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Toya (class imbalance) dwiunguiiieadoclunuideiavnanimguinsaiialung
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Fuunuszianidieldlunsiuunvievhuneteyaiivsfinty nquidulifaguledadunidy
ABnstuundeyaliegluguduldl nguifduunuuuiudesnie quinssmunussian
feyafesaneifuftoutnlndifusiign k # nqufitunasu’s DBscAN Hutunerismsdn
ngudoyalngldmnumnuuvesdeya nquiturewitideiugnssy nquimsuidameanny
Liausavesdayalaeldinaiianisduitagae resampling) Badunilslumeaiianandoudeya
(pre-processing) tieiiuUseanSnwnmsvihneveslang Imamﬂﬁﬂmsﬁiuﬁaaéwﬁﬁmﬂ%
lumsveassndail fe AlansiiedussgvesnaNELa (oversampling) inalins
andIufegveIngudeya (undersampling) uasinAdALUURATNAUIEN TIN5 Risuae
and1urumpeNIueInguUaya thybridsampling wasludugavinseSurgnguiniiia
Usvdnsnwuesluea tewaiia k-fold Crossvalidation

Foy va o avida oy o 1 v
ueninigaldiinsfinwenidenne Wesiunsurdgmeuliaigaasdoya uay
msUszgnildinaianisdudiachaiauilamanullaunaiiinuugadayave et ndindu
Tutlagdu

2.1 Tumaduunussny .
Tuinaduundseean (classification-model)idunszurulunisadicluinatiie

o a

uithymdmsumstauiaiseriuieteyaitanfintusuian Tnedeyadildlunsdmiuduun
Ussinviungnudadudesdiy druusnAadeyafilidmiviingou (raining data) niold
dmunsBeuilunsadadunamsduunyseinn-druiiassiotegadmiunadau (testing
data) titenagaun1sSuunysaimdeyaveslinag lunisadieliiaaiuendunsiauiann
foyatilidmitiinaounazilunailiasramiudtiundeyailidmiunaaou fMegrady
$uundsziangndn Tasiasin dudugnirduiie vielugndiuund Tnefansandeya
el viedeyagrusnunstuvesgnd Wusiu dwiunisadnlueasuundssiandeya

wiseanidu 2 Jupeulifed [1]

1. Model Construction Lutunsunsairsliumasuunuszianlasenfonisiious
nnfeyaiidmunranaliifouiesudmioifoni Yeyadmdufinasu (training data) 3
T,:umaf\i’ﬂLLunUizmmﬁmmma%ﬁﬂé’é’aaé’aﬂa%ﬁumaé’mmsﬁauiﬁaEJLﬂ%ﬁﬂs (machine
learning) é’haEJ"Né’aﬂa%ﬁm‘?ia%"mim,ﬂamﬂﬂﬁﬁauﬁﬁaam‘%"aﬁm Wy fulddndula

(decision tree)



Classification

Classifier

Algorithms
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2. Model Usage (futunaunsihlunalunissuuniiadstusnldiudeyaitliing
WULNBY (unseen data) Lﬁav‘hmsJLLaz*{hLLuﬂUszmwTﬁﬁuij’agaﬁ”'u wazInAIAINgNABa
i gawfudeyadmivinasu lunsin

ud fazluaatiulle

S 2 = 2 o 1Y £ P =2 O 1 Y o v & v 1%
enansiiluenansianulidmsumsldnuienisdnwivingu leygnlmhluldusslesimunism

ludnsallagsau Snvivhudlvidaudasilon wazseseedadadivesenarsynasainisinluly



2.2 puldifindula
Aulsdfndula (decision tree) 1¥uAFn1sduuntoyalusuasiulsifinansnnnuduius
syninadoulvlundazsedu (level) Faduliilsznaudiodiuans q il qudnwus

1 o

(attribute) Aadrudulnun (node) AMAIEnwUE (attribute value) Aodiuditdud

q
& o

(branch) wagnguvestoya (class level) Aadufiduly (leaves) uazyadoyalumisned 2.1
Senideyainaeu (training set)

] v @ a
M19199% 2.1 qj@g&ﬂ‘ﬂﬂﬂUﬂiLﬂiﬂﬂ

Customer Sévings Assets Income($1000s) Credit Risk

1 Medium High . 75 Good
2 Low Low 50 Bad

3 High Medium 25 Bad
4 Medium Medium 50 Good
5 Low Medium 100 Good
6 High High 25 Good
7 Low Low 25 Bad

8 Medium Medium 75 Good

“fl”uﬂauag Classification and Regression Trees

| ‘Classification @and Regression Trees (CART) [2] Ai® Fuplpuianns8IwunUsEIAN
aganileiildlunsasalimasuliidadulauvas shenonilalaua (Ginary tree) Faamsa
uhgwlFianuunssuundssin (classification) WanTstssanalan (estimation) Tu
Tl fFonlddunauis CART funasuAtymussannIssLunUssan Jeanuasar
nsfadenaudnwaldannsainaumsi 2.1

D(s|t)=2r Py Z | PGJt) - PGlts) |
i=1

Tne@t D(s|t) Ao masTnilldlunsidenduva (split) Adiaaillvun t

n fle S1ruvBsRaNERILA

t, Aie uagnnedrevadinug t

ts Ao Inuagnmarvedlvug t ‘

(2.1)
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] o Swruvesiiegevesnand j Aivun ty
P(ltg) Ao

Sunuvesiegaiilvue t

PNANTNN 2.2 WHAINITARLEDNANE NI

mmﬂmﬂu‘lwumqﬂmw’a’wLLasImmgﬂmq‘uwu

Aaziduiunuraduunsin (root node) Ine
2aluus t T4 t ABlVUASIN

M5199 2.2 LUNUANIEIGLASNIT VDI IR t

Split Left Chitd-Node, t. Right Child\Node, tg
1 Savings = Low Savings €-{Medium,High}
2 Savings =-Medium Savings € {Low,High}
3 Savings ="High Savings € {Low,Medium}
4 Assets = Low Assets € {Medium,Hight
5 Assets. = Medium Assets € {Low,High}
6 Assets = High Assets EfLow,Medium}
7 Imcome <=.$25,000 Income>-$25,000
8 Inceme <=.5$50,000 Income ¥ $50,000
9 lncome <=-$75;000 Income >/575,000
Mnaun1si 2.1 daahaaruan a1 O (se) ved split 7 1 luseuusnlfnsd
Sruuvesietne t (Savings = Low)) 3
PL= — - =~ A)BTI
- dwuvesiednlugndoyaiingen 8
Suruesitegfl tg (Savings € {Medium,Highl) ™5
Pr = ) - ==-=0.625
uuveshegnluyadeyarinaou 8
] Suvesietnivesnaa j  t(Savings = Low,Credit Risk = Good ) 1
PGt = - — = - = 0333
FUIULBWIBENT t (Savings = Low) 3
13le j Aemand Good
] SuIuTeiIaguenand j 7 t Savings = (Low,Credit Risk = Bad) 2
PGty = - —; = - = 0.667
FIUINVBIRIDYI t (Savings = Low) 3
\iio j AAaa Bad
] o UIUVBWIOENUBIAGE | A ta (Savings € {Medium,High},Credit Risk = Good) 4
P(jta) AD — =-=0.8
dSrnuvesiiegnad t (Savings € {Medium,High}) 5

\ile j AvAand Good



L $uvewiiedwesnana j 7 ta(Savings € {Medium,High},Credit Risk =Bad) 1
Pllte) A — =-=0.2
SIuvesiieted t (Savings € {Medium,High}) 5

\iio j Avmana Bad

2P Pg = 2*0.375%0.625 = 0.46875
O(Gs|t) = X7 1 PGIt) - Pllts) | = [0.333 - 0.8] +[0.667-0.2| = 0.934
D(s|t) = 0.46875 * 0.934 = 0.4378

AT9i 2.3 wadngannisaruand O (lt)

split P Pr PGIt) | POt~ 2pPr | D(s|t) | D(s|0)
1 0.375 | 0625 |G:0:333G/0.8 | 0.46875 | 0.934 | 0.4378
' B+0.667 B0:2
2 0.375/ | 0.625 | G:1 G:0.47{ 0.46875 12 0.5625
B:0 B:0.6
3 0.25 075 | }G:05 /{G: 0667 0.375 0.334 | 0.1253
B: Q.5 4[B+0333
i 0.25 0.75 G20 G'20.833 10,375 1.667: | 0.6248
B:1 B 0167
5 05 05 % | G:0.75 [ G:05 05 0.5 0.25
B:0.25 | B:05
6 0.25 0.75% [1G:.1 G: 0.5 0.375 1 0.375
B:0 B:0.5
7 0.375\ 4, 0.625 | G:0.33% |G 0.8 | 046875, 0934 | 0.4378
B:0.667 |B:0.2 '
8 0.625 | 0.375.%.G: 0.4 [G: 0.46875 1.2 0.5625
‘ B 06| B0
9 0875 | 0.125 |G:0571|G:1 0.21875 | 0.858 | 0.1877
B:0.429 |B: 0 '

1N 2.3 uansradwinisvan O(s[t) Tuwdagshuvmuindauusd 4 flvue
n1adrufe Assets = Low waglnuani19vin@e Assets = {Medium,High} 289 t Faldien
D(s|t)unitgn ﬁaﬁquﬁﬂwmsmaq Assets ﬁqgmﬁaﬂLﬁuﬁumwaﬂﬁumm uazilan
andnwaznadedu Low uaziinatailu Bad Risk uansfegud 2.3 daulvuaniea



(node A) aggnyirtlagnisuusinuanisdguazlnuanisuiioningudaya (class level)
- ' v 1 o o d
TgRansaiamsiiegad 1, 3, 4, 5, 6 uae 8 Tusaudnludsgun 2.4

Assets = Low Asset € {Medium, High}

Bad Risk Decision node A

Rgcords 2,7 Records (1, 3, 4, 5, 6, 8)

— —

Bad Risk Decision'nade A

Records (2,.7) Records (1, 3,4, 5,6, 8)

—— —
— e

Savings = High Savings € {Low, Medium}

Decision-node-B Good Risk

Records (3, 6) Records (1, 4, 5, 8)

Assets = High Assets = Medium
Good Risk Bad Risk
Records (6) Records (3)

Uit 2.4 duldidadulauuulafiad



e ———— —

2.3 Ardnuwunuuutudognedne
Mduunuuuugednedte (Naive Bayes Classifien)[3] dmdun1sausuuuiifaoy
(supervised learning) %ﬂﬁwum'jwsﬁaqﬁmﬁmm?wﬂizmwuaa%’mgaﬁéfaqm'ﬂﬁl,ﬁﬂmi
SeuditeairsnsuudvssdoyaUssiantu madszgndlinguifsuunuuuudetneineg
funsduundeyaanunsavililasnisunulugnsdeansnsauiuliaenadasiuaunis
Fuundoyaaunisd 2.2
P(class)P(attributel|class)

P(class|attribute) = (2.2)
P(attribute)

nngrsdduaunsnesurglanlumsduundszinnvocdoyaszldnisauime
anuthasluideyatuegliussinmesteyaniie dovsuavespadnvurvssdoyatiy

sdlstinudpyausasiegiinudnvasinnnimist falu gasiisiudatou
Inallddsaunism 2.3
Plclass)P(ay,aps e, |class)

P(class|a;,a;, sl ) = (2.3)
P@g;az, -2

3

el & Ao Anvesrnianuagln 9 ivsingludtegreidesmsiuiun

dwiumuds PlclEss|aga,, ..a.) ﬁadwmmu’wmﬂumammﬁmqmé’nwmzﬁﬁm a,
sauAuAY mﬂﬁmmé’ﬂwmzﬁﬁm Ay UA9 muﬁmmé’ﬂwmzﬁﬁm a, #93ENN AU
Armaiasiduyasmsfamanasaling q $aufu Foannsnmuialdiaunisi 2.4 uag
(2.5)

© Py g2 = P@, P@Eja )P fa8 ) P@ [aehany) - (2.9)

P@a;,a,,...,a,|Class) =P(a1[CLass)P(az[al,CLass)P(a3laz,al,Class)...P(an|a1..,a class) (2.5)

n-1’

dwsuniseuanmnuunlu P@a,,a,,...a, |class) Twgvhlaenuazifululllaias

Ao 1

I¢irnfigneies ilesanasdoafutoyafiniifisiuaunn 1wy auAdgudnune a la 9 Jed
Hululg 2 Aussdmuslideyeiindulidnnuandnuas 10 $1um fudufesddoyatln
ateffendian 21° fegas FeazvilidlenanuguuuureanisiinAinudnyusaniu
Uszsnamilenss Fedruuteyatin 20 fedilfinmarnuindefionsadfinmeasdosd
foyaiinfitisrunmnnnirivarewin guassavasnismaiarniasdudaduihlied
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nsaswanuAgumi A siuadaudululdlunsdnsfiegudneae a ln 9 ligy

safu auNIaUREWITNIFWINAP(, ,ay,..,a, |class) Talmsl fsaunsit 2.6 uag 2.7

P@@,,ay,...ay[class) = T, P(a|class) | (2.6)

P(@y,ay,..,a,|class) = P(a, |class)P(a,|class)...P(a, |class) 2.7)

ﬁ’aﬁﬁumiﬁ‘imuﬂ%’ayjaLLUULUéaa'wd']a%ammmﬁﬂ@ﬂﬂamimmmmu'wwflu
P(class]al,az,...,an)Iﬂa“ﬁuagjﬁ’uﬂssmwuaﬁa;gaﬁﬁmst%aui‘luﬁqﬂ%ayjaﬁgu A288199Y
Uidnlsyiudewimil despsimiinanenieussiudelmumagantuussangnén 3906
vinsiiuteyagnnlilugiudeya ulenisamsfikundssinnuesgadusefudeu 2
Uszian FegnénudiiliiiaeiSunliiussnldenaulnumsing (class,) fugnAunifisaung
WingURing (dassyaTuasavalalaen 138 1unta 1 Plctass,[ay,a,,..a,) hag

P(classy|a;,a, 4.42,) wdIgindaladiAnnanindy aasnsadiouladeannisi.2.8

Classify(data) = argmax, - Plc) irllP(ai|cj) (2.8)
] : ‘

ECY Y

PNAUNTSN 2.8 5uwlenanIsAINnesluel 2 Aana laefasa1a1nAIANw
Uanudigadian

2.4 eudwlndifasiign k#

dteuthulndifediige k #.(k-Nearest Neighbor3TwHuduneuissuundeyalae
Wisuieudoyaiauladutonadu. uadwsitldos HudiadedlndTians o k flunsdli
Wunisiureluddaiay (egressiomlunsaifitiunisviinisdnunngudaya
(classification) aglfidesthannlunisimuangudaya

§ i Y ! 1 dy
manueutulndifgsian k fafivuneuisnmeludl
1. MUUAIUIAYaY k (mstualiiduaud)
2. fumszezi (distance) vaedoyanivsansinneiungudayasiegne 3an1s

AU DISSEE VAU OLARILAAIANNISA 2.9

distance=




11

logil p, Ao ARudnwMed | vesfeyasiogns
- Ae Anudnwneil / vedeyaiidasnsviuneg
A AMANYMEINAYRRIeE

3. 9AL589819UVBITEEE I INYlUN NS E MR IRg1RUTaNa N Aaan1sYinune

° o o Y ?
Gﬂllﬁ]’]‘hl']u k ‘V]ﬂ’]‘VI“L!ﬂl’J

4. fasandeyadiuiu k fegn uasdunanguuesdoyaladilndiiegrviedoya

[

NepIMsvnuedusuIuinian

1
]

5. mmuanguieya Wiiusegeiidosnisimee

fnsanlaandeseil lnadufvegnaiunrsduunyssinngesmenlesaddlog 3
Usginy Ao Iris-setosa’lris-versicolor Uag! lris-verginica ImEJLLGiaz‘tJ’izLﬂﬂ%sﬁ%’agammﬂ%’m
(width) wazA1XE17) (length) UBdndueen (petal) LagnauLass (Sepal) wanslAnanis19n
24

M19199% 2.4 YayaRnasuvasasnleta

Exémple Sepal Sepal Petal Petal H..
Length Width Length Width
Ri 48 30 14 1 Iris-setosa
R, ~ 51 35 14 3 Iris-setosa
Rs 50 34 16 4 Iris-setosa
Rq 66 30 a4 14 Iris-versicolor
Rs 67 31 a7 15 | Iris-versicolor
R 58 26 40 12 Iris-versicolor
R; 77 26 69. 23 [ris-verginica
Rs ) 77 30 61 23 [ris-verginica
Ry 67 30 52 23 [ris-verginica

