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Abstract

Class imbalance problem is the main issue causing unsatisfactory outcome in
classification. Any type of classification used still cannot improve the result. Therefore,
in this research we propose a new hybrid ensemble model based on Adaboost.M2 and
adopt SMOTE algorithm to solve the class imbalance problem in order to predict the
probability of term deposit from bank customers. The proposed hybrid ensemble
model consist of diverse based classifiers which are Bayesian network, Alternating
decision tree, Tree-J48 and REPTree. From the experimental results, the proposed
model can improve the prediction accuracy in all aspects when compared to a normal

ensemble maodel and an ensemble model that uses majority class reduction.
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1% a I | ]
sULUYYedayaninisiiusIuTInInvatgunasiun dufulilugiuuy
WeaftusazsIusbIluneieniy (Data Warehouses)
FudayakuuNIINLYNYY (Transaction Database) 3zUNUAIULNANITA]
Turuglaraenils Wy nsnaRuaIngLlefidn Jeyanigniiuagunety fs
o a A Ao oS g v
LRI a1 Lty 1Wuay

¥ CX

sUnuuivay 1 Toyanidanulugluuudaninu (Text File) Toyaiiaf

Y

wiu gUnw LEee Fale Teyaluuveaiuled Wudu



2.3.2 dnwauzvastayananunsaituinmiiastaya

1)

Toyavuinbng Nldanansamanuduiuslanenisiatsaiuudie wagl
ansaldszuunisinniigIuteya (Database Management System) Tunis
manuduiusla

1%

ToyafigNAUTIVIINUININVAINNAIBUNES WarnaI8ssuuU AT 19y
Oracl, DB2, MS SQL, MS Access WJudu
Yayarliiinisildsunlainasaiian wndesnislddeyaildewndyminig
= v ] gy o a I
WisuwUawesloyaneu nsideyaniinisiisuudamasaianliivangay
lumsviunilesdeyaiiasainuaansilaealimnzauviorilinisaianisal

Lidgnaeale

e

aa I | e, = aa ! ° a 1%
ayaniiarududen [9] wWu wudeyadss sunm 3ale uinisviimiesdoya

¥
v a

Tugs In1swseudayain aunsaideyawvaniunvinniiosayala

2.3.3 msdnuundszinndaya (Classification)

AN 2.1

mstunyszinndeyailuniislumatinzesnssuiumsvinniiosdeya ldiieaianisainie

g gdiuuveansIiuneglunianyvsenduiiiivun 13y n15uUaUTsianyesndng

q
¥ '

aulalupandunduni 1eRa15uIINTIUIUNITTOAINUNYDINISTRAUAT NTBNITIA

Manyvesdnd Ineiansanaindauet westn Wusu duandy

A15199 2.1 P15 NVUAVBIERND

PN UV 1Un
°k a 0
GYYE 4 0
84 6 1
LuasIuy 6 1

o

NAsREiuitaunsadaniangdntesnidu 2 vl feuuasiudniibesan

a

v ¥ U dl ! U = L dl
PEUL AIYANYAEUDININANAY LazulasazrdUn fdulanslun1snen 2.2



M990 2.2 MITANLIANLVRITHT

s | S | dTn UszLam
T 4 0 | dfidssgnisun
qilv 4 0 | dnidssgnénoun
N 6 1 a8
LN 6 1 TEGEN

2.4 nguilasevngluulug (Bayesian Network)

Tasetnguuuiug [13] fenisiseuinildudnnisvesruiiezdy Faditugiuunan

2

Vo uvediud (Bayes Theorem) &edlideulunisiineuasil

1) Juwvuiiaeaasevigwuuldhundulumlvue (Node) Wd Ingunaslyunayil
asEuTus e LU aesELe

2) auandRveusaslunlulasstneuuud Wudaszainduwuuiifouly vinl
Tnuniinuduiusfunuulitusefuegnsiidouls

3) Tnuansnusluuiaylvunvedlasstowuuius ssunudiesulsiineadeaiu
mansalusedeyaiianla

9) nadeusosewinlnuadedadnualgnas danasatninun X Flumlvua ¥
wanadtuun X (Julvuanousd (Parents) vadluun Y

