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Data mining is the process to find knowledge from the huge amount of stored
information and use the discovered knowledge to predict or classify the new data item
that its class label is unknown. Classification algorithms are normally efficient on
classifying balanced data but show poor performance with imbalanced data. Most
learning algorithms cannot classify the data within minority class correctly because
the model that is learned from imbalanced data tends to bias toward the majority
class. In this research we thus propose a hybrid technique for data balancing with
random under Sampling the data from majority class and synthetically generate the
new data from minority class with SMOTE technique, and also finding the optimal
parameter with restarting genetic algorithm for model learning with support vector
machine algorithm. We test the performance of the proposed method for minority data
classification with four measurements: accuracy, precision, recall, and f-measure. The
results show that the proposed technique has high performance on classifying the data

from minority class and outperforms other techniques.
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o 7Y o q ¥ A s ~ Yy Y A v A A Y
mshauvesaneydalemi liasunaaoid s Boud lamloununuypeGous
@ o o 1 o [
W30M3 IMsnIngaNuduNusvestoyam s mundeyauaazilszinnosnsiniu Tage e
= < () v a .. X o a
gUnuvveangmsiouiludisuun wiemslddulddaduly (Decision Tree) Fuilumaiin
Tumsswuniszinndoyaliogludnumzadioau il Tasililvuasin (Root Node) aguugea
(B 1 aa J A
nazli Tnualy (Leaf Node) oga1aga Taoluuaas Tnuavgnuonaoan3iog (Attribute) N
o o v & { o = a J
W lFlumssuun vagammmuaniull1dezegn Inualy nsemsldmaiiaudving
X g ° : 1 < o
(Naive Bayes) Fuilumssuuniszinndoyalasldmanuinaziluvesdoyainadoun iy
J v a o { ]
st lumsaadulasuundoyan luniwilsznn

A

9 1
mataviartazllszanimwuazanuuiud lun1s91uun (Accuracy) Ngatiio
o Y o Y A A o v a 1 dy ~
i T 1¥ lunssmundeyaniianiuauqany (Balanced Data) usinatinivaliiog il
Uszaninmanaulodeyanldlunsinaouliauganu (Imbalanced Data) (Chawla, 2005)
Taedoya luauganedeyaniswiudoyaluuaazaaralivina lumiu Taelideyaluaaia
! ° ' o 4 I ° ' o
Tanaanitadisiuauuinnisiudeyavesnatadu o usiuauun q 1w oyan1sm
1 o a ~ A o k) Aa a9 L) 9 FY ~ a A 9
FInsIurIULasnsan Nezlisuaugnmndnlndtesnnsmiudeyagndinilng viedoya
v 9 A A sAA o v ¥ 2 "o Y A
N5ATINTUAYNAATOUIIBADNNAADI NS IUINE IFudnanIna T uIudynn vie

9 aa o A o Y 9 Y 1" o sid'd a Y
ﬂlﬂﬁ;}lﬁﬂﬁliﬁluﬁ]ﬂEJ‘VI"Nﬂ13LLW1/lfl‘V]ll5]11!:]1!Eljﬂ?fliiﬂi”lﬂlﬁﬂu@ﬂﬂ?”ﬁ]”lu?uﬁdﬂﬂqsllﬂ"IWﬂ 1Wuau



Foya ligugaiuszisianteyaluudazamadneiuanaiunn q (Chawla
et al., 2002) 15 T udeyananua 1,000 foya uuiludeyalunaia A s1uau 960 Foua
uazdoyaluaaia B $1un 40 Foya wziiuldnswiudeyalunaia A iswiuninni
Tudeyalunaia B luswaumn midendeyalunaia A 11 aanadIuun (Majority
Class) Hazisondoyalunard B 11 aarddiurios (Minority Class) Iagindauddoya luauga
weiisaudeyaluamadaudosdusiuam 0.1 % &1 10% vesdoyananua dethdeyaiii
anuluaugaliihmssuundszinndeyadissanes Muuuuuiasgiud1msunssun
Usziandoya wzdanalimssuuniinnuowdes Bis) Tinangudeyaifisiiudoya
u1nnd1 Feazdenaldnduieyaiiedluaaradiutesiianissanduinlszian
(Misclassification) Aaty Tagonaanalisanesiuuasgriudimsunstundszian
aunsasuunlszandeyafiogluamadauiios’ld

9 Yy A a

nndarimsiuunlsznndoyaluaugannaudeau Tmatiauazi5nsaie o

9 ~

ol lunmsuddymideyaliauga Taelianuddynudeyaiedlunaaaiuiosld

u

a o v Y 1o A X2 ' o o v v v 1
Mﬂﬁmuuﬂﬂ3$Lm/lﬂlﬂga"lmmuﬂm1ﬂﬂwu L“]ﬂ!ﬂ']ﬁ‘]J3U%']U'Jumﬂﬂaﬂlﬁﬁﬂﬂﬁﬂﬁﬂﬂ'lﬁﬁ:N

H % = g’/ 1 Q' 1 ? 2 a o
Woyas (Resampling) FainImsgudoyaiiy uaznisguandoyaad a9luaulIteves
. ' Y 3
Estabrooks and Japkowicz (2001) 3 aundaydoeya luduaa laensuntaym luiuneuves
o [ a A o o v o a2 o
msdszunana lagiimsdsudsemnaiimes ninnlsdmsudanesiulumssuunlszian
LY a v L 1 ] o a
Joya AIIUITEVDL Yu et al. (2015) Wsomsilszgnd lgalgnelumssuundeyanailszian
] Y ]
WhnnnuiminIddeyaninisdmunidalszinn §991u398U09 Japkowicz and Stephen
J Ay o o '
(2002) WisoM3siszgnalaismatunilszinndeyaalonis 1y lumalumsswunuinna
WiAIMToNFnIUNAUANITFoUTTINNY (Ensemble Method) #9911398909 Estabrooks et
al. (2004) 1Wwgelumsaagulaunumsswunlszinndoeyadlo lumaReniveudlamilu
o v g v A ga A A 0 Y a = ° v
msswunvestoyan g lumsEeuinasn Nerwszdwaliinanimeudeslunsduun’la
] @ o J 1 1 @ 4
msuntgyideyaluauaaldasunisilddszgnaldauludiuais q wu deaumaas
@ a a J o = .
(Bressoux, 2008) N13ATIIUNTNITANNIATAANITA (Shen et al., 2007) NIF1TLAY (Miquel,
Jd v ' o a Aa
2009) NAgNTSNHINQUYNAT (Lariviere and Van, 2005) #114190158N1@NUTN1TUDIGNAT
(Bekkar, 2009) M3L9a2U (Schroff et al., 2008) M33HIRe 13ARI83UNIN (Bosch et al., 2007)
I Y
Huau
Y] g‘/ a o dy YA o K a A a A o 9 v
auuauITeidIteiuauomatinlunmsmulszaniamlumssuundoyala
9 1
augaslemslSulljedoyaliiinnuaugaiiudionis 14 SMOTE Technique ioguas1a
9 [
doyanaraddintioslunililianuvanuateniniuuazldmatianisquaaiioguandoya
MAAAIEEIUNINGAY SIWRUMsMAITme s imuzaudmiunissuundeya liauga
9 @ ' Il = v A A o A A 9 1 .
AYFNNOIANNADTUNFFU TAINT 1FVUA0UITIFIRUFNITUNNNIGTUA 1Y (Restarting

. . A 1 a A A = a A
Genetic Algorithm) NOHIAIWITIUADTNLNNIC TN A wagnageuToumeulsednsnin



Tumsswundoyadlroainnuuiudrlunissun (Accuracy) A1AININGY (Precision) A1
anu'lh (Sensitivity) tazAIMsIaen (F-measure)

U/

d Aav
1.2 'Jﬂilﬂ‘igﬁﬂﬂﬁllﬂﬁﬂ]‘i?%ﬂ
A = o ) o~ o 9 ' Yt
1 iefAny ez WL uasuIt st wundoya ludugaldianuansoluns
° y vy g X
suundoyalunaadiudos lada sy
tﬂ' =~ a a o 9 ] U a d‘ [ dy
2 ivenfFeuiisulszansamlumsswundeya liaugaseununaianwaunay
numatalumssuundoya biauganldludpiv

9 [ o

A 1 a P Ao A U o 9 1
3. WOV IATWITTULAD T NN VT T %mn’s;fﬂmm‘um“lﬂ“lﬂflumsmuumam%ﬁu@a

13 UdUIUAYRINTIVY
] A o Yy v 3 9 o v & v aa o A =
1. voyaninunlyazdeuiludayadiavmniiy (sniuueansiianaranainsoiy
v @ 9.
#1903 19)
9 A o Y Y A = R
2. Yoyaminnldazdoslinaraidmune s 2 paramniu
~ a A 9 4 Y A ] ) o
3. manfseumeulseaninmag lsnuvinnugnaoansonnuuiud lunssun
doya Ao A1aw 1 tagainsdae
A o a a J
4. Yoyaiiun I luananeniinug

9 o b LY
VOHYAFTUATICUVUIIUIU | YAVDY A

9 A [ Y

Poya l3AMOUNATIUIY 1 YATBYD (WIFNT, 2015)
9 o 9

Toyalin¥iale 1 yavoya
(http://archive.ics.uci.edu/ml/datasets/heart+Disease)
doyalinay 1 yadoya

(https://archive.ics.uci.edu/ml/datasets/ILPD-+(Indian+Liver+Patient+Dataset))

14 dslawinez1asy
a o 1% o 9

= o dy Y 1 a d‘ zg a a0
ANNMITANHILAZWAUINIUIIYU {IYAIAIUNAUAN GJJ‘IMGUU‘DZLﬂﬂ‘IJiZIEJGBUQ?JEﬁGB
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v
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o o ' a ] 1 a P

Tumsih lSwundoya liaugaldiidss@nTamunnssin uazdssemamminimesn
o o o Y 9 o ) v v 4 4 ~ A
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YN 2
o d
P3NarIssaunssy

& )t Y Aawv A Yy &
e luuniUsenaUAIENINUNIUITTUNTTULAZIIUITENNEIT09 Fe15enoU
[ d o [ a a A

"lﬂﬁ”mﬂﬂazﬁﬂ@%’au”a”luﬁu@a (Imbalanced Data) tnaand1v5unsseiivuilszansainms
o 9 ] Z’, a A v . . o 9J 9
muuﬂeuauua”lmu@amummﬁmwuﬁﬂsm (Genetic Algorithm) ﬂ']ﬁ%'ll!uﬂﬂ’i&ﬂ“l/l‘ll@ll“ﬁﬂ’m
o J Av A A
%WWﬂi@L’JﬂL@@%L!WB%u u@mma%aﬁmm%’m

21 veyaluanga

9 ' = 9 9 ' A Ao vy a
ﬂl@yﬁvlhﬁllﬁ]a iPVRIIAN 611E]lla“Vlll%TL!’J“L!GUEJyaGl‘uﬂqMﬁuuﬁnu’muiﬂﬂ’ﬂﬁlﬁm‘,aiuﬁ)ﬂ

u

[} 9
nquuilailug1uauin (Chawla et al., 2002; Chawla et al., 2004) Toya liaugaiuiiaumgu

ninnaeilase v Joya lidugaimasinanyuznesssumnAvestoyawsasiny ludoya
I A Y Ay < ¥ 9 1 yda < 3 o
NIMsuungnnuNH et lsaiieussdesn Nanigua s aiusiuauinn
wiedayafiianndodidalumaiudeyaiiosnnfis ldielumsfudeyaiigann ma
Foyadldtinsiasaniindoyagnmnldnelnfnnngniiildteaadng udu wennil
Foya liangaorviannnniuteyaiiianandesuiy
arediavestoyaluauga iy Joyaluaaianiie H51mau 2,000 Joya drudoya
{ ° <3 < 1 o { ! '
lunaranaesdisiuau 20 doya Wudu wgmuldnduaudeyalunarafinilafivinna
o ~ < o o 1 v P~
Sudoyalunaranaeuiludiuiunn inisendeyagaiin “doya iduga udainsgih
2.1 (Yoyana1adIuuINUnUAIgYALAT0IuNIgUIN +, ToyganaradIutiosunuale
4 o = 1Ty A Ao 9 v
1AsInIegaenal «) laena lilisvzBennqudeyaneglunaianisiuiudeyaninn i
AR AIUNIN (Majority Class) tagisonnguieyanoglunaraniisiuiudeyaiiosniin
A dIu o (Minority Class) (Boonchuay et al., 2011; Farquad and Bose, 2012; Gao et al.,
4 o ' v v o '
2012) rifosnindaudeyalunaazaaralinnuuanarenuduiiauin Jedwanszno i
mstwunaaadiuieslinnuuiudrlumsswunaniiosasli) iiesnnnansznuaindoya
9
TuamadiuunluduaoumsadraluaanisiSeus (Training Model)
Joya liaugadiwansznuaemssmunaaidaInios tloaninoanesiunalieg
o 9 [ =\ Aa A <2} d' o 9 1 A o Y A [
i ldegelidsz@nsamgeganasesiuiudeyalunaazaaraisiuiulndifesiu
9 = 1 d' 9 = ] a dﬂ [ a K @ = =
(Yoyalinnuauga) uaedoyalinnuluaugainadu danesnuna livzlinnueudesly
] Y AA o = 1 & = 1 =K Y
nngudoyanisiaunInnenngunils (tewdeslUnaaradiuwin) edwalitnig
Suunaaradiuiesiinnudanan



szé’ummmm"!aiau@a (Imbalanced Degree)

mssuunndeyalaiinnuauaavieiudoya iaugannszduvesnnubiauga
Tagszauvoannu liaugarzuaaidnidiuszrieiiuanvestoyaluaaradiuuniion
nusudeyaluaaradiuiles (Orriols-Puig et al., 2009; Villar et al., 2011) WINUoyaTITZAU
vosnu laugags (szduay liauganinndn 1 wn 9) dmneanudeyaiaim 'l
augage mndeyaiiszauvesnny liauganii 1 tunmeanunsaudeyalusdaz
anafis iy windeyaiiszduvesanw liaugadind 1 uneanuhiswaudeya
yosamaduitosliiuauunnsudeyalunaradiuninTaensmiuiumszaved
A liiaugasansasiuaa I nnaumsii 2.1

Imbalance Ratio (IR) = —majerity 2.1)

Nminority

9

Taeh .. newIudoyaluaa@dIuNIn
Y

‘magority

n__ . AIIUIUTD

minority

yalunmadiuion



Freehadi 1 auuaANlyadoya B Fatinanua 2 aa1a'l&UAAaTd True AzAANE False
Tﬂﬂummumauammﬂ“luﬂmﬁ True mmu 100 Goya u,awnmmumauamwmiuﬂmﬁ
False $1149% 1,900 foyauanidsmseii 2.1 nazgid 2.2 o2 wmwaua%ﬂum AUVDIAIN
liiaugail 19.0

M13197 2.1 Saudeyalunaazaaiavesyadoya B

Padomya sudeyalunaia True | $waudoyalunand False

gadoya B 100 1,900

ﬂﬁ 2.2 mmumauaimma ﬂmamawmam B

" w Y A ) 1
LL‘I/IuﬂW]’JmJin 91738 1,900 mmmmﬂumayaﬂmamumﬂ

‘majority

' v 4 I 1
unuadls n,,., #20 100 tiesnniludeyanaraaiuios

‘minority

Imbalanced Degree = 1,900/ 100 = 19.0

UurenNuATeya B iszauvesnny luaugaminy 19.0

Y v Y v
ﬂ1§‘ﬂﬂﬂ15ﬂ‘]]°lli’)3q~!ﬁ"lﬁlﬂuﬁ;lﬁ
Y [ < 9 g 1 - =
msuddymluszaudeyalumsud lvdgymluduasunouiaziimsdszuiana
Y
(Processing Stage) Taomsud I luszauiivzud lvnudoyalagase Tasazrhnmsisuilyedoya



e hisugaldnaedudeyaiiianuaugadiemaiinnsguidondeya (Data Sampling
Technique) HIoMANANS Laﬂﬂ‘fl}ﬂya (Data Selection Technique) (Solberg and Solberg, 1996;
Kubat and Matwin, 1997; Ling and Li, 1998; Japkowicz, 2000b; Laurikkala, 2001; Chawla et al.,
2002; Weiss and Provost, 2003; Batista et al., 2004; Jo and Japkowicz, 2004; Phua and Alahakoon,
2004) Tasazurieeanilu 3 nqu 1dun

a1

A5qUDY (Over Sampling)

Q

1 a

as Aa a 4 I a A anAq Y A 9 ~ [ 1
WU (NeansY, 2016) 1umaiia 30350 15 lumaudsyanedlunaradiu
Y YA o Y A 1 o o 9y J U a A A g9
woe Tudwulnanes vsemnuiuiuteyaluaaiaaiuun Tasmsguinuioiiudoya
v 1 ] A g oAy ) a Ay g 2 '
Tinaaautiosazimutoya lasnsquiasnioyaainvoyaal ¥IeasNvoyavu luin
M08 19UDIT DY LAY
[ 9
auuAniiyadoya C FUTauANIENNA 2 Aad TaunAaId True 1AZAATA False
Y Y
Tagaoyalunaid True T 1uIUNMNA 4 Foya uazdoyalunaid False Himuaunanua 10

Foya HAAIAIA15 19N 2.2

d‘ ¥ v o g KX v =2 X 9
A131N9N 2.2 Ggmlmga Cﬂl@yﬁﬂfﬂﬂ?ﬂlﬂULuﬂﬁqﬂ (Aa1e True HUNYDILUDITY AD1E False
=® 1 1 dy 9
e lilwiede)

awudoya | anunde | Aanwen Wnin 5L Aand
tiloson ANUITY
1 1.4” 2.5” 20¢ 0.9 True
2 0.4” 1.1” 0.1g 0.1 False
3 0.3 0.9” 02¢g 0.2 False
4 1.5” 2.0” 21¢ 0.8 True
5 0.27 0.9” 02g 0.1 False
6 0.1” 0.47 03¢ 0.1 False
7 1.7 2.3” 22¢ 0.9 True
8 1.8” 2.3” 25¢g 0.7 True
9 0.4” 0.6” 03g 0.2 False
10 0.2” 0.7" 02¢g 0.3 False
1 0.2” 0.3” 05¢g 0.1 False
12 0.17 0.2” 03¢ 0.2 False
13 0.5” 0.17 1.8¢g 0.6 False
14 0.17 0.5 07g 0.3 False




