique was the best technique in
modeling the prognosis of hypothyroidism. It provided 99.90% accuracy, 99.89%
sensitivity and 100 % specificity.
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NNy 100 wi [1] dulsauimaig eannwadsieniedinanuiaundluvuiunis
Waguthmaludoslfdundanu lngnuiumsiifedestudugduiadusesluuiiadenn
fugouileldmueuszduimaludon WethmaldldgnldSeiliseduinaluiengdu
niseuUnd [2] Bslunindulsalaesinsoss manefis nsdidedlnsess dnsvdsesluy
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Lindu dndndanasedrmaduuuindnd Hudu awnvesvsessidufivianannsd
paulvsosaiNuIINRaUng awinlisanefivsunaveswessesluulnsesauiniuay
AeensvessNnearianiluiivaudmanasrsnelusiusig o [3]

wmilesdioya (Data Mining) Ao nszuIUNITIIATIZVTeya tlledunIULUULAE
arwdiudiivouogluyadoyatu g lullagtunsihmiiosdeyaldgminlussondldlunu
vaneUszan Wy nassauuniusaulsl nsduundlidnsiasin samdansduungvaeiiie
wegansaimsninisguAvedlaasiy o i lsuzidusug lsawamanu waglsadu o Wuduy
wadafdeuiinaldlunissuunlaun Decision Tree; Naive Bayes, Neural Networks,
Random Forest, Deep Learning fiinI8enananaudiléiinissiwunlsaugiadug wu
Fan, Zhu, wag Yin [1] lé@nw1nsviaunenisndudusivesuzSaduy sowmeada Cas,
CHAID, QUEST, CART, ANN w31 nadla C45 Suss@nsamiffiandl 71.17% dau
Balpande uaz Wajgi [2] Wfinwinismnagiuiaznmsdssannmiuguissvadlsaiumvnulag
ldmaiiansyndeya memaila CHAID, Naive Bayes, K-Nearest, Decision Tree FuusAa
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AnLdanLUsIviaeld W n1sldalid Gain Raito wag Chi-square [4] [5] Bumanesadoya
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Pilvdiaduiuy nominal 8alUninliudsms Wrapper Wunannisidnennaialunisdiuun
winsiasgiidendlsnilanudiAgdeanisneansalunld 1wy quyeu laanwIng
Wigulguuseangammsanidenauaneae 2 wuu laua 1) Msiienaaansuzuuuaiy
591 (Wrapper) Inglt75 Backward Elimination ag 2) n1siaenaaanuazwuunsas (Filter)

v o

A78735 Gain Ratio Wazdwundeyanigimaiin Neural Network aasiawuudiaeslunis

v =2 [y

neNsaiN1seaNNaRuUTaItnAnw L seauUsENIAReTATITITN (Ua%.) kastin@nuises

c

Usgnatlsdnsiv1dndugs (Ura.) ne1dee11@ne1uniansnid kan1s3denuinis

D
)}

=Y

Backward Elimination wag Neural Network lid1uUsgansainlunisdtuundeya vied

)

gnsn1sgneaeslunisyituisuiniign 100% UszdnSanuad Gain ratio wag Neural
Network 99.93% dunaansntaannn1sttoanasiu Neural Network Tianuszansanlu

msduundouannduiosas 99.89%
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FeiunuAseiiitedauaulafias@nsmaiansdnidonsdais (attribute selection)
PENANNIS Wrapper TunsuiinUszansnamusaveie Decision Tree, Naive Bayes, Neural
Networks, Random Forest, Deep Learning Iumﬁa%ﬁﬂLL‘UUfﬁﬂaaﬁLﬁawmﬂiiﬂmiLﬁmIiﬂ
wziSadnun Isawvnu waglsalawesinsess lunsinuszandnanuuusdiass 10-fold
cross validation lilunisudatioyaseniduteyayndeu uazyadeyanaaou ilouanad

mmgﬂﬁm ANTNNIE LATAINULLNTEN
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Tmmalianisendandiwys (attribute selection) Tun1siiuUszansanvasmaila

Decision Tree, Naive Bayes, Ne andom Forest, Deep Learning Tunas
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3. 15ALUNMATUT A L HIATS A (gestational diabetes mellitus, GDM) 1T u
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4. 15ALY wmwﬁﬁmmaaﬁ’uww (specific types of diabetes due to other
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(Accuracy) m1Ala (Sensitivity) WazAIANUINNE (specificity)
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= % o ¥ =2 oA o o A o &
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Trainning set Feature selection search Trainning set
E— Induction
Perf Feature set
Feature set eriormance algorithm
estimation
Feature evaluation
Feature set Hypothesis
Induction algorithm
Estimated
Test set Final Evaluation f——
Accuracy

AT 2.1 A1SYINUVDS Wrapper

v ! -dl

wada Gain Ratio Wus@ian1swusyndeyasaniluyadeyadesil Wauiuiain

Y

4 I

Information Gain 48843111514 Information Gain lun1suusgatayavziloniarinlviia

Y

AN e ULBEIT LloAuAN v ENYIN15AITUILAAT ain Aiguludiuaunin vinlv

' . ' D2 o

AMANBUEN gnAndanligndes Aegruduiiansannuanvashniiludssyane
WusTE HERAET NMILenIianans aeiavdamaliliyadeyatesdnuiuiin wiasyndeyatey

o o = & A o i . J Y 1 A ° Y
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IS a 1

AMBULBE v liinsTauAgdanisuusteyalnineisenda Gain Ratio lag A3
Uszgnaldnmsviuesdaladan Information Gain genislden Split Information @9 @1156)

AUIULARIENNISN 2.1

D; D;
Splitinfo, (D) = — X2, %xlogz % (2.1)

lage Splitinf o,(D) vanensUSuradayangniarsuilagnisuuitayaluyadaya D
sanu m gedayagesmumnuanvue A lnevasaninsdnamie Splitinfo, (D)

WALSIATANNISAAIUIUNNAY-Gain Ratio lAseainIg 2.2

Gain(A)

Splitinfo(A) (2.2)

GainRatio(A) =



2.1.6 wallawmilaatoyanliluanide
2.1.6.1 watasulddnduls
windasuliidndula (Decision Tree) Wuisnilsiaguszanailanduniei
Liisioitlo (discrete-value function) Mg wNURAL LT 819U5ENOUAIBLTAVBINGHIT U
¥ %4 . d‘ ¥ 6 1 4 124 U a ¥ Y vV A ! 4{
01-ud7 (if-then) wielviuywdanusaguuadilanisinaulavesiulils Jefet1milaes
1514 Decision Tree fiatdandiulsniiaaud Ay Nyiowumenteyasenuils daag19
3T Yllan yyUszau ladanwdwlsiiietedlunisateennanduvesindnussiy
U193 lngdseuimneudszansamnisdiundeyavedluinamemaiiais Decision Tree,
K-Nearest Neighbors, Naive Bayes laglddoyaaingiudeyaiungileuvasmasing1ay
L = U =2 % a a a o aa (3 ¥
5194 auaTws1HvetinAnwiseAuUTyaes I3 11 wenvialadiuas 13,729 yadeya
wagladaseimEitnvesenn3td Me3dn1s Information Theory Fadlsnuusnine19es
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NAFBUNAANEA87I571S 10-Fold Cross Validation wayinuse@nSanneie a1 Accuracy Lie
MIBN1INLANUYNABININTIAR NanIsiIeuWieuUsEanSamnsdkundeyanuitluead

Decision Tree ﬁfhl,aﬁ'ammgﬂéfaq 93.52 % [9] [10] [11]
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ISenin Neufrasug (Bayesian theorem) iWumsiseusiuladegluilaungnuiun
USuLlasun1suwantas JedinasionisiiivanniiuuiasuiliiinisSeusnaeulyisnisi
mkuvaggnusuasulumuitegilminialagnuiniuauiinuniinsyituigAnaa