1
]

auuAimuald & = 3 uagivuadeyafidesmsiueniUieuiisuiuyadeyadiegiioy

Y

15197 2.4 Tayanfesnsinunenandlafinigei 2.5



M1319% 2.5 Yoyanasauvesnanlada
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Example | Sepal Length | Sepal Width | Petal Length | Petal Width | Class
X 56 37 13 4 m
SunoudEnsAuIN

o 1 }7 d' 24 =Y ] 1 E 2 Q) 1 1
ATUIITBYENIIUDIVDYAVIADINITWINIAU (X ) ﬂ‘Uﬂqmagamamﬂmmazum (R)
Taeldaunisn 2.9

o eaq v o a1t a‘l’
nadwslannsAuadinsrealull

distance(x,R, )= \/ (56:48)2+(37-30) 2+ (13-14)2%(4-1)? =11.09

distance(x,R, )< \/ (56-51)2+(37:35) 24(13:14) 2+ (4-3) 2= 5.57

distance (R} ) = \/ (56-50)%+(57-30) 2+(13-16)2+(a-4)? =735

distance(x,R, )= \/ (56-66)2+(3730)2+(13:04) (8- 14)? = 3479

distance (x,R; )= \/ (56-67)2+(37-31)2+(13:47)?+(4-15) = 37.87

distancel(x Ry)= \/ (56:58)2+(37-26)%+(13-20)2+(4-12)% = 3030

distance(xR, )= \/ (56:77) 24+ (37-26 )%+ (13°69) 2+ (1:23) 2 =/63.71

distance (x,Rg) = \/ (56-77)24(537-30) 2+ (13:61)%+(4-23)2 = 56.17

distanca (xR, )= \/ (56-67) 2 £{(37-30)2+(13-52)2+ (4223)? =/45.30

° o eoiva Vv o) M LY ] = &
AMNNITATUINU NaaWﬁﬂlﬂﬁJﬂ’ﬂﬂﬂﬂaLﬂEJ\?ﬂUﬂEjﬂJ‘UE’JQJUaG]’J@EJN Ri Ry @ Rs Fadunanle

SaUszum Iris-setosa AauAsagUlEen aenle3avinilidunonledatscinn Iris-setosa
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2.5 $unau3s DBSCAN

DBSCAN [4] Lﬂu%’umau%%ms%’ﬂﬂdu%'auaimai%'mmmumﬁumaﬁamLﬂuﬁumuﬁ

o8
]

aansaRTIIMmIAAIUNEAUNG (outlier) Iumamalm lagdpsnismaniliaes 2 Madldazdes
fvuARe Eps vinefassuenswesgaLiiauty way Minpts vianefiashuaudusvesduau
Lwaumu dndugadoyaln mmmamamwuauuaa‘iui“wuaq Eps 9zi3aniuduge
LW@UU’]U‘U@W@HU wazirdnnugaiitouthuresgatiufidunnnimiewifus Minpts ngu
vesgniasgnindududeyanduieaiu Tns DBSCAN aefmuagadeyaliiiu 3 Ussian e
® qandn (core point) Aegafilisuugaiileuthustulissgainfus Minpts Tu
sv8y Eps finviun
® 9aua (border point) fie yaflalliidugamdnualugaiiteuthuresgandn

® 9afinUnd (outlier point)-Aa yenlalfiBugawaniayqevay

V| @O===4=— Outlier
‘ '@' >

I al \\
Core ;

:
\32 ) 4 -7
Border /Q Eps= 1 unit
Minpts =5

- §UT1.2.5 n1sAmungadayavasiunalis DBSCAN

903U 2.5 wiuldiagaral gniwailugendnmesigaiteutuiioglussazma
Eps = 1 uagllA Minpts = 5 90 a2 gnaawuallugsretingzldldgnivunidugandnus
Huudiileuthuresyandn wagqa a3 gndwuaidugeiiaunfmeldldgnivunduisgn
ERITGEERTAR

Tu DBSCAN F8msdanguazumnsinaainisnsdnngulagialy DBSCAN ansnduwy
aRnunAlsigninirfungudeyala 4 16 Tuguil 2.6 uandiifufisaveanisdangudoya
Tne 94 unauds DBSCAN Fasnssiurudusues Minpts lunguiitess fmundungudeya
foeatuen Minpts gniwuadu 3 asisnnundguieyaiignataimun 4 ndu fie ngu
7l 1 nguil 2 nguil 4 uaz nguil 6

Tummsafudrunguil 3 wagnguil 5 asgnrinuundy AfinUnfdesannguimenil
Lifiswugauiteutuiifieawelumsimundungudeya udtimualien Minpts iy
5 nauil 3 naudl 5 waznguil 6 axgnimualiidudRnund
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U 2.6 frpgyadayaduiuismasreiudayaiidanuiinynilasld DBSCAN
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TURBUNMIVINNUTBITURBITYRSaND37iN DBSCAN wanswisgun 2.7

Inputs:

D: the dataset

Eps: the neighborhood distance
Minpts: the minimum number of points
Output:

Discovered outliers and clusters
Variables:

m, n: row and column values of D matrix, respectively
Dist: distance vector

class_no: indicates-the clusters
Algorithm:

1. import the data-set into D

2.for.i="110 m //row counter

3.. . _Dist=distance(i, D)

4, ' neighbors= find(Dist =< Eps)

5, neighbor count = count(neighbors)

6. core neig=check core neighbor (neighbors)
7. it (neighbor count >=minpts)

8. class(i) = class_no //clustered point
9. while(more points near i)

10. class(point)-= class no

11. end while

12, class no+=1

13. . else if(neighbor.count<minpts & core neig==True)
14. class(i) = 0 //border point

15. else if (neighbor count<minpts)

16. class(i) = -1 //foutlier point

17. . endif

18. end for

19. return class

sU 2.7 TunauiSvasdanasiiu DBSCAN

U

15
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5U 2.7 uanstuneuiBnmavheuvessanesiiu DBSCAN dufisoasiBondal

#usidn : D Aeyadeya

Eps e sregMsvasgaiioutiy

Minpts fie S1uauvesyaLiiouthudusii

HAdWS : AunuARRUNALaENguYBYa

FuUT : m Uag n Ao LoIuasvENTauNSNdTeya

Dist fi® 1INLABIILEYN

Class_no fie nunglavvengudeya

Fupou’s :

1. dnigadayanaznisimuaa Eps Lag Minpts maagﬁ,‘l;?ﬂuiwdw%umauﬁ 2 uaz 16 9zl
msruseungdmsusuaugaluyadens

2. DBSCAN fhuiug D [i] \uanaudnans

3. YmsduanszeseaEragaaudnany D [ iazaaiimasey

4. yalafiiszozmsegtiosniinaiafu Eps selfSunoousudugaiieudiuresyn
AudNans

5. ¥imsiunmsaugaieuiuresgaednans

6. aradeungadnie 4 lusansqeuieuiy

7. asvaeutieulousn frdruaudgsgarieutuvess | fdasnnndmsewinfiu Minpts
wialyl

8. thnsemudoulage i aggndinuanyeiavesngadeya Tagivaielavresngudoyacy
Fuduil 1

9. unsmsweethindligpavedindidseiu Snvsehi

10. fnsenuieulvarlndideniuazgntvummsnaissvoinguloyaduiing@udendu i
12, s giaiveangsdoya

13. flinsstudonlawsnagnsnaoulenleil 2 drewauieuturesds i desndt Minpts
uazgatuduiouturesgandnniall

. 14, #wsmmidouleit 2 mbelawesngudedauesn | w0 el geiulugaveu
15. #lilnssfuaesiteulaiiiuinigmesiaaeufuenlsd 3 'j’mmmﬁauﬁ'ﬂumaqqﬂﬁy’u
Woenin Minpts %3l

16. frnsemuidenled 3 mnsiarveangudeyavesyn i wnilu -1 munefe gatuduge
Raung

19. Aurwesnelaungudoyaitairdls
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2.6 YunauIBIaiugnITL :
JuneuIBBIUGNTIU (Genetic Algorithm : GA)[5] AnAulag John Holland Tugiad
o f 4 9 v a ¢ ] ° ] v v Y]
1970 lneingUszashiieineuimesaunsafissmmmauniountgwila o menanns
a o o A \ ada a a2 v Y vywvo A o v
WeriunsAndendulidinlaesssued Inesududuldivusaaiugnsadmeulveglusy

a a P a a - oy Yy o % i a
voslnanis Ineudazdnanisasiiondt “laslulen” Jauszneumedu (wiuisusiaslnd
U el A
Ay 0 wie 1) uanwiegui 2.8

1 0 0 1 1 1 0 1 1 0
sU 2.8 TasTulenilunudednansa

v o U < \ / / 14 L% =
NannNIINII JYUARU T &M f_lﬂ,.z U Ao MSLSTa B9
——

- =

unsunuannggedsauliedlugy y) 8 TupeungasAenisuseiiiu

1 1 1 v 0 s ? \ = a L ‘l d

Alastulauusiatdaingin ‘rW AN INTUTIIARNAINLINTD
o

3
o
7 N -
21 “fitness f rﬂg / \\ﬂ %m ’18%05’\1853
' 7

a
Tenanaze

r_"g lﬁ -
o~ Initi i ass s E
- & @
(/)
valu ()
tes ati \ nstraints? &
Py ¥ %'\@“
&SN a ,
Select ver and mutation

Output Results

< o o o
JUN 2.9 M9inauvesdanaIiuTanugny

Laﬂmiummaﬂmamamul’;awmumﬂsumit,wgﬂs?mmu ldoualvihlulduselevinunisen

lmwmﬁaﬂmmau anmmmﬂmmtﬂaqmam bbeYe G]QQEJ’NENENL‘\]’]‘?JENL@ﬂﬁ’]i%ﬂﬁi&%mﬂ’]iuqlﬂi‘ﬁ
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mehauvewane3fiudaiugnssulvun oussil

& P>] ° v o a P °

Funaufl 1: wnuamauvesdgnialslasiuleundidiuruduas?l AvunduIudssens
5 1 o 2/ «J U 1
vanua N, anuiazifulunmafanislefivaeuiiugnssu (crossover rate) peuagauinge

14

Wulunsnaneiug (mutation rate) pm

A
L

JuURDUT 2: Puadlandumnumung (fitness function)

8/
o/

t:i ¥ 1 1 1 Yal o 1 d'* 14
Jumoudl 3: aeUszsnsluguusnegsulvlisiuuviniu N Faagld x, xp, .., xy

o
ot

Fuaaudl 4: AuduAmReituAIumIsvaaaziasiulan f(x,), fxo), ..., fix)

upaud 5: 1Benduedlasiulanivzusawiugiuiondingn lnglashilouveusiaziogndy

e e

&/ ' A v/ . ' 5 as 1
ummammmﬁ]zLﬂuwaamﬂaaaﬂumﬁanmummmmz‘u palfazlasiulyy

2

7] ] % i ; Yo o a a @
umauil 6: @519lasidlduvegneanipslulewmipiaguslaensldmanidunisi@eiugnssy

%
Fadl 2 wuuAomsladluaeu (crossoven) agnisnanging (mutation)

a” H‘ -] A = i 1 1

duneudl 7: UilaslulyugniindelaluTdlumndssuansiulnl

Fumaui 8: Wvimnluitunout 5 wordslasliluugnilndeunsznddinmudssynslugu
Tyadiyinfiu N

2/ ¥
[ =y

Tumaudl 9: Wwiutssunssunsasyszyinssuinsdalulaslulugninanlasimun

Funaud 10: nsulusluduaeui a vagisunseiaeulalunisiugduaie



[ Start ]
!

Generate a population of chromosomes of size N:
Xis K2y wany XN

e
Y-

Y

Calculate the fitness of each chromosome:
f(Xﬂ, f(XZ)s ey f(X,‘,’)

Is the termination
criterion satisfied?

+ No

Select apair of chromosomes-for mating

!

WIith the crossover probabllity pe, exchange parts of the
two selected chromosomes and create iwo offspring

!

With'the mutation probability. pm, randomly change the
gene values [n the two offspring chromosomes

v

Place the resulting chromosomes |n the new populat/on

[s the size
of the new population
egualto N'?

Replace the current chromasome population with
the new population

Y

o)

JUR1 2.10 Meviurestuneulsidausnssalagasiden
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mw‘hmwm%’umui‘%L%aﬁuqﬂiim (GA) Emsvhaudunuuisluseuseuudas
58UA15¥N191UL38n31 generation TngUnALd191UIUTBUVDINITVINUEIMTU GA agjﬁ
Uszuad 50 flg 100 %30311N71 500 saus‘z’fasﬁuaEﬁiﬁ’umms&’u%aummﬂmumdau generation
wamuadendn run lumsU§iRnszuaunis GA avduan (terminate) Wloléifinnsvieu
AsUsBUMISILAY generation TiseyliuazdenTaslulenillimileddumnumunsaiafigalu
vssaUssrneansnududiney drdslifidneuiiimelanszuiumavinaiuees GA a
Budurhaulmisnads

'Joi'nﬁum'imaﬁuqnﬁu (Genetic Operators)

14
=2

¢T’JﬁﬂLﬁumimaﬁuqﬂsiuﬁwﬁﬂﬁwﬁm‘lﬂﬂﬂ%uqnﬁlﬁmniﬂﬂmi%uw'w%aLL;J' FaaziAndu
wdwnitinsdndeniasluleniumemilunisnauiifuda Ussnaudie 2 fduiunishe
nsladluasuiugnss (erossover) wavnasnaneug (mutation) dmdunslafivdey
wiugnssy Taslulmunplaginslilsuuiavndalnslileugniavu 2 Taslilay (offspring) lag
yhnsfnasnunedi s idnansiendiuteslasluluimeasus Gedneiiunes il
asAnnslediud suiignasa-oglutassendne 0.6 9 1.0 taza@iavsenslefivasu
ﬁuqﬂiiuﬁ 3 WUU-AD Single-point crossover Two-point crossover Wag Uniform crossover
famsunisnaneil nasadndlaslalangrnddasTulaumnlastalzisinilsh wwasdlavdy
FuniseBunisimisasimsde e ulusamisiy ddegmluarnindu

6

TunisiiannsnatefugasaEanyszanal 0,001 §9.0.01 uaginvzifinn1sn1snatewug

b, s

Qs 2/

W INM ISt lUaE g TTIUE

Initial strings offspring

Single-point 1|01110)11012 11|01 1{0|1}01110(0(1|1{1
—

Crossover : 1{1|1]1|oj0|0]1{1]1 1{1/1|1/0(0(1{1|0|1

Two-point crossover - (1104(110}1{0{1]1|0|1 1]011|1|0(0(1|1|0|1
—_—

1|1{1|1|0|0]O|1|1|L 1{1i1|0 01|11

Uniform crossover {  [1|0{1/0[1|0|1[1|0|1 1|0{1{1{1{0(0|1]|0|1
: _—>

1|111|1|0|0j0|1|1)1 1{1|1j0(0(0{1|1|1|1

Point mutation : il0|1|0|1|0|0|1|0{1|—*|1}0|0|0|1|0)1|1|0}1

sUi 2.11 msvinsledivReuiugnssuuagnisnaneug
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s“haehami'vi'lﬁhﬁmﬂﬁqmmaqﬁqﬁﬁu 15% - x2 loefl x fiFnegszning 0 fia 15

aundly x daduavduuduielfiesenisdhsiaduisansuazimuaninuen
vesdnanssliiidwingu 4 Taevihnsudasan x duawguasailontaudagldtnanied
uanAer 16 fdfimnavgiudukeus 0 89 15 fwnseil 2.6

A15719% 2.6 NSIUNTVEUAARTS

Integer Binary code Integer Binary code Integer Binary code
1 0001 6 0110 11 1011
2 0010 7 0111 12 1100
3 0011 8 1.0.00 13 1101
i 0100 9 1001 14 1110
5 0101 10 10,10 15 1111

o

tumsudsluilunisivuasmasiinodsa A fldlunEietesnsEUILNS GA feil
- UINTANINNIUYSEYING N = 6
- agunagfiulunafia | crossover awafu 0.7 (pe=0.7)
- i dulunisie mutation Wiai,0.001(pr=0:001)
- Auslwisiuengaidion fx) = 15x - X2

A19199 2.7 erairuafaumtnzUosusazlasta el

Chromosome. | “Chromosome Decoded Chromosome Fitness
label string integer fitness ratio, %

X1 11700 12 ' 36 16.5

X2 0.10.0 4 a4 20.2

X3 0001 —: 14 6.4

X4 1110 14 14 6.4

X5 0111 7 56 25.7

X6 1001 9 54 24.8

INANTNT 2.7 wanedunounsguusenstiliduiuiiiu 6 aglalasiulen x1 e x6
PFI9INHULNITANUIUAIMRANTUAM LML ANVBUTEVINTHAALF BALVIINITNIAN fitness

o
ratio 3MNgAstuaNNIT 2.10 ~
f(Xi)

N ) (2.10)

Fitness ratio (X)) =
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! o ' J 1 A 1 1
JUT 2.12 uanaiumisn1sndengnseninee X (unuusiaglasiule) uasAinnu
N d 4 ' b d 1 1
Fuanumuzan U 2.12 2 (a) wansuwmisveslasiuleu 6 danigndusnluseuusn d@mu
- i v g5 o
U 2.12 am (b) uanslaslulaniildluseugavinevesnszuiuns GA wuideniuluvane
generation wihanvadlaslulaunlaangidng 2 A1 fe 7 way 8