M13197 2.3 gadoya C naannlimatamsguidendoyasinaaiaaiuiosii 4 Joya

adudoya | anunde | Anwen hmin 5LAY fand
(ilosen ANUITN
1 1.4” 2.5” 20¢g 0.9 True
2 0.4” 1.1 0.1g 0.1 False
3 0.3” 0.9” 02¢g 0.2 False
4 1.5” 2.0” 2.1¢ 0.8 True
5 0.2” 0.9” 02¢g 0.1 False
6 0.17 0.4” 03g 0.1 False
7 1.7 2.3” 22¢ 0.9 True
8 1.8” 2.3” 25¢ 0.7 True
9 0.4” 0.6” 03¢ 0.2 False
10 0.2” 0.7" 02¢ 0.3 False
11 0.2” 0.3 05¢g 0.1 False
12 0.1” 0.2” 03¢ 0.2 False
13 0.5” 0.1” 1.8 ¢ 0.6 False
14 0.1” 0.5" 07¢ 0.3 False
15 1.4” 257 20¢g 0.9 True
16 1.5” 2.0” 21¢g 0.8 True
17 1.77 2.3” 22¢ 0.9 True
18 1.8” 2.3” 25¢ 0.7 True

@a06199 3 Minmatdansgunumnaenldmaiansadidoyalninndeyady
a & o A oy A Y _ o - TR & '

matatiaziinmsdondeyanoglunaia False udrhimanumau@aniosnioanniag
S 9 4 9 ST D) A o q9 9 = =
antles Tagudoyaiilusau 4 - 6 doya osh ldyadoya C 9na15190 2.2 Tanuauga
a X a1 o y v , y A X D Yy 9 ' 2
mavuauuAIIimsadveyannamadiutesiuiuu 4 Yoya vz IdgadoyalniTaed

9

[ Tg o
Foyananua 18 Joya utiuiludeyalunard True $117u 8 Yoya nazdoyalunard False
$119U 10 Toya HAAIRIATINN 2.4

M0 2.4 yadeya C naannldmaianmsaindoyalninnaaradiudosiiy 4 Joya

awudoya | anunde | anwen hmin LAY aand
iifoaen ANy

1 1.4” 2.5” 20¢g 0.9 True

2 0.4” .17 0.1g 0.1 False




A13197 2.4 gadeya C nasnnlmaiamsaiedoyalnuvnnaaradiuioniiy 4 Yoya

(7i0)
awudoya | anunde | anwen hmin SEAL Aae
iitoon ANUITY
3 0.3” 0.9 02g 0.2 False
4 1.5 2.0 21¢g 0.8 True
5 0.2 0.9 02¢g 0.1 False
6 0.17 0.4” 03¢ 0.1 False
7 1.7 237 22¢ 0.9 True
8 1.8” 237 25¢ 0.7 True
9 0.4” 0.6” 03¢ 0.2 False
10 0.2” 0.7” 02¢g 0.3 False
11 0.2” 0.3” 0.5¢g 0.1 False
12 0.17 0.2” 03¢ 0.2 False
13 0.5” 0.1” 18¢g 0.6 False
14 0.17 0.5” 0.7¢ 0.3 False
15 1.45” 2.557 2.05¢g 0.95 True
16 1.45” 1.95” 2.05¢ 0.75 True
17 1.75” 2.35” 225¢g 0.95 True
18 1.75” 2.25” 2.45¢ 0.65 True

N3 ?i WNUAIY SMOTE Technique (Chawla et al., 2002; Chawla, 2003, Chawla et al.,
2004, Han et al., 2005) 9271015 guaiedoyannaaiadiudosmusiuiuiidimua Tagag
o 4 Y] 1 [ 1 (Y] 1 o
adrdoyadunsizianindoyadieduaionisinszez e ngadeyadiodialildigadeya
Y a Y y v L. P 1 v 7 oA g 2 ' '
Indifes udrquaindoyadunsiznin Tasdoyaduaizinainiuszegmoluszes g
9 o ' o 9 A 9 = VA 9 ds! [ A
nnyatoyanind s lldsgadeyamouthudge lviNaswlunaasasaunsi 2.2

Npoint = Opoint + (Random[0,1] = distance(x, y, ..., z)) (2.2)

A = ) ! y A 9 2 .
Iﬂﬂ‘ﬂ N HUIYDON i]mroy,aéumﬂmﬁmuu@wﬁﬁwuuﬂwu
(@)

] ~ o A 9
TTYSHNNIUNUIANDUUIY

point
v ¥ v

= Y ' Y Ao Y g
HUYDI fg@611ayamammamuuawm"lﬂhgﬂumm@miumam

point

Random[0,1] #R1&DINTFUAITEHIN 0 D9 1
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31.191 o A

Distance(x, y, ..., z) NN18093288 M 195gnI1gaaaunugaioul1uly

q

aa =
UDANITUIA X, y DN z

v Y
daed1afl 4 nmatianIsguinurInidenlyd SMOTE Technique tnAtiAtiaziin1s

A ) A 2 Y o A D) & ¥ oA a o )
envoyanedluaaie False Yuumawimsaendayamouiinuiedlunaiaferny udd
o 1 1 o [ A 1 3 < 1 < A
MuIUTTIzHINTENINATeIgand M duRnmIuanioovsoaamauaniioo Tagiy
o 8 o o Yy o v A & ¥y A o9y 9
Poyaiuiiuiu 3 Jeya lagladeyanndrun 1 udeyansau e ligadeya C 910

i ~ a X Yy v ' ) [ v Vg Y
M13197 2.2 Tanwaugamnaiuaz ldgadoyalui Taslidoyanivua 17 doya niauiudoya
Tuaad True 1191 7 Joya vazdoyalunard False $149u 10 Foya naanin1s19i 2.5

{ o . A ! 9 A 9
M13197 2.5 gatioya C naa91n 1 SMOTE Technique iiudoyannaardduivaiiu 3 Joiya

daudoya | anunde | Anwen hnin JLAU Aand
(iloson ANUIAN
1 1.4” 2.3 20¢g 0.9 True
2 0.4” 1.17 0.1g 0.1 False
3 0.3 0.9” 02¢g 0.2 False
4 1.5” 2.0” 21¢g 0.8 True
5 0.2” 0.9” 02¢g 0.1 False
6 0.17 0.4” 03¢ 0.1 False
7 1.7 2.3” 22¢ 0.9 True
8 1.8” 2.3” 25¢g 0.7 True
9 0.4” 0.6” 03¢ 0.2 False
10 0.2” 0.77 02¢g 0.3 False
11 0.2” 0.3 05g 0.1 False
12 0.17 0.27 03¢ 0.2 False
13 0.5” 0.1 1.8 ¢ 0.6 False
14 0.17 0.5 07g 0.3 False
15 1.35” 2.75” 205¢g 0.95 True
16 1.34” 2.54” 196 ¢ 0.9 True
17 1.16” 2.62” 1.7g 1.02 True
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3§ﬂ15’sjuaﬂ (Under Sampling)
A [ a a 4 I a
ﬁ%q yaa (Japkowicz, 2000a; Japkowicz and Stephen, 2002 ;NHIANIH, 2016) Wwmaiia
A AanAq Y o F) ~ ] 1 YA o Y A 1 o o
¥30359 15 Iunmsaadiuiudeyaneglunaraaiuun usulndfes vseminudiuu
doyaluamaaiutios Tasmsaadiudoyaninaaiadiuuings

) Y v

@306199 5 vinmatiansguaamatativziinmsaasiuiudeyaioglunaie False

9 <3| o 9y A Y 9 ~ P! a X
Tagaadoyailusuau 4 - 6 Joya o ldyadoya C 91015197 2.2 Tanuaugamaiy

a1l o U o J <3| o o o A
auuArhmsguaasudeyannamadiuuinauilusiuiu 4 doya (aadoyadiaui 3,
v
] o 13

9, 12uaz 14) vz ldgadoyaluilaslidoyanivua 10 Yoya vuailudoyalunard True
$119u 4 Yoya uazdoyalunaaid False 17U 6 Toya HAAIAINITINN 2.6

M3199 2.6 gadoya C nasnnlfmaiinnmsguaadoyaninaardaIunin

awudoya | anunde | anwen hmin JLAY Aand
iiloaen GRRFURRY
1 1.4” 2.5 20¢g 0.9 True
2 0.4 1.1” 0.lg 0.1 False
3 1.5 2.0” 21¢g 0.8 True
4 0.2” 0.9” 02¢g 0.1 False
5 0.17 0.4” 03¢g 0.1 False
6 .77 2.3” 22¢g 0.9 True
7 1.8” 2.3” 25¢g 0.7 True
8 0.2” 0.77 02¢g 0.3 False
9 0.2 0.3” 05¢g 0.1 False
10 0.5” 0.17 1.8¢g 0.6 False
FBNauna1d (Hybrid Methods)

§

I ax A o a ax a a1 o J [ 9
VINTUNTIU Lﬂmﬁmwmmaumﬁqnmu HASIDTFNAANINTNIUTINNUY Iﬂflﬂh'ﬁl‘]f

e

a < ' ° ! o 1A '
matiatizdumsquasdiuindeyasnnaarddiuinn wagrhmsquinudeyaluaaiadin
9
oy T maudeyasnnnsdesnaralisiuaulndifesny vieminu

fhethail 6 1inmaiianissanisfeyauuunaunaiu maiiaiezimsguandeya
MInAMAAILINANS AL 2 - 3 Feya uazduiuteyannanaduteuiuius o 2 - 3
Foya iffe1dyadoya C 1na1s1ed 2.2 TarmaugaiRaiy auudinhmsguaasiauteya
DnAMEdIINNas I 2 Toya (Fuanteyaludidui 10 uas 13) uazshmsguinindoya
snaaredauesdrsmsguinunndoyaidusiua 2 foya (uiindeyanind iud 1 uas
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° 3 S 3
7) vz Idsmudeyananua 14 doya Taoiludoyavinaara True Inanua 6 Joya way
9 Y i
SudeyanInunaINARIE False INatua 8 Yoya uanadamsnei 2.7

d‘ 9 [ 9 a 9 9 ]
AN 2.7 gavoya C wmmﬂhmﬂummuWﬁuwmuclummﬂﬂnumwaga"hmmga

awudoya | anunde | anwen hmin TZAL Aae
iilosen ANUITN
1 1.4 2.5” 20¢g 0.9 True
2 0.4” 1.1 0.1g 0.1 False
3 0.3” 0.97 02¢g 0.2 False
4 1.5 2.0” 2.1¢g 0.8 True
5 0.2” 0.9” 02¢g 0.1 False
6 0.1” 0.4 03¢ 0.1 False
7 1.7 237 22¢ 0.9 True
8 1.8 2.3 25¢ 0.7 True
9 0.4” 0.6” 03¢ 0.2 False
10 1.47 2.5” 20g 0.9 True
11 0.2” 0.3 05¢g 0.1 False
12 0.17 0.2” 03¢ 0.2 False
13 1.7 2.3” 22¢g 0.9 True
14 0.17 0.5” 0.7¢ 0.3 False

Y v o a R I [ ) o Aa R 1 Y
ﬂ?il!ﬂﬂ@ﬁ?iuigﬂﬂﬂﬁﬂf’)i‘VliJl"]J‘LlﬂTi"]JTU‘l]?x‘]ﬂ?i‘l/n\i”luﬁlli’)\‘]@ﬁﬂﬂi‘ﬂﬂ@n\? il 1%

o 9 ' Y A dg! A Aa o I ¥ 1 a
ﬁ"lll'liﬂ’1]']11,1!ﬂﬂi%lﬂﬂmﬂgﬁqﬂﬁhﬂﬁqﬂﬂﬂﬂﬂlu I@EJ!,‘V]ﬂ‘Llﬂ‘ﬂuﬂiJ‘Ll'lll']Gl,G]fhlﬂLLﬂW]ﬂuﬂﬂ']i

MAUTIWAY (Ensemble) LOZIMALIAY AL (Boosting)

MARANSINNUIINAY
A o 1 [ A A 9 o v
manansauwnulumaian g luealumsswunvaite q Tumansieluns
swundsziansawnn Fehlddszaniamlunssungs (Muhlbaier et al., 2009) Tagag
1 a v a < a
A4 2 1NAdia 1AlA Vote Ensemble tagimatiauiinng (Bagging: Bootstrap Aggregation)
1) Vote Ensemble
A A ) ) ~ ) a w oy o
matatunislegadeyalumsBouiyamedinuuaainalumanissunilszmn

9 v AR A ' o o 9 o @ o 9 v
m@yaﬂﬂﬂﬂaﬂ@iﬂuﬂl!ﬂﬂﬂWﬂﬂu IﬂElﬁaﬂfn'iﬁ‘i1\‘1Illlﬂﬁiﬂ‘ﬁ'i‘Uﬁ]']L!uﬂ‘]Jﬁglﬂ‘W’llﬁ]ﬁJ“ﬁﬂ')‘il

AN Vote Ensemble a13150uaadaI3li 2.3
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Training Data

ID Fever Cough Headache .. Class
1 No No Yes e Normal
2 Yes Yes No e Sick
3 Yes Yes Yes e Sick
4 No Yes No . Normal
Decision Tree SVM Neural Network

ol QOQ O

® O &0

517 2.3 anmsad e Tumamsmunilsz1nnale Vote Ensemble

d1isumsldmaiin Vote Ensemble tie 14 1unissuuniszinndoyandslainsiu
[ = U = Yo o 1 @ a R

aada Tagordona lnianndesdauninae lasuainnmssuniszinnainuaazdanes iy
] o 9 A o ] o 2 o a K ..

wu hdeyandslunsiuaarathuuielswundredanes i Decision Tree, SVM tiag
) Y

Neural Network 1182052980110 3@ wdanes iy liwan1ssundoyaiuiteglulszian

1 v
Tvunniga sgsiimsswunisznndoyalwiiuauna Inaadena udgasrannsfiau

Aag1li 2.4
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Testing Data

ID Fever Cough Headache Class
1 Yes No Yes ?
2 Yes Yes No ?
Decision Tree SVM Neural Network

O

U

1 . Sick 1 A Sick Sick
2 ... | Normal 2 u Sick 2 ... Sick
ID Fever Cough Headache Class
1 Yes No Yes Sick
2 Yes Yes No Sick

Wa1e ) y9 1aetdo
a = [ [ a R
FiiAReINU (Ganos N

a 3 a [
L%ﬂuﬂllﬂﬂﬂﬂl!ﬁﬂﬂﬂﬂgﬂ

311 2.4 ianmsswunilszinndeyadis Vote Ensemble

2) uinng

o o a 3 a 9 a U 9 o ] Y = 9 I
amsumﬂumnmﬂwzcl&vmﬂuﬂmsqmayjamamw"msymayaﬁﬂugaamﬂu

Y

=

]
=

AYIN

n25

yanuuauenoon ladaluaadrenslgdanesiulumsswunilszian

) (Breiman, 1996) Tagnannisa3alumasmunilszianves
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Training Data

ID Fever Cough Headache . Class

1 No No Yes . Normal

2 Yes Yes No e Sick

3 Yes Yes Yes e Sick

4 No Yes No . Normal
ID | Fever | ... | Class ID | Fever | ... | Class ID | Fever | ... | Class
1 No ... | Sick 2 Yes ... | Sick 4 | No ... | Normal
3 Yes ... | Sick 8 Yes ... | Normal 6 | No .| Sick
5 | No ... | Normal 9 | No ... | Normal 7 | No ... | Normal

= ) v v A & a
51N 2.5 ‘Viﬁﬂﬂﬁ’e’fﬁNTmﬂﬁﬂﬁﬂmﬂummﬂﬂﬂ

U

@

o [ Y a I A A Y ° 9 A '
ﬁ"l‘ﬁi”]Jﬂ151“]fl1/]ﬂ‘LlﬂLLUﬂﬂQLW@i%iuﬂ"liﬁ]"lLL‘Llﬂ‘]Jiglﬂﬂﬂlﬂﬂaﬂﬂﬁquﬂi"mﬂa"Iﬁﬁ]g

Y

218K A 11T IIAIUVININNAVDINITIILUNU T AN INUAaz Tuaa 2 WHANNIS

o 9 A o ' @ ~
muuﬂﬂizmwegamﬂummﬂmﬁ llﬁ'ﬂﬂﬂﬂgﬂﬂ 2.6
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Testing Data

ID Fever Cough Headache . Class
1 No No Yes . Normal
2 Yes Yes No .. Sick

ID ... Class ID R | Class 1D ... Class
1 ... Normal 1 ..\ Sick 1 ... Normal
2 ... Normal 2 .. Sick 2 Sick

¥

ID Fever Cough Headache . Class
1 No No Yes e Normal
2 Yes Yes No ... Sick

A o ° ) Y a 3 a
319 2.6 ianmsTwunlsziandeyadiamaiaudinna
dyw =\ o a S A 9 Y1 v @ a [ 9
wonnniigalinmaiunaiiaudnneldszgndlFswnunumaiiansdivlzsdoya
v o a 1 A o 1 [ a S a v v .
wu msdunaliansgunudoyan st umaiaudnng 358071 Over Bagging
A Y a 4 (J ' 2 Y ' Y A A !
(Wang and Yao, 2009) #3913 1$1nANANT A3 19620610 WNINTDYA A IUUDY HIDITHNI
SMOTEBagging (Wang and Yao, 2009) M3t unaiinnsguaadoyaninaaiadiuyinimny

M3 lHnaliauiinha 58A791 Under Bagging (Liu et al., 2006)



17

3) yafa

9 o a a I v o {1

dmsumaiinyaasiensiszgnaldarsuuniszinndoyanoeune (Weak Learner)

@ 2 o ' [ v o { ' v
¥a1e 9 5anes MU IHNUTINAY 18Ia319AI5 U AUTINT (Strong Learner) Tagnanns

dyd o A 3 Y Yy 19 Ao A o a Y Y (
ﬁ1ﬂillﬂ]@\1ﬁ/]ﬂuﬂuﬂ’0ﬂ'liﬂﬁﬂLWllﬂ'l‘l!'l‘ﬂlJﬂTﬂlLﬂ"’lJ’E]%jlﬁ‘ﬂfl\illﬂﬁi]'llluﬂﬂﬂﬂﬁzlﬂﬂ UAITI NN

Y
swunszinndoyaanmaiseui Tuduasuneunii (Valiant, 1984; Kearns and Valiant, 1994)

]
ISl 1

v Y
Famsiharswunlszinndeyansounemanivyiiaiuswnuszsi lddaswuniinay
< ' A 2 o o a A o a SR 9 a Ay Yo a ° 9
HWNTINNBITY drisumaliaviedanesnunauyaan lasuawieuirll 1o
"lﬁ’ufié’aﬂa?ﬁmaﬁ}ma (Adaboost) (Freund and Schapire, 1996; Freund et al., 1999) Tael

NaNMININU 1aaInagli 2.7

0° o R 0O O \ 000
O p tu|o Ay rh |© A A
O A A O A o A
Weak Learner 1 Weak Learner 2 Weak Learner 3
~L
09 o
0 A
O & A A