% 1 ¥ 1 [ PN a Y 1 a v .
Whnngueheg1dldauu1ag luINTgAve v aaNRg Iy Aiag1991133y Raheela Asif
,Agathe Merceron ,Syed Abbas Ali ,Najmi Ghani Haider [12] la3tasngiussansninues
HnAnwsgaulseginilagldinatia Decision Tree with Gini Index , Decision Tree with
Information Gain , Decision Tree with Accuracy , Rule Induction with Information Gain
, 1-Nearest Neighbour , Naive Bayes ', Neural Networks, Random Forest Trees with Gini
Index, Random Forest Trees with Accuracy WUMLUsNilNasen1saN5an1sANE Ao
INsARFEYRIYINAIAY WY AtnAans @nd wil lnensldnsestiomilestoyaiuuieun
nau Wneldtupeulumsanlivnumsimilesoya wuudnuunngy wudl Naive Bayes T

UseAnBNngeandl 83.65 % wag Maninder Kaur, Akshay Girdhar la3tas1eiussavzam



yaaMsaeusUiuuneg tngldimealin OneR, ZeroR, 148, IBK, Naive Bayes F5n15a0uiini
AT Ao Asaeulueniey, inSeudnliaseiunUgymmedtiies lagliduneulunis

AU Iviivilesdaya wuli Naive Bayes Wiuszavsnmasani 100 % [13] [14]

2.1.6.3 mAlAlATIU8UsTAMITIEYN

wadalassneUszamiiivn (Artificial Neural Networks) iusansuaus
wilaneiutiniseAng (Artifical Intelligence : AN flanunsairlduszgndldfuanunans
duldognefiusednsan wdnnisdAnuelasainy Ussaniiied Ao Aruneteuiiag
asnidguLUUnITIueteadUszamluanosywdiiioviauldedis fUszdnsam
Snwarluveddpsstneyszamiion fie A1sAilvun (node) A3 9 S1aewnainlawuld
(synapse) vadimaaUsyamszning laulase (dendrite) uaguonwou (axon) nefifsiduidu
Favun deyrnuddean (activation function or transfer function) utes dnwagYs

IAsengUsramion aansanusld 2 wuu Ae 1) Insengusyanyiignluy Fuhen (single

(%
0 1

layer) Feazdifigatudy i Uszainuidn wasdudyyiuuszainvioan ity o
1AV U N DL UMT0UD Y9418 (simple perceptron) wazlassvielauan (Hopfield

networks) 1udAY way 2) lasegredszarmiiedsuunatedy (multilayer) Beildnwae

WuRgnulAsIdIeU T NRUUTUAYY wivdTukaULKY (hidden) WinTu lngod

drunanssenitatuiveyateuidinartudsveyagenadyunouwlieadiuinndn 1 du

Y

v L3 o/ [ L4

A881991U3T8 LENasIA Idudnual, 307 1INAMMSNY waraen1 Iena Anwinisly

o

watan1similostoyatene1nsainanisiseuvestnisey Lsuseuaisaunis

UMINGITLNYATAENT INGUIANWNILAY AUGTTBuazimuInfnyl Tdnszuiuns

| [

AnLaRNAMaNYMY (Feature Selection) %ﬂ%ﬁ% Correlation-based FeatureSelection (CFS)

waE3s Information Gain (1G) ualdmataviiestoyauuulassiigussamnguuuudaia

WasnasiiUunTau (MLP) dnnasanmasiuvdu (SYM) wasauldidngula (Decision Tree)
v U '3 = = %) b2 a a

11@3 19U UNSINTULALLUTIULN Y UFILUY AA8N15Naaudssansninwuy 10-Fold

Cross Validation [15] ANguie NodsssuvIf-AneIun1sas19lutnagInsunegInsainanis

Seuvesindnyt deyanldlunisiveludeyatndnwaividvireufinmesgsne any

'3 a

WYINITIANTT UMINYIRYTIVANAMUNINYT UALAIVIVIABUNUNBITIND UMNINY1YTNY

9

a

Agiuwnanys wilaen sewelialasneUssamiisusasinatasulifndulawuu C4.5 wa
nswWSeuiieunud wellalasaingdszainiien eiaugnees Segay 85.71 Faunnnin

wedadulsiiadulawuy Ca.5 fsilrndonas 76.62 [16]
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2.1.6.4 watlasuliUngy
wailadulsiingu (Random Forest) ilumadiafiaiauuusrasadusulsf
dndulavane fu lnonsduidenuennitd fiddyeenniduvatss yaudninluadeduls
dnaula Tnefiderde gaslunisandl correlation 5¥md1e Tree 1§ (io9a1n function

Random Attribute Subsets [17] [18]

2.1.6.5 mAlANSISEUTIEN
a = Y oa = . < ! ~ aa a 1%
wAlAN15L38u3L39AN (Deep Learning) udumnilsvesisnisnisiseus
Y8iATRIUUNugIuYelATgUsTAMIEULAEN ST EUAIAMANBAY N1SISEUTANNTI0
JuldvauuunisiBeuiuuuiifaeu nsiseuikuuisdifaoy waznisseuiwuulififaou [19]

[20] [21]

2.1.7 A5 I0USLANTA L UUINaDY

v

lunisianuudnaedlunmainuilostsyalauaiulngld 10-fold cross validation

Y

'
aad ada

fio nsidendudeyauuumnuiissmss faduisndeulunsihuideiielilunimeasy
UszAnsamaeaiuuinass esnuadildfiannuunidotie st Uszdnsamieds 10-
fold cross-validation azvinnsidendudeyaseniu 10 gawing Ay Mntuasrinmeaes
pdsusndedoyauail 1 Fadudoyaneaeuuasimualitoyaniindeidudeyaynaou way
Tumnnaasessiiaesaslidoyaged 2 \Huredeyannaouuaslidoyauniivioidudoya
yagou yhaunszisdeyannyadayaldgninmduyadeyannaouiiomun deduauluns
naaouiid ity K asy Tnonadwsildduigindunmanadennugniosmasnis
Iuundeyaluusdazseu Ingismsmegeudsyansainuiuy 10-fold cross validationiivalde

a v ° a f v o & o A
A8 Q3G]'E]\‘Wnﬂ'ﬁlﬁlﬁ/l@a@‘UIVINI@EJ%%@@@Vl'WNWN@ 10 99U ANOAINY 2.2
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G Validation Set

. Training Set

Round 1 Round 2 Round 3 Round 10
Valdstion 53¢ 90% 91% 95%

Accuracy:

Final Accuracy = Average(Round 1,Round 2, ...)