60 - 60 -

50— 0 50— ; g

a0[ 7 a0} N
5= = o
g 30— S 30k E i

201~ 20|~ N

10 10 Lo

ol o Lot
0 0 5 10 15

(@) (b)
U7 2.12 Mswaenyasznangan X Tuudazlaslaldunuaitaiduaiumang

v

devinisaiala sl lustatiudias Anuamaailarivng inins auage fitness ratio
vosusazlaslulouud Fussuspliiiunasdund sntashimsnassinasaduiug de
Tneh U4 inadaviGeN Tolette whesl setection” sigUi2113 Langusenuinlasiuley
fifien fitness tatio gellen@ivegniengsialastilanitiin ftfess ratio #n

Xt 16.5%
7 | X2: 20.2%
Bl X3: 6.4%
7 X4: 6.4%

[ ] X5:25.3%
Bl x6: 24.8%

75.2

49.5 L

=]
JUT 2.13 NSEULUUNTNLUINED

Y

Guusnuszensilsuiulasiuley 6 suazluudassauveinisadiauszensin

o a‘ L 5 v o v q’: é 1

efRaflTuIUYTTYINTAI AIUABIYIINITMYUIED (roulette wheel) ey 6 58U BIUA
s o ' = ) % v

avsauaylalashileamilasnubulasluleuwensouddiayinisnuulsely 2 sauazlafues
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A U . ! .’.’l 4 o 1
Taslulouivznauiugiuwasdrgiunsunslviivasuiugnisu (crossover) luusiazseuves
o 1 i ' o d
nN15%1 cross over TUsunsuvzgusiuns crossover mask wagviinisuaniudsuduves
' oA 17 ' ' M Yoo
Taslulouvisuazusitiieadralaslulaugnaslaslulen drgveslastuleuvaualilavinnis
crossover fiagvhmsfnasnlaslulsuiunvesieuazwiliilulasiuleugnassia (cloning)
v A ¢ v U ! ¥ L IA o |A
faguit 2.14 adlogiaeiu 3 ¢ Ao dusn X6 fu X2 giides A X1 U X5 uazgiaw Ao X2
) o | £ ‘e ° v U = o . | |
fiu X5 Faluganvieazhifinisi crossover fstiudaviing cloning Tasluleuvauazusi

Crossover

o < . Y
Wilode n%,numo

U)o R Lﬁa‘qmsm
mutation ATUNNANUA 3y

Astalauly
[
2L JUVDINTT
Lay x2 LANNIS
d‘ o 1 A o
AL LU ALNDYIN

NS > 6N o
NI 8 Ry
\\~__’ ‘2 187 1(,?'\ uﬂ’]@
& P,
: Ta by

(Ll

muta‘zon LLaSLWLaSﬂ WU S_iﬂa’\EJW AT Qms@;{gp{w
AMsUALUAYBILY ? AYLNa 1%

Mutation

= o g
& o ve o 7 2.15 N13nanun . voy @ <y Y
enansiifuonasiianl i msuns R o A e Tdougnlmilulduselevimunisa

Lidnsallagnsau dnviavhudilvidaudasion uavdesgsdediadiveaenaisynasaninisiluly
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Crossover

Generatlon i

B X5,

X5

-

- ¢

e
/

.‘ AAA : AB L . X1*

o ° 1) ad a o
zﬂﬂ 2.16 ﬂ53U'Jun'ﬁﬂ'n’1u1lQQﬂUﬂauﬁﬁl‘UQwuqﬂiiﬂ

SUT 2.16 uamamsvhanuveasaneiviu GA fifinsviaunuuaugluiiag generation a4
fituneumsyaududiu s
- mMwnaARnguAULEaLYIUT ENSLAAZ N
- wansusulaluleslunisvin crossover daemadia roulette wheel selection
- %N13 crossover
- ¥N13 mutation mnwawﬁmﬁlﬁmwﬁumau crossover

- wnuwRvaslsErnsIuAREUsErINTIUng
wnansiluenarsianulidwsunisldnuiiensfnwmintu ldeugabiiluldusslosisunisd

Lidnsallagnsdu dnnainudlvidaudasilon uagdesdsdadiadvasenarsynasainisiiluly
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2.7 anwlslaunavasdoya

Ygmauldaugavestoya (class imbalance) Dutgmmileiidamasiayszansam
Tunsifeudveariosinsduinnnanuliaunavesdoyaludeysinasy Tneisuuinedns
vosnguieyanguvils (nqudeyaidecdruten) fdnuliesninmenwwengudeyadnngs
- wilingudeyaidesdiuinn) Fellymitndemssuuniszian fegrvesdoyaiiitym
anallaiangavestayad 3 nsdifed

1.) nqushogrsuinidn (small sample size) Hutgumiwesauliaugaves
foya Tnefingudeyaidesdradsaiisurudosinn desufundudeyaidssdraunndil
Wunaunn Jederalviennsenisdtuundssiam

2.) nquéiegegausiuii (overlapping) femenngudeyaifinnisdeuriufusswing
ndudeyaidsainatosuadnduteyaidiesiininn aangyu 2.17 A @) ssiuliingudeya
Bl sunuiedtanuainnn) insnegssnisnqudayadedraian (uufednydnuel
2nan) Fwihlvedafiezsuundeyaidsihefovesnennnauteyaldesinan fadumnlaid
m3geuriuiugminangudeya ﬂsﬁﬂlﬁﬂ’]iﬁ’]LL‘uﬂLLa3ﬂﬁiL%Uui‘UadLﬂéaﬂﬁﬂid’]EJ%u

3.) NENAABYENIINIEINERT (small distribution) fensngudeyadsdiadey
$1unutios o nivaradafiueentl 91ngUN 247 a0 (b) sutuleti ngudeyaideainales
(Fregraun unudisdudnuaiar)nizaefafuseniy Sugndenseufiendudoyaidesdis
1nn(Fedtauwiusdsnseiienau) valimegasunsaulaeagnvinaedusediay
Heswnmguieutiuladifysfign k ssiilioguandiliedling gavinnedy
fhetiaudadiiinnmnnnia femgiawi i snsinmiawan (eror rate) Fyanisi
2.12 figs wazdmagarimugnaesasilaaT MUY AN

‘ e®e _ o 0000000,
PP Y S % ‘Sooﬁwfl 2
.....' o ¢ e o L L - {:{//
0%’ 000 % o o 1 %o e’

: .& ﬁﬁ. .{::/, ..:... ‘{1{52\\

PTG R - ey

X {;. " r4 e, & /

'.043;.‘_/’5‘ A .o‘%é f,/
@ " ®) ”

sU7 2.17 fednanuldaugavesdeys

u
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Turuideiifiasunyateyandl 2 ngudeya Ao nqudeyaidestrsleeviariagns

! F74 = 124

U1n (positive class) uagngudayaldeatisuinuiasiogau (negative class) LAz
naudeyagmirluinnsunidumsnsmiulsiaunavesdoyafiSenin IR (imbalanced rate)
Fadudndrussninsiniuteyalunguidssiadesuagduiudoyalunguidasdiannds
aunsit 2.11 dmmauliiaugaiutsueniessfuanuliaunavestoya mnaniléien
Winu 1 maneai1udn deyadinandaiuaunauinuazazlimuangavengudoyann
tevaudlomiildinnnii 1 '

FudsaTenn

|R = o a v v (211)
VMUIULABITNUBY

1w

Ardnsanuliaugaliefimnuinudiiussdwmaseliumanisiwunyseiny villda

¥ o

Tunadild $51Uuupvesngudegmdastann yiliuseansamvodanaandiag faify
annsninuszansamassluinaldain Confusion Matrix falaaslunisiei 2.8 Tnguun
neduifie fagnilumavhwaelduasuuyoude fivosnguinvisovesaage Tunsn
Confusion MatrixUsznoufena TN N TP Lag FP %Qﬁﬂﬂﬁ’lﬁﬁmmgﬂﬁm (accuracy

rate) AIAUNISN 2.13 ve9lalLaa

mi’]\‘iﬁ 2.8 Confusion Matrix

Positive Prediction Neeative Prediction
Positive Class True Positive (TP) False Negative (FN)
Negative Class False Positive (FP) True Negative (TN)
FPHFN
Error="———"—
TP+FN+FP+TN (2.12)
TP+TN
Accuracy= ———— - ‘
TP+FN+FP+TN (2.13)

log?l TP Ap  dunusmegiilumaniegn uaziiugiagnaun

TN fg  funudiegsiilumamegn wazifushsgnaau
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FP Aa  91uiusiegeilimayeesnudusiegiauin winvinsaudndudagng
au

FN A9 suiusmetedilumanessnuidusoday wiwiasaandusiegi
2N

a oo a

aglsfinuanugndesgelildnnefidumatuiiussdniamaauely feduls

dodldAdupu (recall) w38 TP rate eArwrnlansaunsn 2.14 A1331n15nesoE19aU
o e 4 A 1 1 -] « . [ d' 1

(specificity) faaun1sf 2.15 wazA1A1LLNUET (precision) Avauni1s# 2.16 4aelunns

R
recall.= (2.14)
TP+FN
™
specification = (2.15)
EP+TN
™
precision = (2.16)
FP+TP
FP
FPrate S < O (2.17)

FP+TN

e dgniinussfndusnasTandaiitedn F-measure Sududadiusewinedn
AuLsluREARUAUSENNST 2.18 TeeAafileUusueninpanaiugLas A AU uldnau
Mﬂﬁwﬁ'uﬁ"’a@jw%lﬁ mﬂmﬁléfﬁmﬁqmamdﬂuLmaﬁlﬁfuﬁﬂszﬁm%mw LALBNUIANTIA
wilsfia AUC (the areaander-the ROC curve) Mieunasi.2.19 deaaiilitsveninlauinad
AuanIaiiedlalumssdmieg1auan

2% Precision*-recall

F-measure= (2.18)
Precision+ recall

1 +recall - FP 40

AUC = f (2.19)

Tudegtumadaunuefldlunsuftgmeanaliaunavesdeys Ssamnsadangu
18 3 wuu Asnsuiledgwiluseduduneudd (algorithm level) Wuignisusudsmse
danladisidegiteutiymarailiauna nsuiymlussiudeya (data level) Wums
Thnqudeyaiinewaunalagldnisduiegne uasmsliineia cost-sensitive Juihisned
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ssinmsnsudlydymlussiutunenTBussuilgmlussdudeyadadunssuiisnnis
Anudasisnileguasyinlvndudeyaiinavauna vilinisduunngudeyaideatneiosldn
Juuazlalunafdusydns nwanniy

Tuunifagndnisnisdamslussiudeyaiduninlnemaiiansduiaetng (sampling)
Favulu 3 wada fie wallan1sanduudeyaveangudeya (undersampling) 1uisn1s
andnnudeyavenguioyaiiuidesdramnn (majority class) Wifesasuiiviuname 9 fu
nqudeyaiiiideadraas (minorty class) inadianisifindurudeyaveanguioya
(oversampling) Liud3nsifinsurudoyavesnduioyaiiiudsstredeslfifintuaud
USuuwe 9 ﬁ’umjui’fauuaﬁﬁLﬁaq%’qqmﬂLLasmﬂﬁﬂwamwmu (hybridsampling) 1¥un1557u
waliansansuiuteyavesnguiesauazimadantniuiwiuteyaveangudoyaruld
e il
2.8 watlan1suidgmiluseiudaya- (data level)

miudUgualussaudoyallunisiindudeuaifinainaunalaeldnisdudiedng
(sampling) Fautiaifu 3 weila Aa wadan sfiudwILTeyavesnguteya (Oversampling)
waillan1sandTuluvayavedngandaya (undersampling) wasinAlANALNA1Y
(hybridsampling)

28.1 Yunauis SMOTE
& aa - v g a ) v X ; ) = =
SMOTE [6] \luimsiisngudeyaniluifesdintiosyunnlniinenisduueuiiay
nieutilndipesan k sdlungudenandudesdutes Fidgnialuldlunsuiuugs
lumalviluszansnmlunisriunesiegidlvideanmugneed (aceuracy) Wauantulunsdliidl
ngudeyaindudesdules
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Algorithm SMOTE(T, N, k)

Input: Number of minority class samples T; Amount of SMOTE N%; Number of nearest
neighbors k&

Output: (V/100) * T synthetic minority class samples

1. (% If N is less then 100%, randomize the minority class samples as only a random
percent of them will be SMOTE. *)

2. if N<100

3. then Randomize the T minority class samples

4. T = (N/100) « T

5. N =100

6. endif

7. N = (int)(N/100) (= The amount of SMOTE is assumed to be in integral multiples of
100. *) :

8.  k = Number of nearest neighbors
9. nwmattrs = Number of attributes
10. Sample] || |: array for original minority class samples
11. newindex: keeps a count of number of synthetic samples generated, initialized to 0
12. Synthetic| ][ ]: array for synthetic samples
(* Compute k nearcstneighbors for cach minority class sample.only. =)
13. fori«—1toT

14. Compute 'k nearest neighbors for ¢, aud save the indices in the nnerray
15. Populate(N, iy-nnarray)
16. endfor

Populate(N, 1, nnarray)-(» Function to gencrate the synthetic samples. )
17. while/N #0

18. Choose a raiidom number between 1 and £, call it nr. This step chooses one of
the k nearest neighbors of i.

19. for alty — 1 to nuinattrs

20. Compute: dif = Sample[nnarray[nn]]{attr] — Sample(d][attr]

21. Compute: gap = random number between 0 and 1

22. Syntheticinewindegz|[attr] = Sampleli](attr] + gap +di f

23. endfor

24, newindex+4+

25. N=N-1

26. endwhile
27. return (x End of Populate: %)
End of Pseudo-Code.

U7l 2.18,pseudo code UaNIITNIIMINTUYBITUABLAS SMOTE

2

2niegegUTl 2.18 uans pseudo codé upittrpudt SMOTE latilseasiBundsil
fruusdn : T Ao dwnusedvesngudeyadifidesdiuiion (minority class)

N Aa  Usumwes SMOTE Amduiesidud

kAo dwnuvsadieutulndiAssiige k # (nearest neighbors)

=] 1 8/

LY s s -] U 1 1 1% Ad d' b4 [ '3
Naaws : (N/100)*T @B ﬂ']‘N’J‘lJWJEJEl’]\‘iﬂ'lﬂﬂqm%amuaﬂuL’dEN?{’J‘L!‘H’EJEJVIIWQ’]ﬂﬂWiﬁQLﬂ‘SW%‘VI
MeTuReUIT SMOTE
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ASYIIUTDITUNBUIT SMOTE

LY 1

1. (ussviail 2-6) Feulansrvdeud N azduiiognmeinguioyaiifidesdrudoniiled]
AtiEENI1 100 Tagnnunln
T \fusdnnuiegwesngudoyadunszviidaanuiuiawes SMOTE
N ity 100 derumseuiteulunsiaaey
2. (UsTiadl 7) Auaauen N/100 Tngfmunliiuandulssnndeya integer ity
3. (Us3vinfl 8-12) fmunedausal
k fo Fudsfusuuvsaieutulndidedige k é
numattrs e Fudsiiudnunusnuy
Sample Ao~ ansd 2 TR Lﬁ‘uéhaEJ"N@'?@Lﬁmaqﬂdm%gaﬁﬁﬁmdw
newindex #e— sudsluntsiiuginutashesaiiadas Sandusudu o
Synthetic fa__ 81392 1 [Fushsenadidaasneianduneuds SMOTE
4. (USSR 13-16) NISISOUTNIABAURRINYS ] = 1 THRuIues o i 8 T sau
Tngagdmnauiiouthuses i wasiiugiumadiewtdlaluense nnaray uagds
AN, i, ftenlss nnarray Weslsidu Populate
5. (ussinit17-27) HladduPopulate finasinauiiieadisiatedunsagiinisvhau
LUUIUSEUYNIRERSIRABURTN feliiaduaudesaviols Tngagaundan N fien
LiviAuAudidueiailanansfaodianmsdunn @ssind 21) gap | A T3fild
INNIFENTIWIUTENTN9 0. T 1 22501920879 (6,4) wag (4,3) Wuioutu
TniAusfian ko Taadamusld
6,4)% A8 ﬁ'aadqqﬁau‘lmﬁua&ﬂumwé Samplel1][1] = 6 way
Sample[1][2]= 4
(a,3) Ao wivhifewhulndiReaian kévflvegluensdsamplel2]1] = 4
ag Sample(2](2] = 3
05 o f gap AlFanmsdy
Sample[1][1] = 6, Samplel2][1] = 4 23l9 dif= 4-6 = -2
Sample[1l[2]= 4, Samplel2)2] = 3 a¢l§ dif=3-4 = -1(us37iail 20)
NUTITRT 22aevinsdansesishogndln
Syntheticl0][1] = 6 + 0.5(-2) = 5
Synthetic[0][2] = 4 + 0.5(-1) = 3.5
é’aﬂ”’uﬁaa&hﬂmngﬂa%ﬁuLﬂu(5,3.5)
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2.8.2 Yunauds Tomek Links
Tymanuliaugavesdeyaaunsauilgmidlagldinadanisandiunguieya