Strong Learner

717 2.7 nanmshauvedanesnueaya

a a A o v Y '
22 msdszdivilseanimmdmSudeyalianga
o % a a a o 9 1 YJas a
dmsumsidsaiulsz@nsommsdwundeya luduga vinld35mslszilu
9
dszaniamdromaianugiv laun msldaanumaiudlumssuun (Accuracy) 8199 laj
=\ 1 a a A d‘ Y Aa d‘ a dd‘ 9 [} g’; A o
ganeaomsUszilulszansgunndas e iesnnmnmanstindoya luaugauuiisiuou
1 [ Y] I o o 1T [l
doyalunarauaazaara luminudusiuaumn winhuedeyalmidluaaiadiunin

<} o Y ] o o Y 1 o 1 F) A Ao 9
VNWNQﬂ5]3cVnin’rlﬂ311]!!:1]1!fJTGluﬂ']ﬁi]“Luﬂqqllﬂlsﬁuﬂu U YAVDYAHUINITUIUUDY A

ee

y ]

[ o ' o 3
nanwa 1,000 Yoya uuilusiurudeyaluaaraaiuuiniisiuiu 940 Yoya uazsiuu
9
doyalunamaarutioslisiuam 60 Joya min Tuaasuunndoyana 1,000 Toyaod lunaid
Y 1 v
drunn Tuaatvzdimanumivdlumssuunegi 94% ualuvazd liawnsainnedoya
, ¥ Yy Yy 2 v ¥ ° 3 ' =2 o & Y =
Tuaaraaiudes ldudiissdoyaifer duiunmsswundoya liaugadessuiludosdinig
Uszifiulszansanlumssuundie35ou o uau
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a J o a a . . = a g ¥ o 9
WA3INGIAYTEANTAIN (Confusion Matrix) ABINATAEN IFUAAIHANITTIUN VDY
I J 4 a a A o
nnMsnadeudleyatoyaseniuuaazaaa Wodesmstszilindsz@nsmwmsiiuig
1 I o o {
amaduieaiundn Taeligiununaadsmsied 2.8

v o

1 a v a A o
A1519% 2.8 L?Jﬁiﬂ“])'ﬁﬂ‘].]i%ﬁ‘ﬂ‘ﬁﬂ"l“l"lﬁ"lﬂﬁ‘ﬂ%']L!uﬂ‘ﬁ%yaﬁ@ﬂﬂﬁWﬁ

Actual Minority Class Actual Majority Class
Minority Class Prediction True Minority Class False Minority Class
Majority Class Prediction False Majority Class True Majority Class

1NAITT 2.8 1DIVBUUNTAFIZHAAITIUIUVEITOYAIIIVRIUAATARIA At
Aednfveamss ndazianss g §vewdaznara utsoenily 4 nsdl ol

A3 1 : True Minority Class Hu1683 S1urudoyafioglunmadiuios udaluaa
aunsariugldgndeshdeyaiueglunaradiuios

n387 2 : False Majority Class 111089 $1uaudoyafioglunmadiuminud Tuiaa
MueHaNaIn Tﬂaﬁmwdwéﬁ’agaﬁ’uesjﬂuﬂmﬁdauﬁ’aﬂ

N3 3 : False Minority Class Haneie $1usudeyaiioglunaadiudesudluaa
RITRIETE BT T@ﬁlﬁmwdw%ya&uag'“l,uﬂmadaumﬂ

N36i7 4 : True Majority Class #ugas $1uutoyafiodluaaadaunn udaluaa
aunsariueldgndeshideyaiueglunamadauinn

AN NIBIUETUNIINUD (Accuracy)
[ 1 o o I a Aa A o
asiannuuuui lunsswunilunisdsaivlszansnnmssuun Tagsiuves
NNAAAUDI TuAa LAAIAIANNTN 2.3

(True Minority Class +True Majority Class)
(Total data)

Accuracy = (2.3)

MANNNLI (Precision)

[ { < a ' o o
11A5IAANINGY (Buckland and Gey, 1994) 1Humsdsziiuanuuuudrilumsiiueg
9 ~ [l

' ) ° o P A o < ' Y Y Y
megamgiuﬂmamuuaa Tﬂfmmammﬂmuaumeya‘nmmmﬂuﬂmﬁmuuaﬂﬂgfmm

v o

{ [ I U g [ {
feunusaudeyangninedluamadiuiosniua udasnsaunisi 2.4

(True Minority Class)

Precision = (2.4)

(True Minority Class+False Minority Class)
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A132an 13911113 (Recall / Sensitivity)

WA3IAMIEanIeA1AY 12 (Buckland and Gey, 1994) (Fumsdsziinanuusue
Tumsrhedeyafiogluamadiudoshamnsoinneldgndeuniuduiisala Tasduom
ansmuteyafivineiuamadiuiesifgndes ifeususmaudeyasswesnaaday
Fourtanua uaasaaunsi 2.5

(True Minority Class)

Sensitivity = Recall = (2.5)

(True Minority Class+False Majority Class)

ANNUS AN (Specificity)

wassanusume Hunsdsadvanumindlumsinedeyaiioglunare
GRITETRL) Tmﬁmammﬂﬁmau%yaﬁgﬂﬁmmﬂuﬂmad’mmﬂﬁ}gﬂﬁ’m MeuAUTIUIY
Foyav3wwesnmadnunanua uaastduns i 2.6

(True Majority Class)

Specificity = (2.6)

(True Majority Class+False Minority Class)

mmsiaeyl (F-Measure)
o I a 1 o o 1 ) ~
ﬂ?i’)ﬂl@‘v\l L‘IJ‘L!ﬂTi‘IJS$L3J1Jﬂ’313JLL‘JJ1!EJ”IGU’E]\‘1ﬂ1§ﬂ?t!ﬂﬂﬂﬁ?ﬁﬁ’luu?JfJTﬂfJﬂ%TﬂNﬁLﬂﬁﬂ
V84 Precision 118 Recall LAAIAIANAITN 2.7

(2+Precision*Recall)

F — measure = 2.7

(Precision+Recall)
Y \ d' aq Y o 9 ' A A = 9 [
MNI0819N 7 f:’fllllﬁﬁlﬁﬂﬁiﬂLLUﬂ"llﬂiJ"ﬁUliJﬁiJﬂaﬂiJ 2 A IﬂEJiJ"lJ’E)‘lJ"ﬁ“VNﬂNﬂ 200

[ v o o y
Joya nieiludeyalunaradiuuiniiuin 180 Jeya uazsmudeyalunaradiuios 20
Yoya Taolinadns Mt uuUNLEAIAIA1197 2.9

{ v J o ]
GﬂiN‘ﬁ 2.9 WaﬁWﬁﬂ1iﬁ]1lluﬂ6ﬁj@Hathﬁ3Jﬂﬁ

Actual Minority Class Actual Majority Class
Minority Class Prediction 18 5
Majority Class Prediction 2 175

[

Y o dy = a a o 9 g dy

3z lanTuweamsswuni! Jdszansamlumsunalenamiaig « aeil
amanuuyua lumsduun = (175 + 18) / (200) = 0.965
(18) /(18 +5) 0.783

f Precision
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f1 Recall = (18) / (18+2) = 0.900
f1 Specificity = (175) / (175 + 5) = 0.972
f1 F-measure = (2*0.783*0.900) / (0.783 + 0.900)= 0.837

9 9

Tagaunsoazd1da Tumaifianuammsalumssunisaesnardedi 96.5%
ansaswundoyaiiedluamadudesldgndeufisudumssuundoyaiuiuaaiaday
Fouranumeyfi 78.3% aunsosuundeyavesnmadiudesnamma l&uiudiedi 90% iaz
mmmii’muﬂ%}aya’juﬂuﬂmﬁdaumﬂ%}gﬂﬁ’mﬁ’wm”lﬁ}uﬂuémgiﬁ 97.2% TA85IUMA"
Tnmaﬁmmsaﬁi’wgguﬂgﬂwwzﬂi’agaﬂawﬁﬁauﬁeﬂﬁﬂawuggﬂuﬁwaejﬁ 83.7%

23 YuAMITIBINUENITN

%’umeu?’%@qﬁuﬁmiu Wuismsaumaen Taserdoms@eunuudimunmina
FITUWIA Tﬂﬂﬁﬁfugmumﬁﬂmmﬂmyfﬁi’mmmimaﬁﬁmﬂaﬁum Charie Darwin fi0 1
udaunsenndeniiTemalumsegseamnnidiieouue ezl Tomeiiezdeneadnymsna
ﬁuﬁﬂimﬁwfmmiqméwfu"lﬂf]’qg'uqﬂwmwie”lﬂ Tﬂm‘?umau?%t%qﬁu‘gﬂiiuéuu,ﬂuﬁg%ﬂ
91A911I98UD John Holland (Holland, 1975) Tﬂaﬂszqﬂﬁﬁummﬁiﬁummmm?Nﬁ%%“lu
suuaInennlFlunismuindiensuiineed nasnntuiGulinshiuaeuitis

o

wugnssuliszgad 1l uauduaig q Auesdaumivate

ﬂ1iﬁ1ﬂuﬂl@ﬁ%u@]ﬂu3%L%Qﬁ’uijﬂiiu wuiiaooniilu 6 Yuneunan a1 ldun
1) m3nsa Tag Tu sy (Chromosome Encoding)

2) M3ard1a1lszmnsisuAY (Population Initialization)

3) MsyUsziiumaNuuzay (Fitness Function)

4) miﬁuﬁuﬂﬁﬂw’l‘%u@mu?%g%aﬁu“gﬂim (Genetic Operations)

5) mnmuﬁ (Replacement)

6) ﬂ”li@]iilﬁ]ﬁ@mé@ull‘llé‘uﬁ;fﬂﬂ”liﬁ”lﬂ”lu (Termination Condition)
Taouanasegulit 2.8 nazannsoosiondazunewldwde 14i
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Initial Population

v

Fitness Evaluation —

v

Genetic Operation

Selection, Crossover, Mutation

Stop Criterion

End

b
c%

H Y
:.'i“]J‘V] 2.8 GU‘L!G]E]‘L!ﬂWiﬂoH‘uuﬁWUWGQGIJHG]EJH’J‘EL‘MQWUEﬂiiM

v 9 9 v
%1ﬂ§ﬂ‘ﬂ 2.8 ’ﬁuﬂiﬂE]‘ﬁ'IﬂEJeUu@EJUﬂWiﬁ%ﬂu“UEN"Uu@GU’J%L%QWHEﬂiiMqﬁI@Nﬁ
o

9 v
JuapuMsa319lszmnsGuan szdutiums laemsguadialszannsnnngudoyaiiiod

U

Lﬁiemﬂiwmﬂ%’mjﬂﬁzmuﬂ1imaq%umauﬁig%qﬁ’u§ﬂiiuiﬂEJGl,umiz;'m PUIIUIU
Uszans IR 18dusmaulseanng (Population Size) i 1ua nasIngusz NI SUdY
udr ahmsmaudanumnzauveaazlsznns meduwmnlsznnsiianuminsax
anarimnua Uy Tns Tn Tsudsdulunsdoneaiugnisy e 18 Tas Tu Tsudadu
udrzduiiumsnatuaeuiiaiugnssy #918un msdaien (Selection) myadudeiug
(Crossover) 1a¥H1N1TNA1GWUT (Mutation) Tasduaoumsiaidenszsiinisaaiion
TﬂﬂuTwuﬁqﬁ’uﬁﬁmmmmzauqqﬁq@ ?hm‘?umaumsaé”uamﬁuﬁ%ﬁwmsaﬁumﬂﬁuﬁ
izm'NTﬂﬂﬂw@%@ﬁuuﬁaﬁlﬁjlﬁ@mmwamwammeﬁuﬁﬂﬁn wdnifueziimsnate

4 ]

wug Ias Tu Txuinanamsaduamoiugie Idinamsnasunladunielulas Tulsuhiieg

D.e

9
a [ Y ]

@y vasnniuezilszrns I ld ldunuidszvinsjunouni aunsgislddszansh
asemuitou luiidmua
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1. MmInsrialaslalasy
Y o = o w o o & at a o I ]

madnsda las Ty Tsulinnudayd M UTUapUITIBTIRUENT ST U 19NN 1NT1Y
[ H A ] 3‘/ a o o o § Y]
NOUMIZITUNTLUIUMIAN q VosTUaeUFIUgnITus i uRzdeedimadhsia Tas TuTa
! £ 2 v & o o A Ayv
nou lagluvuaeutazitlumsosnuun 1 Ins I Tl uaunuueImaoUVsIaINA03IN15
v A Yan Y 3 YR 2 "o Y
Aun Tagazidonliismsnsiaunulanlageezyuegiuanumanzanaoimsudym
Tasmsiinsdantonldnuiiog 335 laun msdrsWanuuiavgIuaes (Binary Encoding)

Y] 1 a o JAa [

MITITHALVUAITI (Value Encoding) 4ag T HALULING I HUATYU (Permutation

Encoding)

1) MaNIHEUUVIAUF 1 UTD9
Y < Y o £ A o
MITHALVVIAVFIUEDY (Holland, 1975) tTugununmsans Weanunnugiunm
msutasmIdeglusduuumagiuaes TagegiisUsrveslas TuTenogluguuuy Bit String
@ 1 g).: o 1A 1 o 1 A g 1 g’/ [ {
Av 0 MU 1y Huvineanuou luuaazdmisazianilu 0 1w3e 1 vy taasaagla
2.9

Chromosome A : 0 1 0 1 1 0

Chromosome B : 1 0 1 1 0 1

317 2.9 mshsAauuRYgIUdes

2) MSNSHAUVUAIDI
9 o 1 a A 3 9 o " Y 1 ] ~
MIINALUUA193S (Wright, 1991) ilugaluiumsnsia Tasunumialeniaig o f
3 @ { 4 1 1 {
dudunuiawsodonTeamaalslunmsuddym Taglas luTasuaziizlseawgiuuni
UNUAT IFU AITNYT TIVIUTII HI0MAA 1 ) uaaeaazili 2.10

Chromosome A : 0.6 1.5 3.9 6.4 2.4 0.7
Chromosome B : 0.2 1.0 5.6 7.2 1.2 0.3
Chromosome C : Low High Low Normal High Low
Chromosome D : Normal High Low Low High High

= 9 o G
gﬂﬂ 2.10 MIVITUHALVUANIDI
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Y Jda [
3) MarsHauuUIW 53 ATy
Y Ia @ < @ 1
MasRanUUWeS I MATY (Malhotra et al., 2011) Wlugiuuumsitiswd Tagunuan
Snwmivvesdmiaazdwuad luinndwmisvesaululay TuTsy uaadagii 2.11

Chromosome A : 1 6 5 2 4 3

Chromosome B : 6 3 1 4 2 5

A Y sa )
:.liﬂ‘Vl 2. 11 MIVITUFLUUINDTUAUNY U

b4 Q’ k%
2. myasadsernsiBuau

9 A g ' 9 " X 19 Aa 1 A o 9
ﬂﬁﬁi”l\iﬂi%“]ﬂﬂilillﬁu%3@’%@131\1ﬂ]élluu?%?ﬂﬂi]uﬂl@gaﬂllﬂg weihlsemnsng

U

Y

Juaouwdanugnisy laslumsguazdesgulid lasiuaumnuyuiailszsns (Population
. A o Y R 7 da’ @ 1 ' 1

Size) Aviua 1Y Faluvruaeuiivzds luauleannumnz auvesnas Ins TuTaw

Y \ ~ o Y 9 = = o ~
M98191N 8 mwuﬂ“l,wmmam A UIYAZIDYALTANAINIT NN 2.10

q QU

A = 9
199N 2.10 51gasoanyavuaya A

U

Chromosome | dufi 1 | Suii2 |3uii3 |duii4 |Guns |duiie |Fufi7 |Fuiis
1 0 1 0 1 1 0 1
2 1 0 0 1 0 0 1 0
3 1 1 0 1 1 0 1 1
4 0 1 0 1 0 1 0 1
5 1 1 1 0 1 1 1 0
6 | 1 0 0 1 0 0 1
7 0 0 1 1 0 1 0 1
8 1 0 0 1 1 0 1 0
9 0 0 1 0 1 0 1 0
10 1 0 1 1 0 0 0 0
11 0 1 1 0 1 1 1 0
12 0 1 0 1 0 1 0 1
13 0 0 0 0 1 1 1 1
14 1 1 0 1 0 0 1 1
15 0 0 0 0 1 0 0 0
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A a 9 '
AT NN 2.10 Jlgasipyayavela A (919)

U

T

Chromosome ?Ju‘ﬁ 1 | Bud ?J‘L!‘ﬁ 3 ?J‘L!‘ﬁ 4 |Buns %u‘ﬁ 6 |Bun7 |ouns
16 1 1 0 0 1 1 1 0
17 0 1 1 1 1 0 0 1
18 1 0 1 1 0 1 1 1
19 1 0 1 0 1 0 1 1
20 0 1 1 1 0 1 1 0

9 v
“lumumumiqmﬁeﬂﬂizmﬂsmuﬁ’u ﬂz”luﬁu“lﬂmmmmmzﬁmaumaz
a1l o 1 2 | o [ {
Tas TuTaw aunandmvualiguaendszanssuduilusiuau 10 Uszanns azlasaansien
2.11

2

M50 2.11 Uszmnsisuduvesgatoya A anmsguiaonamunialszang 10 Uszns

U

Chromosome ?J‘L!ﬁ 1 ?Ju‘ﬁ 2 ?Ju‘ﬁ 3 ?J‘L!ﬁ 4 ﬁmﬁ 5 ﬁmﬁ 6 ﬁuﬁ 7 ?J‘Llﬁ 8
1 0 1 0 1 1 0 1 0
2 0 1 1 1 0 1 1 0
3 1 1 0 1 1 0 1 1
4 1 1 1 0 1 1 1 0
5 1 0 1 1 0 1 1 1
6 1 1 0 0 1 0 0 1
7 0 0 0 0 1 0 0 0
8 1 0 0 1 1 0 1 0
9 0 0 1 0 1 0 1 0
10 0 0 0 0 1 1 1 1
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wlaufluavgiu 1o WulasTulsufimunzauiiga” 0z Idd a1z auveusday