AN 2.2 F9819NSNAFBUUTEANSAINLUU 10- fold cross validation

(%

lunsdndsganiamnisinulusdastuneuds awsadnlaaintareinisiuwun

ngudoya WA¥AINITONIAIANYNABY (Accuracy) A1AI18LA (Sensitivity) Lag AT
AU (specificity) FRaUNTT
2.1 AANugNABN (Accuracy) Ao ANiuuuIABIENTSuunTeYaRUoTIARlA wazlsl
Anlsaldedegniesedoyariann Feaun1sit 2.3

Accuracy = % (2.3)
2.2 Araula (Sensitivity) Ao ﬂ'ﬂ‘ﬁLLUUf\i’ﬁaaammmwmmaﬁ%’amvaﬁﬂmﬁtﬁmiiﬂ JELRRR
gndeasiafiaeiifinlsase feaunan 2.4

Sensitivity = %ﬁ (2.49)

2.3 A1AININE (Specificity) A ArkuuIIapsasaneInsaiteyarUieiibiinlse la

9 9NADIRERUILINEINTALIWARLIA AsaNnITN 2.5

TN
TN+FP

Specificity = (2.5)

\le TP Ao Iurudeyaiiuuuiasameinsalinialsaliat1agnies

TN fis Suudeyaiwuudtaesneinsainiskiiinlsalaegigndes

al

FP e I1wiudeyaiiuuuinassmeinsainisinlsalalignaes

=

FN fie Suiudeyanuuudiasaneinsalinisldiialsalaligneas
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2.2 ywAdeiineatas

Fan, Zhu wae Yin [22] lé@nwmsvinuenisndudusivesusidadiuy dreowmeada
C5.0, CHAID, QUEST, C&RT, ANN w1 tadia C5.0 Siussavsnwdiafian 7 71.17%

Balpande wag Wajgi [23] Lafin®1n13A1AAIILAEN1TUTENIAIIUTULSTIVDY
lsawwmnulagldmelianisyadoya alewnalin CHAID, Naive Bayes, K-Nearest, Decision
Tree fauUsiidinanonisainaziy fo Age, Gender, BMI wudq wadia Decision Tree &
UsgAvSnmilaiign 7 72%

Mousavi, Somayeh, Zanjireh, Morteza wag Marzieh [24] la@nw1n1591uun
Uszlam@sAnnaniieidadennylnsesdinnuiinundvemisn somaia CHAD, ID3,
MLP, SVM 1uU31 maila SYM ﬁﬂizﬁm%mwﬁﬁﬁqm 71 99.58 %

Ojha waz Goel [25] lé@nwAgafunsyiusnisnduius1ve s Euduaiag 19
wallan1syadeya Alewmalla C4.5, KNN, Naive Bayes, SVM, Wudn malla C4.5 wag SVM
fUszavSniATaniniuf 81.03%

Yoiiles waz dda [26] lAnwinisiieuiisumalinn1sAnaanauanyashuuns
N394 (Filter Approach) kag N15AIUTIN (Wrapper Approach) vasnsiviedeninuniie
n1s3uunteny asulainldisnisdwundssanuuudnnesannnesuusdu ngldines
watlsdusiagaudaieidu (SYMR) inansinussaninmlnesiagaignse 92.2% wial
1w 91.7% way wedoulin 91.4% auaey

Asinsee war Auanysanes [27] nAnwuTeuisulseansaineesisnisdiuun
nau lneidenliismnulndidsstusnnianisiulifnaulaislasesussamiiosiSdnmesn
e fuuITLItsungIBMTaAnesaedafnuayiTundvludiilo Tasgavsnmnnsduun
naulaslddeyadiaolsalasoswedsmerutaenealayszsnadudis wudi T5n153uun
nauitiuszAvBannnisiuninande Fsuliifndila Fsliiriaaugniesrie 100%



unA 3
A5N15AIUNIIY

o
=

Tuunidsnisaduauidedsenaume 4 TuRauas MIwisadeya Tunaunaun1sas

KWUUINADY NTASLUUTIADY kAENNTIAUTEANSAINVBILUUIIAB

3.1 Msin3gudoya

[ a o

a v a Ky Y] Y A q' ] v o
ﬂqﬁLWiBNGU@MUaﬂLUQ']u’J gUu a%aﬂigﬂ@‘UWJEJﬁ@ﬂ@%ﬁmm%u@mjLLU?V]LL@ﬂGﬂ\TﬂUC\HUUU 3

(%
o

Yadoya Ao YA 1 AelsauziSaiuu dvdadiuusidu Nominal Viwne §1uau 10 dauus
a1 2 Aol dyladiuusily Numeric Miavun 41w 9 dauUs uazyadl 3 Lsale

q

Winsous JvRndatusidu Nominal kag Numeric 37121 30 fhuds aenns1eaaludl

A151991 3.1 fudsnlgluauise TspuziSadiu

10U Fosus 18821980 YUAAMUT
1 age 8¢ Nominal
2 menopause anIieruAUTEILADU Nominal
3 tumor-size muwmauﬁaqaﬂ Nominal
4 inv-nodes %739009ULL5 Nominal
5 node-caps N3NSTAINEMIVDILLIS Nominal
6 deg-malig STAUAITNTIYLTY Nominal
7 breast R VALK FUETRR, Nominal
8 breast-quad UYL R Nominal
9 Irradiat N19R1839a Nominal
10 class LWJﬂﬂiﬂi Nominal




A15199 3.2 FuUsAEIULAY TsALunrIny

14

10U Fomuus 18821980 FUAAMUT
1 preg Sauaundaiinansss Numeric
2 plas sysuthmaluden Numeric
3 pres AMNAUTATR Numeric
q skin Anuuvesludula Numeric

RIUINA LI UEIUNES
5 insu U%mm@mﬁuﬁlﬁ%u Numeric
el 2 $2lu

6 mass futluianiy Numeric
7 pedi N3AARBNINANBLEDN Numeric
8 age 8¢ Numeric
9 class fUsrand Numeric

a15199 3.3 fulsildluauide Tsalelllnsoss

10U Fosus 18821980 YUAAMLUT
1 age 21 Numeric
2 sex LN Nominal
3 on thyroxine gosluuiivdioanuiain Nominal

foulnsesn
4 query on thyroxine AouvegeSlamiiva: Nominal
PNLNANADUINTDYA
5 on antithyroid medicate ansleenaulvsess Nominal
6 sick 9101510 Nominal
7 pregnant n5ansIe Nominal
8 thyroid surgery nsrnaeulnsounUIsEIL Nominal
9 1131 treatment nssnwInaeLslalafy Nominal
131

10 query hypothyroid Tsalnsesnuiineu Nominal




AN519% 3.4 Fwlsiitluauie 1salalulnsesn
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10U Fomuus 18821980 FUAAMUT
11 query hyperthyroid Amziireulnsosnadig Nominal
uazUanugasluuponin

wnAuly

12 lithium msldemadnnyily Nominal

AT BANEE RS

13 goitre mwﬁﬁmﬂm%usuawiam Nominal
nsen

14 tumor Lﬂfmaﬂ Nominal

15 hypopituitary ATEfiTIMenngesluy Nominal

fasrensouldaes

16 psych RIITINAT Nominal

17 TSH measured A1vesgesluunIEAufoy Nominal
Insoun

18 TSH gosluunseaudoulnsayn Numeric

19 T3 measured Avasinsounaeluudils Nominal

NADILNAY

20 T3 Tusassgasluudilaan Numeric
GRNIVGN

21 TT4 measured Ao sl uTisy Nominal
AulusAu

22 TT4 o luuviaufisuiy Numeric

s

23 T4U measured ANveINIs bnsanTu Nominal

24 Tau nstalnsendu Numeric

25 FTI measured Avpsgasluulnsondu Nominal
YUADATY

26 FTI gosluulnsenduriindasy Numeric




AN519% 3.5 Frwlsiitluauiae 1salalulnsesn

Sl Fosuus S1vazLdYn (LG IINTb
27 TBG measured AnealushuTiasanngu Nominal
28 TBG Wshiufiadeandu Numeric
29 referral source WAAID 19D Nominal
30 Class fulsmana Nominal

3.2 TUMBUNBUNITES19ULUUTAD4

Tudumeunaunisadanuudiaesdidelaviinisusuivasudeya eswindeyanadu

Y v A g v v N 1 1 N o a Ve 2 o {
Aavnaztayamuiidnysnllegluguuuunaiusaildimsegiladslavinnisunuan