A v ) & a o adad . 4 < o w Vv a v

Festnaunn nikdlutufswallaffivedn Tomek Links [7] Balun1sidangutoyaiiestng

unfiinnisdouiiufuvesngudaya (overlapping) 91n3U# 2.19 aw (a) tun1sdug
sywinenguieyaidsadades hegrsuanunudiedydnual x) wasngudeyaidesdiann
(Fregrsauunuiedyanyal o) Iﬂav‘hmim%wLﬁa‘u‘LuLwiaz@jLﬁamisasmqﬁinﬁﬁ’uum
flgpsewivaesnguioya Fsluudasafedieilndiuuniiga Sendn Tomek Links 9103Y

2.19 A (b) Azvinsindndiedsaveaniuluwsay Tomek Links

o© o o o© o o
o0 %90 O _o Op O o
X0 o0 0° X g 0. °
O o) O o

0 x990 o) X 0 o

7 0 o\ o
Xog X , o
OOX%OOQ g5 A \ V.
))((XXOOOO X“X X .0 O.o©
X0,/ o000 _ O A X

X (@] O OOO
X Xyl o-a 9 xxxx Oo

(@) (b)

U 2.19 Aa9g19Tomek Links
) ' o %2 = 1w oy
fog1nITvn Tomek Links fwuniv EQenan) way E@mmas) Wunguieyadil

ANULANANeTULAY-(E, E) w1ty Tomek Links dlossegnes e dE,ED W3a d(E,E fin
1N d(E,E) Tae Egfadatinde g é’agﬂﬁl 2.20

gﬂﬁ?i 2.20 2881901511 Tomek Links
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283 1unuld SMOTE + Tomek Links

SMOTE + Tomek Links [8] Aoinafianilsluntswaunaiussnitamaianisiiiy
Srunungudeyaidesirafosuazmaiianisansiuungudoyaidoatiann laswaia
SMOTE agyhnsuiinduaungudeyaidesirsdesliisiuiume q Ausuiunguioyaides
1aun wazldinaila Tomek Links ﬁﬁ%’ﬂﬂdu‘ﬁayjaﬁLﬁmnﬂs%fauﬁuﬁu (overlapping) 984
ngudieya 99n3URl 2.21 A (a) Rengudoyaiiineuliiaunauasifnnsdouriutuvesngy
Toyauagltinadia SMOTE lumsiindiurusiegiauin faguil 2.22 am (o) wagldnailn
Tomek Links Tun1sindnseagneay ﬁﬂgﬂﬁ 2.22 nw ()

OO o) fa) OO o} (o] 00 @] O
o090 0 o o 0o 0 _o© 00000
X000 0% X Q.00 X, 0 0g
0x0 0° o© -}gf(xo o o0 X o _o0°
0" 0%, o, WS xxgé © " o
X XX 5O X
OOXOOO O 0 Oo§00 D/ A~ Xxx © o O
X XX 000 ;‘Xxx?o 0 o xx;)ggé 0O 0 o
XXxo o X092 000 O X, o ©
000 0 X oo o > ; o) o
XXxxOC’ 0 X A% 0 0,0 éxxéiz( o

(a) (b) (c)

sUfl 2.21 mAdin SMOTE + Tomek Links

2.9 wataAn1sinuseansaawluna

Tunsadilimeduunyseinndeyalavmpailn -fold Crossvalidation unldlunns
LLU\iﬁz;m‘i’J’a;g,a%éqLﬂu"‘s‘%msuﬂwwﬁagaaamﬂu kA {Ds, Dy, .., D UoiasyRRLNLUAILTUA
i yedeyafinasunngindoyavadevazgniimlisiuiy kast Iasnsausnimun D,
W Huyadoyanaaoutasyndayniiviedsyadayaiiiany (D04 .. D uazafadaly
fvun DM Huyateyanaaetnasyndoyaiindensyadonaiinaeu Dy, Ds, ... D ¥
UNTEINIATU k ASeuazlunmaaestlEimundT k = 5 e TaUszansamusdluina
Flaguil 2.22

fold 1 test. | train train train train
fold 2 train test '. train train train
fold 3 train train test train train
fold 4 train train train :__teSt . train
fold 5 train train train train | test

sUf 2. 22 #1eE4 k-fold Crossvalidation ilerundn k = 5
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aw o d

210 -ewideineddas

4338 Preprocessing of imbalanced breast cancer data using feature selection
combined with over-sampling technique for classification [9] wWunsAnwinisunlgym
mmhjamqawm‘ﬁayjaﬁLﬁﬂﬁu’[,mammwwéﬁﬁmﬁ’ui{ﬂaamm%mﬁwuu Tasauisn1sAniden
AudnwME (feature selection) Lasn13guRI8E19 (Oversampling) Jeildel3undn FOT 35
fnandunisianuazeiadeyadouinisadrdumadiuundszian lagvinisinda
naudnunieilsisuusenluuastihfoyafivierunszuiunis oversampling uazaiialuing
SuunUszinneneluea 3 luwa A Decision tree BayesNets kag OneR 91NNANITYIARBY
Usngitaeatia 3 lueaiifinisléinada FOT e F-measure astunilunadilailaly
wialla FOT

11u7398 A novelevelutionary prebrocessing method-based on over-sampling
and under-samplingfor imbalanced-datasets/[10] Wunisfinumsdusisgalmiveangy
Yoyalneldinaia SMOTE Fovanldmadia SMOTE Lwemsmmawuﬂﬂaﬂivawsmwmm
ad muuﬁm’tmmuﬂwzjmﬂ CHC Flumsgadeeas FaagiiUszavsnmituanndanasld
SMOTE i d3inea faunidsuisesanisuas SMOTE Wiy CHC was3euifieuisen 9
3n 5 3% An RUSZTL, ROS, SMOTE, iae SMOTE+TL Tatldlanaa Decision tree C4.5 lun1s
FuunUIELAY AN INAABINULN USLANEN 1w ae oversampling (SMOTE,ROS) wag
hybrid (SMOTESTL,SMOTE+CHC) fiUseanaimannainisundersampling (TL,RUS) agn4ls
ﬁmumsLﬁmi’wmuﬁ'aaEJNawﬁﬂﬂzjﬂisﬁw%nwwﬁﬁwaaﬁﬁuﬁﬂ%mé’mwmﬂﬁuﬁaaﬁm
(over-sampling rate) Tunrsfionsamaiianisiusauaudaered smniaigeesdonali
UssAnSnnansnas wausingin SMOTE+CHC Tisdnsinsiiusesdtudhsiidunnile
Feufumadanistinsnauiesndu g

37u348 Impraving emotion classification in imbalanced YouTube dataset using
SMOTE algorithm [11] L‘fJumiﬂwmﬂﬁﬂmqméfﬂuﬁﬁqmﬂivaﬂﬁ%’ﬁ’mmﬂwﬁm%’ﬂu
U99Uueg1s Youtube mvﬂuaauamuLﬂawﬂiuﬂauwm&Jawmﬂwmaﬂi“mw LU WA
Tweun Wﬁﬂﬂ'ﬁﬁ]ﬂ’]\‘iﬂﬂWEJUﬁ]i IﬂFJﬂ']T\]'\LL‘Uﬂ‘U'iuLﬂW‘U@Qﬁ@ﬂlﬂﬁml,ﬂﬂﬂ'\ﬂ‘uaﬂ?”luﬂLLaﬂQﬂ'ﬂll
ALty (comment) mumaamﬂu 9 UssLandiefu As anger, disgust, fear, happiness,
sadness, surprise, emotion, related uag unrelated LLazi‘ﬁlﬁaﬁ'miﬁﬂu%‘umLﬂéaﬁﬂi
(machine learning) Tun1sdundszLan Usznaulumie decision tree, naive bayes Wag
Support Vector Machine uazldivaila SMOTE ‘lumsmemmumamwamammuuaaL‘wa
LLﬂﬂnqummluam@amawayJa Nﬁﬂ']i'l’lﬂﬂ@\'iWU'J’m']ﬂ‘U SMOTE ﬂ']iJ'ﬁﬂLW%JU‘JuﬁVIﬁﬂ']W‘UEN
Tuald Feenunsauiinlldfa 16.9 %

11u398 Novel Algorithm for Imbalance Data Classification Based on Genetic

Algorithm Improved SMOTE [12] inauanisidinatin SMOTE 521AU, genetic algorithm
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(GA) watiuUsganiamlunsuitymanuliaunaveinguteyalifvy Fuveada SMOTE
Jundlslumadanldduaudouunfgalunisudfagmianuliaugavesngudoya us
\esaninalla SMOTE 148n31n15guRa0813 (percent of synthetic instance) A"

Wwenfiunn 9 f7e819 (minority class sample) eusiagfiragraiumisasiiadnnglunmsdy

v v
Q- =

Fregraduresiaes fuiunudsetuiadduneda GA %aLﬁuLwﬂﬁﬂmqﬂagmwﬂizﬁwﬁ
athandaldlumadum nafiudssdvBam wasmsBouifenisdeunuumguiinsiiam
mMsesssurRnldsmAumada SMOTE tendnnisguitegralmanzasluusas
frogns lnsnuiseduildiedadn GASMOTE Algorithms aanmsnaaeanailn GASMOTE
ﬁmm%’aa&aﬁLﬁm'ﬂiy‘vmﬂ’nmhjam@aﬁu’wumﬁwﬂ%’aga wud1 GASMOTE @1unsaiiia
UssAvsnmuailialdifianluyn 4 yadeymilleieusiutunoud® cas, SMOTE+CA5 uas
- Borderline-SMOTE+C4.5 1l a4fus¥ans nmvasluinanaag F-measure uonaIni
GASMOTE ansnifuyssansnnuaslinnaldnnnduie 5.9 wohdud dedisufumaie
SMOTE
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unn 3
& ac '
VUNDUIS GADBSM
& a o & ad = a 1d o & A 1% !
TuunilaveSurefiatunaulds DBSM mLﬂumﬂuﬂwwwwuwumaLLﬂi'Jzy,mmm”Luauqa
Y2e7U03a WasN15UITURBUTENIRUENTIH (Genetic algorithm) snl4suiutunewis DBSM
wioend1 GADBSM lagludiuvesvafin DBSM awUsznaulumetunsunisandnuiy
@ I v vy & ad . a a o
MagNranguTeyanIetuneuls  DBSCAN undersampling  wagivallaniaifindiuu
Megvainguioyarmietunewds  SMOTE  dmiutumeulsidaiugnssussnaniems
YnlduTumsfimeshutunewis DBSM |

3.1 yunauis DBSM

DBSM Aatunavisimilinmsdusaguvunaunamlasnisiinada SMOTE dq
Hunddumadansufdgmardbiasmaiuuiisdnusiedseingudoya saufuns
Ussyndldtumeuds DBSCAN Fudunistanduioyalesldaiunuivy Tnsasgnldidy
FunuYeLnAlANNTARTINIURIaENsTINELTaYA

Training set

DBSM

A A 4

DBSCAN SMOTE
undersampling oversampling

remaining
inority clas

h 4

Training set from DBSM

sUf 3.1 nénn1svireuves DBSM

INJUN 3.1 wanamannnsvinauvestunawds DBSM laalsuduyadeyatindauazgn
dudrgnszuaunsquiiogrsmedunenitves DBSM dsneluazussneulumeaeunain
Ao ImATdANTTaNTIUIUABE1IVBIAANEAUAI8YUNBUTT DBSCAN undersampling Lasg

= a o LY 1 2/ 5 s L% 5 v & v Moo 5 aal
AUANITLANAIUIUNIDEIIUINANEYURNDUIT SMOTE muuwaawaqmmaﬁlﬂmﬂ‘uumamﬁ
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Y83 DBSM Aaduiudiegnninsvdessspataauainmaia DBSCAN undersampling way
FIUIUFIDYNVIVUAVDIAAEUINNEINHIUTURBWIT SMOTE

mmumﬂuﬂmiaﬂmmumamwaqnamama (DBSCAN undersamphng) Tudumen
78 DBSM mmimwaaamﬂwuumawanlm 3 funou Ao durounisiangu Tunsunisin
SeuEVY LagtumeunsansILIuetn il

1) funsunsdnngu Swudetnatomeluyndeyafinaauszgninnduietunou
38 DBSCAN wdsoniutunsutiagldsuuuueanguilunnsneiu 3 sUuuu fe nquililawndn
avunfinaiadudsadiutios (ranauan) nquitiaudnoumfuaiadssdaunn (aan
aav) uagnguaaviefenauitiaundndunanauinuazay Fduriideiidenfinnsaniane
nqudeyaiifiaudniduiiuniuraaau wasaguioyeitandnduiraaauiazaaa
UIn

£
=

2) Tunoun1siaTeeEn1 luduroulazildnisinssesnisesnidu 2 Uszaneiu

Reoulvvesgduuuvatngudeya Ao naudeyaniiyluvvaminlunguiluparaauiiese i

U
o

ey mngngugnasweIngudeya wasvinnisinssuznnanyndasenslungudeya
\euffugaeudnansueinaudeye tevhdes wiindrugarudnansnniiganiudiiy wazlu
dumssndudeyaiiimndndiuraaauaniaganiasuasiinsinssesmessninsnaaay
ieuiuaanauinifieviihothstesaanaauiiingtiuagen ntign

3) SupeuMsEnsIuaLAIe81d lutumeuiiazsinasausiuaudiessnanaauiiey
Tﬂaﬂumamwmuﬂmamﬂaaﬂ 50 Lﬂaswumaammumaemmﬂuﬂmaauluﬂamaua
i q amsmamaua‘mmJLLwamszm‘lunaumuﬂmaaULwaqamqmmﬂvmmsaumamw
Iﬂaﬂuqm@uanaﬁamaaﬂqmmagaaaﬂ 50 tUasiausiguig
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Algorithm: DBSCAN Undersampling

Input: S: All training set with minority class and majority class, €: Epsilon,

Minpts: Minpoints

Output: D: remaining majority class instances.

1. [Cluster] = DBSCAN(S, €, Minpts) // Cluster is a set of clusters
2. Fori=1ton//nisanumber of clusters generated by DBSM.
3 Let D; be a number of majority class instances in i cluster
4. If all members in Cluster; are majority class then

5. Centroid = compute-centroid(Cluster)

6 Forj=1tomd// m'is a number 'of cluster’s members

7 Ml = calDistance(Centroid, J)

8 End for

9 Else if member in Cluster; are_minority and majority: class instances then
10. Forj =1 to mi/// m1 is\majority class instances$

11. For'k'= 1'to m2 //.m2/is minority class instances

12. MI = findSmallestDistance(j, k)

13. End for

14. End for

15.  Endif

16.  MI = sortingDistance(Ml)

17.  Di = removeSmallestDistance(Mi,-50%)
18. retunD=VU D

19. End for

Uil 3.2 TumeuiBnisvinauvesdaneiiiu DBSCAN undersampling

andaegreguit 3.2 uansduneuisuaadana3fiu DBSCAN undersampling lnefisneasiden
Rl

fauvsidn : s Aeyadeyaflnasudsszneuluhenguieyaidesdnn (Aanaau) uagndy
foyaidesduties (ranauan)

Eps fia sz&zn13vesgaiiautu
Minpts fio §1uauvesgaiiteuitudud
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w o LY 1 [ 3 o o ! ¥ <l 1 1
HAGaNS - mmumamwmmﬂmmsmﬁmnqmagaLammumﬂmqmu

Fupowds -

1. (ussvindl 1) ﬁﬂﬂ;m%'aaga?]ﬂaauchu%”’umauiﬁ DBSCAN (iednnguuasngudeya
(usTViafl 2-19) msUszananaluwiazngudeya
(UsSviail 3) Avuelk Dy ﬁaﬁwmummnﬁu%gaLﬁmdwmﬂunfﬁmﬁ i

CY)

P v o a o v a . o v o o
(UsTVION 4) ﬂ'ﬁ]ququauq%ﬂﬂﬂwuﬂl‘UﬂaﬂJmauaﬂ | LUUﬂmaa‘UI%VlN’quU’iWﬂVI 5

o A LD

(USSRt 5) mﬁmﬂuaﬂmwmﬂamamw i

(us5Vinit 6-8) ’Jm“ﬂ“mﬁ“wmﬂmaawwmnmmﬂuaﬂma BAZAUSTEENIUD

urazad19aIsisd Mi [index, distance] LLammiUw 3.3

7. (Ussviail 9) mmmuammnmwmlmamauaw nﬂivﬂaumaﬂmaama“ﬂma
vanlivauluussian 10

8. (ussvindl 10-14) ANTYEENINTIRINAAFAUAUPEIEUIN UAE ifuszasmaiitoniign
Ypspandavatensise Mifindex, distancel LLammiUw 3.4

9. (UssTATl 16) Feadie distance litenfisd MiTneiSemanaiagluann

10. (USSHAT 17)4Bend1udufesisluaalaay 50 wWesifudann Ml lagAnainan
distance uawam LLaummimwmamammuuaanmﬂ D,