5) usaglvun X; Sanuhesfusvuiideulundu P(X;[parents(X;)) Fadna

Aulvuanawd (Parents Node) Unamazliun

auludunedusgsiitisulvvsalasevrgwuusvd Taluwsazlrundull

[ Y B3 = Av 1A [ LY A [ ~
AudUsiY uwingnalluvlvuedldiiaudumiusiodulnuaiiiaedagun 2.2

sl Wumn

YNNI S0Rn

JUN 2.2 mnsaliifiaduiilenunn
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¢ = v & 1A 1% = ¢l -
PNVRNTAHUANTUN 2.2 wansliliudndielunnuaiveiivugnisaliniuunfe 50
Annarividuds daluwmnnisalilivuaneusd Ae wmnisallunn Fellauduiusiudnass
lruanauuAsmanIsaldudasvanITalsofntane wiasilingn1sainis alud
1 (% IS

ANUFuRUSiumANsalluaniae Ae wanisaldildlng Fuseniianuldvudeiuuuud

Wauly aSunelanasaannish (2.1)

P(X|Y,Z) = P(X|2) (2.1)

= |dy 1 (v 1 = d' = 1 1o 3 v d? (v}
NAUNSHANIDaNT lTumenuedelitouly s Awee X lldwduseslunseiu
A4 Y WesA1es Z uwdh setiuluaunisdiinaives Y een wdeilu P(X|2) miulituse
[ 1 a di o v ] [ (%3 d' 2 P2 dgf d' 1o < ¥
fusgreiideuly ¥lmnimnuuiazlduresiikdsndasnisiadetu vesanntisndunas
auladusaululassvisnuuud skusisaziazinnuuiasiduaniy 197199z duniy
ynazifuveanunsudy Amnudnazidunlaanauduiusnuinndmidadnue vseauUng
Duuianndandsnuannindanysuileiaisenin anuuiazidusay Uoint Probability)

AuNSUeIANLIAnTusIY LanalafEInIST (2.2)
n
R (XA X = HP(Xi|Parents(Xi)) (2.2)
i=1

Inedl Parents(X;) vunedsluuanwsusvaslnuni X;

JUN 2.3 wampnuduiusvesvnnisallian Tusuuuuredlassiewuug

>

P(D)
0.7

A | P(O

T |01

0.9

C | P(B)
C
T 099 analvidngm
F 1090
T ]0.95
F (001

JUN 2.3 Anuduiusvesnnnsailiign
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N3V 2.3 wanslasenonuuiud daszinadenizfureavnnisal Triga
(®) Mnlasenedadusdniunmwnauins duluwiazdeuludufiay wieiGuni
“pr3nemnuunvzdunuuiideuly” (Conditional Probability Table) Falduansainuduiug
frusoruluudagfuusiiiAsadosiu Wy Tenafieziiamanisailiga (8) mniAaln
(D=T) uaranglndngn (C=T) Tr1 0.99 tUusiu

a

PNIATVIBWUULUEATIUN 2.3 Tuanansnisallgn 1sanasamauiinsduy

1%
v

yosmsiiamgnisailrigaingglids Seanellailddngn uarlilfiAnusenelniuldssd
P(B,~C,D,~A) =P(B]|~C,D)P(~C~A) P(D|~A) P(~A)
=090*09%03*0.5

= 0.1215

[
Y 1

Aetiumuinanlunaeiinmansalligamsiglng lnefiaelliliddisauas

TilaAnUsznelv@u Ao 0.1215 w5a 12.15 Wasidus

2.5 wallan1susutayalvdinnusauga (SMOTE)

Sanesfiueaidulond (SMOTE Algorithm) [10] ilumeiialddnsunsuitom
amnaliiaunavesdoya Tnenisuiuiiindeyavesnatanideyatiosnin dasenin “luueid
Aana” (Minority Class) S9Aen1susunuangatoyavesaaaifidiuiuteyaiesnin 1
foyaiinnuaunaiuiuamaniidniuteyaiisnnndt S9dendn “u1mesiinara” (Majority
Class) iilalsinmehungnaiiuszansningstu ludanefiueadulefidiu msusuifialuues

(VY] =

imana azUsuiwlinsas 100 Wesius fdanesiiufuanslugui 2.4
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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: (%) * T synthetic minority class samples

1.