Toyalieglugluvuiiannsathudinsgiilduazyinnisdendiwdsauiiiudasy ey wedl

AMNENTUSAUMILUTAL (rand) laaldnannis Wrapper Lagnann1swes Gain Ratio lang

IZPMN

i v A Y I v
A15197 3.6 NaN1SARLEDNAILUTURILSANLLE AU

Wrapper
Random Decision Neural Deep Gain Ratio
Naive bayes

Forest Tree C4.5 Networks Learning
Node-caps | Node-caps | Node-caps | Node-caps | menopause | Deg-malig
Deg-malig Deg-malig Deg-malig Deg-malig Node-caps Inv-nodes
breast Deg-malig Node-caps
Breast-quad | Tumor-size

irradiat iradiat
age

Breast-quad

Breast

menopause
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a 1Y A Y <@ £ ) [y I~ Y
NA1TN 3.4 wansnan1sAndonALlsvodlsruziiaaul WWun1sdnaendiuys
AEnaNN1s Wrapper Wunisaadenduuslaeldinaiin Random Forest imafla Decision

Tree C4.5 wAila Naive bayes walia Neural Networks whag 1nallA Deep Learning 310

¥ a A

ToyARUNAILUTEYN 10 MIWUT e 2 AU 3 AIMUS 2 s 2 FuUs wae 5 FuUs

Y

MINEIAU dIU NANNI3VEY Gain Ratio LaamuUsegn 9 M

A15197 3.7 Han1sAnLEeNFLUTURIlTALUINIU

Wrapper
Random Decision Neural Deep Gain Ratio
Naive bayes

Forest Tree C4.5 Networks Learning
Preg age Plas age Plas Plas
Plas Plas Pres Plas Skin Age
Pres Pres Mass Pres Mass Mass
Insu Mass pedi pedi pedi Insu
Mass preg Mass Skin
Pedi Preg
age Pedi
pres

INMT199 3.5 LansuanisAadenmnUseelsaumnu WunsAndenduysaig
wann1s Wrapper {unsandendausiagldmaia Random Forest inafia Decision Tree
Ca.5 mAtlA Naive bayes imAlla Neural Networks Wz tnAlla Deep Learning 31040y
a IS

WudfauU e 9 fwls wmae 7 fwus 4 AuUs 5 AuUs 5 AU uag 4 dauus

MINEIAU FIU NENNTVR Gain Ratio Lidiefuusegn 8 i



AN5199 3.8 HansAnLEanfIkUsYalsAlalUulnseen
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Wrapper
Random Decision Neural Deep Gain Ratio
Naive bayes
Forest Tree C4.5 Networks Learning
On
Age Age Age age TSH
thyroxine
On Thyroid On On
On thyroxine
thyroxine surgery thyroxine thyroxine FTI
Thyroid TSH Query on
Sick Sick TT4
surgery measured thyroxine
TSH Thyroid Thyroid
TSH Sick On thyroxine
measured surgery surgery
Query Query Thyroid
TSH TT4 TSH measured
hypothyroid | hypothyroid surgery
TT4 TSH TSH Query Query
measured measured measured hypothyroid | hypothyroid
T4 TSH TSH Tumor T3
TSH
T3 T3 TT4 measured
measured
174
174 TSH Sex
measured
Referral
FTI TT4 T3
source
TT4
FTI Pregnant
measured
Thyroid
TTa
surgery
FTI Goitre
Sick

T4U measured
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AN5199 3.9 HansAndanfIkUsveslsalalulnsesn

Wrapper

Random Decision Naive Neural Deep Gain Ratio

Forest Tree C4.5 bayes Networks Learning

On
antithyroid

medication

FTI measured

Psych

T3 measured

Tumor

Hypopituitary

Query on

thyroxine

Query
hyperthyroid

Lithium

1131

treatment

TBG

T4u

TBG

measured

age

PINANSNI 3.6 wannanisfndendaulsvetlsalalulnsesd Wunsdmdonsaus
menanni1s Wrapper Wumsaaidenduuslagldinaiin Random Forest malla Decision
Tree C4.5 wAila Naive bayes waila Neural Networks Lag inAlla Deep Learning 910
foyaiiuudsedi 30 s wie 2 fuus 3 fuus 2 fuus 2 fuus uaz 5 Fuus

MUFIU @71 ¥ANN13VBY Gain Ratio Widediulseghn 29 67
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3.3 N15E519UUUINADY

ynsas1wuuInassialslunisnensal Wmeltmaila Decision Tree C4.5, wAlA
Random Forest, tnAila Naive Bayes, imaAlla Artificial Neural Networks Laginailn Deep

Learning

3.4 N5INUTTANTNINVBILUUINABY

deviamsasawuuitaesaiaudrduvuuiiaewvagaudsediulszansnmeae
F8n15904 10-fold cross validation Ingn1suusdeyasaniu 10 nquwvig Auwasyiinis
Wi uiguAmnaNsTILunNgutaya A A1ANgnAes (Accuracy) Ama1ula (Sensitivity)

WAZAIANINNIE (Specificity)



UNN 4

NANISALLUNISIVY

NaN15ALTIUNISIVEUSENOUMIY UseENTAMUDILUUINGBINBUNITARLEDNFILUS
UsAn3n1mvadhuudiaemdinisAadonsdinls wazn1sifinussansamuuusianisie
WAdA Decision Tree, Naive Bayes, Neural Networks, Random Forest, Deep Learning
Tnglunsnamaaasusiazaialdlindnnis 10-fold cross validation Tun1sutsdeyasenidu
yarngeukazyanaasulagldyainlunisadisuuudtasuazyanaaouiiumaaoy

LUUTIRRIMEAIANNgNFRY AAly kagaTmg

4.1 UszAnSamvesuuuldnaadnaunlsanianauls
UsgaAnSameesiuuinaesnaunsAndendiuys 3nnsnaaedlaginnisiendeya

[ | v o ¥ [ =2 ! - A < o
panttu 10 YA 9 NuUYAURLa 9 YANILTUYARNADU d@IUYATRABLUUYANAFDU Layn

[y o =

N13NAFRUTINIU 10 soulneusazsauANAaaUITNaaadligl iU viilin1sveaedlddeya

Y

ldegluyainasuluyalnasuu1riinisnageun A1ANYNRBY A1ANLY kazan

ALY AININA 4.1 AN 4.2 Wag AN 4.3 AUAPU
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AIANYNABIVDIUUTIABINBUARLTDNFAINYS

A1IA1UYNADY
100%
90% 11 AR
. 80% i1 I
2 70% : 3 I
® 60% i D B
A o
=R 50% i : 1 THE
2 40% : .
<
= 30% i . =
© 20% u 1 1 |
o A JN EREE
0%
Breast Cancer Diabetes Hypothyroid
[l Random Forest 69.58% 75.78% 99.73%
[l Decision tree C4.5 75.52% 73.83% 99.86%
| Naive Bayes 71.68% 76.30% 96.03%
[ Neural Networks 64.69% 75.39% 98.23%
[l Deep Learning 67.13% 77.47% 96.16%

AW 4.1 AIANLYNABIVBILUUIIRRINOUARRBNAILUS

INAMN 4.1 wansA1AIUgNABINBUANLAENAILUT (Accuracy) lngldinatia
Decision Tree C4.5, mAlA Random Forest, mAllA Naive Bayes, lmAlia Artificial Neural
Networks #aginaiia Deep Learning lun1snensainisiialsa #ausingin ludaya

Ispuzisuinundadudoyaninauusiluiuy Nominal wmaila Decision Tree C4.5 #1115

A

afruuuTassniiatAUgnaeslun e nSalgangaiia 75.52% uaztasiianly walle

Y

Artificial Netral Networks Tdrna1ugndesit 64.69% Tudeyalseurmutadudeyaniisn
wUsiluwuu Numeric inaila Deep Learning @1u1saasnauusnananiainaiugnaosiunis