11, (UsSTinfi 18) A AU R tE AU VA TR URn s dRagns

MI
Cluster;
index |-distance
Xy dq
Ko . d,
X3 ds
Xa da
Xs ds

U 3.3 nsfaszrzmslunsdiilundudeyatiaundnduaasauiaun
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Ml

Cluster;

index | distance

X1 findSmallestDistance( dy, dj, ds)

X2

X3

Xq

index. -Distance.. -

X4 findSmallestDistance( dy, dy, ds)

Xy findSmallestDistance( da, ds, d¢)

Xs

MI

indé;g' '} distance

X4 findSmallestDistance( dj, dy, ds)

X5 findSmallestDistance( ds, ds, d¢)

X3 ﬁndSmaLléstDistance( ds, dg, dg)

Xq

Xs




Cluster;

Cluster;
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MI
in‘dlex‘\ dfsvta(hce : |
X1 findSmallestDistance( dy, d,, d3)
X findSmallestDistance( da4, ds, dg)
X3 findSmallestDistance( dy, dg, dg)
Xq | findSmallestDistance( dyo, dy1, d12)
Xs
Ml
ind‘eXQ_ - distance =
X1 findSmallestDistance( dy, dy, d3)
X findSmallestDistance( da, ds, dg)
X3 findSmallestDistance( d;, dg, dg)
Xa | findSmallestDistance( dqo, di1, di2)
Xe{ findSmallestDistance( dis, dig, dis)

Uil 3.4 msdassesnlunsalifundudayafissnimiuaarsaunazaanduan
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3.2 Juneuls GADBSM
GADBSM Ao msthiuneuisdsiugnssuundszyndldsiutudunous DBSM lne
‘i?umaui%ﬁmﬁumismvanﬂmﬂﬂumﬂ%’uﬁmwmﬁLmaﬂu%uéauﬁﬁ DBSM Lile49n
Wﬂi']llLGl’e]’iVlGlENI‘ﬂU‘UUG\BU’Jﬁ DBSM taufisuauann mﬂssﬂaul‘dmawwmmasmmu
4 @ Ao iva“mwaa'«mwaumu mmumawmwaumumum USurauwes SMOTE An
Wulefidud LLasmuaumaaLwaumﬂﬂammmqﬂ k /7 uaﬂmﬂu"l,utmasqmaga
fnasutuasinisivunmmifmesiiunndefueenty Lﬁa\‘]‘\]ﬂﬂ%’au“al,m'ﬂs‘ljﬂﬁﬂ’ﬁ

3
1
=

) Iy a0 v o Iy ° a a2 & o
nszaefvestoyadisreiuvilinisimuamisiliinesamieie (manual Wusasnenn
é’qﬂu%’umau?%'L%aﬁ’uqniiuﬁqgﬂﬁﬁm‘hﬂumié’ﬂmaﬂamasmﬂlﬁﬁué‘h’f TauiTunau
uagseazideneadl

g’ IS' o < A
PYUADUN 1 : wuspetesiymaelaslulsufifisaumdunsd

U7 3.5 nasdaialasiyley

21N5U7 2.5 idasnaseenuutlaslilaulngunudinsuresdam wagdnanss R
Ussnaumeafulssiuan 4 f1 A9 A BCuas D
Taofl | Aunusae Snunuvesiteutiulndifesign K (0 Inefinaugndnanse
wihilu 3
B untifne USinaltesmadusantnses SMOTE Hiamuivesiliud (p) nedl
A dnansaviaty 3
C Unud e S1urnvesgaiiiouidududn (Minpts) lagiinanusidnands
Wiy 7
D unushe seesrswasga ety (Eps)Inpfimuendnansuviviu 10
odhfluniidaslilasnzuseneyUfetnarsiomn 23 O

Yl o

Tumaud 2 : af1eUszrnsluguusnedneguliildiuauminny N Tnedunouis
GADBSM ldfvuad uIuUsEuInsinfu 30 3o N=30 Kefuuszvnsluudaziuay
Ussnoudnelasiulauionua 30 Taslilew uazudazdnlulashuleunsgnduiisiavguaes
(0 i 1) Kegul 3.6
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r ¢ i
X, |1|{o|1|o|o|0|O|1{1|21|21}0}1|0|1|0|1|0|1{0|1|1 1
A B C D
flllil W . 1r . 1
X, 1/1{1{0|0|1|0|1{1|1|1|0}1|0|1|0|2(1|1|1}1|2|1
®
]
A B C L D
r_l_ﬂlil i . 1 L 1

0(0|1i0|0|0|1]|0]0|0|0

o

X3 [010{21{0|0|0|0[1]1|1|1

Ul 3.6 msadredszannsluguusnegeguliiisnuiu N = 30

Funaudt 3 : InUssaninnwasUssransusafunAsiduAINgIBLAaE
Taslalay Tnoduus A B Cuas D liusaslasluludazganeasiia (decode) ) Inanediu
Lammua‘u mﬂuumwlwaaﬁmmiaam‘mmvﬂﬂ‘IﬂjLUum‘uaqmimma'ﬂwumamﬁ DBSM
Fldnanuudilurite 3.1 LLammauaﬁ]ﬂaauwlﬂmnwmamﬁ DBMS axgniitluasielanng
mu,umlivmmLaumUi“ammwmaﬂuLﬂamwmauaﬂnaau szmmmmm’lﬁ’ﬂumim
JszAnsnmwedluing fe Fmeasure ey AUC Kaduariteiduninuminyauveusas
Taslulowazgniminlppatnass 3.1 Fedunaun1s TAU TEAVSAMUBIUSTYINGE N TAUARS

. 1@1’¢quﬂﬁ 3.7

fix) = F-measurelx) + AUC(x) (3.1)

Chromosome

v

Decode
-
TDESM I T

Decision Tree
Learning

v

<

v

Fitness function

Ui 3.7 udnstunaunsiadszdnsnweasdszyns
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1) P = ' a v fw A a 1 '
Tunaunl 4 : 1denguedlasiuleunagunauiugiuiondngn Tnglaslulouneusiasgn

guiuiniermuiesduiiaenndesfuarfieiduninumngauveudaglasiuley San1sgu

denlaslulauazldinaiin roulette wheel selection siatiulaslulgundaflsdduniny
wanzaugeliagloniafignifonganinlastulauniidfleiduninumangaus

dunaudl 5 : adslaslulanvesgnanlaslulouweuasudlnenisldmduiuniinisled
Waguuaznisnateiug legidentdiadniunisnislativdeusiia Uniform crossover @4
AUAA pe = 0.7 Uag pm = 0.01

a a

uneudl 6 : unudszansyuinidieuszynsgulnidalulasliulaugniindalavianun uas
nauldvhdlutuneud 3 sunseiadeulalunsaudnduads



uni 4

£

N1393NLUUNTINAADILLASHANTIINNGABN

Tuunihgnaniundsiiiuasseasdonvosedayn mssanuuunsvaass uazHa
mimaaaﬁumsqm%'a;daﬁhjshuLwﬂﬁﬂmiejuﬁaa&JNLLam;mﬁTmﬂaﬁchuLmﬂﬁﬂmiejuéhaehqﬁga
4 wndla fiw SMOTE Tomek Links SMOTE + Tomek Links uag DBSM laglddana3fiunns
Seujsuldangula (classification and regression trees) Lﬁauﬁ”luiﬂﬁlﬁ&mﬁqw k #7 (kNN)
fduunwuuLudeagning (NaiveBayes) wagludiugavinefon1siSeuiisussnitanaianis
dusegnaits 4 wmailla uasFsuiiouysyAvSnmysavnaia GADBSM luusasdane3iiums
Seus

4.1 uvaeiiuuazseazdunvasyadoya

Tunsvasesildihdeymnanntivian KEEL Gwakeeles) 1w 12 gndeya 4o
Toyartomaiiinuavsassdidadasaiuiliaung (R) agsemina-1fs 10 Tngs1azidunsina 9
vosusiazeaioyalszneuing Surgudnyae (atirbutds) S1uIuf e Wawmnvasusaz
yndiayalexamples) uazen R wanslifasnsnam 4.1

] 1 7
13191 4.1 i']EJﬁ%LﬂEJﬂ‘UBQ‘Qﬂ‘UE]Ha

Dataset Name Attributes (R/I/N) Examples IR

glass1 9 (9/0/0) 214 1.82
wiscosin 9 (0/9/0) 683 1.86
glass0 9 (9/0/0) 214 2.06
yeast1 8 (8/0/0) 1484 2.46
haberman 3 (0/3/0) 306 2.78
vehicle2 18- (0/18/0) 846 2.88
vehiclel 4 18 (0718/0) s 2.9
new-thyroid1 5 (4/170) 215 5.14
new-thyroid2 5 (4/1/0) . 215 5.14
ecoli2 7 (7/0/0) 336 5.46
glass6 9 (9/0/0) 214 6.38
yeast3 8 (8/0/0) 1484 8.1

91ne599 4.1 Tupedunl Attributes (R/I/N) R Aafainusdayaussinnd uiuass
(real/continuous) | AepmdnwasUszAnTwIwAY (integer) Waz N Aonuanyuzdeya
UsgnyAmusetamu (nominal/categorical)
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4.2 N1999NLUUNITVNINADY

Preprocess ;

SMOTE | l TL l |SMOTE+TL\ | DBSM | l GADBSM I ; fOn'ginaI dataset

.......................................................................

Deceision Trece NaiveBayes NN v
: Models Models Modcls ie

5UT 4.1 TunaunIINAABY

93Ul 1 wansduneunisvaaedlpesidussiinisuwadeyalasldinaia
5-fold Crossvalidation &sazgnitiaduypdeyatlnasullasyndoyanadat dmiuyadoys
Tneouiulddmuafiusasuunyseian binsuneslalituseuid CART dudumaia
Fuldidadulasnnids ddtuunuuuiudodnsine wasilauthuladifeciign k sauhins
asralunasuunyszinn azuadeyamnreUiul i miuiauseansnmeeslunadiuun
Ussim ludwresnswdeudeyalilfiveianisduaretns 3 winila Aewmelinnisguiiegig
wuvansIuiiegne nalian1sdudegauuindIuiege uazinadansguiiegs
wuunaunay Tusddeiidenldinafin Tomek Links SMOTE uay SMOTE+Tomek Links
sy warldihmsSeuileuussansawiumaiianisduiiogadaetuneuis DBSM
uay GADBSM Aldimunty dufulumakaueildlunisiouifisuussaniamueanis
w3sndeyamiomaiinnsduiiegnauuusing 9 asussneulumedulidndula Mdwunuuy
wdegaine wasieutulndiAedign k #2 Tavunogeaz 6 luiea Ae Tusaikiumeade
nsduiogafeduneud’ SMOTE Tuwaiikumeiansduiiogidedunsus TL luea
frrumaianisduiiogrsdieduneud’ SMOTETL lunafiiumadanisduiiagiedag
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Funeuds DBsM Tumaiiiumaiianisdusegnefieduneuls GADBSM uazlunaiilaisinu
wieliansgusegnsla 9 (original)

Tunsvaaadlatinsimunmsidimesang o el

_wiafla SMOTE fmsfmuadimnimesaesiafie sruiuedifudveanisiiia
$ruauieguanuazswaiteutulndiduaiian k 1 Geimuaamsifimesidu 100
wWediduduay 5 auaau

‘afla DBSM fin1ssanuasinisfiinesues Minpoints lvindu 5 wag epsilon ag)
Tut24 [0.001-1] ugRy

MASiA GADBSM Snssivuasiuiuuszans seulunisvign amnudnasidulunis
\Aim crossover Lag mutation Wy 100.500-0.7-4a% 0:1.a11a9u

'
=

o o o v o 3 v v o ° ' a ¢
'-@aﬂE)iVliJﬂ’]iLiEJUELWEIUU’IUIﬂaLﬂEN‘V]?iﬂ k A3UATTATNUAAINITIULADIVDY k
WINAU 3 lag 5
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4.3 HAN1SNARDY

A131edl 4.2 Wisuifieudn AUC sewdnyadayaiilisinunatianisduiaegauasyadoya
= a Y ' 9 o o oS Yy WYY o
fishuwaiiansduiiagnlaslddanasiunsBeuidulifaguls

Dataset Name | Original | SMOTE TL SM+TL DBSM | GADBSM
glassl 0.660 0.805 0.747 0.888 0.776 0.785
wiscosin 0.944 0.750 0.963 0.761 0.947 0.948
glassO 0.784 0.695 0.778 0.705 0.788 0.799
yeastl 0.669 0.848 0.680 0.859 0.651 0.653
haberman 0.532 0.589 0.604 0.584 0.555 0.555
vehicle2 0.941 0.935 0.950 0:932 0.944 0.944
vehiclel 0.652 0.923 0,678 0.920 0.705 0.705
new-thyroid1 0.909 0.698 0.909 0.704 0.949 0.952
new-thyroid2 0.932 0.943 0.904 0:946 0.963 0.966
ecoli2 0.810 0.937 0.873 0.948 0.883 0.841
glassé 0.848 0.664 0.850 0.672 0.860 0.892
yeast3 - 0.830 0.827 0.875 0.877 0.859 0.865
Average 0.793 0.:801 0.818 0.816 0.823 0.825

AN 422 uanmIisuifisuar AUC sewinsyateyailtiiumeianisdy
#20819 (original) LLaa‘gﬂ%’@gaﬁmumﬂﬁﬂmi@um"’sath\‘i (SMOTE; TL, SM+TL, DBSM,
GADBSM) Tnelddanasiiumaiseuinulivngula Wuinaaa e AUC Wtudieldineda
nsduioenuasinelafilianageuss AUC unnilandswiatn GADBSM DBSM TL SM+TL
wag SMOTE anuaeiy
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A1519dt 4.3 Wisuidigudn F-measure sevdnayadayailbinumatianisdudtogiuas
- a 1w ' 9 o o e o Yy Yyw
yadayaiiinaianisgudeddlaglddaneifiunisSeuidulddadula

Dataset Name | Original | SMOTE TL SM+TL DBSM | GADBSM
glassl 0.540 0.659 0.683 0.810 0.715 0.724
wiscosin 0.925 0.666 0.945 0.678 0.929 0.931
glassO 0.704 0.609 0.696 0.637 0.710 0.719
yeastl 0.528 0.734 0.551 0.728 0.509 0.511
haberman 0.287 0.397 0.439 0.411 0.378 0.378
vehicle2 0.909 0.901 0.909 0.885 0.915 0.915
vehiclel 0.482 0.897 0.519 0.884 0.557 0.559
new-thyroid1 0.836 0.550 0.833 0:555 0.916 0.929
new-thyroid2 /|~ 0.886 0.909 0.819 0:907 0.930 0.943
ecoli2 0.700 0918 ~0.771 0.930 0.752 10.754
glass6 0.734 0.524 0.746 0.541 0.770 0.781
yeast3 _ 0.703 0.689 0.720 0.744 0.737 0.742
Average - 0.686 0.705 0.719 0.726 0.735 0.740

A5 4.3 UanapasiuSeuiiivudn F-measure sendntyntayailaiunaila
N3guF9E4 (original) waznveyaiiuinetinn15aNda0E19 (SMOTE, TL, SM+TL, DBSM,
GADBSM) Teglddanasiunisdeussuliiindula nuliaateyes Fameasure WnAuLialy

a 1w ' a a9 v P P = a
wallansdudiiodasuazing dafiliaiaiones F-measure yanvganoinaia GADBSM
DBSM SM+TL TL wag SMOTE a1ddany
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a9l 4.4 Wisuifisuen AUC seudneyndeyafilisiunaiansduiednasyadaya
ArnumaiiansduiiegrlngldsanasiiunsBeufineutwindifesiign k 67 (k=3)

Dataset Name Original | SMOTE TL SM+TL | DBSM | GADBSM
glass1 0.749 0.929 0.765 0.938 0.768 0.771
wiscosin 0.969 0.825 0.975 0.819 0.970 0.973
glassO 0.803 0.793 0.825 0.783 0.802 0.804
' yeasti 0.645 0.855 0.690 0.852 0.655 0.664
haberman | 0546 0.560 0.562 0.591 0.547 0.555
vehicle2 0.950 0.977 0.947 0.977 0.949 0.951
vehiclel 0.656 0.966 0.691 0.994 0.680 0.686
new-thyroid1l 0.966 0.701 0.980 0.713 0.975 0.977
new-thyroid2 €-9 B 0.948 0.966 0.944 0.992 0.992
ecoli2 0.936 0.976 0.947 0.978 0.922 0.923
glass6 0.838 0.657 0.838 0.692 0.885 0.885
yeast3 0.830 0.856 0.858 0.878 0.871 0.871
Average 0.819 0.837 0.837 0.847 0.835 0.838

nens1edt 4.4 tamsmasidiaudivusn AUC sewinsyaderafilifiiumadanisdu
9819 (original) LLazsqwt’iauuaﬁchumﬂﬁﬂmifju@ha&i'm (SMOTE, 7TL, SM+TL, DBSM,
GADBSM) Tnelddanasitunmaeusifeudmilndidueiian K (k=3) fruitAnedses AUC
Futudleldinatanisduiasnswasmadedliidnadoves AUC unniigaremaie SMHTL
GADBSM TL SMOTE itag DBSM-masd iy
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d‘ = J ] 1’4 t:l' [ o ] o/ ]
f1919% 4.5 Lﬂ‘%EJUWIEIUﬂq F-measure 'i::wmaﬂgmaga‘w‘lumuwlﬂuﬂn'l'iqsm'mﬂ'mta::
% o a y W ' yas a2 a Y o v P | Y
ﬂ!ﬂ“ﬂﬁl%ﬂi’lN']‘umﬂuﬂﬂ'ﬁq&lﬁ')ﬂEJ'NTMEﬂ‘lﬁ’]ﬁﬂaiﬂuﬂ']iL'iEJungau‘U']UIHaLﬂEl\‘i‘Vlﬁﬂ k a1
(k=3)