10.

il 18

)

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.
24.

25.

26.

(% If N is less than 100%, randomize the minority class samples as only a random

percent of them will be SMOTEd. *)
if N < 100 then Randomize the T minority class samples
then Randomize the T minority class samples
N
7= (5)* T
N =100
endif

N = (int)(N/100)(* The amount of SMOTE is assumed to be in integral multiples of 100.)
k = Number of nearest neighbors
numattrs = Number of attributes
Sample[ ][ ]: array for original minority class samples
Synthetic[ [ I: array for synthetic samples (* Compute k nearest neighbors for each
minority class sample only. *)
fori=1toT
Compute k nearest neighbors for i and save the indices in the nnarray
Populate (N, i, nnarray)
endfor
Populate(N, i, nnarray) (¢ Function to generate the synthetic samples. *)
while N # 0
Choose a random number between 1 and k, call it nn. This step chooses one
of the k nearest neighbors of i.
for attr = 1 to numattrs
Compute: dif = Sample[nnarray[nn]|[attr]- Sample[i][attr]
Compute: gap = random number between 0 and 1

Synthetic[newindex][attr] = Sample[i][attr] + gap * dif

endfor

newindex + +
N=N-1

endwhile

Return (* End of Populate *)

JUN 2.4 sadieumsvanuvesdanesiiueaduledid [10]
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wwIAandnlunsiuresdanesiueaduleiid Asadisloyayalndsening
v S aa o A o D ° 1% & v aa
Toyategluluuesiinaraduiiieutulndifes mvuali x Uudeyaluluuesiinana uas x,
< A o Yo o s - o v o v v 1 ° v =
Juidteuthulndifgsdmisluieutulndifes k f deyalviansaduialdainaunisi

(2.3)

y =x+rand(0,1) X (x; — x) (2.3)
Tned rand (0,1) @ ﬂ'wfjuﬁagﬁzmw 0 fiu 1
y Ao Yayaslul

Mgy fMvunlideyaluluuesiinata fie (8,6) ey (5,4) Duiloutulndidesnds
Tufieutulndies k 5 auuAla (x,y) Lﬂu%ayjaimjﬁéfmmmﬁu PR GRHUPHGRIPILHG
Tnadlgiovail
(x,y) = (8,6) + rand(0,1) x ((5,4) — (8,6))
= (8,6) + rand(0,1) x (=3,—-2)

auyfdngulian rand(0,1) = 0.2
srahy (x,y) =(86)+ (0.2) X (—3,-2)

= (8,6) + (—0.6,—0.4)
= (7.4,5.6)

2.6 msspuiwuuiulddndula (Decision Tree)

nsdsuduvvdulidadule [13) 1umadanisisouivesiaios (Machine
Learning) wuullgaau (Supervised Learning) tassastsvasnulddnduladsenausi 510
(Root) Tu (Leaf) wazAsiinu (Branch) unnuvusesnlmuitouly Jsvdnnisihaulisiade
Fudeusnntin WunmsuanuausansnluglufiasAsiunmevesgadnvazvesuaildly

puldndula 3N 2.5 wansiegramnnisainsdnaulaidenaelnsdw
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{ nséns ]

Android iOS
[ Svinvostngdny ] [ AUUVDIANTANWA ]
wiin w1 i U
laide %o liide &5

UM 2.5 wmmsainisdnauladendelnsdmilugduuuiilidnguls

-
a A

lu Aedeyaniaula wsedsaanisallidndlenanaziindunumanisalvindey
Tnausagly aggniteusmenii Juludeyaniunnuausesnunainlyunsie fesaeg1agy

wisn1salvaansiinauladelnsde tUusiu

31NF18g193UN 2.5 danumgnisalvainisandulagelnsdunlaeiiliiben 2

¥ A

53UUUUANITIENINSEUUUURN15uaunsesa (Android) kaglelotaa (OS) ddan
sruulUanisuaunsesn adnduladelnsdni lnggainluuniindnuednsdni vin