WYINTUGINANDS 77.47% uaztoenanluinaila Decision Tree C4.5 1WiA1A111QNHD97

1
¥

73.83% wazlsalalulnseus Fududeuaniidindsiduluy Nominal waz Numeric wadia

U

Decision Tree C4.5 @11150a3134uud1aesniiaranugnaeslunisnensalgaiiants

Y

99.86% uavtoeiignlumailn Naive Bayes liA1Augnaed 71 96.03%
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! 1 (% A U
ArNlineuAnEenAILUS

Araula
100%
90% . - ‘
80% ! . - ‘
3 70% ‘ ‘ - - - : ‘
= 60% | _ . - ‘
et
= 50% ‘ - . - ‘
& 40%
<« 0 [ ‘ [ [ 1 [ ‘
& 30% ‘ - . - ‘
20% ‘ - - - :
10% ‘ ‘ I - . :
0%
Breast Cancer Diabetes Hypothyroid
Il Random Forest 87.06% 83.60% 99.82%
[l Decision tree C4.5 96.02% 81.40% 99.85%
| Naive Bayes 83.58% 84.40% 99.45%
[ Neural Networks 74.63% 83.20% 99.34%
[l Deep Learning 78.11% 87.40% 99.60%

AN 4.2 Aananulineuradeans ks

PNNINT 4.2 uanaainImla (Sensitivity) Tngldinaila Decision Tree C4.5, inaila

Random Forest, .1nAila Naive Bayes, WANA Artificial Neural Networks wazinaia Deep

1%

A v
duanumILUs

Y

Learning Tunsnennsainisiialen nausingdn Tudeyalseuzisaimuudady

Wuwuu Nominal tmadla Decision Tree C4.5 @131150a519LuvUsIaasndatauialunng

a I

WeNIFINEAT 96.02% Uaztleunanlumaiin Artificial Neural Networks lAnaulafn

9 9

£

74.63% Tudeyalsawimudaidudeyanfdauusdusuy Numeric wnafia Deep Learning

=1

ansoafakuuaemiaiaullunisneinselgaianta 87.40% uazesian lumnaia
a
3l

Decision Tree C4.5 Trirnaa1siladi-81.40% ez 1salellnsoos duduteyaniilinuusiiu

LUU Nominal wag Numeric At Decision Tree C4.5 @13150@519UUINADINLAIAINY

A P

Tlunswensalasiigaiis 99.85% wavteefigalumaia Artificial Neural Networks 1vif1

9 9

Allafi 99.30%
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AN NNIENDUAALADNALUST

ANTINIE
100%
90%
80%
o 70% o
e 60% |
- 50% 1 _—
B 40% 1 1 .
£ 30% | . § B -
20% . . ¥ e o
10% 3 S -
0%
Breast Cancer Diabetes Hypothyroid
Il Random Forest 28.23% 61.19% 97.93%
[l Decision tree C4.5 27.05% 59.70% 100.00%
I Naive Bayes 43.53% 61.19% 34.54%
Neural Networks 41.17% 60.82% 78.35%
[l Deep Learning 41.17% 58.96% 34.53%

dl U o U U = U
ATNA 4.3 AT UNIZNDUAALIDNAILUST

NATINA 4.3 uansAI Wz naufnaenals (Specificity) lagldinaila Decision
Tree C4.5, mALA Random Forest, tmaila Naive Bayes, waila Artificial Neural Networks

wazinallan Deep Learning lunmsneansalmsiialsn nausingin ludeyalsauzisasuuds

'
[J a

Judeyanfisuusiuwuy Nominal inatlin Naive Bayes Tiensmiglunisnensalasiian

q

f3.43.53% uazlfeuiigalumaia Decision Tree C4.5 Tirdinng 71 27.05% ludeya
Tsawvmugadudeyaniidudsifuwuy Numeric mnfia Random Forest AU tnadln
Naive Bayes ItAndinglumsnetnsalgeiigawinhiui 61.19% uazliesiigalumada Deep
Learning liAnd izl 58.96% uaz 1salalulnsossdadudoyaniisauusduwuy Nominal
uaz Numeric Wadla Decision Tree C4.5 Wigndnimizlunisneinsealgefianiis 100% waz

Ueeiianluinaila Deep Learning Wiendinei 34.53%
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4.2 U5aNSNINVBIBUUINABIMAINTANLADNAILUS
4.2.1 HAAIAIUYNABINEINITAMTDNAILYS

ANAINUYNABIVBALUUNEINTAINTALI AN ALY wiaanTsAndenfiuyUseae
38113 Wrapper fisufiumaiin Decision Tree €4.5, wafia Random Forest, wiadia Naive
Bayes, inAila Artificial Neural Networks Wazivnaila Deep Learning Lagnanni1suae Gain
Ratio L&UNUIATMUUNEINTAIAELMATA Decision Tree C4.5, wAllA Random Forest,
wiatla Naive Bayes, waila Artificial Neural Networks uazinaila Deep Learning lanass

AN5197 4.1

a ' £% v o A o I3 £
M1919% 4.1 mmmgﬂmawammLaaﬂmLLUi T5ANELSAAIUL

AIAUQNABY
Bn1sFmdenslUs | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
Joyanaums
o oo J 69.58 75.52 71.68 64.69 67.13
ANDNAILUT
Wrapper +
75.17 75.17 75.17 75.87 70.97
Random Forest
Wrapper + Decision
74.13 75.87 73.78 75.52 72.03
Tree C4.5
Wrapper + Naive
75.17 75.17 75.17 75.87 70.97
Bayes
Wrapper + Neural
75.17 75.17 75.17 75.87 70.97
Networks
Wrapper + Deep
69.58 75.87 74.48 72.03 73.78
Learning
Gain Ratio 75.87 76.57 75.17 69.58 75.52
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9115197 4.1 Apmgniesvidsdaidensuys vedlsanzidadnuy Tngldinade
Decision Tree C4.5, inailA Random Forest, tnAilA Naive Bayes, 1naila Artificial Neural
Networks wazinaiia Deep Learning lun1sneinsainisiialse nausingin ludeya
Iiﬂmﬁuéhum%uﬂu%’au”aﬁﬁ Fauusiduuuy Nominal 38a1sAmdenduys Wrapper +
Random Forest #a8inAtia Neural Networks, 35n15AaLaanALUT Wrapper + Decision
Tree C4.5 memALla Decision Tree €4.5, 33n15ARLAaNFLUS Wrapper + Naive Bayes
penatla Neural Networks, 35n15Antden@nyds Wrapper + Neural Networks aaginatin
Neural Networks, 15n15AnLa0nALUS Wrapper + Deep Learning Aa8ATtiA Decision
Tree C4.5 wag 15n15AALADNALYUST Gain Ratio Aa8waila Random Forest lA1A214
gndesgeiaainfuifesay 75.87 uagliaaugniosiesigaluisnsdadendanys
Wrapper + Deep Learning saewaiia Random Forest f¥ovay 69.58
AIAINYNABIYDIMVUNYINTANITAALIALUINIIU RINTTAREDNAILUTARE
75113 Wrapper fisufumaiia Decision Tree C4.5, wafia Random Forest, wafla Naive
Bayes, wAilA Artificial Neural Networks wagivnaila Deep Learning Wagnanni13ued Gain
Ratio ta1udIdN@s e uuneInsalalemaila Decision Tree C4.5, 1nAlla Random Forest,

wiAtla Naive Bayes, waila Artificial Neural Networks uaginaila Deep Learning lanass