Dataset Name Original | SMOTE TL SM+TL | DBSM | GADBSM
glassl 0.668 0.860 0.698 0.843 0.700 0.705
wiscosin 0.957 0.749 0.963 0.736 0.950 0.959
glassO 0.728 0.731 0.748 0.720 0.713 0.719
yeastl 0.485 0.802 0.560 0.788 0.526 0.530
haberman 0.301 0.368 0.371 0.421 0.377 0.378
vehicle2 | 0920 0.945 0.907 0.945 0.888 0.893
vehiclel 0.486 0.943 0.537 0.973 0.521 0.530
new-thyroid1l 0.943 0.551 0.958 0.559 0.894 0.945
new-thyroid2 0.910 0.898 0.943 0.885 0.960 0.960
ecoli2 0.894 0.963 0.883 0.965 0.804 0.836
glass6 0.780 0.517 0.780 0.565 0.828 0.828
yeast3 0.721 0.717 0.744 0.736 0.709 0.726
Average o FBO 0,753 0.758 0.761 0.739 0.751

INAITAST 45 udaimsiie uifiausa F-measdre seninsndeyafiliniuimaie
n3eusegs (original) tasyadoyafiimunedianisdusnogng (SMOTE; TL, SM+TL, DBSM,
GADBSM) Inel¥danasilunisFoufideutiulndifusidn k i (k=3) widAedeves F-
measure Hutuileldinafianisdushogsuasmaiaiilidofsyed Frmeasure wniiando
wmada SMATL TL SMOTE GADESM-Lgiz DBSM nsiénau |
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131971 4.6 Wisuidleudn AUC sewinsyadayaiilikunalinnisgudlsgruasyataya
fieiumaiiansguiednslaelddanaiiiun1sSeuiiduunuuuiudetieing

Dataset Name | Original | SMOTE |- TL SM+TL DBSM | GADBSM
glassl 0.717 0.697 0.669 | 0.662 0.676 0.688
wiscosin 0.965 0.970 0.964 0.968 0.973 0.978
glassO 10.731 0.724 0.697 0.700 0.714 0.721
yeastl 0.525 0.567 0.566 0.613 0.609 0.611
haberman 0.415 0.411 0.507 0.442 0.617 0.642
vehicle2 0.839 0.855 0.837 0.856 0.871 0.874
vehiclel 0.667 0676 0.671 0:6/0 0.679 0.680

new—fhyroidl 0.994 ~0.989 0.994 0.989 0.989 0.992
new-thyroid?2 1.000 0.994 1.000 0.994 0.994 0.997
ecoli2 0.822 0.856 0.859 0.854 0.911 0.912

glass6 - 0.860 0.830 0.877 0.860 0.802 0.808
yeast3 0.544 0.818 0.601 0:842 0.822 0.871
Average 0.757 0.782\// | £:0.770 0.788 0.805 0.814

NAT9.6 WA T euieual AUC seminasatagailidumnianisdu
#9819 (original) Ldgyndayatrumatanisguiia8ne (SMOTE, Tb, SM+TL, DBSM,
GADBSM) TneldSane3flumsisuudduunuumudediaite wuitriaagved AUC diuduiite
T waliansduiottauazminiailianaderes AUCannigndeinatis GADBSM DBSM
SM+TL SMOTE uag TL saxaau
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o = 1 1 ¥ a1 = 1o 1
A1l 4.7 Wisufiudn F-measure sewinsgadoyanlusumalianisguaaegisuaz
yadayafihumalanisguiedidaelddanesuniaeuifirduunuuuudedieine

Dataset Name | Original | SMOTE TL SM+TL DBSM | GADBSM
glassl © 0.645 0.632 0.601 0.601 0.613 0.623
wiscosin ' 0954 | 0957 0.952 0.953 0.956 0.963
glassO 0.644 0.637 0.611 0.614 0.627 0.632
yeastl 0.169 0.391 0.357 0478 | 0.492 0.496
haberman 0.193 0.335 0.293 0.357 0.475 0.479
vehicle2 - 0.760 0.782 0.752 0.778 0.791 0.799
vehiclel 0.505 | ~0.517 0.510 0.510 0.520 0.520

new-thyroidl | 0.973 0.950 0.973 0.950 0.950 0.962

new-thyroid2 1.000 0.975 1.000 0:975. 0.975 0.987

ecoli2 0.747 0.777 0.797 0.771 0.810 0.842
glass6 0.758 0.732 0.776 - 0.767 0.671 0.689
yeast3 0.150 0.658 0.295 . 0.686 0.698 0.727

Average 0.625 0.695 0.660 0.703 0.715 0.727

NATNITA.7 UamansLUTeuiiiausa F-measure semisadagailliriunaie
m3gufiegs (original) wastadesaidiumedansquisiaaga (SMOTE, Tt, SM+TL, DBSM,
GADBSM) Tneld8anesfilnsieudiisuunuunugogniite wuindiaatyes F-measure
dutudleldinaianisdustesuasmatadiliAraastes F-measure dnnigafeinailn
GADBSM DBSM SM+TL SMOTE #a-TL aua1nu -
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msedl 4.8 Wisufisudaiisuasen AUC lumaiinnsgusinegnefiuudazdanaiiiunts

Bouj
Original | SMOTE TL SM+TL | DBSM | GADBSM
Decision tree 0.793 0.801 0.818 0.816 0.823 0.825
k-Nearest Neighbor | 0.819 0.837 0.837 0.847 0.835 0.838
NaiveBayes 0.757 0.782 0.770 0.788 0.805 0.814
Average 0.789 0.807 0.808 0.817 0.821 0.826

P =t 1 d 1 = 1w 1 L4 1
M19199 4.9 WisuiiauALaayvUeLAl-F-measure 114LV]ﬂNﬂﬂ'li?!ﬁJWJE]EJ’NﬂULLGla&’

aJ o R =l 2/
AANDINANILIBUY

Original | SMOTE: TL SM+TL | “DBSM | GADBSM
Decision tree 0.686 0.705 0.719 0.726 0.735 0.740
k-Nearest Neighbor | 1 0.733 0.753 0.758 0.761 0.739 0.751
NaiveBayes 0.625 0.695 0.660 0.703 0.715 0.727
Average 0.681 0.718 0.712 0.730 0.730 0.739

= X o a ! o '
INAS1N 4.8 Lasd.9 LandnITlSeUigUmILRaYU8Ia1-AUC a8 F-measure Iu

1 =y 1 L2 1 L7 1 U - U =Y A 1 A gj 1
LmaymmmﬁqmmamanuLLmasaaﬂaiﬁuﬂ'liL'§au§ wulnmalianliaaae gagavienn

F-measure La% AUC Aa wailn GADBSM
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A15799 4.10 Wisufsuadiduanuduntidmsuanadsvas AUC lumeaiia GADBSM
of o) 1 Y ] d 1 ) (=Y .
fumalian1sgualegndug Tuudardanaiiunsisou;

Original | SMOTE TL SM+TL | DBSM | Average
Decision tree 4.14% 3.06% 0.93% 1.13% 0.24% 1.90%
k-Nearest Neighbor | 2.34% | 0.12% | 0.10% -1.04% | 0.38% 0.38%
NaiveBayes 7.63% | 4.10% | 5.74% 3.39% 1.20% | 4.41%

A15197 4.11 Wisuisuilasiduainuaunindmsuanadsvss F-measure Tuwmaila

GADBSM fiuwaiian1sgasitagiedus luniazdanesiiunisiteus

Original | SMOTE TL SM+TL+| DBSM | Average
Decision tree 7.90% 5:10% 2.95% 2.02% '0.76% 3.75%
k-Nearest Neighbo'r 2.48% | -0.36% | -0.90% | -1.38% | 1.57/% 0.28%
NaiveBayes 16.30%-| 4.53% | 10.12%. | -3.32% 165% | 7.18%

NPT 210 uaE 411 wansmsiUeu fsurlafidussamuntihdmiuaiady
184 F-measure TuinAtln GADBSM, fumadiansdudaneeduy tuusagsanesiiunisSous
wuln AdiamIgdusieg1y GADBSM Aansavianisydvsnnnsievestuwaldgagelu
Sanesfusdwunnuuiudesnsie dulifadula uasioutlndifeige k #h audndu
Feuasia AUC Wagdniuanasin Fmeastre (viafln GADBSM ayasnuitiussavsam
nsvunevadliaelfgageludanaifumsuuniuuidatieie fuldfaduls waziiieu
thulndiAesiige k # suday

osanndanadiiinisSenyiflentinlag Besiian k fa Dusanesfiuduunuszam
FoyauvuiilifinsadrilunaiethiUlflumsinrgimiisutusanesiiudug Jamsdiuun
UszinndeyavenfieutulndiAesiian k # ssdwundeyalasdredaandeyailndiign
Sy k ¢ lefiarsaneiia GADBSM Seuidululéfesauussinndoyadiumnneendy
Sununniduly Flstuliudesvunedoyefiowatn fafumeia GADBSM Fdlianunse
WanszdvBnmilfgeigailaisuiumalianisdusiegne SMOTE TL uas SMOTE + TL
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AyUnaninmaasuazlalauanus

5.1 @5Unan1svnasy

mu'sﬁlaummmwmaLwawcv‘umaanai'vmmiaumammmuwama’lwwms zandnwlu
nsuttgywiauliaunavesngudaya Tnel930115ane3fiu DBSM waz GADBSM Guvailn
DBSM Lﬂumﬂuﬂmwamumwwmuﬂm'iqummumamqmaaanaim SMOTE way
WedansansuIuiaes e Sana3iu DBSCAN uiiilesnndanesiiu DBSM Wumadadl
Ussnaumuednosniy SMOTE way DBSCAN ﬂmﬂ‘mmmuwmLmasmmmumﬂ Fang
famuanisfneidieiie (manual) Jududesiideudrsdruindmiuglilunisiden
s inesivililunatusgansiiwlunnsandenfedtsilanisanduaudiegnadlal
Tndulunsairsyadasernaeu Foiutuneauisidaiugnssusignianussndldlunis
uituludaui Salddeindanssiin GADBSM

ﬁm%’u%umaumsﬁ%ﬁumu%’aLéué\'uaﬂﬂﬂqiﬁﬂijqﬁns'ﬁmmmhjamqa%ﬁaga
(class imbalanced) ag danasdunasiseus laud duliddndula (cassification and
regression treesyiiouthulndifiendian k i tasssnuniuvudoddng Tnelugideills
Wisuiieumeila DBSM ag GADBSM ﬁ’umcﬂﬁﬂmizjué\";asmﬁuq 39U 3 wada lawn
Sane3iiu Tomek Links [iumatansandudeyatesngudesa dansiiia SMOTE Wu
weflansifidsnnudeyausingudoys uasdanaifin SMOTE + Tomek Links Fadumnda
NS TN sensauettuas AT NS ML ets Taeyadeyailld
Tunnnasstiinaniliules KEEL $1uaw12 yndeya daudasyadeifailaidnsaauli
auna (R) agwvang 144 10 |

nnnamsangsitadeyefusttmaliansguiieg Widva 5 windinanunsa
andgmanuliaunavesdayaaddilunn g danesiinisideu Tneflnailn GADBSM
aunsaiiuUsEavBammmsiusvestilnaligeiigaiieldfiusaneiiunmaiieudiasiun
wudegshenaziulifadule audiiu SsennsaiinysgavsamludaneifiunisGeu
Siduunuuuiudeagnednglata 7.18% uaz 4.41% freuInsin F-measure uay AUC
AUEU
5.2 Jggwuazdaidusuus
- ilesenuniia GADBSM flunisuszgndldtuneyiBiduiugnasu dwalidunauns
Jsumnsfimeddnatumsmenneursudnny fafumsusulgduneudBlatng
vhawuuueztaslitureulumsufumniivesldnaranas
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bstract—Many applications in the real world encounter the class
mbalance problem. This problem affects the performance of the
odel prediction. Nowadays, resampling technique is a popular
echnique to handle the class imbalance -problem such ' as
versampling, undersampling, and hybridsampling.-Thus, this
aper proposes a new hybrid resampling technique to_deal with
he class imbalance problem, called DBSM. The concept of DBSM
s to use DBSCAN algorithm for undersampling and apply
MOTE technique for oversampling. The experimental results of
he DBSM algorithm are compared with an original datasets and
hther sampling techniques, which are SMOTE, Tomek Links,
MOTE+Tomek Links and DBSCAN. The results show that the
BSM can improve the predictive performance of the classifiers.
n addition, it yields the best in the average of AUC, F-measure,
nd accuracy.

Keywords- imbalanced dataset; — hybridsampling; SMOTE;
BSCAN

L. INTRODUCTION

In recent years, the study of data mining has been focusing
n imbalanced dataset. The class imbalanced problem occurs
hen representative samples of one class is that less than the
ther classes, the class with less number is called “minority
lass” and other classes are called “majority class”. This
roblem affects model efficiently in classification. For example,
ancer diagnosis that has number of cancer patients far less than
thers. Thus the model has a very high error rate and the model
might be predicted incorrectly from cancer patients to normal.
As a result, cancer patients haven’t been treated -correctly.
Another example, oil spill detection can be raised from natural
or accidental cause. As a consequence, lives.in the.ocean are
dead due to oxygen being depleted. For the credit-risk, it is
important to detect “bad” arise from borrowers failing payment
which has less than a normal case. Furthermore, the real world
imbalanced problem are weather forecast dataset, spam-mail
dataset, earthquake dataset. Until now, the class imbalance
problem can be solved by three levels. First, algorithm level is a
modification of classifier technique than can enhance a
performance of a model. Second, data level is rebalancing the
class distribution technique in the dataset. Finally, cost-sensitive
is both of the incorporate algorithm level and data level.

978-1-5090-2033-1/16/$31.00 ©2016 IEEE

978-1-5090-2033-1/16/$31.00 ©2016 IEEE
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of Technology Ladkrabang, Ladkrabang, Bangkok, 10520,
Thailand

One of the-most popular techniques for solving the
imbalanced dataset is resampling technique which is in the data
level category. Resampling can be categorized into three groups.
First, decreasing majority classes to approximately equivalent
minority class—is called undersampling technique. - Second,
increasing -minorityclasses. to approximately equivalent
majority class._ by creating synthetic instances is called
oversampling technique. The last, combining both of decreasing
majority class and increasing minority class together is called
hybridsampling. The aim of this paper is to propose a new
hybridsampling - technique by using both of the SMOTE
technique and the DBSCAN algorithm to enhance a predictive
performance of imbalanced data classification.

II.- RELATED WORKS

The model prediction is more bias toward the normal class
than the extraordinary attentiveness class due to a number of
extraordinary attentiveness class {(minority class) less than the
normal ‘class (majority class). This problem called the class
imbalance problem is ‘one of the ten challenging problems in
data. mining [1]. Thus, a lot of researchers propose many
techniques to deal-with the class imbalance problem. M. Galar
et al [2] presents-the solution of imbalance problem by dividing
into three levels, algorithm level, data level, and cost sensitive.

For: undersampling ‘technique, random under sampling
(RUS) is random elimiination of some of majority class instances
in order to rebalance classes-distribution in dataset. In RUS, it is
a nonheuristic. method for rebalancing the classes by randomly
discard example from majority class instances in dataset. This
approach.achieves rebalancing classes distribution and faster
learning. However, the drawback of RUS may cause loss in
valuable information from randomly eliminate majority class
that may be important pattern to a classifier. Hence, a heuristic
method such as Tomek Links algorithm [3] may be a better way.
The main idea of Tomek Links is searching a minimum distance
between minority class instance and majority class instance then
removing majority class only or removing noise and both classes
depend on undersampling method or cleaning method.

For oversampling technique, the random over sampling
(ROS) is an algorithm for increasing size of minority class
instance in order to rebalance class distribution in a dataset. In



08, it is a nonheuristic method for rebalancing the classes by
andomly duplicating minority class instances. Nevertheless, the
rawback of ROS may cause overfitting. Therefore, a heuristic
ethod such as SMOTE algorithm [4] may be a smarter
pproach. The concept of SMOTE is to create new. synthetic
nstances throughout on the line of minority class instances and
he size of synthetic instances depends on percentage chosen by
user.