Insenyiuminaninfazdaaulalide wamnlnsdnyitiindniuifaziinnisanaulado

U [

Andu lwwgiiumngnaidendelvsAnsissuudfiinislelaed Inefiansanainaiuuig

v a

YaansAny wnlnsdnniaiunuinisaedulalids wamnnsdmridanyuisiazdngaula

Fo 1usu

2.6.1 aulsinnaulavuuladns

yad [ !

sulddadulatuuledns (1D3) [13] T3en1siamumanzay vodusaznuan Y

' '
= Y a

Tagldanuansaume (Information Gain) F9A9USURITUIININUATIN (Root Node) tTu
SUAULIN NAUIALTUNITNANS U TUREEAINTUNLANLILIDDNLY TIADIATUIINIAIAINL
wingau lngdududemanoulnsd Entropy) Fadudiulsenovvesannuarsaumnalala

ADU AIAUNITN (2.4)

Info(D) = = ) piloga(py) 2.4
i=1
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lned p;  fe eanueziluvesdeya D eglungy i
m AB IIWIUNGUTINUR

#4961 Info(D) Ae AneulnsUvesdoya D viawnfiauiie Info(D) uad ag

AR Info, (D) venaianuny A Asaunisi (2.5)

v
D:
Info,(D) = — % X Info(D;) (2.5)
j=1
Taoil v e swnuenddululdismmavesnndnuny A

'
1A

|D;| s Fwauvesteya D Niled j vesnudnuny A
j B AT j YesREnYMY A

nag1nilaa A1 Info(D) wag Info, (D) LA2 azwIAAUAITAUNA LielY
finrsudenaudnsugimunzaunaaundulnunvesauliigemwinlaainuasisves

Info(D) waz Info,(D)Feuldsaunisd (2.6)

Gain(A) = Info(D) — Info,(D) (2.6)

Tunsasndulddndulaszdasfiarsundonnudnvuz Ivuizsauiiouinndu

lnupveswulddndule lnunasAiviamannuaIsaumArasLiazANaNYME uagiden

[

AudnvagAlAtnuasaumAn ngaundulruavesulinadule

2.6.2 suldinnsulavuuralnsien

sulddndulatuuralnsiien (J48) vsadinsweasnlul (C4.5) AaTunauni1sasna

o

puldindulaniaununainledns (D3) gimu1Ae Ross Quinlan T35 smALnuaTaume

'
] !

(Information Gain) wileunuisleans wadduiiufuisuitynanuunnsesveslonns

Wiun Jedvesduliidndulavuuialniiiven Asaruisaldundaymirrteyanvinme

(% LS

(Missing Value Data) lngn1sunuAiniginsasnungainn Jeildyanwalfe “?” tieniaglith

o

| Al & ° o a Yo v . aa
ﬂ']‘VlsU']ﬂ‘VnEJUN'W’]']U'JQJIUﬂiﬁ‘U'JUﬂ'ﬁm@ﬁiﬂﬁ] ﬁquqiﬂisﬂﬂUﬁﬂsﬂ@NaV}@aa‘U (Testlng Set) M1y

Y

v o

ARAUNRALA @1unsaannaudnuiIuisesrulll Tnenisdnnsunsassnulinnaula Tagluvinla

A1ANYNABIANAY
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Tusulddnaulavuualnsientuldamdnsidruwnu (Gain ratio criterion) Fadu

'
Al

Amldlunisdndulaideniviue eaandnuansaumeaziainiuewdes (Bias) Weveya

U a1 A’ Y o = a J Y Yo
uuummﬂulﬂimnmumn szqmil,ﬁlmﬂzgmmmLauLamﬁuaqmmumsaumﬂuumﬂ%m

ANSAUNAVDINTHUILEN TIAUILANNANN1ST (2.7)