105 1o a5 uanInan1s 19N 2.12

Q13197 2.12 MANUIHVIZANVDAAAL 1AT 13 T

Chromosome | @ufl | Suit | Suit | Judt | dud | Sud | ud | 3ud | maow

1 2 3 4 5 6 7 8 | wiwzey
4 1 1 1 0 1 1 1 0 238
3 1 1 0 1 1 0 1 1 219
6 1 1 0 0 1 0 0 1 201
5 1 0 1 1 0 1 1 1 183
8 1 0 0 1 1 0 1 0 154
2 0 1 1 1 0 1 1 0 118
1 0 1 0 1 1 0 1 0 90
9 0 0 1 0 1 0 1 0 42
10 0 0 0 0 1 1 1 1 15
7 0 0 0 0 1 0 0 0 8

o Jd v 1 o v W .
Tao TdudalenFumanummnzauazgninua limugauiudnyaza1ui

o 9 ] 9 o 9 9 J v A 9 ] o
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Accuracy = . (2.8)
y " Total Data ’
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TP Wu1edd Suaudeyanodluaad Positive taz Tuaaiune lagndea
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=K o P A . o Y £
TN ©u1803 mu’auﬂmyamgiuﬂam Negative LLﬁZINLﬂaT}"IM”IEJhlﬂE‘]ﬂW’N
' 9
Total Data ‘Hlﬂﬂﬁd ii’mm%’auﬁaﬁﬁmﬂ%’maanmwm

TP
TP+FP

Precision = (2.9)
< v 4 .. 0 v
TP ®u18D4 muaumay,amgcluﬂma Positive taz Tuaaaiusniiue'la
gnABa
=3 o 9 A ' . o <
FP ¥iu1804 mmumayamgﬁluﬂmﬁ Negative ttag Tutaaruiailuaard
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ﬂ1'ﬂﬁuﬁumiwm%uﬁ@u?%@qﬁuﬁﬂﬁu wilsznoulidae 3 ﬁl‘iy”u@auﬁhﬁ’ty (Zheng et
al., 2002) 1&un n1sAadon (Selection) et uilszyinslugudald msadumenug
(Crossover) LAZMINABWUT (Mutation)

1) Msfaaen
v A v I ax ~ Y] Y A o
msaa@endenug Wuismsnaivayulilsemnnsilanumunzaulutlegiiugn
H H Y
dene lldsguaaly Tasdaaonvinlas TuTannangaanmelunguilszansnanuaazgn
o | ] ] o & A o Aa 1 ' o
i 15 duTas Ty Teuwendlumsaunugive lslums Indudiagnuaiuluguae 11 wan
] A Ada A ' o a 4
YIN1TBYTOAVBITINTIA NN AUIZAINITNOYT0A IarInduiuadienugiam
v H H '
muzan aiulsdoudonTas I Teugunenuniisinnumuizaugangaiues Tu
9
nszuIuMsAadenilaziimaiinlunisaadenagriatamaianieni wu Msfa@onLUUIA

v

. . [ [ T W . I Y
?UAY (Ranking Selection) MIAARDNULLTANITHYITY (Tournament Selection) 1JuA1

MIAARNUUUIAD UL
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manumngay Tagez Iia Temalumsgnidenyesing uTanfimuzauigalati Tona
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PNIAeNUINAY
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° A A < 3 A =~ Yo o
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a13197 2.13 Tas TuTwufinfigaesnumanuminzauveddas a3 TuTay

Chromosome | Bufl | Bufi | Gudl | dudt | dud | Gud | 3udl | Budl [d1a00w
1 2 3 4 5 6 7 8 | mwnzay

5 1 1 1 0 1 1 1 0 238

3 1 1 0 1 1 0 1 1 219

14 1 1 0 1 0 0 1 1 211

16 1 1 0 0 1 1 1 0 206

6 1 1 0 0 1 0 0 1 201

18 1 0 1 1 0 1 1 1 183

19 1 0 1 0 1 0 1 1 171

8 1 0 0 1 1 0 1 0 154
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A3 2,13 Tﬂ5111Twﬁa‘ﬁqﬂﬁmmmmmmmmzﬁm@m@iaﬂﬂﬂniw (90)
Chromosome | Suft | 8uft | 3ud | Sudi | 8ud | 3ud | 3ud | 3ud | draanw
1 2 3 4 5 6 7 8 | wiwnzey
17 0 1 1 1 1 0 0 1 121
20 0 1 1 1 0 1 1 0 118
11 0 1 1 0 1 1 1 0 110
1 0 1 0 1 1 0 1 0 90
12 0 1 0 1 0 1 0 1 85

wiiu 1@ Tas Ty TesuiiTenagniden 114 uTas T Touneutuinfigade
Tas I laud 5, Tas Iulaun 3, 105 ey 14, Ias 1ulsud 16, 1a5 1u Ty 6, 1ng 1y Tasun
18, TasTuTosun 19, IasTulaun 8, Iaslulauh 17, Ins lulwuh 20, 1as Iulesudn 11,

=

TasTuTwui 1 uag 12 11109 lMANUHINZaNgINgaE ean ALY
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1) quidonlas e K @2 d11509an 13009919110 K (Tournament Size)
A d’d ' d' LY
2) raon 1a3 Iy Tsunimanumzaungann MUty

v v
A A

feeah 11 aunandesmadenlas lulsunaniga 1 1as Ty Tsuningadoya A 910
A15199 2.11 Taeguidonyinallszmnsimny 10 HaaIain1T N 2.14
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M9 2.14 519azBeailszanns 10 Uszang inmsguidenningatoya A 910a15197 2.11

HAZAINNUIHIE FUVDILAaZ5EBINT

Chromosome | Suft | duft | 3ud | Judi | 8ud | Sud | Sud | 0@ | Areanw
1 2 3 4 5 6 7 8 | muzaw
1 0 1 0 1 1 0 1 0 90
2 1 0 0 1 0 0 1 0 146
3 1 1 0 1 1 0 1 1 219
4 1 1 1 0 1 1 1 0 238
5 0 1 1 1 1 0 0 1 121
6 1 1 0 0 1 0 0 1 201
7 0 0 0 0 1 0 0 0 8
8 1 0 0 1 1 0 1 0 154
9 0 0 1 0 1 0 1 0 42
10 0 0 0 0 1 1 1 1 15

Taglun15uv99us50UNTNIANITHUIUU TA8 Chromosome 1 WU Chromosome 2,

Chromosome 3 W1 Chromosome 4, Chromosome 5 W1 Chromosome 6, Chromosome 7 W

Chromosome 8 8% Chromosome 9 W1l Chromosome 10 1A8HANITIANITUUIVUUTAINT

v A ti‘dti’ 9 ] [} d‘ (% d‘
Aaraon Ias TuTaunanganngadoya A TusounIudavun 1 1aaInITIen 2.15

13190 2.15 mamsutavunsaadenIns TuTwuiiniigaseui |

Chromosome | 8ufl | 8uft | 8ui | Buit | 3uit | 3uii | 3ufi | 3uf | Aiaow
1 2 3 4 5 6 7 8 | miwnzey

2 1 0 0 1 0 0 1 0 146

4 1 1 1 0 1 1 1 0 238

6 1 1 0 0 1 0 0 1 201

8 1 0 0 1 1 0 1 0 154

9 0 0 1 0 1 0 1 0 42

Taglunisuvatusaun 2 9an154U99 1 1Ay Chromosome 2 W1l Chromosome 4,

Chromosome 6 W1l Chromosome 8 182 Chromosome 9 $Uz 181109910 luiliguaa Taswanis

o "o v A Sad 9 oA
%ﬂﬂTﬁL!GINGIIL!L!ﬁﬂﬁﬂ'liﬂﬂlﬁ@ﬂIﬂiINI%Nﬂ@ﬂQ’ﬂﬁ]'lﬂ‘ljﬂﬂl@ya A TusoUMSUAITUN 2 1aag

A9915197 2.16
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M397 2.16 HamsuisTumsAadenlas Tulxufidfigasoud 2
Chromosome | Bufl | Bufl | Budl | ufd | Bud | Judl | ud | 3udl | d1a00w
1 2 3 4 5 6 7 8 | munzay
4 1 1 1 0 1 1 1 0 238
6 1 1 0 0 1 0 0 1 201
9 0 0 1 0 1 0 1 0 42

TagTunsuva9usoun 3 99n1509991 IAg Chromosome 4 WiJ Chromosome 6 LA
Chromosome 9 Uz luTiguaa Taswamssansuvsiunaaimsaaden Ing Ty Ty
nangannyatoya A lusoumsuaaiui 3 naaInin1ied 2.17

M397 2.17 Hamsuisvumsaadenlas Tulsufidfigasoud 3
Chromosome | Bufl | Bufl | Gud | Budt | ud | Gud | 3udl | Budl [d1a00w
1 2 3 4 5 6 7 8 | mmnzey
4 1 1 1 0 1 1 1 0 238
9 0 0 1 0 1 0 1 0 42

Taglumsudstiusouganiotan1suaiiu Ias Chromosome 4 WU Chromosome 9 19g
pamsvanmsuasruluseugamenansnnis e 2.18

a13197 2.18 HamsuisvumsAaienlas Tulwuiiafigaseugare
Chromosome | Bufl | Bufl | Buil | Bufl | Gudl | Sudl | Budl | 3udl |d1a00w
1 2 3 4 5 6 7 8 | muzay
4 1 1 1 0 1 1 1 0 238

@T&‘L‘I”mz"lﬁjimTuiwﬁaﬁqﬂ"lﬁ'uﬁ Tas T Tawi 4, Tas Ty Taud o, TasTuTxud 6,
TasTuTaud s, TasTuTaud 2, TasTuTawd 3, TasTulawd 10, TasTuTaud 5, Tas TuTaud 1
wazTas Tulaui 7 Fesaruwanissanisudady TasnanmsudavunissadonTas Ty Taw
HaMuANAAIRIAT 19T 2.19 uamﬁmwamimiasifm‘igmmﬁqgﬂﬁ 2.12
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Q15199 2.19 HAaMIUUITUMIAAEen 1as 1 Tyunivua

Chromosome | Suft | 8udt | 3ud | Sudi | 8udt | 3ud | udi | 0@ | Areanw
1 2 3 4 5 6 7 8 | wiwnzey
4 1 1 1 0 1 1 1 0 238
9 0 0 1 0 1 0 1 0 42
6 1 1 0 0 1 0 0 1 201
8 1 0 0 1 1 0 1 0 154
2 1 0 0 1 0 0 1 0 146
3 1 1 0 1 1 0 1 1 219
10 0 0 0 0 1 1 1 1 15
5 0 1 1 1 1 0 0 1 121
1 0 1 0 1 1 0 1 0 90
7 0 0 0 0 1 0 0 0 8
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natgufinaruazih Iiinanislasunlasvesdadidialvianuvainvatouingadiu lu
g -4 o a o o I '
TuApUYBINITNAIeHUT Iz AN Fnvesdsemnsnrmumsaadenuudug q Tagas
[ I a ] ] .. o o 4 A g
dmualiiluaanFnjunous (Parent Individual) Wawaunuie 1% 14 1as Tu Tou Inainilu
4
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] I (% o . a o v
Tagauurzidulumsadua1eWug (Crossover Probability) Iagmaiinnsaauaionus
o a 1 o 4 o
11509 14181835 19U MIadUaIeWUTUULYARE) (Single-Point Crossover) NTAAUEY

v
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AAAUT NS
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Chromosome 13) : 1 0 1 I 1 0 1
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Chromosome g 2 : 1 0 1 It 1 0
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Tinamsn/asuntasvesIns IuTsugnvau Idunamsaduaoiuguuugamon asgl
2.14

wadumeuf 1 garduaewus 2 yeaduaeiug 3

l l |
Chromosome N® : 0 I 1 0 I 1 I 1 0
Chromosome 13 : 1 I 0 1 I 1 I 0 1

I | |
Chromosome 8 1 : 0 I 0 1 | 1 I 0 1
Chromosome g 2 : 1 | 1 0 | ! |1 0

" . .

517 2.14 mIgduaeuguuy 3 99
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Msna1enug 1 Juls sl sHNBU D19 INKES WTe0 19 NA N oYY
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1 =Y ) P [ a 1 [ 4 v A
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(Bit-Flipped Mutation) NMINAINUTLUUUNNHNY (Inversion Mutation)
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WNAWUT
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JUM 2.19 @unisdeyaniiszezvinszrinedoyainniga
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Tneglugnvunnees x au y wwiludrmvuandeyagaruaziuaaia 1 visenand -1
I @ {
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wlix +b = 1,wheny; = +1
(2.10)

wlx +b < 1,wheny; = —1

g1 50’ Y] .
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b Aea luLed (Bias)
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h(x) =wlx+b =w;x; +wyx, +b =0
Q.11)

wy b
NI S TR T =
Wy w;

A a v ' Y
LUOWIITUIA 2 PAUULAULLD "1mmim A=(A,A)=(2,0)uaz3n B=(B,,B,)
g %’ Y] % 1 o !
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2.12
wi _ (Bp—4p) . (6-0) _ 6

- = (2.12)

weight vector = T W, Bi-A)  (4-2) 2

1218 w, = 6 uaz w, =2 dmiuga (2, 0) vudunis tagamTamuINMIA1 luLed
Iadaaunsi 2.13

b=—-6x; —2x, =—-6(2)—2(0)=-12 (2.13)
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Chromosome C Epsilon Gamma | Accuracy
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A 2 ] A o Y aw
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Y A 2ya Attributes NUIUAI0IN Imbalanced
Majority | Minority Total Ratio
Synthetic Dataset 16 600 100 700 6.00
Asthma Dataset 12 570 128 698 4.45
Hearth Disease 14 150 120 270 1.25
Indian Liver Patient Dataset 11 414 165 579 2.51
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a1y Attribute (AOFW) a1
1 Age Respondents (Year) 35-64
2 Gender of Respondents 0,1
3 Highest Education Level 1,2,3,4
4 Marital Status 1,2,3,4,5
5 Religion 1,2,3
6 Smoking 0,1,2
7 Exercise 0,1
8 Weight (kg.) 37.2-113.3
9 Weight (cm.) 141-192
10 Waist (cm.) 57-119
11 Percent Body Fat 11.7-47.6
12 Class Low, High
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a1y Attribute (AOFW) a1
1 Age 29-77
2 Sex 0,1
3 Chest Pain Type 0,1,2,3
4 Resting Blood Pressure 94-200
5 Serum Cholesterol 126-564
6 Fasting Blood Sugar > 120 mg/dl 0,1
7 Resting Electrocardiographic Results 0,1
8 Maximum Heart Rate Achieved 71-202
9 Exercise Induced Angina 0,1
10 Old peak 0-6.2
11 The Slope of The Peak Exercise ST Segment 0,1,2
12 Number of Major Vessels 0,1,2,3
13 Thal 0,1,2
14 Class Absence, Presence
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M13199 4.4 doyanileTsady

G Attribute (AOFW) a1
1 Age of the patient 4-90
2 Gender of the patient 1,2
3 Total Bilirubin 0.4-75
4 Direct Bilirubin 0.1-19.7
5 Alkaline Phosphatase 63-2,110
6 Alanine Aminotransferase 10-2,000
7 Aspartate Aminotransferase 10-4,929
8 Total Proteins 2.7-9.6
9 Albumin 0.9-5.5
10 Albumin and Globulin Ratio 0.3-2.8
11 Class Healthy, Sick
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library("e1071")

library("sampling")

library("SamplingStrata")

library("caret")

#generate data 2 class

set.seed(1)

datatrain <- twoClassSim(500, intercept = -13)
datatest <- twoClassSim(200, intercept = -13)
table(datatrain$Class)

table(datatest$Class)

#create model with SVM

model <- svm(Class~., data = datatrain)
#Predict model with test set

prediction <- predict(model, datatest)
#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#MITUUNAIB8aN3 NuFHNETANNMD S EUTINT UM uAnToa AT EILINA
library("e1071")

library("ROSE")

library("sampling")

library("'SamplingStrata")

#generate data 2 class

set.seed(1)

datatrain <- twoClassSim(500, intercept = -13)

datatest <- twoClassSim(200, intercept = -13)

table(datatrain$Class)

#balance Data
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balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 144, seed = 1)$data
table(balancedata$Class)

#create model with SVM

model <- svm(Class~., data = balancedata)

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

smasuundesanes nudwwosannmesiusdusmiumsguiudoyannamadioos
library("e1071")

library("ROSE")

library("sampling")

library("SamplingStrata")

#generate data 2 class

set.seed(1)

datatrain <- twoClassSim(500, intercept = -13)

datatest <- twoClassSim(200, intercept = -13)

table(datatrain$Class)

#balance Data

balancedata <- ovun.sample(Class~., data = datatrain, method = "over", N = 856, seed = 1)$data
table(balancedata$Class)

#create model with SVM

model <- svm(Class~., data = balancedata)

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

o o a2 o 4 14 1 @ o d U
#ﬂ'liﬁ]?!L‘Llﬂ@gl}’JEJfJﬁ’lﬂﬂiﬁll“]ﬁNWE]i@]L’Jﬂmﬂi!m%@ui’Jllﬂ’Uﬂ'liﬁ'\?lﬂi'lgﬁ%@gﬁﬁﬂﬂﬂﬁ?ﬁﬁ’)u‘ﬁ@ﬂ#

library("e1071")
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library("sampling")

library("SamplingStrata")

library("DMwR")

#generate data 2 class

set.seed(1)

datatrain <- twoClassSim(500, intercept = -13)
datatest <- twoClassSim(200, intercept = -13)
table(datatrain$Class)

#balancedata

balancedata <- SMOTE(Class ~ ., datatrain, perc.under=120, perc.over = 500)
table(balancedata$Class)

#create model with SVM

model <- svm(Class~., data = balancedata)
#Predict model with test set

prediction <- predict(model, datatest)
#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)
#MITWUNAITANDS DA d#
library("e1071")

library("'sampling")

library(""SamplingStrata")

library("adabag")

library("rpart")

#generate data 2 class

set.seed(1)

datatrain <- twoClassSim(500, intercept = -13)
datatest <- twoClassSim(200, intercept = -13)
table(datatrain$Class)

table(datatest$Class)

#Create model

datatrainboots <- boosting(Class~., data = datatrain, mfinal = 10, control = rpart.control(maxdepth = 1))
#prediction

prediction <- predict(datatrainboots, datatest)
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#confusion matrix

prediction

#msswundIsanes nusayds
library("e1071")

library("sampling")

library("SamplingStrata")

library("adabag")

library("rpart")

library("ROSE")

#generate data 2 class

set.seed(1)

datatrain <- twoClassSim(500, intercept =-13)
datatest <- twoClassSim(200, intercept = -13)
table(datatrain$Class)

table(datatest$Class)

#balance Data

balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 144, seed = 1)$data
table(balancedata$Class)

#Create model

datatrainboots <- boosting(Class~., data = balancedata, mfinal = 10, control = rpart.control(maxdepth = 1))
#prediction

prediction <- predict(datatrainboots, datatest)
#confusion matrix

prediction

#mimﬁmmﬁma%ﬁmmzmJﬁ’am‘jguﬂmﬁ%L%@ﬁugﬂﬁuﬁﬁmsﬁuﬁ’uiwﬁ#
library("e1071")

library("sampling")

library("SamplingStrata")

library("DMwR")

library("GA")