AN 4.2

a ! Y v o A )
MN1919N 4.2 ﬂ"lﬂ'ﬂ’]ﬂgﬂm@ﬂ%aﬂﬂﬂl@@ﬂ@?LLU? IﬁﬂlfU’]‘Vn’]u

AIANYNABY
WBnsAmaensals | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
Uoyaneuns
A 5 75.78 73.83 73.60 75.39 77.47
AALRBNAILUT
Wrapper +
76.17 73.96 76.82 75.65 77.34
Random Forest
Wrapper + Decision
73.05 75.78 76.69 77.08 76.95
Tree C4.5
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M1519% 4.3 AAnugnAemdsAaiand LU 1sAluIviny

AIANUYNABY
BnsAaLaanslUs | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
Wrapper + Naive
74.22 74.74 77.73 75.26 77.18
Bayes
Wrapper + Neural
75.78 75.91 77.08 76.82 77.68
Networks
Wrapper + Deep
72.79 74.61 76.56 75.00 77.21
Learning
Gain Ratio 73.83 75.78 76.30 75.39 77.47

d' 1 o [V A £ ¥ a
INAITNT 4.2 ArANugnavImaAniieandiuls vedlsaumviu ngldnaila
Decision Tree C4.5, itnAilA Random Forest, tmAatia Naive Bayes, tnAlla Artificial Neural

Networks uazimAliA Deep Learning lunsweinsainisiinlsa wausngin Tudeyalsaumau

=2 [ ¥

G Lﬂumaaﬂa‘ﬁ'ﬁ Tulsiunuu Nominal 35n15ARLAEAGILUS Wrapper + Naive Bayes 628
wadln Naive Bayes lsirnanugniiosgefigaiifenas 77.73 wazlvimeniugndesiosiigaluisns
Fodendauus Wrapper + Deep Learning $ewnafia Random Forest fiSagaz 72.79

AU NFDaIkuUNgInTalnITiialsalaluinseeavaenisfadeniiuuseae
75015 Wrapper fis2uuImnaila Decision Tree C4.5, madlA Random Forest, inAfla Naive
Bayes, wnata Artificial Neural Networks tazivatia Deep Learning Waz#ann13vod Gain Ratio

kA ILE@S 1 UUNeEnSlREmATA Decision Tree C4.5, WALlA Random Forest, maia

Naive Bayes, wAila Artificial Neural Networks uazinatia Deep Learning lakasfinis1en 4.3
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M13199 4.4 ArAnugnaeasRndensiuls Tsalalulvsesn

AIAUQNABY
nsAmdensals | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
UoyanaunIs
o e W 99.73 99.86 96.03 98.23 96.16
ARLEDNAILUS
Wrapper +
99.89 99.86 95.59 98.59 95.95
Random Forest
Wrapper + Decision
99.84 99.86 95.59 98.78 96.00
Tree C4.5
Wrapper + Naive
99.86 99.86 95.97 98.56 96.08
Bayes
Wrapper + Neural
99.86 99.86 95.95 98.31 96.08
Networks
Wrapper + Deep
99.89 99.86 95.97 98.50 96.11
Learning
Gain Ratio 99.73 99.86 96.03 98.23 96.16

INATINT 4.3 Arrnugnaamaadendiuls vedlsalalulnseud lagldmaiia
Decision Tree C4.5, tnAailA Random Forest, LAl A Naive Bayes, tnALA Artificial Neural
Networks uagnaiin Deep Learning lunisweansalnisiialsa #adsingin ludeyalsalaly

nsewn Fadudeyanimuusiuwuu Nominal wag Numeric 35aM5Anidanduds Wrapper +

Y

aaqa (% A (4

Random Forest aa8tnAllA Random Forest kag 15n13AALAARAULUST Wrapper + Deep
Learning Mmematin Random Forest A Augnfssasfianiniuniegay 99.89 uaylvidiaiy
gnAetieeigaluisn1sAntaensdaiys Wrapper + Random Forest sieinadia Naive Bayes uaz

Wrapper + Decision Tree C4.5 aauinaiia Naive Bayes whiufiSesay 95.59
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4.2.2 HafANUINaINISAAEDNAILUS

ArrdhvesLuuneInsainsiinlsaugiSadiul naan1sAndendudsaae
35n13 Wrapper fi9rufumeila Decision Tree C4.5, \wmatlA Random Forest, tnAatiA Naive
Bayes, inAila Artificial Neural Networks Lazivaila Deep Learning Lagnanni1suad Gain
Ratio kAUIUASILUUNEINTOIR8MATRA Decision Tree C4.5, 1nAilA Random Forest,
wiafla Naive Bayes, wnila Artificial Neural Networks waginalia Deep Learning lanas s

A9 4.4

ldl 1 YV} &S LY @ %
A15199 4.5 1A lndseadendys 1sAusLS LAl

AUl
BnsAALaeNFUS | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Netwaorks
Joyanaums
o o« J 87.06 96.02 83.58 74.63 78.11
ARLEDNAILUS
Wrapper +
95.52 95.52 95.52 95.02 80.59
Random Forest
Wrapper + Decision
93.53 96.52 92.54 93.03 80.10
Tree C4.5
Wrapper + Naive
95.52 95.52 95.52 95.02 80.59
Bayes
Wrapper + Neural
95.52 95.52 95.52 95.02 80.59
Networks
Wrapper + Deep
85.57 96.52 88.06 87.06 84.08
Learning
Gain Ratio 2794 27.94 36.76 30.88 41.18

1NAN5199 4.4 Aauldesndisaldendinds veaalsauzisadiuy lneldwmaina
Decision Tree C4.5, itmAilA Random Forest, inAlA Naive Bayes, nAila Artificial Neural

Networks wazinaila Deep Learning lun1snennsalnisiialse nausingin ludeya
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Tsruzidaduadadudeyanfiduusdunuy Nominal 3n1sAnidendanys Wrapper +
Decision Tree C4.5 aaenatia Decision Tree C4.5 Wag 35n15AMEONAILUT Wrapper +
Deep Leaming fheiadla Decision Tree C4.5 ienanulagsilgauintuiisosay 9652 uay
Taanulatesiignludsnisaadensands Gain Ratio fewmaila Random Forest waz
Decision Tree C4.5 winfuiisasas 27.94

AANUITBILUUNEINTAUATTLAALIALUINITY BEINISARLADNAILUTAI8TDAS
Wrapper fisuffumeila Decision Tree C4.5, wAila Random Forest, nafiA Naive Bayes,
wAtla Artificial Neural Networks agtnalia Deep Learning Wagn#ann15U849 Gain Ratio
WA UNUNASBUUNEINTBIRIEATIA Decision Tree C4.5, wallA Random Forest, iAliA
Naive Bayes, inAilA Artificial Neural Networks waginaila Deep Learning Ifnafinnssd

4.5

A15199 4.6 AU lndssadand U 1sAunvnu

Al
Wn13AnLaanAUT | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
Uoyansuns
o« 1 83.60 81.40 84.40 83.20 87.40
ARLEDNAILUT
Wrapper +
84.00 81.20 85.20 83.20 87.60
Random Forest
Wrapper + Decision
80.80 84.20 86.60 86.20 87.20
Tree C4.5
Wrapper + Naive
83.20 85.20 88.00 84.60 87.40
Bayes
Wrapper + Neural
84.00 86.20 87.00 84.60 87.80
Networks
Wrapper + Deep
82.40 85.00 88.00 85.80 87.80
Learning
Gain Ratio 81.40 83.60 84.40 83.20 87.40
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1915199 4.5 ArAulIfesundefndandinds sawinau ngldmaia
Decision Tree C4.5, inailA Random Forest, tnAilA Naive Bayes, 1naila Artificial Neural
Networks wazinaiia Deep Learning lun1sneinsainisiialse nausingin ludeya