SMOTE + Tomek Links [5] is a hybridsampling technique.
he main idea of SMOTE + Tomek Links is to increase minority
lass instances by using SMOTE algorithm to create new
ynthetic instances and decrease majority class instances by
sing Tomek Links algorithm to eliminate some of majority
lass instances.

There are many papers that applied SMOTE technique for
eal world applications. J. Jojan and A. Srivihok [6] combine
eature selection technique with SMOTE, called “FOT”. For the
OT approach, it uses feature selection technique for removing
rrelevant attributes and applies SMOTE for rebalancing data on
he breast cancer dataset. :

Moreover, P. Sarakit et al [7] improve the classification
erformance of emotion datasets in YouTube by using SMOTE
echnique. R. I. Rashu et al [8] enhance the performance of
odel to predict final grade of student by using resampling
echniques: SMOTE, RUS, and ROS. The experimental results
how that the SMOTE yields the highest accuracy. Furthermore,
. M. Padmaja et al [9] use the combination of SMOTE and
ther techniques for fraud detection. For another application, G.
atista et al [10] use SMOTE + Tomek Links to deal with class
mbalance of annotation of protein-in bioinformatics. ‘

III. THEDBSM ALGOleM

This paper proposes-a-new hybridsampling algorithm called
BSM. The concept of the DBSM algorithm is using DBSCAN
lgorithm [11] for undersampling and applying SMOTE
echnique for oversampling. These two methods (DBSCAN and
MOTE) are separately run by themselves using the same
raining set. Finally, the outputs of both techniques are combined
o form a new training dataset.

The flowchart of DBSM algorithm is shown in Fig. 1. The
rocess of DBSM consists of two parts: undersampling;-and
versampling. For the undersampling part, DBSCAN. was
pplied to create clusters from all training set. Then 50% of
egative instances were eliminated from each cluster. The
utputs of the undersampling technique are only  negative
instances. For the oversampling part, synthetic instances of
positive class were added into the training set.using-SMOTE.

here are two parameters of the SMOTE algorithm which. are
amount of synthetic samples and the number of nearest
neighbors. In this work the first parameter was set to 100% and
the second parameter was set to 5. Therefore, the final output of
the DBSM algorithm is the new training set that consists of only
negative instances from the undersampling part and all positive
instances from the oversampling part.

2016 13th International Joint Conference on Computer Science and Software Engine'ering (JCSSE)

Training set

DBSM

Undersampling§ i Oversampling

DBSCAN SMOTE

}

Sample elimination

Negative samples

Positive samples

Training set from DBSM

Figure 1. Flowchart of DBSM algorithm.

Algorithm: Undersampling ;

Input: S: All training set with positive instances and negative
instances, &: Epsilon, Minpts: Minpoints

Output: D: remaining negative instances.

1.

>

PRGSO P O

10.

12.
13.
14.
i5.
16.
17.
18.
19.

[Cluster] = DBSCAN(S, &, Minpts) // Cluster is a set of
clusters
Fori=1to.n//n is a number of clusters generated by
DBSM.
Let Di be a number of negative instances in it cluster
If all members in Cluster; are negative instance then
Centroid =compute_centroid(Clusteri)
For j =1to m // m is anumber of clusteri’s members
MI = calDistance(Centroid, j)
End for
Else if member in Cluster: are positive and negative
instances then
For j=1toml //mi is negative instances
For k= 1to m2 // m2 is positive instances
MI = findSmallestDistance(j, k)
End for
End for
End if
MI = sortingDistance(MI)
Di = removeSmallestDistance(MI, 50%)
return D =U D
End for

Figure 2. Pseudo code of undersampling technique.




Fig. 2 shows the pseudo code of undersampling algorithm.
he algorithm consists of three phases: clustering, distance
easuring, and instance removing. In the first phase (line 1), the
Igorithm finds all clusters from all training set by using the
BSCAN algorithm. In the second step (line 2-15), there are two
onditions of distance calculation. If all members of a cluster are
egative, then find a centroid of the cluster and computes
istances between all negative instances and the centroid (line 4-
). On the other hand, if there are positive and negative instances
n the same cluster, then calculate distances between negative
nstance and overall positive instances and then assign the
mallest distance into MI (line 9-15). In the last phase (line 16-
7), sorting all distances in an ascending order and removing top
0 percentage of negative instances in the rank. The outputs of
he undersampling are the negative instances in the remaining of
nstances in each cluster (line 18).

[V. EXPERIMENT AND RESULTS

1. Datasets

In the experiment, twelve datasetsfrom KEEL. [12] were
sed to evaluate the classificationsmodels. These dafasets. are
wo-class classification problem. Table_ 1 “shows  the
Characteristic of all datasets used in_the experiment. Aftribute
R/I/N) is type of dataset which are realinteger, and nominal.
xamples represent the number-of-ifistances. Imbalance ratio
IR) is a number of positive instances @ompare with.hegative
nstances which is calculated by«(T).

the number.of positive instances

(1)

imbalance ratio - —
the number of negatiye instances

Experimental Design

This section explains-about our experimental design (shown
n Fig. 3). First, the datasets are-splited to the'training sct’and the
est set by using A-fold cross validation. technique. In: this
xperiment, k was setto 5.Next stepris'data preprocessing which
re divided into five cases.§eparately’according to five sampling
Igorithms ~ which'. ‘are* SMOTE,". Tomek. Links (TL),
MOTE+Tomek Links (SM+TL), DBSCAN, and DBSM ‘In the
xperiment, DBSCAN "is Considered-as -an “undersampling
ethod. The process of DBSCAN for undersampling is/showa
n Fig. 2. Thus in each, fold there are six training‘datasets
enerated from five differentisamplingumethods including, an
riginal training data. After that, eachtfaining dataset is used-to
onstruct a decision tree model.»Finally, there are six decision
ree models in each fold, and these models are eyaluated for
lassification performance by using the'same-test set.

C. Experimental Results

This section presents the experimental results. The area
under the ROC curve [13] (called AUC) and F-measure are used
to evaluate the predictive performance of various sampling
method including the DBSM algorithm.

AUC is a measure to evaluate performance of the single
model based on True Positive rate (TPrate) and False Positive
ate (FPrate). TPrate is a percentage of positive instance
orrectly predicted and FPrate is a percentage of negative
nstance incorrectly predicted. Therefore, the perfectly model is
igh percentage of positive correctly predicted and low
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percentage of negative incorrectly predicted. The formula of
AUC is shown in (2).

TABLEI DATASET CHARACTERISTICS
Dataset Name Attributes (R/I/N) Examples IR
glassl 9 (9/0/0) 214 1.82
wiscosin 9 (0/9/0) 683 1.86
glassO 9 (9/0/0) 214 2.06
yeast! 8 (8/0/0) 1484 2.46
Ll}aherman 3 (0/3/0) 306 2.78
vehicle2 18 (0/18/0) 846 2.88
\ch;clcl 7 I\ (0/18/0) 846 29
new-thyroid| 5 (4/1/0) 215 5.14
new-thyreid?2 5 (4/1/0) 215 5.14
ecoli2 v (7/0/0) 336 5.46
glass6 9 (9/0/0) 214 6.38
y€ast3 8 (8/0/0) 1484 8.1

—_—

N\

¥

v v

Preprocess

Original dataset

SMOTE |

SMOTE + Tl

DBSCAN " |

DBSM

A

e

Decision Tree
Learning

Model

Figure 3. Design of the experiment



AUC = ﬂa';mee. _ ' 2)

F-measure [14] is a .measurement for evaluating a model
ased on precision and recall where recall is TP rate described
reviously. Precision is a proportion of the positive instances
hat correctly classified as positive instances and classified by a
odel as positive class (calculated by 3). Finally, F-measure is
alculated by (4).

€)

recision =
pre TP + FP

2 * Recall * Precision
F-measure= ——————= @

Recall + Precision

Table II shows the AUC of the original datasets compared
ith five resampling techniques (SMOTE, TL, SM+TL,
BSCAN and DBSM) using decision tree classifiers on twélve
mbalanced datasets. The experimental results show. that the
verage of AUC for all resampling techniques are better than'the
riginal dataset, and the highest performance (an average of
UC) is DBSM. In addition; the DBSM has the best predictive
erformance on nine datasets: In summary, the DBSM technique
nhances the predictive performance of positive instances when
ompare with SMOTE+TL, TL, SMOTE, original and
BSCAN upto 8.50% 7.84% 8.60% 17.70% and -18.75%
espectively (display in Table V).

Moreover, Table III shows the F-measure of the original
ompared with five resampling techniques. The DBSM has-the
est performance and improve the performance when compared
ith SMOTE+TL, TL, SMOTE, DBSCAN and ‘original upto
3.85% 16.23% 24.42% 38.10% and 62.62% ‘respectively
show in Table VI).

Table IV shows the percentage of the accuracy of the original
atasets compared with five resampling techniques. The DBSM
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TABLEIIL THE COMPARISON OF F-MEASURE BETWEEN THE ORIGINAL
DATASETS AND ALL DATASETS USING RESAMPLING TECHNIQUES
Dataset Name O;iginal SMOTE TL SM+TL DBSCAN DBSM
glassl 0.5401 0.6876 0.6834 0.6993 0.6612 0.7102
wiscosin 0.9248 . 0.9268 0.9451 0.9451 0.9332 09315
glass0 0.7037 0.7117 0.6962 0.6789 0.6986 0.7117
yeastl 0.528 0.5265 0.5506 0.5645 0.5276 0.5732
haberman 02873 0.3755 0.4389 0.4854 0.3383 0.4672
vehicle2 0.909 0.9158 0.9094 0.9102 0.9091 0.9194
vehiclel 0.482 05318 05191 | 0.5108 0.5597 0.5816
new-thyroidl 0.8364 09113 0.8327 0.8831 0.8515 0.9139
new-thyroid2 0.8857 0.8768 0.819 0.8768 0.8877 09519
ecoli2 0.7 0.7363 07706 0.7876 0.759 0.7679
glassé 0.7345 0.7154 0.746 0.7993 0.7466 0.8296
yeast3 0.7034 0.7401 0.7201 0.7531 0.7244 0.7503
Average 0.6862 X 0.7213 0.7192 0.7412 0.7164 0.759
TABLE IV. THE COMPARISON OF ACCURACY BETWEEN THE ORIGINAL

DATASETSAND ALL DATASETS USING RESAMPLING TECHNIQUES

Dataset Name | Original SMOTE TL SM+TL DBSCAN DBSM
glass] 70.13% 77.11% 74.33% 76.63% 71.69% 76.65%
wiscosin 94.73% 94.88% 96.05% 96.05% 95.20% 95.08%
glass0 81.75% 80.35% 78.53% 76.67% 81.28% 80.35%
yeastl 73.65% 71.29% 70.01% 69.74% 66.98% 68.80%
haberman 66.01% 66.32% 65.00% 65.00% 58.36% 63.82%
vehicle2 95.27% 95.63% 95.15% 9527% 95.27% 95.84%
wvehiclel 74.11% 74.58% 72.45% 71.51% 72.79% 73.69%

new-thyroidl 94.42% 97.21% 94.42%. | | 96.28% 95.35% 97.40%

new-thyroid2 96.28% 95.81% 93.49% 95.81% 96.37% 98.42%

f X ecoli2 91.67% 91.37% 92.86% | 93.16% 92.44% 9191%
Iso yields the best average in accuracy.
: glassé 93.01% 92.08% 93.47% 94.40% 93.48% | 9534%
TABLEIL THE COMPARISON OF AUC BETWEEN THE ORIGINAL yeasts 93.67% 94.27% 93.20% 94.34% 93.61% 94.21%
DATASETS AND ALL DATASETS USING RESAMPLING TECHNIQUES
Average 85.39% 85.91% 84.91% 85.40% 84.40% | 8596%
Dataset Name Original SMOTE TL SM+TL DBSCAN DBSM
glass! 0.6605 0.758 0.7476 0.7661 0.7295 017774 TABLE V. THE IMPROVEMENT OF THE DBSM ALGORITHM IN AUC
wiscosin 0.9441 0.9452 0.9628 0.9628 0.9537 0.9528 Dataset Name Original SMOTE TL SM+TL DBSCAN
glass0 0.7838 0.7881 0.7779. | .0.7603 0.7804 0.7882 glassl 17.70% 2.56% 3.99% 1.47% 6.57%
yeastl 0.6688 0.666 06805 | 06924 0.6599 06989 wiscosin 0.92% 0.80% -1.04% -1.04% -0.09%
haberman 0.532 05734 | 0.6044 | 0.6403 05244 | 06227 glassd 0.56% 0.01% 1.32% 3.67% 1.00%
507 949 709 1959 5.919
vehicle2 0.9415 0.9469 09495 | 09444 0.9418 0.948 yeastl 4.50% 494% 270% 095% o1%
- haberman 17.05% 8.60% 3.03% 2.75% 18.75%
vehiclel 06523 0.6883 06785 | 0.6729 0.7104 0.7301
vehicle2 0.69% 0.12% -0.16% 0.38% 0.66%
new-thyroidl 0.9091 09373 | 0.9091 09202 0.8986 0.9338
vehiclel 11.93% 6.07% 7.61% 8.50% 2.77%
\ new-thyroid2 0.9317 0.929 09036 | 09290 0.9277 09744
new-thyroidl 2.72% -0.37% 2.712% 1.47% 3.92%
ecoli2 0.8097 0.8555 08735 | 08817 0.8666 0.894 now-thyroid2 458% 489% 7.84% 4 89% 5.03%
0.8477 0.8423 0.8505 | 08977 0.8505 0.9032 ccoli2 10.41% 4.50% 235% 1.40% 3.16%
0.8297 0.8547 0.8755 0.8764 0.8618 08755 glassé 6.55% 7.23% 6.20% 0.61% 6.20%
Average 0.7926 08154 | 08178 | 08287 0.8088 0.8416 yeast3 5.52% 2.43% 0.00% -0.11% 1.59%




TABLE VL THE IMPROVEMENT OF THE DBSM ALGORITHM IN
F-MEASURE
Dataset Name Original SMOTE TL SM+TL DBSCAN
glassl 31.49% 3.29% 3.92% 1.55% 741%
wiscosin 0.72% 0.51% ~1.44% -1.44% -0.18%
glassO . 1.14% 0.00% 223% 4.83% 1.88%
yeastl 8.56% 8.87% 4.10% 1.55% 8.64%
haberman 62.62% 24.42% 6.45% -3.75% 38.10%
vehiicle2 1.14% 0.39% 1.10% 1.01% 1.13%
vehiclel 20.66% 9.36% 12.04% 13.85% 3.91%
new-thyroidl 9.27% 0.29% 9.75% 3.49% 7.33%
new-thyroid2 7.47% 8.57% 16.23% 8.57% 7.23%
ecoli2 9.70% 4.29% -0.35% -2.50% 1.17%
glass6 12.95% 15.96% 11.21% 3.79% 11.12%
yeast3 6.67% 1.38% 4,19% -0.37% 3.58%

V. CONCLUSION

This paper presents a new hybrid resampling-technique for
imbalanced data classification. In the experiment,  twelve
imbalanced datasets were rebalanced by five resampling
echniques, which are SMOTE, TL, SMOTE+TL, DBSCAN,
nd DBSM. The models were constructed by decision tree
Igorithm. For experimental results, the - DBSM algorithm
uccessfully accomplish to handle the imbalance problem. An
verage of accuracy, AUC, and F-measure of the DBSM
utperforms other resampling techniques, The effectiveness of
he DBSM algorithm improves the performance of F-measure
pto 62.62% when compared with the original datasets.
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Abstract—the class imbalance is 2 major problem in machine
earning. This problem affects the performance of a model
rediction. The DBSM algorithm, a_hybrid-sampling technique,
as developed to deal with the class imbalance for two-class
lassification problem. Although the DBSM-algorithm is" the
ffective solution, there are too many parameters for tuning in the
lgorithm. Thus, this paper proposes an automatic parameter
uning for the DBSM algorithm by using a genetic algorithm (GA),
alled GADBSM. The experimental results of GADBSM are
ompared with the DBSM algorithm. The results show that the
ADBSM can enhance the classification performance of the
DBSM algorithm. Moreover, the GADBSM provides the best in
-measure and AUC in all datasets.

Keywords—genetic algorithm; _imbalance  dataset problem;
ybrid-sampling; SMOTE; DBSCAN

I.-“INTRODUCTION *

Data mining is a procedure of applying machine learning or
lustering technique to find relation and pattern in data. The data
ining is used to benefit many fields, such as business, medical,
atural disaster. For the business, data mining is applied for
dvertisement planning, finding appropriate - promotion for
ustomer, offering cross-sells-and up-sells, transportation route
lanning, an air traffic controller. In medical, it is used to analyze
eart disease. In natural disaster, it is used to predict earthquake.
owever, there are some problems that impact the performance
f machine learning such as high-feature classification problem,
complex knowledge problem, sequential and time series [1].
One of the important problems which has been most challenging
to handle is class imbalance problem:.