#generate data 2 class

set.seed(1)

datatrain <- twoClassSim(500, intercept = -13)
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datatest <- twoClassSim(200, intercept = -13)
table(datatrain$Class)
#Under-sampling
underdata <- ovun.sample(Class~., data = datatrain, method = "under", N = 300, seed = 1)$data
table(underdata$Class)
#balance
balancedata <- SMOTE(Class ~ ., underdata, perc.under=160, perc.over = 200)
table(balancedata$Class)
# Setup the data for cross-validation
K =5 # 5-fold cross-validation
fold_inds <- sample(1:K, nrow(balancedata), replace = TRUE)
Ist CV_data <- lapply(1:K, function(i) list(train_data = balancedata[fold_inds !=1i, , drop = FALSE], test_data
= balancedata[fold inds == 1, , drop = FALSE]))
# Given the values of parameters 'cost', 'gamma' and 'epsilon', return the rmse of the model over the test data
evalParams <- function(train_data, test_data, cost, gamma, epsilon) {
# Train
model <- svm(Class ~ ., data = train_data, cost = cost, gamma = gamma, epsilon = epsilon, type = "C-
classification", kernel = "radial")
# Test
prediction <- predict(model, test_data)
acc <- sum(prediction == test_data$Class)/nrow(test_data)
return (acc)
}
# Fitness function (to be maximized)
# Parameter vector x is: (cost, gamma, epsilon)
fitnessFunc <- function(x, Lst CV_Data) {
# Retrieve the SVM parameters
cost_val <-x[1]
gamma_val <- x[2]
epsilon_val <- x[3]
# Use cross-validation to estimate the RMSE for each split of the dataset
rmse_vals <- sapply(Lst CV_Data, function(in_data) with(in_data, evalParams(train_data, test data, cost val,
gamma_val, epsilon_val)))
# As fitness measure, return minus the average rmse (over the cross-validation folds),

# so that by maximizing fitness we are minimizing the rmse
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return (-mean(rmse_vals))
}
# Range of the parameter values to be tested
# Parameters are: (cost, gamma, epsilon)
theta_min <- c(cost = le-4, gamma = le-3, epsilon = le-2)
theta_max <- c(cost = 100, gamma = 2, epsilon = 2)
# Run the genetic algorithm
results <- ga(type = "real-valued", fitness = fitnessFunc, Ist CV_data, names = names(theta_min), min =
theta_min, max = theta_max, popSize = 100, maxiter = 100)

summary(results)

#miﬁi’muﬂﬁ'aﬂﬁaﬂa‘%ﬁwﬁwwa'ifﬂnnmaimﬁuﬁ’wmﬂﬁma%ﬁ'mmzmJ#
library("e1071")

library("sampling")

library("SamplingStrata")

library("DMwR")

#generate data 2 class

set.seed(1)

datatrain <- twoClassSim(500, intercept = -13)

datatest <- twoClassSim(200, intercept = -13)

table(datatrain$Class)

#Under-sampling

underdata <- ovun.sample(Class~., data = datatrain, method = "under", N = 300, seed = 1)$data
table(underdata$Class)

#balance

balancedata <- SMOTE(Class ~ ., underdata, perc.under=160, perc.over = 200)
table(balancedata$Class)

#create model with SVM

model <- svm(Class ~ ., data = balancedata, cost = 56.97464 , gamma = 0.004282877 , epsilon = 1.720305,
type = "C-classification", kernel = "radial")

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy
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sum(prediction == datatest$Class)/nrow(datatest)

#gatoya lsaviouiias
#ﬂﬁ'ﬁn!’uﬂﬁ?ﬂgﬂﬂfﬁﬁil“BJWWﬂ%’G]L'Jﬂm@iHJ"K%H#
library("e1071")
library("sampling")
library("SamplingStrata")
Data <- read.csv("D:/Rtmp/dataset for PHD/asthma dataset/asthma_default.csv")
table(Data$Class)
#Function Split Data
#split data into train and test
set.seed(0)
stsampling <- function(Xtarget,test) {
output <- list()
idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
}
#Sprit Train-Test
dataSplit <- stsampling(Data,"Class",0.30)
datatrain <- dataSplit$train
datatest <- dataSplit$test
#create model with SVM
model <- svm(Class~., data = datatrain)
#Predict model with test set
prediction <- predict(model, datatest)
#confusion matrix
table(prediction, datatest$Class)
#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

o [ a @ 4 I'd 1 @ 1 1
#ﬂ’]ﬁﬁ]']!Luﬂﬁaﬂ@aﬂaiﬁu“]ﬂWWﬂﬁ@]L'Jﬂl@]aillll(’]f%ui'Jllﬂ“Uﬂ1iq3Jﬁﬂ%ﬂuﬂaﬁ]’]ﬂﬂa’]ﬁﬁ')uu’]ﬂ#
library("e1071")

library(""sampling")
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library("SamplingStrata")
library("ROSE")
Data <- read.csv("D:/Rtmp/dataset for PHD/asthma dataset/asthma_default.csv")
table(Data$Class)
#Function Split Data
#split data into train and test
set.seed(0)
stsampling <- function(X,target,test) {
output <- list()
idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
b
#Sprit Train-Test
dataSplit <- stsampling(Data,"Class",0.30)
datatrain <- dataSplit$train
datatest <- dataSplit$test
#balance Data
balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 178, seed = 1)$data
#create model with SVM
model <- svm(Class~., data = balancedata)
#Predict model with test set
prediction <- predict(model, datatest)
#confusion matrix
table(prediction, datatest$Class)
#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

smatunndiesanoituduneannmeiusiuimsumsguiivdoyannamadnioos
library("e1071")

library(""sampling")

library("'SamplingStrata")

library("ROSE")

Data <- read.csv("D:/Rtmp/dataset_for PHD/asthma_dataset/asthma_default.csv")
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table(Data$Class)
#Function Split Data
#split data into train and test
set.seed(0)
stsampling <- function(X,target,test){
output <- list()
idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
H
#Sprit Train-Test
dataSplit <- stsampling(Data,"Class",0.30)
datatrain <- dataSplit$train
datatest <- dataSplitS$test
#balance Data
balancedata <- ovun.sample(Class~., data = datatrain, method = "over", N = 798, seed = 1)$data
#create model with SVM
model <- svm(Class~., data = balancedata)
#Predict model with test set
prediction <- predict(model, datatest)
#confusion matrix
table(prediction, datatest$Class)
#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#nsvuUnAIedanes iudnnesannmefuurBusmiumsdunziveyannamadiutioos
library("e1071")

library("sampling")

library("SamplingStrata")

library("ROSE")

library("DMwR")

Data <- read.csv("D:/Rtmp/dataset_for PHD/asthma_dataset/asthma_default.csv")
table(Data$Class)

#Function Split Data
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#split data into train and test
set.seed(0)
stsampling <- function(X,target,test) {
output <- list()
idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
b
#Sprit Train-Test
dataSplit <- stsampling(Data,"Class",0.30)
datatrain <- dataSplit$train
datatest <- dataSplit$test
#balance
balancedata <- SMOTE(Class ~ ., datatrain, perc.under=135, perc.over = 300)
table(balancedata$Class)
#create model with SVM
model <- svm(Class~., data = balancedata)
#Predict model with test set
prediction <- predict(model, datatest)
#confusion matrix
table(prediction, datatest$Class)
#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#MITUNAITTANDS NUDAIYa#

library("e1071")

library("sampling")

library("'SamplingStrata")

library("ROSE")

library("adabag")

library("rpart")

Data <- read.csv("D:/Rtmp/dataset_for PHD/asthma_dataset/asthma_default.csv")
table(Data$Class)

#Function Split Data
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#split data into train and test
set.seed(0)
stsampling <- function(X,target,test) {
output <- list()
idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
H
#Sprit Train-Test
dataSplit <- stsampling(Data,"Class",0.30)
datatrain <- dataSplit$train
datatest <- dataSplit$test
table(datatrain$Class)
table(datatest$Class)
#Create model
datatrainboots <- boosting(Class~., data = datatrain, mfinal = 5, control = rpart.control(maxdepth = 1))
#prediction
prediction <- predict(datatrainboots, datatest)
#confusion matrix

prediction

#MISMUNA I8 aNes N5 a1
library("e1071")
library("'sampling")
library("SamplingStrata")
library("ROSE")
library("adabag")

library("rpart")

Data <- read.csv("D:/Rtmp/dataset_for PHD/asthma dataset/asthma_default.csv")
table(Data$Class)

#Function Split Data

#split data into train and test
set.seed(0)

stsampling <- function(X,target,test) {
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output <- list()
idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
}
#Sprit Train-Test
dataSplit <- stsampling(Data,"Class",0.30)
datatrain <- dataSplit$train
datatest <- dataSplitS$test
table(datatrain$Class)
table(datatest$Class)
#balance Data
balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 178, seed = 1)$data
#Create model
datatrainboots <- boosting(Class~., data = balancedata, mfinal = 5, control = rpart.control(maxdepth = 1))
#prediction
prediction <- predict(datatrainboots, datatest)
#confusion matrix

prediction

#mimﬂ'mmﬁm@%ﬁmm:ﬁuﬁ’w%uﬂ’auﬁ%g%aﬁugnsmﬁﬁmséuﬁ'ﬂwﬁ#
library("'e1071")
library("GA")
library("'sampling")
library("SamplingStrata")
library("ROSE")
Data <- read.csv("D:/Rtmp/dataset_for PHD/asthma_dataset/asthma_default.csv")
table(Data$Class)
#Function Split Data
#split data into train and test
set.seed(0)
stsampling <- function(X,target,test){
output <- list()

idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
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output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
b
#Sprit Train-Test
dataSplit <- stsampling(Data,"Class",0.30)
datatrain <- dataSplit$train
datatest <- dataSplit$test
#Under sampling
#underdata <- ovun.sample(Class~., data = datatrain, method = "under", N = 438, seed = 1)$data
balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 178, seed = 1)$data
table(balancedata$Class)
#balance
#balancedata <- SMOTE(Class ~ ., underdata, perc.under=135, perc.over = 300)
#table(balancedata$Class)
# Setup the data for cross-validation
K =5 # 5-fold cross-validation
fold_inds <- sample(1:K, nrow(balancedata), replace = TRUE)
Ist CV_data <- lapply(1:K, function(i) list(train_data = balancedata[fold_inds !=1i, , drop = FALSE], test_data
= balancedata[fold_inds == i, , drop = FALSE]))
# Given the values of parameters 'cost', 'gamma’' and 'epsilon’, return the rmse of the model over the test data
evalParams <- function(train_data, test_data, cost, gamma, epsilon) {
# Train
model <- svm(Class ~ ., data = train_data, cost = cost, gamma = gamma, epsilon = epsilon, type = "C-
classification", kernel = "radial")
# Test
prediction <- predict(model, test_data)
acc <- sum(prediction == test_data$Class)/nrow(test_data)
return (acc)
}
# Fitness function (to be maximized)
# Parameter vector x is: (cost, gamma, epsilon)
fitnessFunc <- function(x, Lst CV_Data) {
# Retrieve the SVM parameters

cost_val <- x[1]
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gamma_val <- x[2]
epsilon_val <- x[3]
# Use cross-validation to estimate the RMSE for each split of the dataset
rmse_vals <- sapply(Lst CV_Data, function(in_data) with(in_data, evalParams(train_data, test data, cost val,
gamma_val, epsilon_val)))
# As fitness measure, return minus the average rmse (over the cross-validation folds),
# so that by maximizing fitness we are minimizing the rmse
return (-mean(rmse_vals))
b
# Range of the parameter values to be tested
# Parameters are: (cost, gamma, epsilon)
theta_min <- c(cost = le-4, gamma = le-3, epsilon = le-2)
theta_max <- c(cost = 100, gamma = 2, epsilon = 2)
# Run the genetic algorithm
results <- ga(type = "real-valued", fitness = fitnessFunc, Ist CV_data, names = names(theta_min), min =

theta_min, max = theta_max, popSize = 100, maxiter = 100)

summary(results)

#N15UU ﬂﬁlﬁﬂﬁﬁ ﬂ@?ﬁuci?wwa§mxaﬂsﬂa'§xtu %%uﬁ?ﬂWWﬁ”lﬁLﬁ@gﬁ IRV TUH#
library("e1071")
library("'sampling")
library(""SamplingStrata")
Data <- read.csv("D:/Rtmp/dataset for PHD/asthma_dataset/asthma_default.csv")
#Function Split Data
#split data into train and test
set.seed(0)
stsampling <- function(X,target,test){
output <- list()
idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
i
#Sprit Train-Test
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dataSplit <- stsampling(Data,"Class",0.30)

datatrain <- dataSplit$train

datatest <- dataSplit$test

#create model with SVM

model <- svm(Class ~ ., data = datatrain, cost = 8.374748, gamma = 0.2513825, epsilon = 0.8360468, type =
"C-classification", kernel = "radial")

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#gatioya Tsaialoy

#ﬂ1i‘5"l!l,uﬂﬁ}ﬂﬂﬁlﬁﬂﬂ%ﬁM“B’WWﬂgm’]ﬂm@ﬂm"If%‘l!#

library("e1071")

library("sampling")

library("SamplingStrata")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/heart disease dataset/HD_default.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainlndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

#create model with SVM

model <- svm(Class~., data = datatrain, type = "C-classification", kernel = "radial")
#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)
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#msvuunAIedanes iudnnesannmeSuuyBusmiumsguantdoyannaaadauung
library("e1071")

library(""sampling")

library("SamplingStrata")

library("ROSE")

library("caret")

Data <- read.csv("D:/Rtmp/dataset for PHD/heart disease dataset/HD_default.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)

#balance Data

balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 168, seed = 1)$data
table(balancedata$Class)

#create model with SVM

model <- svm(Class~., data = balancedata)

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

smatunndiesanoituduneannmeiusiuimsumsguiivdoyannamadunioos
library("e1071")

library("ROSE")

library("caret")

#Load data




107

Data <- read.csv("D:/Rtmp/dataset_for PHD/heart_disease dataset/HD_default.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, |

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)

#balance Data

balancedata <- ovun.sample(Class~., data = datatrain, method = "over", N = 210, seed = 1)$data
table(balancedata$Class)

#create model with SVM

model <- svm(Class~., data = balancedata)

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#MsvuUNAIedaNs TN nnefannme UM A uATIZHToyaInAMad U O#
library("e1071")

library("'sampling")

library("'SamplingStrata")

library("DMwR")

library("ROSE")

library("caret")

#Load data

Data <- read.csv("D:/Rtmp/dataset_for PHD/heart_disease_dataset/HD_default.csv")
table(Data$Class)

#Function Split Data
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#split data into train and test

set.seed(3456)

trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)

#balance

balancedata <- SMOTE(Class ~ ., datatrain, perc.under=500, perc.over = 25)
table(balancedata$Class)

#create model with SVM

model <- svm(Class~., data = datatrain)

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#MITWUNAITANDS NUOAIYa#

library("e1071")

library("adabag")

library("caret")

#Load data

Data <- read.csv("D:/Rtmp/dataset_for PHD/heart disease dataset/HD default.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainlndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

table(datatrain$Class)
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table(datatest$Class)

#Create model

datatrainboots <- boosting(Class~., data = datatrain, mfinal = 10, control = rpart.control(maxdepth = 1))
#prediction

prediction <- predict(datatrainboots, datatest)

#confusion matrix

prediction

#MISwUNAIesanes NS aas

library("e1071")

library("sampling")

library("SamplingStrata")

library("ROSE")

library("adabag")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/heart disease dataset/HD default.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainlndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)

#balance Data

balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 168, seed = 1)$data
table(balancedata$Class)

datatrainboots <- boosting(Class~., data = balancedata, mfinal = 10, control = rpart.control(maxdepth = 1))
#prediction

prediction <- predict(datatrainboots, datatest)

#confusion matrix

prediction
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#mimﬂ'wwmﬁmaﬁ'ﬁmmzﬁuﬁ'zm%umu?%@qﬁu‘qniiuﬁﬁmiéuﬁ’uiwﬁ#
library("e1071")

library(""sampling")

library("SamplingStrata")

library("DMwR")

library("GA")

library("caret")

#Load data

Data <- read.csv("D:/Rtmp/dataset for PHD/heart disease dataset/HD default.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainlndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, |

table(datatrain$Class)

table(datatest$Class)

#Under-sampling

underdata <- ovun.sample(Class~., data = datatrain, method = "under", N = 180, seed = 1)$data
table(underdata$Class)

#balance

balancedata <- SMOTE(Class ~ ., underdata, perc.under=700, perc.over = 17)
table(balancedata$Class)

balancedata <- SMOTE(Class ~ ., Dataold, perc.over = 25,perc.under=500)

# Setup the data for cross-validation

K =5 # 5-fold cross-validation

fold_inds <- sample(1:K, nrow(balancedata), replace = TRUE)

Ist CV_data <- lapply(1:K, function(i) list(train_data = balancedata[fold inds !=1i,, drop = FALSE], test_data
= balancedata[fold_inds == i, , drop = FALSE]))

# Given the values of parameters 'cost', 'gamma' and 'epsilon’, return the rmse of the model over the test data
evalParams <- function(train_data, test_data, cost, gamma, epsilon) {

# Train
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model <- svm(Class ~ ., data = train_data, cost = cost, gamma = gamma, epsilon = epsilon, type = "C-
classification", kernel = "radial")

# Test

prediction <- predict(model, test data)

acc <- sum(prediction == test_data$Class)/nrow(test_data)

return (acc)
}
# Fitness function (to be maximized)
# Parameter vector x is: (cost, gamma, epsilon)
fitnessFunc <- function(x, Lst CV_Data) {

# Retrieve the SVM parameters

cost_val <- x[1]

gamma_val <- x[2]

epsilon_val <- x[3]

# Use cross-validation to estimate the RMSE for each split of the dataset

rmse_vals <- sapply(Lst CV_Data, function(in_data) with(in_data, evalParams(train_data, test data, cost_val,
gamma_val, epsilon_val)))

# As fitness measure, return minus the average rmse (over the cross-validation folds),

# so that by maximizing fitness we are minimizing the rmse

return (-mean(rmse_vals))
H
# Range of the parameter values to be tested
# Parameters are: (cost, gamma, epsilon)
theta_min <- c¢(cost = le-4, gamma = le-3, epsilon = 1e-2)
theta_max <- ¢(cost = 100, gamma = 2, epsilon =2)
# Run the genetic algorithm
results <- ga(type = "real-valued", fitness = fitnessFunc, Ist CV_data, names = names(theta_min), min =
theta_min, max = theta_max, popSize = 100, maxiter = 100)

summary(results)

#MsSMUNdIsanes nuE e AnmAe S FFUS I TN Ry duk
library("e1071")

library("sampling")

library("'SamplingStrata")