D:
Splitinfo,(D) = Z ||D]|| (%) (2.7)

[
¥

ANENSAUMAYDINITHUILENALAE N UMITANAUANTEUNALNDNNIAIDNSIEIU

Y

WU AIAUNSA (2.8)

Gain(A)

GainRatio(A) =
grietd Splitinfo,(D)

2.6.3 suldiangulawuurenng

suldsndulawuuLanvs (ADTree) (1411511217 Aasulinndulaninisvinauwuy
apdauly Usznaumiglrunsin Wwuadaduls (Decision node) kaglvunyinuig (Prediction

node) uansitagmvinnuvesaulidadulaieanitansieguin 2.6

a<4s5s v N
‘Y/ N \
OIS
|
Y
N v

v N

5UN 2.6 Megrmsiauvesnuliidadulaiedns [21]

9n3U7 2.6 Huiuliidadulanvvassdeuly Fdulvuavihuneaziianizdiaui

Wudhwauasavniy msAuiukadnsldannsaasinvesa lulruaiug uuEunieain
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Tnuasindaluualunarunlunuilendugiey (Sign function) A18819A1531UUNARIEVB
Tayayanile Wenvuali a=0.5 wag b=0.5 fd sign(0.5-0.7-0.2) = sign(-0.4) = -1 lagenA1
NaFILNINNIMIaWAuAud feidumetaslinadnsilunata +1 uwidmasiudosndn 0 4

TnadnsSidumana -1

=

2.6.4 suldinnaulawuua1sdony

suliidindulae1sanms (REPTree) [16] Aonisiseudiuuiuldinaulaniinginau
A9057 lneliiSmsandeRnnainnienisanuasnareanulyl (Reduced-Error Pruning) fin1s

[y | [ 1

SesdwiuAnane wazdanisemvinmeglumenisuenisesiuld mniinsuennavesiuld
sanuTuTIwINEIN aeliiEnAmaziniluaadeuny TunsGeuduuuesdni avldyn
Uoyan13Anns (Prunning Set) wuneananyadeyatinasu ieazinAlugnasavasdiuluun

wazlulunsasradudulidagaulanaly

2.7 NITUIUNISIBUTLUUITIUNGY (Ensemble Method)

a o ' . & a a o a
N13L38UFRVUTIUNGY (Ensemble Learning) [13] AB 1MAUANISLIIUIWUULATDY
sUBUUnds Fle3sn1Isiniekuudnaesnmsiteuinatgquuuinaeadilimeiu lnousag
wuudassazndudaduuniugiuliduninsouiuvusiungu Janisdeusiuusiungy
i~ ° DY) o o v v 2 s a a ) ° =
winzaunzlldiuyadeyanianududou ieiiuusyansnmuassadnslunsduuni
=
g
= [ | 1 13 =~ @ _a .
n19i58usuuusINnguL Uiy 2 Ussian Asuuuuinie (Bagging) uag
WUUYARRAS (Boosting) N3i38usiuuTiNnguuuukings A nsassuuudtaesieyndeya
= v o P, O Wl @ a a ° MY o
Seusnuaneniu Geaglunisufuusadssavsnnlunisduunuagnisussanuals Amey
Yo335udnAdld35nsduaztuunalmefildannuuudasenasTuuniugIuyianun Las
AvuanguanaArazkuugiaantaannsimalatuyadeyalud nsiSeusuuusINNgy
wuuyanas fie nslduuudtasmaney o wuudtaedlunisandula lngldnsivuadmdnli
wingwuudnaes dadnumiinazlaannanuudugilunisieu; Ameugavineralskuuyas
e AgldMslminale AT UBIRITMUNNUEIU JUTT 2.7 kandLuUTIaeInIsiseusuy