The class imbalance problem is a-number.of classes
with high difference, in other words a number of attentiveness
class less than inattentiveness class. This problem affects
performance of model prediction since the model tends to
predict the class with larger number of sample, for example, an
application for detection of earthquake. There are two types of
vibration, a slight shaking or normal leve! and a violent shaking
or critical level. That happens numerous times per day. Although
there is frequently happen, most of those vibrations are shaking
slightly or on normal level. Thus, the model may predict the
critical level to the normal level. In this case, it will damage too
uch the life and living. Furthermore, a class imbalance
roblem can occur in many applications, such as fraudulent of
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telephone calls [2] or credit card detection [3], oil spill [4], spam
mail [5] and network intrusions detection [6]. Since the class
imbalance problem is important and interesting, the researchers
propose many approaches to deal with this issue. They can be
divided into-three groups, data level, algorithm level, and cost-
sensitive. First; data level is.one of a data preprocess techniques
by using re-sampling-technique to rebalance class distribution.
Second, an-algorithm level is a modification of existing
algorithm that improves a performance of positive class instance
recognition.- Last, a-cost-sensitive is a combination between a
datalevel and an algorithm level.

The DBSM algorithm is a hybrid-sampling technique for
solving class imbalance problem presented in our previous work
[7]. The concept of DBSM algorithm is the combination of
DBSCAN under-sampling technique and SMOTE technique.
However, the drawback of this technique is a parameter setting
since there are many parameters-for tuning in the algorithm.
These parameter are radius of cluster (), the minimum of
neighbor in cluster (Minpts), a number of k-nearest neighbor,
and a percentage of synthetic instance. For example, DBSCAN
is applied to eliminate samples of majority class in order to
decrease the number of majority classes into minority class
region. Since each dataset has a different density, determination
of ¢ is different. If a dataset has a low density, the ¢ should not
be set'to a low value due'to DBSCAN [8] cannot discover any
cluster. On the other hand, if a dataset has a high density, the ¢
should not be set to'a high value because DBSCAN will create
too few. clusters. Besides, SMOTE [9] is used to increase
minority ~class instances by using nearest neighbor and
percentage of synthetic instances. If these parameters have too
high value, a decision boundary may not be correct because
synthetic instances are generated into majority class area. If
these parameters have too low value, the number of minority
class instances is not enough to improve the performance of
decision boundary. Because of these reasons, the £ and Minpts
should be determined in a proper value corresponding to a
density in each dataset. Moreover, nearest neighbor and
percentage of synthetic instances should be determined in a -
proper value corresponding to a class distribution between
majority class and minority class. Therefore, this paper proposes
an automatic parameter tuning method based on GA for the
DBSM algorithm.



II. AUTOMATIC PARAMETER TUNING OF DBSM

Genetic algorithm (GA) [10] is a technique for dealing with
n optimization problem that simulating natural evolution
rocess. It can find good parameters without being advised what
learn and adjust. Normally, GA is applied for tuning the
arameter in various applications such as C. Huang and C. Wang
11] used a GA approach to optimize the parameters (c, y) of
upport vector machine (SVM) algorithm, Z. Lanlan et al [12]
roposed the SVM algorithm based on GA to automatically
earch parameters optimization (c, v, &) for material fatigue life

inding parameters optimization of an artificial neural network
ANN) which are the percentage of training data, the number of
eurons in the first layer and the number of neurons in the
econd layer, and K. Jiang et al [14] proposed a novel technique
ase on SMOTE algorithm and applies the GA to find optimal
ampling rate for the rockburst prediction. Therefore, GA is
pplied for automatic parameter tuning in the DBSM-algorithm
nd called GADBSM. For the GADBSM method, there are 7
teps which are chromosome encoding, initial population
enerating, population evaluating, parent selecting, crossover,
utation, and population replacement.

stepl: chromosome ~encoding--is- arepresentation of
hromosome as a bit siring. A problem state-is defined by a
hromosome. Each chromosome contains a number of genes and
ach gene is represented by a bit 0-or 1. Since the DBSM
lgorithm requires four parameters which are the number of &~
nearest neighbors (k), percentage of synthetic instances (p), a
inimum of neighbors in a cluster (Minpts), and a radius of a
luster (£), thus each chromosome consists. of. four parts
epresented by variable-A, B; C and D as shown in Fig.1.

Table 1 shows the  detail-of 'a chromosome encoding.
ariables “A” and “B” are used for the SMOTE algorithm and
ariables “C” and “D” are run by the DBSCAN algorithm. The
ariable “A” represents the number of k-nearest neighbors (k).
ince the number of k-nearest neighbors equals-to 3 providing a
ood performance in our previous work {7], the range of the
ariable “A” is varied between 1 to 8. Thus bit length of this
arameter is set to three. The variable “B™ is a parameter of a
ercentage of synthetic instances (p). The range of this value is
etween 100% to 800% because the highest imbalance ratio
om all datasets used in the experiment is equals to 8.1. For this
eason, this parameter is represented by three bits. The variable
‘C” represents a minimum of neighbors in a cluster (Minpts)
created by DBSCAN. If Minpts is set too high; many majority
class instances (negative instances) will be. considered asnoises
thus these negative instances will not be removed from a dataset
by DBSCAN under-sampling algorithm [7]. Consequently,-a
range of Minpts is set between 1 to 100 and represented by seven
bits. For the last variable “D”, this parameter indicates a radius
of a cluster (¢) for the DBSCAN algorithm. In the experiment,
this parameter is set as a real value between [0, 1]. Hence there
are ten bits length of variable “D”. Therefore, a total bits of the
encoded chromosome are twenty-three.

A D C D
) 1 L r

I T I T T T LI I T TITTITT]

Fig. 1. The design of chromosome encoding.

TABLE L THE DETAIL OF CHROMOSOME ENCODING
Variable Parameters Value
A the number of k-nearest neighbors (k) 1-8
B a percentage of synthetic instances () 100% -800%
a minimum of neighbors in a cluster B
c (Minpts) 1-100
D

rediction, M. Bashiri and A. Geranmayeh [13] applied GA for -

a radius of a cluster (¢) [0-1]

Step2: initial population generating is a process of sampling
a set of initial chromosome for beginning the genetic algorithm.
In this experiment, initial populations is set to 30. Thus, each
generation consists of 30 chromosomes. For generating a
chromosome, each bit is represented by a random number, 0 or
1.

Step3: population evaluating is a method of measuring a
performance of a chromosome. After a set of populations is
generated, each chromosome is decoded by converting bit string
into actual values. of all parameters k, p, Minpts, and ¢
respectively. These parameter’s values are passed through the
SMOTE and DBSCAN algorithms in order to generate a training
set; After that, a new training set is used to construct a model by
using decision tree (DT) algorithm. Finally, the model is
evaluate a classification performance with F-measure and AUC
[7] by a test set. Thus the fitness function of a chromosome is
illustrated in- (1); Fig.2-shows an overall processes of the
population evaluation step.

f(x) = F-measure(x) + AUC(x) )

Where F-measure(x) and AUC(x) are a F-measure and AUC
values respectively of the DT model learned from the training
set with parameter setting from the chromosome x.

Deeision Trée
Learning

Fitness. »functfcn

Fig. 2. The process of population evaluating.
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Fig. 3. Crossover and none- crossover operation.

Step4: parent selecting is a process of selecting survivor
hromosomes for breeding. The higher value of a chromosome’s
itness function, the more chance to be selected as a parent
hromosome. In this experiment, a roulette wheel technique [15]
s used for selecting a chromosome.

StepS: crossover is a genetic operator for, creating new
ffsprings by swapping some genes of parent chromosomes. If
Crossover occurs, crossover points in parent chromosomes will
e randomly selected for positions and, then genes in parent
hromosomes are swapped at crossover points. At the end, there
are two new offsprings. If a crossover does not occur, two new
offsprings are generated by cloning parent chromosomes. In this
experiment, crossover rate is set to 0.7 and a uniform crossover
is applied to - generate .a crossover mask. An example  of
crossover operation is illustrated in Fig.3. From Fig.3, R is a set
f parent chromosomes. S is a set of offspring, chromosomes.
he highlighted bits are.random position masks of the parent
hromosomes.

Step6: mutation is another genetic operation which randomly
hanges a gene value of an offspring chromosome. If a mutation
ceurs, a value of a selected bit is changed. The mutation bit is
elected by random a position in ‘a chromosome. In' this
xperiment, the mutation rate is‘set to 0.01. As shown in Fig.4,
mutation operation will occur in chromosome Sl and S2
hereas chromosome S3 will not mutate. The highlighted bit is
position of gene mutation.
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Fig. 4. Mutation operation.

Step7: population replacement is a process of replacing a set
of old-generation populations as a set of new populations (or
chromosomes). If a current iteration is less than the number of
generation specified by user, the offspring chromosomes
become a set of new populations and then proceed to step 3 and
repeats the procedures until the end paradigm. In this
experiment, the number of generations is set to 100. According
to previous description, the automatic tuning parameter of
DBSM (or GADBSM) is shown-in Fig. 5.
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Fig. 5. The GADBSM algorithm.

ITI. EXPERIMENTAL DESIGN AND RESULT

A-Dataset “
TABLEIL CHARACTERISTIC OF DATASETS
Dataset Name Attributes (R/I/N) Examples IR
glassl 9 (9/0/0) 214 1.8
wiscosin 9 (0/9/0) 683 1.9
glassO 9 (9/0/0) 214 2.1
yeastl 8 (8/0/0) 1484 2.5
haberman 3 (0/3/0) 306 2.8
vehicle2 18 (0/18/0) 846 2.9
vehiclel 18 (0/18/0) 846 29
new-thyroidl 5 (4/1/0) 215 5.1
new-thyroid2 5 (4/1/0) 215 5.1
ecoli2 7 (7/0/0) 336 55
glass6 9 (9/0/0) 214 6.4
yeast3 8 (8/0/0) 1484 8.1
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Fig. 6. The flow chart of experimental design.

There are 12 datasets downloaded from KEEL [16] used in
he experiment. These datasets are two-class-classification
problem. Table II shows the characteristic datasets of which
attribute (R/I/N) means the number of real, integer, and nominal
attribute, respectively. Column examples means the number of
samples in dataset. Column IR is an imbalance rate in a dataset
hich is a proportion of negative (majority) classes divided by
he number of positive (minority) classes.

B. Experimental Design

There are four steps in the experiment which are data
generating, data preprocessing, model construction, and model
evaluation. In the first step, k-fold crossvalidation is used to split
a dataset into a training set and a test set. The training set is used
ko construct a model and the test set is used to.evaluate the model
n the last step. In this step, k is set to 5. For data preprocessing,
here are two techniques, which are DBSM> algorithm 'and
ADBSM algorithm for-rebalancing. the class distribution in a
ataset. These techniques are a hybrid-sampling technique that
both decreases the number of majority classes and increases the
umber of minority classes. In the  third- step, 'model
onstruction, a decision" tree algorithm is applied to build-a
lassifier to evaluate the performance of both resampling
echniques and none-resampling technique (original dataset).
Lastly for the evaluation model, the model is evaluated the
performance by the test set. In this experiment, F-measure,
accuracy, and AUC [7] are used to evaluate the classification
performance. Therefore in the last step, there are three models in
each fold, which are DBSM model, GADBSM "model, and
original model. These steps can be represented by the flow chart
shown in Fig.6.

C. Experimental result

In the experiment, three performance measurements,
accuracy, F-measure, and AUC are used to evaluate preprocess
techniques. The classification performance of the DBSM,
GADBSM and original dataset are compared in Table III, IV
and VL .

Table III shows the percentage of accuracy for each
echnique where the highest accuracy is highlighted in bold.

From this table, for the original technique, there is only one
dataset providing the highest accuracy and there are 11 datasets
of GADBSM that yield the best accuracy.

Table IV shows the F-measure results for each technique
where the best F-measure is highlighted in bold. From this
table, the GADBSM provides the best F-measure in every
datasets when compared with the original and DBSM
technique. Moreover, Table V shows the improvement of
GADBSM algorithm in F-measure. The GADBSM can
improve the performance of DBSM and original upto 12.58%
and 83.07 % respectively.

Table VI shows the AUC results for each technique where
the best AUC is highlighted in bold. From this table, the
GADBSM also outperforms the other techniques on AUC.
Moreover, Table VII shows the improvement of GADBSM
algorithm in AUC. The GADBSM can improve the
performance of DBSM and original upto 9.39% and 28.03%
respectively.

TABLE IIL THE ACCURACY OF THE ORIGINAL AND RESAMPLING
TECHNIQUES :
Dataset Name IR Original DBSM GADBSM
glassl 1.8 70.13% 76.65% 83.19%
wiscosin 1.9 94.73% 95.08% 95.90%
glass0 21 81.75% 80.35% 82.19%
yeastl 2.5 73.65% 68.80% 69.47%
haberman 28 66.01% 63.82% 67.63%
vehicle2 2.9 95.27% 95.84% 96.93%
vehiclel 2.9 74.11% 73.69% 74.70%
new-thyroidl 5.1 94.42% 97.40% | 97.21%
new-thyroid2 5.1 96.28% 98.42% 99.07%
ecoli2 5.5 91.67% 91.91% 92.85%
glass6 6.4 93.01% 95.34% 95.81%
yeast3 8.1 93.67% 94.21% 94.27%
Average 85.39% 85.96% 87.44%
TABLE IV. THE COMPARISON ON F-MEASURE OF EACH TECHNIQUE

Dataset Name IR Original DBSM GADBSM
glass1 1.8 0.5401 0.7102 0.7743
wiscosin 1.9 0.9248 0.9315 0.9426
glass0 2.1 0.7037 0.7117 0.7625
yeast] 2.5 0.5280 0.5732 0.5762
haberman 2.8 0.2873 0.4672 0.5260
vehicle2 2.9 0.9090 0.9194 0.9419
vehiclel 2.9 0.4820 0.5816 0.6000
new-thyroid1 5.1 0.8364 0.9139 0.9181
new-thyroid2 5.1 0.8857 0.9519 0.9713
ecoli2 5.5 0.7000 0.7679 0.7937
glass6é 6.4 0.7345 0.8296 0.8590
yeast3 8.1 0.7034 0.7503 0.7639
Average 0.6862 0.7590 0.7858




TABLE V. THE IMPROVEMENT OF GADBSM ALGORITHM IN

F-MEASURE
Dataset Name Original DBSM
glassl 43.36% 9.03%
wiscosin 1.92% 1.19%
glass0 8.35% 7.13%
yeast] 9.13% 0.52%
haberman 83.07% 12.58%
vehicle2 3.61% 2.44%
vehiclel 24.49% 3.17%
new-thyroid1 9.77% 0.46%
new-thyroid2 9.66% 2.04%
ecoli2 13.38% 3.36%
glass6 16.95% 3.54%
yeast3 8.60% 1.82%
TABLE VL. THE COMPARISON OF AUC BETWEEN GADBSM; DBSM
AND ORIGINAL
Dataset Name IR Original DBSM GADBSM
glassl 1.8 0.6605 0.7774 0.8294
wiscosin 1.9 0.9441 .0.9528 0.9598
glassO 2.1 0.7838 0.7882 0.8307
yeast1 2.5 0.6688 0.6989 0.7016
haberman 2.8 0.5320 0.6227 0.6811
vehicle2 2.9 0.9415 0.9480 0.9674
vehiclel 29 0.6523 0.7301 0.7454
new-thyroid1 5.1 0.9091 0.9338 0.9603
new-thyroid2 5.1 0.9317 0.9744 0.9829
ecoli2 5.5 0.8097 0.8940 0.9038
glass6 6.4 0.8477 0.9032 0.9338
yeast3 8.1 0.8297 0.8755 0.8954
Average 0.7926 0.8416 0.8660
TABLE VII.  THE IMPROVEMENT OF GADBSM ALGORITHM IN' AUC
Dataset Name Original DBSM
glass1 25:57% 6.69%
wiscosin 1.66% 0.73%
glass0 5.98% 5.39%%
yeastl 4.90% 0.38%
haberman 28.03% 9.39%
vehicle2 2.76% 2.05%
vehiclel 14.27% 2.09%
new-thyroid1 5.63% 2.84%
new-thyroid2 5.50% 0.88%
ecoli2 11.62% 1.09%
glass6 10.15% 3.39%
yeast3 7.92% 227%

IV. CONCLUSION

This paper applies the genetic algorithm (GA) for an
utomatic parameter tuning in the DBSM algorithm, called
ADBSM. In the experiment, 12 datasets were rebalanced by

two techniques, which are DBSM and GADBSM. The decision
tree algorithm was used to construct a model for performance
evaluation between two resampling techniques and an original
dataset. The experimental results point out the GADBSM is the
best algorithm when compared with DBSM and original. In
addition the GADBSM can improve the performance of DBSM
algorithm upto 12.58% and 9.39% on F-measure and AUC
respectively. In summary, the GADBSM is more convenient in
parameter setting of the DBSM algorithm and increase the
performance of the DBSM algorithm.
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