Data <- read.csv("D:/Rtmp/dataset_for PHD/heart disease dataset/HD default.csv")
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#Function Split Data
#split data into train and test
set.seed(0)
stsampling <- function(X,target,test) {
output <- list()
idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID_unit
output$train <- X[idtrain,]
output$test <- X[(idtrain*-1),]
return (output)
H
#Sprit Train-Test
dataSplit <- stsampling(Data,"Class",0.30)
datatrain <- dataSplit$train
datatest <- dataSplitS$test
#create model with SVM
model <- svm(Class ~ ., data = datatrain, cost =4.319116, gamma = 0.182505, epsilon = 0.012312, type = "C-
classification", kernel = "radial")
#Predict model with test set
prediction <- predict(model, datatest)
#confusion matrix
table(prediction, datatest$Class)
#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

pgatoyadunsIis

#ﬂ”liiﬁll,uﬂﬁ’)ﬂélﬁﬂ’E)%ﬁﬂ“ff’WWE‘)%m’Jﬂm@gLLiﬂf%u#

library("e1071")

library("sampling")

library("'SamplingStrata")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/indian_liver patient dataset/IndianLiverPatientDataset.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)
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trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, |

datatest <- Data[-trainIndex, |
table(datatrain$Class)
table(datatest$Class)

#create model with SVM

model <- svm(Class~., data = datatrain)
#Predict model with test set

prediction <- predict(model, datatest)
#confusion matrix

table(prediction, datatest$Class)
#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#MsvuUnAIedanes iudnnesannmeSuurBusiumsguantoyannaaadLIng
library("e1071")

library("sampling")

library("'SamplingStrata")

library("ROSE")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/indian_liver patient dataset/IndianLiverPatientDataset.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)

head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)

#balance Data

balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 232, seed = 1)$data

table(balancedata$Class)




114

#create model with SVM

model <- svm(Class~., data = balancedata)
#Predict model with test set

prediction <- predict(model, datatest)
#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

smasuundresanes nudwwosannmesiusdus mwiumsguiudoyannamadioos
library("e1071")

library("sampling")

library("SamplingStrata")

library("ROSE")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/indian_liver patient dataset/IndianLiverPatientDataset.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)

head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)

#balance Data

balancedata <- ovun.sample(Class~., data = datatrain, method = "over", N = 580, seed = 1)$data
table(balancedata$Class)

#create model with SVM

model <- svm(Class~., data = balancedata)

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)
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#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#mssuunaIedanes nudnnesannmeSuuaBusmiumsdunsiziveyannamadIuioes
library("e1071")

library("sampling")

library("SamplingStrata")

library("DMwR")

library("ROSE")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/indian_liver patient dataset/IndianLiverPatientDataset.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)

#balance

balancedata <- SMOTE(Class ~ ., datatrain, perc.under=250, perc.over = 100)
table(balancedata$Class)

#create model with SVM

model <- svm(Class~., data = datatrain)

#Predict model with test set

prediction <- predict(model, datatest)

#confusion matrix

table(prediction, datatest$Class)

#accuracy

sum(prediction == datatest$Class)/nrow(datatest)

#M3TwUNAIeeanes oA H

library("e1071")
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library("sampling")

library("SamplingStrata")

library("ROSE")

library("adabag")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/indian_liver patient dataset/IndianLiverPatientDataset.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, ]

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)

#create model

datatrainboots <- boosting(Class~., data = datatrain, mfinal = 10, control = rpart.control(maxdepth = 1))
#prediction

prediction <- predict(datatrainboots, datatest)

#confusion matrix

prediction

#MITMUNA I8 anes U A a4
library("e1071")
library("'sampling")
library("SamplingStrata")
library("ROSE")
library("adabag")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/indian_liver patient dataset/IndianLiverPatientDataset.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)




117

trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)

head(trainIndex)

datatrain <- Data[trainIndex, |

datatest <- Data[-trainIndex, |

table(datatrain$Class)

table(datatest$Class)

#balance Data

balancedata <- ovun.sample(Class~., data = datatrain, method = "under", N = 232, seed = 1)$data
table(balancedata$Class)

#create model

datatrainboots <- boosting(Class~., data = balancedata, mfinal = 10, control = rpart.control(maxdepth = 1))
#prediction

prediction <- predict(datatrainboots, datatest)

#confusion matrix

prediction

#mimﬂ'mmﬁmaﬁ“ﬁmm:auﬁ’am?uﬂau?‘%@qﬁu‘qnﬁuﬁﬁmsémﬁu“lmj#
library("e1071")

library("sampling")

library("'SamplingStrata")

library("DMwR")

library("ROSE")

library("GA")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/indian_liver patient dataset/IndianLiverPatientDataset.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainIndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex, |

datatest <- Data[-trainIndex, ]

table(datatrain$Class)

table(datatest$Class)
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#balance Data
underdata <- ovun.sample(Class~., data = datatrain, method = "under", N = 319, seed = 1)$data
table(underdata$Class)
balancedata <- SMOTE(Class ~ ., underdata, perc.under=234, perc.over = 75)
table(balancedata$Class)
# Setup the data for cross-validation
K =5 # 5-fold cross-validation
fold inds <- sample(1:K, nrow(balancedata), replace = TRUE)
Ist CV_data <- lapply(1:K, function(i) list(train_data = balancedata[fold inds !=1i,, drop = FALSE], test_data
= balancedata[fold_inds == i, , drop = FALSE]))
# Given the values of parameters 'cost', 'gamma’' and 'epsilon’, return the rmse of the model over the test data
evalParams <- function(train_data, test_data, cost, gamma, epsilon) {

# Train

model <- svm(Class ~ ., data = train_data, cost = cost, gamma = gamma, epsilon = epsilon, type = "C-
classification", kernel = "radial")

# Test

prediction <- predict(model, test_data)

acc <- sum(prediction == test_data$Class)/nrow(test data)

return (acc)
H
# Fitness function (to be maximized)
# Parameter vector x is: (cost, gamma, epsilon)
fitnessFunc <- function(x, Lst CV_Data) {

# Retrieve the SVM parameters

cost_val <- x[1]

gamma_val <- x[2]

epsilon_val <- x[3]

# Use cross-validation to estimate the RMSE for each split of the dataset

rmse_vals <- sapply(Lst_ CV_Data, function(in_data) with(in_data, evalParams(train_data, test_data, cost_val,
gamma_val, epsilon_val)))

# As fitness measure, return minus the average rmse (over the cross-validation folds),

# so that by maximizing fitness we are minimizing the rmse

return (-mean(rmse_vals))
}

# Range of the parameter values to be tested
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# Parameters are: (cost, gamma, epsilon)

theta_min <- ¢(cost = le-4, gamma = le-3, epsilon = le-2)

theta max <- c¢(cost = 100, gamma = 2, epsilon = 2)

# Run the genetic algorithm

results <- ga(type = "real-valued", fitness = fitnessFunc, Ist CV_data, names = names(theta_min), min =
theta_min, max = theta_max, popSize = 100, maxiter = 100)

summary(results)

#miﬁmuﬂﬁ}aﬂ’é”aﬂ@?ﬁm‘?wwai{maﬂmaﬁm%%uﬁ’aawwﬁﬁmagﬁmmzan#
library("e1071")

library("sampling")

library("SamplingStrata")

library("DMwR")

library("ROSE")

library("GA")

library("caret")

Data <- read.csv("D:/Rtmp/dataset_for PHD/indian_liver patient dataset/IndianLiverPatientDataset.csv")
table(Data$Class)

#Function Split Data

#split data into train and test

set.seed(3456)

trainlndex <- createDataPartition(Data$Class, p = 0.7,list = FALSE, times = 1)
head(trainIndex)

datatrain <- Data[trainIndex,]

datatest <- Data[-trainIndex, |

table(datatrain$Class)

table(datatest$Class)

#balance Data

underdata <- ovun.sample(Class~., data = datatrain, method = "under", N = 319, seed = 1)$data
table(underdata$Class)

balancedata <- SMOTE(Class ~ ., underdata, perc.under=234, perc.over = 75)
table(balancedata$Class)

#create model with SVM

model <- svm(Class ~ ., data = balancedata, cost = 9.0821964 , gamma = 0.0154112 , epsilon = 1.0846983,

type = "C-classification", kernel = "radial")
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#Predict model with test set
prediction <- predict(model, datatest)
#confusion matrix

table(prediction, datatest$Class)
#accuracy

sum(prediction == datatest$Class)/nrow(datatest)
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A COMPARATIVE STUDY OF TIME SERIES CLASSIFICATION
BY USING DECISION TREE AND SUPPORT VECTOR MACHINE

Keerachart Suksut*, Nittaya Kerdprasop, Kittisak Kerdprasop
School of Computer Engineering, Suranaree University of Technology, Thailand

ABSTRACT

Time series analysis can be used to forecast
future events. There are many techniques for
classifying time series data such as CTREE, Random
Forest, and SVM. In this research, we perform a
comparative study in terms of accuracy and time
usage for classification with CTREE, Random
Forests, and SVM. From the result we found that
SVM has higher accuracy than Random Forests and
CTREE respectively. CTREE can classify faster than
SVYM and Random Forests, respectively. We also
applied Discrete Wavelet Transform (DWT) to extract
features and classify with CTREE, Random Forests,
and SVM. We found that with DWT Random Forests
can classify better than SVM and CTREE. In terms of
time usage, we found that CTREE can classify faster
than Random Forests, and SVM respectively.

1. INTRODUCTION

At present, business is often highly competitive
since there are many new companies. By different
companies competing for their efforts as one oras a
leader of the company, and is known as a successful
business or organization will need to plan for the
future. In general, it will use statistical knowledge to
apply to their business or organization.

In planning to forecast future events can have a
many technigues. Popular techniques, using time
series analysis Such as the daily closing value of the
Dow Jones industrial average or used to predict air
travel in the next two years.

Time series analysis can be applied to many
field. Wong, et al. (2014), propose blind biosignal
classification model for automatically identify the type
(ECG, EEG, EMG or others) of a blind biosignal, and
thus can classify a disease or symptom without
knowing the type of the source biosignal. Roumani,
et al. (2015), propose model for predict the number
of vulnerabilities using time series models and to find
whether vulnerabilities have trends, levels, and
seasonality components.

In this research, we show comparative time
series classification with different technique (CTREE,

Random Forests, and Support Vector Machine) in
term of accuracy and time usage.

2. BACKGROUND
2.1 Time Series

Time series data are data that has relation with
time such as the daily closing value of the Dow Jones
industrial average. Time series data may be in the
manner which the annual data,quarterly or monthly.
This all depends on the proper implementation of the
benefits.

Time series are used in many fields such as
statistics, signal processing, pattem recognition,
mathematical finance, weather forecasting and
earthquake prediction (Hamilton & Douglas, 1994).

Elements of time series consists of four
parts(trend, season, cyclical, iregular component)
(Brockwell, et al., 2008).

- Trend is data changes are smoaoth straight line
or curve in the increase or decrease. The value trend
of the data movement in a relatively long period.

- Season is data changes are an increase or
decrease in the same manner of the period, one that
certainly. Also called seasonal changes.The unit of
time may be for hourly, daily, weekly, monthly,
quarterly, annual data no seasonal
variation.Seasonal changes that define the duration
of a single iteration in past quite certainly.

- Cyclical are similarities to the seasonal
changes. The different is that changes in cycles, each
cycle takes longer.

- Irregular component is the change of time
series of events that we can not predict such as
earthquake, flood or fire.

2.2 Classification Method

2.2.1 Decision Tree Classification

Decision tree are more technigues to classify
such as lterative Dichotomiser 3 (id3), successor of
ID3 (C4.5), Classificaton And Regression Tree
(CART), Conditional Inference Trees (CTREE),
Random Forest efc. In this research we used CTREE
and Random Froests to classify time series data.
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CTREE (Hothorn, et al., 2008) is a non-
parametric class of regression trees embed tree-
structured regression models into a well defined
theory of conditional inference procedures. Ctree
recursive partitioning for continuous, censored,
ordered, nominal and multivariate response variables
in a conditional inference framework.

Random forests (Svetnik, et al., 2003) improve
predictive accuracy by generate a large number of
bootstrap trees (based on random sample of
variable), classify a case by use each tree in this new
forest, and decide a final predict outcome by
combining the results across all of the trees (an
average in regression, a majority vote in
classification).

2.2.2 Support Vector Machine Classification

SVM (Support Vector Machine) algorithm (Cortes
& Vapnik, 1995) is algorithm for classify that has been
widely applied to many fields. The concept of SVM
are to provide input on practice as a vector in space
N dimension, then create hyperplane to separate
groups of input vector into various class example for
separate data into two class show in figure 1.

OO OO o perplane
A A
A AA

Figure 1. Hyperplane for separate data two
dimension.

2.3 Extracted Features

2.3.1 Discrete Wavelet Transform

Wavelet transform (Burrus, et al., 1998) is a
mathematical process to describe the structure of the
signal system that contain multiple individual signals
combined into one signal by signal, the signal is only
a small wave called "wavelet”. It is a wave that is
changing continuously.

The format of the wavelet transform. In general,
it can be divided into two types of wavelet (continuous
wavelet transform and discrete wavelet transform).

- Continuous wavelet transform formats are
similar to the signal analysis for every value of the
frequency.

- Discrete wavelet transform (DTW) is the
wavelet transform with analysis features by
developing patterns to scale and position in a range
of not continuous.

In this research we use Discrete Wavelet
Transform to extract features from time series and
create classification model.

3. METHODOLOGY

Researchers have designed the process of the
comparative time series classification with different
techniques as show in figure 2.

Create model with CTREE,
Random Forest, SVM and
extract feature technique

}

Classification with
test data

}

Comparative accuracy
and time usage

v

Test Data
N

Figure 2. A research framework.

In create model process, we split task into two
part, the first part we create model with train data by
using CTREE, Random Forests and SVM. Second
part we create model with applied Discrete Wavelst
Transform to extract features from train data and
create model by using CTREE, Random Forest and
SVM.

In classification process, we used test data for
the evaluation of the aceuracy and time usage.

4, EXPERIMENTION AND RESULTS
4.1 Dataset

Our experiment used synthetic control chart time
series, japanese vowels and spoken arabic digits
from UCI machine learning repository.

- synthetic control chart time series dataset has
600 instances with 60 attributes and the target class
has 6 class show in figure 3.
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figure 3. class of synthetic control chart time series
dataset (a) Normal, (b) Cyclic, (c) Increasing trend,
(d) Decreasing trend (e) Upward shift and
(f) Downward shift.

- japanese vowels dataset has 9,684 instances
with 12 attributes and the target class has 10 class
but in this research we used 3,005 instances with 12
attributes classify with 3 class (speaker 1, speaker 2,
speaker 3) The target class show in figure 4.
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figure 4. class of japanese vowels dataset (a)
Speaker 1, (b) Speaker 2, (c) Speaker 3.

- spoken arabic digits dataset has 359,118
instances with 13 attributes and the target class has
10 class but in this research we used 5,288 instances
with 13 attributes classify with 2 class (male speaker,
female speaker) because this dataset have large
data and out of memory. The target class show in
figure 5.
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figure 5. class of spoken arabic digits dataset
(a) Male speaker, (b) Female speaker.

4.2 Classification Result

In this section, we used 3 classification technigue
(CTREE, Random Forest, Support Vector Machine).
The result show accuracy between classify with
original data and used dynamic time warping before
classify of each classification technigue.

4.2.1 Classification result

Table 1. Comparative accuracy and time usage of
synthetic control chart time series dataset.
CTREE RF SVM

Acc. | Time | Acc. | Time | Acc. | Time
Ori | 8000 | 041 [9779 | 073 | 983 | 088

DTW | 8778 | 3.2 |9611 | 3.35 | 70.0 | 383
“ori = original data, DTW = dynamic time warping, Acc = accuracy,
RF = random forest, SVM = support vector machine

From table 1. show the comparative accuracy
and time usage for synthetic control chart time series
dataset. It can be seen that when we create model
with train data and classifying with different
classification technigue, in term of accuracy we found
that SVM (98.30%) can classify better than Random
Forest (97.79%) and CTREE (80.00%) respectively.
In terms of time usage we found that CTREE (0.41s)
can classify faster than Random Forest (0.73s) and
SVM (0.88s) respectively. And when we create
model with applied DTW to extract features from train
data and classifying with different classification
technigue, in terms of accuracy we found that with
DTW Random Forest (96.11%) can classify more
than CTREE (87.78%) and SVM (70.00%)
respectively. In terms of time usage we found that
CTREE (3.20s) can classify faster than Random
Forest (3.35s) and SVM (3.83s) respectively.

4.2.2 Classification japanese vowels
Table 2. Comparative accuracy and time usage of
japanese vowels dataset.
CTREE RF SVM
Acc. | Time | Acc. | Time | Acc. | Time

Ori | 9249 | 028 | 9650 | 107 | 9758 | 036
DTW | 8682 | I8 |0243 | 022 | 9541 | 608

*ori = original data, DTW = dynamic time warping, ACC = accuracy,
RF = random forest, VM = support vector machine

From table 2. show the comparative accuracy
and time usage for japanese vowels dataset. It can
be seen that when we create model with train data
and classifying with different classification technigue,
in terms of accuracy we found that SYM (97.58%)
can classify better than Random Forest (96.50%) and
CTREE (92.49%) respectively. In terms of time usage
we found that CTREE (0.28s) can classify faster than
SVM (0.36s) and Random Forest (1.07s)
respectively. And when we create model with applied
DTW to extract features from train data and
classifying with different classification technigue, in
terms of accuracy we found that SVM (95.41%) has
higher accuracy than Random Forest (92.43%) and
CTREE (86.82%) respectively. In terms of time usage
we found that CTREE (7.80s) can classify faster than
SVM (8.08s) and Random Forest (9.22s)
respectively.
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4.2.3 Classification spoken arabic digits
Table 3. Comparative accuracy and time usage of
spoken arabic digits dataset.
CTREE RF SVM

Acc. | Time | Acc. | Time | Acc. | Time
Ori | 6896 | 06 | 7463 | 315 | 7155 | 223

DTW | 69.29 | 14.26 | 80.79 | 17.05 | 79.69 | 17.86
“ori = original data, DTW = dynamic fime warping, Acc = accuracy,
RF = random forest, SVM = support vector machine

From table 3. show the comparative accuracy
and time usage for spoken arabic digits dataset. It
can be seen that when we create model with train
data and classifying with different classification
technique, in terms of accuracy we found that SVM
(77.55%) has higher accuracy than Random Forest
(74.63%) and CTREE (68.98%) respectively. In
terms of time usage we found that CTREE (0.60s)
can classify faster than SVM (2.23s) and Random
Forest (3.15s) respectively. Then we create model
with applied DWT to extract features from train data
and classifying with different classification technique,
in terms of accuracy we found that Random Ferest
(80.79%) can classify better than SYM (79.65%) and
CTREE (69.29%) respectively. In terms of time usage
we found that CTREE (14.26s) can classify faster
than Random Forest (17.05s) and SVM (17.86s)
respectively.