NG



17

Training Data

Data L

Model 1

Data 2

Model 2

Tr
h

Datan

Modeln

\I/

Classifiers

Final Output

JUN 2.7 UHuAINASISEUIWUUTIUNGY

2.7.1 AdaBoost.M1 Algorithm

[

8an037INLeAIYaALONIY (AdaBoost.M1 Algorithm) [20] AiainaliAnTsiseusuuy

TunguRuuyadias FaldnsiuustminlytuiuuInaesugudmsunmsimamAmadns

% [J Y [ a e f 8 v Ao &
ganny ﬂ’]‘lfiuﬂﬁnLLﬂﬂJ@Q’@aﬂ’e)’i‘VllIL@@WH&@L@@J’JU&J@W]@‘IUU

1) dudndeuaysrindeu m ¥ yadeeNHndoune

S = ((xli yl)r 2K (xm: ym))

2) fAwual T fig 31UIUTOUTDINITATIFITUNNUF Y

N o v

3) mvualit i Ae dwuvestaya

4) mvualy ¢ fie drduveInIdiunteya

5 fmualy W A uuinasinsiseuivugu (WeaklLeam)

TuReUNITIINUTeITaNeS e yadidu Ty amnsaesuneldnedaneifiuluzun 2.8
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Input: Training set S = {x;,y;},i=1,..,N and y; e C,C =
{cy, ..., } T: Nummber of iterations; W: WeakLearn

Qutput: Boosted classifier:
H(x) = argmaxY’_,In (i) I [h(x) = y] where h, B;
yeC Bt

are the induced classifiers (with h;(x) € C) and their assigned
weighs, respectively

Method:

D, (i) F%, i=1,..,N
fort=1to T do

hy < W(S,D;)

o =

(S

4, & « XLy Dy (DI[he(x;) # yi]
. if &, > 0.5 then
6. T<t-1
7. return
8. end if
i £
3~ e < [z
10. Dyyq (i) = Dy(i) - B0 for i =1, N
11.  Normalize D, to be a proper distribution
12. end for

JUT 2.8 8anesTiauanInsineuve s yadLdu i [20]

° v o v A v a < = =
NIAUATDIAUINYT ADVOLANILLTUYANNEDU S = ((X1, Y1), ooy (X Ym)) tHE M

(%
Y

AT IudeYaluAHnaeY JIUIUMTIUTBUNTITEUSNIUAT LAY T A3 Tuldazsounis

Seu3 Mruaremuls t danainiuagyiinsimuaAanLas D; iiudeyausagsa lagly

1Y

& ' ' 1 Y] a e = [
ﬂjQLLiﬂsﬂaQﬂqiju3aUﬁﬂquq P I@IEJ@@ﬂ@iVlﬂJ"ﬂgﬁqu@Na?ijﬂa@u S HagAINITHINLY Dt

ihguuudtasanisiieud W sazlanadwiiduauniigiu (Hypotesis) h, v9ausiazsaunns
Bous Mntusndunumemenuianain (Eror rate) & dadmandldnmstdnsuan
13 D, pauiuilsAdududianes (Indicator function) Aeiilenadws h, fiAniilsignsesazlsen
1 mngndesaziiandu 0 vionanlidilasgsliie q Aonswinasiuvesd D, §d i usl
agfilanuigiilunsduunussnniligndes asadeumanaianainindidiiunii 05
violsl ynAmaianaaiAy 0.5 szenidnnsious thaanuRanaiadildunduinmen
Hasedmidn B, lasdianvinnu &./1 — & wavadaderhnindaglddmsumuiaminn

¥
o

uminvesimidniunUssianiugiukaruiuusaanisuanuasvesteyalvdluusagseunis
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Y =

Seus Bediunlaannmeulvauuigiuvesyadeyad i danugnaeslivinnisam D, 697 i

Y
o 1 a v a 1 v 1o [ v A, o ' d'
AUAN ﬁt LL@S%’WﬂﬁNNGlg’WU“UBQ‘UBHﬁW llll@jﬂﬁ]’e]\‘i %SliJVl’m'ﬁ‘UiUﬂ'] Dy 939 1 93N817 LUD
MN15USUAINITNTEINLLAY 1%1/?’1?1'13@@1/]814?]"]?]'13LL’%ﬂLL'ﬁ]QM%@ﬂ’]iU@%ﬁﬁlasg (Normalize)