Tsaiumnugadudeyaifidauysduuuy Nominal 5n13dadensauwUs Wrapper + Naive

Bayes fautnAlla Naive Bayes Waz 35n13AnLG0ns1LUT Wrapper + Deep Learning fiag

=

wadla Naive Bayes TiAnaailigeiigaiiudifesas 88.00 uazlkaainulidesdignly
3nsfadendiuys Wrapper + Decision Tree C4.5 $aewmnaiia Random Forest fi5osas
80.80

Arandlvaauunensainisiialsalaldlnsesn waeanisAnaensLUSA8I5AS
Wrapper fisauiumailea Decision Tree C4.5, wAila Random Forest, wAila Naive Bayes,
wAtla Artificial Neural Networks aginaila Deep Learning Lagnann15u89 Gain Ratio
waatnuES M UUNeInSalnewmalla Decision Tree C4.5, inallA Random Forest, nadla

Naive Bayes, madia Artificial Neural Networks waginafln Deep Leamning taKanIn15199

4.6

A15199 4.7 Aranulndseadenduds lsalalulnsaen

Al
Wn1sfmdensalls | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
Uoyanauns
e . 99.82 99.85 99.45 99.34 99.60
AABAMILUS
Wrapper +
99.89 99.86 99.48 99.14 99.57
Random Forest
Wrapper + Decision
99.83 99.86 99.48 99.25 99.60
Tree C4.5
Wrapper + Naive
99.86 99.86 99.48 99.28 99.60
Bayes
Wrapper + Neural
99.86 99.86 99.45 98.99 99.60
Networks
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A15199 4.8 AAnulndseadandnds lsalalulnsaun

AUl
Wnsfmdensalls | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
Wrapper + Deep
99.89 99.86 99.45 99.43 99.60
Learning
Gain Ratio 99.83 99.86 99.45 99.34 99.60

1NN 4.6 ArAubhineanasrndendinds tsataldlnsess lngldwmain
Decision Tree C4.5, tmAilA Random Forest, inAila Naive Bayes, maila Artificial Neural
Networks kaginalin Deep Learning luniswennsainisiinlse wausingin tudeyalsalely

9 Ao o

Insous dadudeyafisluusidunuy Nominal waz Numeric

AN1AALEENAILUS Wrapper + Random Forest AatnAtiA Random Forest Lag
TBNsAnLiensUs Wrapper + Deep Learning meinaiia Random Forest TiAnaaulags
faainduifosas 99.89 waglimaulatosfianluisnisdadondanys Wrapper +

Neural Networks aagimaiin Neural Networks ﬁ%@aaz 98.99

4.2.3 NAAIIWNIZNAINTALADNAILUST

ANTUNITVRILUUNEINTAINITIAALSANLLS LAY NaINISARLERNFILUTARE
25113 Wrapper firuiumadla Decision Tree C4.5. wmadlA Random Forest, naila Naive
Bayes, AllA Artificial Neural Networks laginaila Deep Learning Wagnann15u99 Gain
Ratio kAU ILIESIMUUNYINTUABMALA Decision Tree C4.5, \ALA Random Forest,
wiatla Naive Bayes, wiatin Artificial Neural Networks uaginailn Deep Learning LANa#<

MN519% 4.7
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A1519% 4.9 AT INIERSIAALEaNALUT TsANLS AUl

ANDNNIY
Wnsfmdensalls | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
UoyanaunIs
o . W 28.23 27.05 43.53 a1.17 a1.17
AMLDNAILUT
Wrapper +
27.05 27.05 27.05 30.58 48.23
Random Forest
Wrapper + Decision
28.24 27.06 29.41 34.12 52.94
Tree C4.5
Wrapper + Naive
27.05 27.05 27.05 30.58 48.23
Bayes
Wrapper + Neural
27.05 27.05 27.05 30.58 48.23
Networks
Wrapper + Deep
31.76 27.06 42.35 36.47 49.41
Learning
Gain Ratio 90.83 91.74 87.16 81.65 86.24

INAN5199 4.7 Az ndadadondiuys vedlsauzsadiuy tneldmedna
Decision Tree C4.5, .nailA Random Forest, tnAlla Naive Bayes, inaila Artificial Neural
Networks kazinaila Deep Learning lun1sngnsainisiialse navsingdn ludeya
TseuziSasinua Sadudeyaniishuusiduiuy Nominal 3msdndondauys Gain Ratio fae
wMATlA Decision Tree €45 TiAdumnzgeilaaminfuiiseay 91.74 uaglierdniziion
ﬁ?jﬂiuﬁ%‘miﬁmﬁ@ﬂﬁ’s w5 Wrapper # Random Forest A28tnAtA Random Forest,
Decision Tree C4.5 az Naive Bayes, Wrapper + Naive Bayes #18tnaiia Random

Forest, Decision Tree C4.5 Wag Naive Bayes ka® Wrapper + Neural Networks fa7¢

wialla Random Forest, Decision Tree C4.5 uag Naive Bayes 1infiuiseuay 27.05
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ANTINLUBILUUNEINTAINITIAALTALUIMINU MaINITAALADNFAILUTA287TNNS

Wrapper Nisaiumaila Decision Tree C4.5, tnaila Random Forest, watla Naive Bayes,

wAtla Artificial Neural Networks hagtnatia Deep Learning Lagnann15u849 Gain Ratio

WALNUNASILUUNYINSINIENATIA Decision Tree C4.5, wAllA Random Forest, Al

Naive Bayes, 1nafim Artificial Neural Networks waginala Deep Learning tAKaRIN15199

4.8

A15199 4.10 AN AIAALADNAILYS TSAUIMINY

AN
Wn1sfmdenskls | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
Uoyanaung
o o 61.19 59.70 61.19 60.82 58.96
ARLABNAILUT
Wrapper +
61.57 60.45 61.19 61.57 58.21
Random Forest
Wrapper + Decision
58.58 60.07 58.21 60.07 57.84
Tree C4.5
Wrapper + Naive
57.46 55.22 58.58 57.84 58.05
Bayes
Wrapper + Neural
60.45 56.72 58.58 62.31 58.65
Networks
Wrapper + Deep
54.85 55.22 55.22 54.85 57.46
Learning
Gain Ratio 59.70 61.19 61.19 60.82 58.96

MM 4.8 AT NNIE TR RNALUS 15AUIIUL tnelywmatia Decision

Tree C4.5, imAllA Random Forest, nAilA Naive Bayes, Al Artificial Neural Networks

uwazimaila Deep Learning lun1snegnsalnisiialsa nausingin ludeyalsaiumniu @9

Judeyanidwysiluuuy Nominal 38n135AndensauyUs Wrapper + Neural Networks
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sewmatia Neural Networks lriendumizgaiigaifesay 62.31 uazliadumiztiosiigaly
FBnsfndensdauUs Wrapper + Deep Learning sewaila Random Forest #i5asay 54.85

Az URILUUNEInsadnsiialIalalulnsesn nainsAndendallIneisns
Wrapper fisuiumnaile Decision Tree C4.5, wAia Random Forest, wAila Naive Bayes,
waAlla Artificial Neural Networks haginaila Deep Learning Wagnann15v949 Gain Ratio
WaUNUAS U UNEINTBIRIELALIA Decision Tree C4.5, wallA Random Forest, inAliA
Naive Bayes, inAfiA Artificial Neural Networks waginafin Deep Learning lénadan1519