5. CONCLUSIONS

In this research, we show comparative in terms
of accuracy and time usage for time series
classification with CTREE, Random Forest, and
SVM. In terms of accuracy we found that SVM can
classification better than Random Forest and CTREE
respectively. In term of times usage we found that
CTREE can classify faster than SYM and Random
Forest respectively.

We use Discrete Wavelet Transform (DWT) to
extract features and create model we found that
when we used extract features technigue can
increase accuracy for some dataset and some
classification technigue but as a result, it take more
time. In terms of accuracy we found that with DTW
Random Forest has higher accuracy than SVM and
CTREE respectively. In term of times usage we found
that CTREE can classify faster than Random Forest
and SVM respectively.
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ABSTRACT

The objective of data mining that applies automatic learning technique to
induce classification model is to apply the model to predict class of the new data with
unknown type. Currently, data classification with_support.vector machine is gaining
popularity due'to high classification accuracy of the induced model. In this paper, we
propose a new technique to improve classification accuracy of the support vector
machine. The improvement is achieved through the incorporating of genetic algorithm
with restarting concept. The restarting genetic algorithm can help support vector
machine by leaming an appropriate set of parameters. The power of the proposed
classification technique is demonstrated through its application for image-based forest
type classification over the forest area in Japan. We use the satellite image data from
the ASTER satellite. The results show that the proposed technique can classify the
forest types with higher accuracy than the traditional techniques (default parameter).

KEY WORDS: Data mining, data classification, support vector machine, restarting genetic
algorithm
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Parameter Optimization for Mammogram Image
Classification with Support Vector Machine

Keerachart Suksut, Ratiporn Chanklan, Nuntawut Kaoungku, Kedkard Chaiyakhan,
Nittaya Kerdprasop, Kittisak Kerdprasop

Abstract— Breast cancer is the malignant tumor occurred
mosily in women. Even though breast cancer can be fatal, the
patient’s survival rate could be as high as 90% if it is detected
at the early stage of development. Mammography, ultrasound,
and magnetic resonance imaging are examples of screening test
for breast cancer. However, to precisely and correctly interpret
these images, the medical expertise of radiologists is essential.
At present with the matured machine learning techniques,
compuierized methods can be applied to assist tumor
diagnosis, such as the classification between benign and
malignant types of tumor. We present in this paper the image-
preprocessing and the optimized parametric technigues to help
improving accuracy of benign-malignant cassification from
mammogram images. For the image-preprocessing, we used
median filier for noise reduction and gamma correction for
image brighiness adjusiment. We also uwsed region growing
technique to find the region of interest, then we extracted three
groups of potentially discriminative features: texture feature,
shape feature, and intensity histogram feature. After the
image-preprocessing, we performed parameter optimization
using genetic algorithm prior to the classification done by
support vector machine. The results showed thar with the
appropriate feature selection and the optimal parameter
adjustment, the support vector machine can improve iis
accuracy from 89.47% into 92.98% for mammogram image
classification.

Index Terms— Parameter Opiimization, Genetic Algorithm,
Mammogram Images Classification, Support Vector Machine.
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L INTRODUCTION

Among diagnosed cancers in women, breast cancer 15 the
most prominent type and it can be deadly. Usually, early
tumor diagnosis can improve survival rate and help the
preparation  for appropriate treatment. Breast cancer
detection can be done through the ultrasound screening [1],
magnetic resonance imaging [2], and mammography [3].
The background knowledge for screening cancerous cases is
that for the benign (or non-harmful) cases, tumor shapes are
regularly round and smooth. On the contrary, for the
malignant (or harmful) breast cancer cases, tumors tend to
demonstrate irregular and undulated shapes [4].

During the last years, many researchers used
mammogram images for breast cancer diagnosis. However,
the mammogram images always have noise. The effect of
noise is that it can blur some important parts in the images
(some points or pixels in images that are normal tissue
might look like tumor).

Currently, there are many techniques for de-noise
(remove noise) such as image enhancement [5], 1mage
segmentation [6], and image feature extraction [7]. It can
improve the accuracy for classifying between benign and
malignant tumors.

At present, there are many efficient automatic techniques
for classification such as decision tree leaming, artificial
neural network, support vector machine, and many more.
Among the existing techniques, support vector machine is
generally the most accurate one. If we apply techniques for
de-noising and then adopt support vector machine algorithm
with the optimized parameters for classification, it can
mtuitively improve performance of mammogram image
classification.

In this paper, we thus propose parameter optimization for
support vector machine to classify mammogram image. The
goal of this research is to improve the breast cancer
classification performance. We apply genetic algorithm for
parameter optimization (parameters C, epsilon, and gamma
to be used in the support vector machine). We pre-process
the images by de-noising with the median filter technique,
adjusting image intensity with the gamma comection
technique, then finding the region of interest to choose only
the potential area for cancerous cell detection with region
growing technique, and finally performing feature extraction
to contain texture feature, shape feature, and intensity
histogram.
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[I. MATERIALS AND METHODS

A. Median Filter

The intuitive idea of median filter is that some pixels in
the image may contain noise and this noise can be detected
through its extreme value that does not get along with the
surrounding pixels. The median filter method [8] to handle
noisy pixel i1s thus to create a small window frame for
normalizing a specific pixel value within that frame (in this
work, we set the size of a window to be 3x3 pixels). During
the filtration process, a small window 1s moved along the
pixel grid within the image. At each position of a window
frame, all the pixel values (i.e., nine values for our 3x3
frame) within the frame are sorted. The median pixel value
is then used to replace the existing pixel value. Example of a
median filter process is illustrated in fig 1.

B. Gamma Correction

Gamma correction [9] can enhance the contrast of the
image. It has value between 0 to 1, where 0 means darkness
(black color) and 1 means the brightness (white color).
Given the parameter y as the encoding or decoding value,
we can compute the value of gamma correction with the
formula given in equation (1).

Corrected = 255 + (%)@ 1)

Note that if y > 1, it is called a decoding gamma in which
the shadow in that image will be set darker. Fory <1, 1t is
called an encoding gamma and will be used to make the
dark region to be lighter.

C. Region Growing

Region growing [10] is applied to choose only specific
are of interest by merging surrounding areas with similar
intensity. The process starts by setting the seed point, which
1s normally the middle point (or middle pixel) in the image
and then compare the intensity value of that point with the
intensity values of the neighbor pixels. If the values are in
the same class, we then increase the size of the region.
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Fig 1. Demonstration of the median filter process

When the growth of one region stops, we then select another
seed pixel outside the area previously processed.

D. Texture Feature

Texture feature [11] can help to identify the object in the
image. Texture in the image can describe the physical
properties (such as shape, curve) and can help to split
different objects n an image. We can find texture feature
with Grey Level Co-occurrence Matrix ( GLCM).

E. Intensitv Histogram Feature

Intensity histogram feature is used for describing the
properties of the image. In this work, we consider four
statistical features that can be obtained from the histogram.
These statistics are mean, variance, skewness and kurtosis.

Mean is an average intensity level. Vanance is the
variation of intensities around the mean. Skewness 15 the
indicator whether the histogram is symmetric, and kurtosis
is a measure of whether the data are peak.

Given that G be the image gray scale level and P be the
probability level of gray scale, the mean (L), variance [0'2),

skewness (§), and kurtosis (K) can be computed with
formulas given in equations (2) to (5), respectively.

w=YtiP() @
o? = Y Hi— w2P() 3)
s= a3 YO i - wP(i) )
k = a* T - w*P(D) )

F. Shape Feature

Shape feature [12] can help to identify the object in the
image by using shape of object within the image. Shape can
differentiate between benign and malignant cases because
benign tumors have smooth shapes and regularly round but
malignant breast tumors tend to demonstrate irregular and
undulated shapes. So, we can classify the object in image by
compute the distance between center point in tumor and its
edge. For a number of computed distances, if the values do
not change or there is only a few change, we can predict that
that image is a benign tumor. But if the distance values
show much fluctuation, we can predict that the image is
malignant tumor.

G. Genetic Algorithm

Genetic algorithm [13-14] is an algonithm to find the
solution with adaptive heuristic search based on the
evolutionary charactenistic of nature. Genetic algorithm
combines the concept of random search space and compares
the randomly selected solutions based on some fitness
function, and then selects the better solution. The simple
genetic algorithm is shown in fig 2.
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Fig 2. Flowchart for simple genetic algorithm.

From fig 2, we can describe genetic algorithm with 5
main steps. Step | 15 setting the imitial population; it is
normally a random selection. Step 2 is defining the fitness
function; it is used for evaluating the fitness of each
population or chromosome. Step 3 is applying the genctic
operation; the operation can be either selecting the
chromosome or population with random selection, crossing
over two parent chromosomes to create better offspring, or
nutating a chromosome with randomly selected point. Step
4 is replacing individual in the population; it is the
replacement of the old chromosome (parent chromosome or
parent population) with the new generation. Step 5 1s
checking for stop criterion; it is a check point for whether to
end the process such as stop the process when it has created
the new generation over 3 generations.

H. Support Vector Machine

Support Vector Machine (SVM) [15] is a machine
learning algorithm for classifying different classes of
objects. SVM has been widely applied to many fields. SVM
is a supervised leaming machine in that it requires a class
attribute for guiding the learning process to build a model
that can classify objects with mixing classes correctly. The
main concept of SVM is the generation of the optimal
hyperplane that can separate the objects such that objects
with the same class form themselves as a group, whereas
objects in different classes should be in a different group.
The hyperplane is called an optimal one if such plane can
separate classes with the most distance between each class.
Fig 3 shows an optimal hyperplane with a dashed line and
the two classes in the figure are positive (represented as 1)
and negative (-1). To use the hyperplane as a model to
classify objects, the formula given in equation (6) can be
applied.

wix+b >1,wheny;=+1 )
wix+b < 1,when yi=-1

where

X 1% data vector,
w is weight vector,

Fig 3. Optimal hyperplane

b is bias, and
yis a class.

To apply support vector machine for the classification
task, users have to set three important parameters (C,
epsilon, and gamma). Parameter C 1s to control the cost for
muss-classification. This parameter is used to control the
influence of each individual support vector (i.e., the data
points on the borderlines which are up and below the
optimal hyperplane in fig 3). Setting the C parameter
involves trading error penalty for stability. Parameter
epsilon 1s used to fit the training data. It controls the width
of the epsilon-insensitive zone. The value of epsilon can
affect the number of support vectors that are used to find the
optimal hyperplane. Parameter gamma is the kemnel
parameter of the Gaussian radial basis function.

The small gamma implies that the leamed model wall
have the large margin; the hyperplane has large distance
between two class borderlines and more flexibility in data
classification. The large gamma means that learned model
will have small margin; the hyperplane has small distance
between two class borderlings and thus no flexible in new
data classification (may cause overfitting).

Il PROPOSED WORK

In the proposed work, we have designed the process of
parameter optimization with genetic  algonithm  for
mammogram image classification with the support vector
machine as shown in fig 4.

From fig 4. We can describe our proposed framework as
follows. For pre-processing images, we used median filter
method for de-nosing, the output from this process is clearer
image without noise. After that, we use gamma correction to
enhance contrast of the image, the output from this step is
sharp image such that the tumor area has lighter intensity
and density than the original image. For segmentation
process, we use region of interest technique for choosing
only region of interest. The output of this process is the
smaller image than the original one. A small size means the
reduction in dimension to contain only discriminative
regions. For feature extraction process, we extract feature
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Fig 4. Flowchart of proposed framework for mammogram
image classification.

with three techniques (texture feature, shape feature, and
intensity histogram feature). The output of this process is the
data that extract properties of images (shape, texture, mean,
vanance, etc.). Then we split the data from previous process
into 2 parts. The first part (70% of all data) has been used to
find parameter C, epsilon, and gamma with genetic
algorithm. This first part of data 15 also used to create a
classification model with support vector machine. The
second part (30% of all data) has been used for performance
evaluation of the learned model.

In genetic algorithm process, we define parameter control
for genetic algorithm as follows:

Population size = 100

Iteration (number of generation) = 100
Probability of crossover = 0.8
Probability of mutation = 0.01

Cin the range: 10 <C< 10

Epsilon in the range: 107 < epsilon <2
Gamma in the range: 107 < gamma <3

TP+TN

Fitness function = Accuracy =

where
TP 15 number of true predicted benign cases,
TN is number of true predicted malignant cases, and
N is number of all data that are used to test model.

The output of genetic algorithm 1s the three parameters
that are optimal ones for SVM. After that, we use the

optimal parameter to create model with SVM. Finally, we
evaluate performance model to assess its accuracy by using
the test data. We finally compare the SVM performance
with different set of input features.

IV. EXPERIMENTAL RESULTS

For experimentation, we use data set from the Digital
Database for Screening Mammography (DDSM) with 190
images (benign 80 images, nalignant 110 images) and split
data into two parts with 133 images (70% of all data) used
for creating a model and finding optimized parameters; we
call this data set as “training set”. We use 57 images (30%
of all data) for evaluating the performance of classification
model; we call this data set as “testing set™. This work has
been implemented with MATLAB and RStudio. We run our
experiments on a core 13/3.50 GHZ computer with 12 GB of
RAM. The details of data after extracting features by using
texture feature, shape feature, and intensity histogram are
shown in Table 1.

In the classification process, we also compare between
different sets of input features that used as input to the
support vector machine. We test different combinations of
texture feature, shape feature, intensity histogram feature,
and the optimized parameter with genetic algonthm for
support vector machine. The accuracies of SVM after
applying different combinations of input features are shown
in Table 2.

From table 2, it can be seen that the adjusted optimal
parameters for support vector machine combined with
techniques to extract only important features including
texture feature, shape feature, and intensity histogram
altogether can improve the performance for mammogram

Table 1. Detail of data set

Feature Extraction | # Training | # Testing #
Techniques set set Features
Texture + Shape + 133 57 21
Intensity Histogram
Shape + Intensity 133 57 6
Histogram
Texture + Shape 133 57 17
Texture + Intensity 133 57 20
Histogram
Table 2. Classification results

Feature Extraction Technigques Accuracy
Texture + Intensity Histogram 81.58%
Texture + Shape 85.26%
Shape + Intensity Histogram 87.37%
Texture + Shape + Intensity Histogram 89.47%
Texture + Shape + Intensity Histogram + | 92.98%
Optimized Parameter for SVM with Genetic
Algorithm
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image classification from the 81.58% accuracy level at
§1.58% up to the 92.98%. The classification by SVM using
only the extracted features (i.c., the texture feature, shape
feature, and intensity histogram) can obtain the highest
accuracy at 89.47%. The experimental results show that
with an extra steps of optimal parameter adjustment through
genetic algorithm, the support vector machine shows an
improve performance (from 89.47% to 92.98%) for
classification mammogram images.

V. CoNCLusioN

Breast cancer is the major type of dangerous tumors
mostly occurred in women and causes numerous deaths in
the developing countries. Early detection of malignant
breast cancer cases is, more or less, expected to help the
appropriate preparation for successful treatment. Breast
cancer can be screened with ultrasound imaging, magnetic
TesONance, or MAMMOEram imaging.

In this work, we propose a framework for automatic
classification of malignant breast cancer, the harmful one,
from the benign cases, the non-harmful. According to our
framework of breast cancer classification with mammogram
image, the first step is the noise removal from the
mammogram image and the image intensity enhancement.
Median filter and gamma correction are the two techniques
to de-noise and to enhance contrast of the image,
respectively. Region growing technique is then applied to
select only area or region of interest. In our work, it is the
image regions that are anticipated to contain tumor cells.

We then apply image feature extraction to obtain only
important features suitable for the subsequent classification
model leaming step. The prominent features are texture
feature, shape feature, and intensity histogram contaiming
statistical information including mean, variance, skewness,
and kurtosis. Another important step in our framework 1s the
application of the genetic algorithm to find the optimal
parameters (cost, epsilon, and gamma) for training the
support vector machine. The experimental results show that
the parameter optimization through pgenetic algonithm
technique can obviously improve the SVM performance for
mammogram image classification; it is better than using the
default parameters.
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Support Vector Machine with Restarting Genetic
Algorithm for Classifying Imbalanced Data

Keerachart Suksut, Kittisak Kerdprasop and Nittaya Kerdprasop

Abstract—Algorithms for data classification are normally at
their high performance when the dataset has good balance in
which the number of data instances in each class is
approximately equal. But when the dataset is imbalanced, the
classification model tends to bias toward the majority class. The
goal of imbalanced data classification is how to improve the
performance of a model to better recognize data from minority
class, especially when minority is more interesting than the
majority data. In this research, we propose techmique for
balancing data with hybrid resampling techniques and then
perform parameter optimization with restarting genetic
algorithm. The optimized parameters are for support vector
machine to induce efficient model for recognizing data in
minority class, whereas maintaining overall accuracy. The
experimental results show that the proposed technigue has high
performance than others.

Index Terms— Imbalanced Data, Restarting Genetic
Algorithm, Support Vector Machine

I. INTRODUCTION

Currently, data mining has been applying to many fields.
The concept of data mining is to find the knowledge from the
stored information and database. Knowledge can be a pattern
or relationship that is hidden in the data. The knowledge
extraction can be done with mathematical method, statistics
or other computational methods [1). There are many types of
data mining such as data classification, association rule
mining, clustering, forecasting, and other analysis tasks.

Techniques in the data classification include artificial
neural network (ANN), decision tree, naive Bayes, support
vector machine (SVM), and many more. The concept of
ANN is simulating computer to resemble the human brain,
which can learn as a human learns. The idea of decision tree
induction for data classification is to partition data into
subsets using tree as a data structure to store data subsets. The
nodes in a tree represent data attributes used for partitioning
data into subsets and the leaf nodes are classes of data. The
concept of naive Bayes is to use the probability to classify the
data. Main concept of SVM 1s creating the hyperplane for
separating data with high distance between groups of data.
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SWM has recently gained popularity due to its overall high
performance on classifying both balanced and imbalanced
data [2], [3]. However, recognition rate over minority class is
still low.

To improve the algorithm on classifying minority, some
techniques to properly adjust learning parameters have been
proposed. For instance, Yin et al. [4], Jamshidi et al. [5] and
Shiff et al. [6) applied genetic algorithm to learn optimal
parameter values. But the problem of genetic algorithm is
that sometime the algorithm cannot find the best parameter
due to improper setting of a random initial value. In addition,
most classification algorithms work effectively when the data
is balanced. In this research, we thus propose techniques for
balancing data and then optimizing parameters with
restarting genetic algorithm for the subsequent application of
SVM learning algorithm.

II. BACKGROUND THEORIES

A. Data Sampling

Data sampling is a pre-processing step of classification to
balance amount of data in each class. The two major
sampling approaches to balance data are under sampling and
over sampling. Under sampling is a technique of down
sampling that reduce the amount of data in the majority class
to be in the same proportion as the number of data in the
minority class [7). The basic idea is shown in fig. 1.

Over sampling, on the contrary, 15 the up-sampling
technique in the sense that data i the minonty class is
increased to be in the same amount of data in other classes.
Sampling data from minonity class can be either the repeated
selection of data from the minonty class, or the generation of
data points based on some eriteria.

SMOTE technique [8] applies the later scheme by creating
a synthetic data by measuring the distance from the sample
data to the nearest data point and then randomly create new
data. The new data are created within the distance computed
as in equation (1):

N, = 0, + (Rand[0,1] * dist(x,y,..,2)) (1)

where Npis the new data of minornity class,
Op is the old data point in minority class used as the
reference point for computing neighbor distance,
Rand([0,1] is random number between 0 to 1,
dist(x,y,....z) is the distance between default data and
neighbors.
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Fig. 1. Under sampling data

B. Genetic Algorithm

Genetic algorithm 1s the search for optimal answer by
using imitation of natural evolution such that the one who 1s
stronger has more chance to survive than those who are
weaker and the stronger one can inherit strength to their
children. John Holland [9] introduced this concept of genetic
algorithm in 1975. After that, it has been successfully
applied to many applications. The draft computation steps of
geneti¢ algorithm are shown in fig. 2.

Firstly, the initial population has to be randomly created.
Random number of the population equals to the number of
the population size. After that, the fitness value of each
population is computed for selecting the best population to
be used as the chromosomes to inherit as genetic material.
Then, genetic operation process such as crossover and
mutation will be applied to mutate chromosome for
hopefully being stronger. The new generation of population
that is stronger than the old one will replace the old
population. The process iterates until it converges to the
stopping criterion.

Initial Population

Fitness Evaluation

Cienetic Operation
{Selection, Crassover, Mutatson)

Fig. 2. Simple genetic algorithm
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Fig. 3. Optimal hyperplane for support vector machine

C. Support Vector Machine

Support vector machine, or SVM, [10] is an algorithm for
classifying data by creating a hyperplane to separate data
with different classes. Optimal hyperplane for SVM is the
ling or plane that has maximum margin between the plane
and the nearest data points on each side of the plane. This
concept is shown in fig. 3.

The hyperplane will split the data having different classes
apart from each others with the maximum distance between
data from each class. The weight vector is used for
determining the direction and inclination of the hyperplane.
Weight vector is perpendicular to the hyperplane and the
data with classes 1 and -1 can be separated according to the
equation (2):

wix+b =1,wheny = +1
@

w'x+b <1,wheny, = -1

where w 1s weight vector, and b is bias.

Weight vector is the line perpendicular to the hyperplane
and bias will determine the distance between the hyperplane
and origin. Consider two dimensional data X = (x,, x,)", the
equation of linear hyperplane is:

h(x)=w'x+b=wyx; +wyx, +b=0 (3)

Given two data points on hyperplane A = (A, A;) and B
=(B,, By), the equation for compute the weight vector is:
w1 (Ba—dp)

weight vector = = Baay (4)

The margin can be computed with equation (5) and the
size of weight vector is computed as in (6):
2

margin = T (5)

[lwl] = Iw% +wj (6)

D, Adaboost (Adaptive Boosting)

Adaboost algorithm is the application of boosting
technique [11] to increase classification performance. The
main concept (shown in fig. 4) is a combination of weak
learners with adjusted higher weight for data that are
wrongly = classified. Then create new learner from
miss-classified data until receiving strong leaner with high
predictive performance. There is an extension of Adaboost
called RUSBoost in which under sampling technigue has
been applied before classifying data with Adaboost.

0%o , oVo , 000
0 0|e ] T
] ll ¢ [ oy ! i @ o ,QA i
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o
° f‘ﬁ 3
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Fig. 4. Adaboost algorithm
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E. Classification Performance Evaluation

To evaluate performance of classification model on
recognizing majority and mmority elasses of imbalanced
data, we use four measurements: Accuracy, Precision,
Recall and F-measure. The computation of these metrics is
based on the values in confusion matrix as shown in table 1.

TABLE I: CONFUSION MATRIX FOR TWO CLASS CLASSIFICATION

Predicted Data

Pasitive Negative
Actual Data | Positive TP FN
[ Negative FP ™

Rows in the matrix are number of actual data for each
class and columns are number of predicted data for each
class. The acronyms TP, FP, FN, TN are possible outcomes
of prediction made by the classification model. Suppose the
data are either of class positive or negative, the outcome of
prediction can be one of the following 4 cases:

Case 1: TP is the number of actual data from positive
class and the model can correctly predict that data to be in a
positive class.

Case 2: FN is the number of actual data from positive
class but the model predict that the data incorrectly as i a
negative class.

Case 3: FP is the number of actual data from negative
class but the model incorrectly predict that data to be in a
positive class.

Case 4: TN 1s the number of actual data from negative
class and the model can correctly predict that data to be in a
negative class.

Accuracy is a measure for overall performance of the
classification model, and the computation is as shown in
equation (7):

+TN
(TP +TN) %)

Accuracy = ————
Y (TP 4FN+FP4TN)

Precision is the proportion of predicted positive class to
the real positive class, computed as in equation (8):

S L10]

Precision = orr (8)

Recall or Sensitivity is the ration of data that are predicted

as positive to the number of all positive data, computed as in
equation (9):

e _ ()
Sensitivity = Recall = T (9)
F-measure 1s a measure that taking into account both
precision and recall. The computation of F-measure is as
shown in equation (10):

(2+Precision +Recall )

F — measure =
(Precision +Recall )

(10)

III. MATERIALS AND METHODS

The design and implementation of our work to deal with
imbalanced data classification are as shown i fig. 5. Firstly,
we split data into 2 subsets, 70% of them is training set and
the remaining 30% 1s testing set. We preprocess training set
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with random under sampling to reduce number of data in the
majority class and synthetically generate data in the
minority class with SMOTE technique. We then find the
optimal parameter for the subsequent classification process
by introducing restarting genetic algorithm. For the
Chromosome encoding, we use real-value encoding and
random imtial population until obtaiing the specified
population size. The fitness value of each chromosome is
evaluated based on the accuracy from classifying data with
support vector machine by using training set and parameter
from each chromosome. After that, we select elite
chromosomes, which are the top k chromosomes with
highest fitness values, and applying the genetic operation to
obtain new population.

If the new generation is less powerful than the old
population, repeat the process by replacing initial population
with elite chromosome and proceed until the stopping
criterion has been met. After completion, create model with
optimal parameters for support vector machine and evaluate
model with testing set. Then, compute performance with
accuracy, precision, recall and F-measure metrics.

Restarting  genetic algorithm in this research is the
addition of condition to re-create the mitial population when
the new generation has fitness value less than the old
population and the stopping criterion has not been met. The
steps in restarting genetic algorithm are shown in fig. 6.

Restarting Genetic Algorithm
Input : ¢, epsilon, gamma,
number of generation T,
number of worst generations S
Output : optimal of ¢, epsilon, gamma
Method:
1. chromosome encoding
2. initial population p
3. evaluate fitness value of each chromosome
4. fort=T
4.1) for new generation having fitness value less
than the old population, i < 8
4.1.1) genetic operation (selection, crossover,
mutation)
4.1.2y replacement
4.1.3) fitness evaluation (select elite
chromosome)
4.2) for new generation having fitness value less
than the old population, i > 8
4.2.1) re-create initial population with elite
chromosome
4.2.2) fitness evaluation
5. select the best chromosome

Fig. 6. Restarting genetic algonithm

IV. EXPERIMENTAL RESULTS

A. Dataset

In this research, we use 2 datasets. One is a real dataset,
another is synthetic dataset. Details of data are as follows.

Synthetic dataset contains 700 data records with 16
attributes. The majority class comprises of 600 records,
whereas the minority ¢lass has 100 records.

The real dataset is Asthma data [12] containing 677 data
records with 16 attributes. The majority ¢lass contains 570
records, but the minority class has only 128 records.

B. Parameter Setup

The setting of parameters ¢, epsilon, gamma, number of
iteration, population size, probability of crossover,
probability of mutation, and number of worst generations for
restarting genetic algonthm are summarized in table 11.

TABLE II: PARAMETER DETAIL FOR RESTARTING GENETIC ALGORITHM

Cost 107107 ] Prob. of crossover 0.8
Gamma 10— 10| Prob. of mutation 0.01
Epsilon 107 =10 Iteration 100
Population size 100 Restart GA 2
C Results

For evaluate performance of classification model, we use
the accuracy, precision, recall, and F-measure metries. We
compare the classification performance of our proposed
method against the powerful algorithms that have been
widely used to learn model from imbalanced data. These
standard algorithms are support vector machine (with
default parameters), Adaboost, and RUSBoost. The
comparative results on synthetic dataset are shown in table
[

TABLE I1I: COMPARATIVE PERFORMANCE OF SYNTHETIC DATASET

SVM Adaboost RUSBoost Propose
Accuracy 8300 87.50 7850 85,00
Precision 10000 B89 3156 4792
Recall 1429 2500 50.00 8214
F-measure 25.01 39.03 39.44 60.53

From table I, when considering overall aceuracy for
classifying imbalanced data, we found that SVM using
default parameters has highest accuracy at 88.00%, whereas
Adaboost is the second best accurate model at 87.50%
prediction correctness. Our proposed method 1s the third at
85.00% correctness, and RUSTBoost is the worst with
78.50% correctness.

When considering precision value, SVM show the best
performance at 100%. Adaboost comes second at 88.89% of
precision on  predicting - minority class. Qur  proposed
technique 1s the third one (47.92%) and RUSBoost are the
worst (32.56%).

For the recall measurement on minority class recognition,
we found that our proposed technique performs the best at
recall rate 82.14%. The second best recall model is
RUSBoost (50.00%), whereas Adaboost is the third one
(25.00%) and SVM 1s the worst (14.29%) in terms of
minority ¢class recognition. To consider both precision and
recall with the F-measure metric, our proposed method is
the best (60.53%). RUSBoost is the sccond best one
(39.44%), followed by Adaboost (39.03%) and SVM
(25.01%).

The results of asthma dataset are shown in table IV.

TABLE IV: COMPARATIVE PERFORMANCE OF ASTHMA DATASET

SVM Adaboost RUSBoost Propose
Accuracy 79.52 78.10 (X3 7000
Precision 3889 3871 3578 3176
Recall 17.95 30.77 100.00 94.87
F-measure 2456 429 5270 5402
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For the real asthma dataset, SVM is also the best model in
terms of overall accuracy (79.25%) and precision (38.89%)
on predicting class. The second best one is Adaboost model
(accuracy = 78.10% and precision = 38.71%). Our proposed
model is the third one (accuracy = 70%, precision =
37.76%). The worst model is RUSBoost (accuracy =
66.67%, precision = 35.78%).

But when considering only recall rate, RUSBoost 1s the
best model on recognition the minority class of asthma
dataset. Out proposed model performs the second best at
94.87% of recognition rate. The Adaboost and SVM models
are very poor on recalling data in the minority class with the
recognition rate at 30.77% and 17.95%, respectively.

To evaluate with the F-measure, our proposed model s
the best one (54.02%), and the RUSBoost model is the
second (52.70). Both Adaboost and SVM show poor
performance at 34.29% and 24.56%, respectively.

It’s can be seen that when considering only accuracy and
precision, SVM  shows higher performance than other
techniques. But when considering about recall performance
and F-measure, which is the compromising of both recall
and precision metrics, our proposed technique performs
better than others.

V. CONCLUSION

The major problem on building a model to classify data
that distribution among classes 1s uneven 18 that the model
built from traditional method tends to bias toward majority
class in such a way that the model 1s most likely to guess the
class of all new data as the majority one. This tendency of a
model is not harmful when the main model measurement of
interest is overall predictive accuracy. But when data
minority class is the class of concern, traditional method is
not powerful enough to catch the minority cases.

To improve the algorithm on classify imbalanced data to
better recognizing the minonty data that are nommally
overshadowed by the majority class, we propose a novel
method that firstly balancing data by using random under
sampling data in majority class, as well as creating synthetic
the data to increase the amount in the minority class with
SMOTE technigue. We then propose to use restarting
genetic algorithm to find the optimal parameters for support
vector machine. The experimental results show that support
vector machine (with default parameters) performs better
than other technigues in terms of accuracy and precision, but
shows poor performance when evaluated with recall and
F-measure. When high recall of data in minority class and
F-measure are the main measurements of interest, our
proposed method has been expenimentally proven better
than the traditional support vector machine.

REFERENCES

[1] ). Han, and M. Kamber, Data mining: Concepts and Techniques,
Morgan Kaufmann, 2006.

[2] 1) Liao, C. H. Shih, T. F. Chen, and M. F. Hsu, “An ensemble-based
model for two class imbalanced financial problem.” Economic
Modelling, vol. 37, pp. 175-183, 2014.

[3] S. Cateni, V. Colla, and M. Vannucci, “A method for resampling
imbalanced datasets in binary classification tasks for real-world
problems,” Neurocomputing, vol. 135, pp. 32-41, 2014,

[4] E Yin, H. Mao, and L. Hua, “A hybrid of back propagation neural
network and genetic algorithm for optimization of injection molding
process parameters” Materials & Design, vol. 32, no. 6, pp.
3457-3464, 2011,

[5] M. Jamshidi, M. Ghaedi, K. Dashtian, 5. Hajati, and A. Bazrafshan,
“Ultrasound-assisted removal of Al 3+ ions and Alizarin Red S by
activated carbon engrafted with Ag particles: central composi
design and genetic algorithm optimization,” RSC Advances, vol. 5, no.
75, pp. 59522-59532, 2015,

[6] S. Shiff, M. Swissa, and 5 Zlochiver, “A Genetic Algorithm
Optimization Method for Mapping Non-Conducting Atrial Regions: A
Theoretical Feasibility Study” Cardiovascular Engincering and
Technology, vol. 7, no. 1, pp. 87-101, 2016.

[7] K. Chomboon, “Classification technique for minority class on
imbalanced dataset with data partitioning method,” A thesis submitted
in partial fulfillment of the requirements for the degree of doctor of
philosophy in computer cngincering, Suranarce university of
technology, 2016.

[8] N. V. Chawla, K. W. Bowyer, L. 0. Hall, and W.P. Kegelmeyer,
“SMOTE: synthctic minority over- sampling tochnique,” Journal of
Artificial Intelligence Rescarch, vol. 16, pp. 321-357, 2002.

[9] H. Holland, “Adaptation in Natural and Artificial Systems” Ann
Arbar: The University of Michigan Press, Michigan, 1975,

[10] C. Cortes, and V. Vapnik, “Support vector network,” Machine
Learning, vol. 20, no. 3, pp. 273-297, 1995.

[11] Y. Freund, and R. E. Schapire, “Experiments with a new boosting
algorithm,” Proccedings 13thinternational Confercnce on Machine
Learning, vol. 9%, pp. 148-156, 1996,

[12] P. Tecrarassamee, “The methodology to find appropriate k for
k-nearcst neighbor classification with medical datasets,” A thesis
submitted in partial fulfillment of the requirements for the degree of
master of engineering in computer engineering, Suranaree university of

technology, 2015.

K. Suksut is currently a doctoral student with the
School of Computer Engineering, Suranaree University
of Technology, Thailand. He received his bachelor
degree in Computer Engincering from Suranaree
University of Technology, Thailand, in 2011, master
degree in Computer Engineering from  Suranaree
University of Technology, Thailand, in 2013 His
current research of interest includes data mining,
genetic algorithm, and imbalanced data classificat

K. Kerdprasop is an associate professor and chair of

the School of Computer Engineering, Suranarce

University of Technology, Thailand. He received his

. hachelor degree in Mathematics from Srinakarinwirot

}’ University, Thailand, in 1986, master degree in

Computer Sgience from the Prince of Songkla

University, Thailand, in 1991 and doctoral degree in

Computer  Science  from Nova  Southeastern

University, US.A., in 1999. His cumrent rescarch includes Data mining,

Artificial Intclligence, Functional and Logic Programming Languages,
Computational Statistics.

N. Kerdprasop is an associate professor at the School
of Computer Engincering, Suranaree University of
Technology, Thailand. She received her bachelor
degree in Radiation Techniques from Mahidol
University, Thailand, in 1983, master degree in
Computer Science from the Prnce of Songkla
University, Thailand, in 1991 and doctoral degree in
Computer  Science  from Nova  Southeastern
University, U5 A, in 1999. She is a member of ACM and [EEE Computer
Society. Her research of interest includes Knowledge Discovery in
Databases, Artificial Intelli ¢, Logic Pro and Intelligent
Databases.




A Y A
sz Ineey

7 1 v v
a A A % a 1=

WWNTZA quans nabo i 12 Faviay wa. 2533 1 29 IauasTwdu Guh

2

= &

= [ g’/ = = d' = = [ v A o a
ANEITEAUY UYL 1 pavudszoudnu1ln 6 ﬂiﬁﬂliﬂuﬂiz%WiﬂﬁWNﬂﬂ UNDYIUUU

[ 1Y = g’/ Y Y K J [ [ = 9 td‘ 1=}
WHIAUATIIFTN ﬂWﬂuullﬂLmWﬁﬂH’]ﬂ@iu’igﬂ1J3Jﬁﬂuﬁﬂ‘ﬂW@]ﬂuﬂullaZﬁﬂuﬂa’]ﬂ nlsaisou

a o a [ Y] ) = = Y 9 K 1 @ =3 =~
gudiv duneguiiu dandaunsswdu Ynrsanyi 2551 TadhAnuineszaulsyaas lu
a a a d o v Aa a 4 a [
A19173%1IAINTTUADUNAADT F1TNIWIAINTIUAMAAT WIINIaeMA TuTad gIuis uay
o 3 = A v o g = v A 2 NY Y o =
duFamsanyuised) w.e. 2554 menasduzansanuiluszaniliygies Tadihauilu
v ! b
andngaasluusanmstu Ine wedl w.e. 2554 vasnniuladdne luszaudSyanIn
a a A d o @ A a 14 a [ = =) =
A1913%13AINTINADUNAADST A1INIFIAINTINANAAT WH1INerdoma TuTaggsuis 1ul
o a3 @ 1 @ a
2556 uazduiamsanu1lull 2557 wazluilifeanu lduhdnuide luszaulSaguenlu
a a a 4 a @
A191331IAINTTUABLNINDST WHIINeIaemA U Taggsuts
' [ 4 1 2 J o Aa
luszninnsane 1dsunueun 121106198 8991n91913851 5281391 Database
@ < U a wa o aa o '
Systems 1a5pa210 1321910 10 udwreaeul jrianis 1asunisanuimenniunaiiu

IMIFITWaZIDIATINNT0Y IANNIANUIN U