4.9

A15199 4.11 AN e ndseatdandnds lsalaluinsess

AN
Bn1sFmdenslUs | Random | Decision Naive Neural
Deep Learning
Forest | Tree C4.5 Bayes Networks
Joyanaums
o o« J 97.93 100.00 34.54 78.35 34.53
ARLRBNAILUS
Wrapper +
100.00 100.00 25.77 88.66 30.93
Random Forest
Wrapper + Decision
100.00 100.00 25.77 90.21 31.44
Tree C4.5
Wrapper + Naive
100.00 100.00 32.99 85.57 31.94
Bayes
Wrapper + Neural
100.00 100.00 32.99 86.08 32.99
Networks
Wrapper + Deep
100.00 100.00 33.51 81.96 33.51
Learning
Gain Ratio 97.94 100.00 34.54 78.35 34.54

A1NA15197 4.9 AT nNIEnasAnLaendIwUs 1satalulnssun Tagldwmadia
Decision Tree C4.5, inaila Random Forest, tnAilA Naive Bayes, 1naila Artificial Neural

Networks kaginalln Deep Learning Tunisnensainisiialse wausingin tudeyalsalaly




36

Inseed daduteyaiiffudsdunuy Nominal uaz Numeric 35n15dndeniInys
Wrapper + Random Forest AaenAtia Random Forest ag Decision Tree C4.5, 35015
AnLdansiaLus Wrapper + Decision Tree C4.5 pawnaila Random Forest way Decision
Tree C4.5, 35n15AnLa0NAILUS Wrapper + Naive Bayes aagtnailn Random Forest Wag
Decision Tree C4.5, 38n15AALaanA21WUS Wrapper + Neural Networks #181ynadia
Random Forest @z Decision Tree C4.5, 35n15AnLADNAILUS Wrapper + Deep Learning
pemAlla Random Forest tiag Decision Tree C4.5 way 35n15AAL@0NFLUT Gain Ratio
shewmailn Decision Tree C4.5 lsiAndinnzaeiigaifesas 100.00 uazlAnd iz iosdian
Tu 3n13Ant@anAauUs Wrapper + Random Forest sainaiia Naive Bayes Lag 35019

Antaean@iuds Wrapper + Decision Tree C4.5 aqginalla Naive Bayes Winduiisovay

2577
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dyUnauaztaLAUBLULNITIRY

5.1 #3UNan15Y

(%
v A

nuidvatuliiifegUszasdifioAnvivszansanveanaiamiestoyaludoyad
vanvans lagmsananuuitassitenginsainainlsauzisadiuy e uaslsale
Tulnsosd 91ngiudeya UC Sruausianun 3 yadeya demadle Random Forest inadin
Decision Tree C4.5 tnAilA Naive Bayes tnAilA Artificial Neural Networks Laginaila
Deep Learning 91nN13naaesnudn yadeyaneurinisdndondauds Tudeyalsnuziias

vudufudeyafiiifuusidunuy Nominal inafia Decision Tree C4.5 111508513

° Aa v ¢ = = v 9] = &
LLU‘U"\]’]@@QW@JQWQ?W@JGﬂmaﬂIUﬂqi‘WEJ']ﬂﬁfLIﬁQV]ﬂﬂﬂﬁ3@853 75.52 IUGU@NaiiﬂLUWW’J']us(NLUu

q

Fouafififiuls.9uuuy Numeric wAfia Deep Learning d13150a519kuus1aasiifianang

an ’eJ\‘IsL‘lJﬂ’]iWEJ’]ﬂiiuﬁ\‘Wlﬁﬂﬂﬁi’eJEJﬂ” 77.47 uay lsalaldlnsesn GZNLUUGUEmadﬁ(;]J’JLLUiL%u

q

y
Y
anel

wUU Nominal wag Numeric watia Decision Tree C4.5 @11150@5196UUINA09NTANAINY

gnaslumIneNsalgengatadosas 99.86

q

aa .2 . N £ ell ° ¥ £ A L%
19N13UBY Wrapper Wag #ann15ua9 Gain Ratio naen AN lUNSARLEBNAY

o

wUsuan HamIneaemuitgadeyalsaugisuduuivinnisiadonsiiwls 38n1sAndendy

w5 Wrapper + Random Forest aeinaila Neural Networks, 35n15AnLaanAa1LU 3
Wrapper + Decision Tree C4.5 AaetnAiA Decision Tree C4.5, 35A15ANLADNGILU S
Wrapper + Naive Bayes aiginatin Neural Networks, 35n15AALa0AFLUT Wrapper +
Neural Networks fiaginafia Neural Networks, 35n15AnLaenAaLUs Wrapper + Deep
Learning AaeinAllA Decision Tree C4.5 Way 39n15AntaanfiLUs Gain Ratio AanAlA

Random Forest lviAnAnugnnesgeianwiiufseeas 75.87 Weilsuuliguiudeyanau

Y 9

nsAndensuys AenugnRediintuanATgsanTaTianay 0.35

AN1TAALABNAQLUT Wrapper + Decision Tree C4.5 A281nAiA Decision Tree
C4.5 wag Fon13AALEINALUS Wrapper + Deep Learning aaetvaila Decision Tree C4.5
Tianmulagefigauirfuiidosar 96.52 Wintuanegaaauesdoyaneunisdnidondauys

Saway 0.50
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FBnsmdendauls Gain Ratio sewmalla Decision Tree C4.5 Tadumnzgedian
whiuifesas 91.74 iatunnargeanuastoyadeunsdndendiulsiosay 48.21

yateyalsaiuviuivhnsinidendauds 33nsiadendauus Wrapper + Naive
Bayes fewafia Naive Bayes liiAnamugniosgeiigaiisosas 77.73 ifistuaindigegaues
Joyansun1sAndenaInlssesar 0.26

Wn1IARERNFILUT Wrapper + Naive Bayes aaginaila Naive Bayes Lag 35013

a

AnLdandIuUs Wrapper + Deep Learning sngwaila Naive Bayes lvid1a31ulagenan

]
wihiuiifesag 88.00 istunnageantesdoyanaumsdndendauissosay 0.60

W sAnRenALUT Wrapper + Neural Networks Aaenatia Neural Networks 19
Asunegefigaiifenay 6231 Winduainegeanvesteyanauntsdaidensuys Sosay
3.35

gadoyalsalelulnseed Fududeyandduusiluwuy Nominal waz Numeric

Y

v A

Fn1sAnLaaNAALYS Wrapper + Random Forest a18imaila Random Forest wag 35019

)

[ A Y

AnLienAIuls Wrapper + Deep Learning a3ginAtin Random Forest 1viA1Aagnaags

[y

gawihiuniesas 99.89 WuTuMAEEATestayanaun1sAnLiandklsSesas 0.16

=b.

Bn1sAALanFLUS Wrapper + Random Forest AaeinAllA Random Forest Wag

TBNsAnLianAUT Wrapper + Deep Learning fagtnaiia Random Forest TiAnaaulags

i o ¥

gawhiunTegar 99.89 WuTuanmgaavesteyanaunsAniondklsiosas 0.04

=p

BN1TARLaRNFILUT Wrapper + Random Forest aaetnAllA Random Forest way
Decision Tree C4.5,38n15AnLa0nAaUT Wrapper + Decision Tree C4.5 A18inAllA
Random Forest Wag Decision Tree C4.5, 15n13AALAa0nF U5 Wrapper + Naive Bayes
fa8mAllA Random Forest Lag Decision Tree C4.5, 35n15AALADNFILUST Wrapper +
Neural Networks aagwmalia Random Forest Lag Decision Tree C4.5, 30nN15ARLEBNH
w5 Wrapper + Deep Leaming seiatla Random Forest tag Decision Tree C4.5 uay
Fnsdnidensiuds Gain Ratio feinniia Decision Tree €45 WA wmzgsiiand Sovay

100.00
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5.2 UaLdUDLUY

MATetldunisasiauuinassiiednwunatianveinisenidandands Tunisiiiy
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