v Y 1 1 U 1 =
VNUBYA 1‘1/1&?’1'18%35‘1/1’3’]\‘1@’1 0n91

2.7.2 AdaBoost.M2 Algorithm

[

anesiNenyaniiouy (AdaBoost.M2 Algorithm) [20] AawmnaliAn1siseusuuy

'
= 1% %

nRuUUYARA BandnefunisiSeuvesenyadiiniu uiesddmiuansisannisizeus
VDDA TYAALDNTY agjmﬁham*t,uJaoﬁ‘ﬁui’uﬁu%mnaaummﬁmwmm FamniAraam
Ramanauiiu 0.5 awendnnisdeudiud wiluwemyadiduyh lifimssinunimndia
HanaaLiy 0.5 9eveani1siseus wnelinisnaunuaAInuRanaInfIensAuIMglaaed
(Pseudo-loss) Litausuathuiinlvalilfaunfigruiiadaatsglnaoaaunsaduwialdan

AN (2.9)

1
hy:er = 2 2 D.(i, }’)(1 3 A= ht(xi;y)) (2.9)
(i,y)eB
Taoil D, #® AIn1suaniasvestonadaf t

he  flo auNAgILVBINSISEUIIUTOUN t

[
(Y

a Y &l = [ am v yvo A
GU‘UG]@‘L!ﬂ'ﬁLifJUEGKJ@ﬂL@@'n{ljﬁml,@ﬂiﬂ ﬁqmqiﬂLsﬂﬁJULﬂuaaﬂ@iwmiﬂﬂﬁzﬂm 2.9



Algorithm : AdaBoost.M2

Input: sequence of m examples (X1, Y1), «-» (X, Vi) with labels y;e Y =

{1, ..., k}, weak leaning algorithm WeakLearn , T is Number of iteration
Let B = {(i,y):ie{1, ..., m},y # y;}

Initialize D, (i,y) = I?}Ifor (i,y)eB.

Dofort=1,2,..T

1.

2.

w

S

i

=

Call Weaklearn, providing it with mislabel distribution D,
Get back a hypothesis hy: X X Y — [0,1].

Calculate the pseudo-loss of

1
hie = 2 2 Dt(i'Y)(l — he(x;,y;) + ht(inY))
(i,y)eB
Set By = €:/(1 — €)

Update Dy: Dyy1 (i, y) = @ t(l/z)(l+ht(xiryi)_ht(xirY)) where Z, is a
t
normalization constant (chosen so that D;,q will be distribution)

Output the hypothesis:

T
argmax (

hyin<= yeY

7
log =) he%,)

t=1 y

& @

JUT 2.9 dana3fiuuanINIsILYeeAyadiaNy) [20]

2.8 A2IAUSLANSATNVBILUUINGADY

20

TuruAdetilunsiadssdvanvestoyaniinnuuand9iusening 2 pana fe

AANAUIN kazAANEAU FITNITIAUTLANTAINNITIILUNUSLANTIINUA 6 LUU ABAIAIY

wiug1v09AaNAUIN (Sensitivity) A1AMMIUE1YBIAANEAY (Specificity) A1AUYNABS

(Accuracy) ANAALIUET (Precision) A1AMNSEAN (Recall) wazA1tonuLwes (F-measure)

A TP AduuTaYaTIdLUNQNABIYBIAAIEUIN

Y

TN AoduiutayandLungniedvesnaaauy

Y

FN Fadnuiudeyanduunligneisvesnaiaay

Y

FP Aadnwiudayandnuunligneiesvasaaauan

Y
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A o v A &

P ABANUIUTBHAN JUAIFUIN

a &

N Aodwiuteyanlunaiaay

1) AnAnuuiugnresnatauIn Aerinlnugnaesvesnaaiiuuindsaunisi (2.10)

TPR = TP / (TP + FN) (2.10)

2) ApnukiugveInaaay AeArugnsssvesnanaiuaudaunsn (2.11)

TNR = TN / (FP + TN) (2.11)

3) FrAdugAdied ArrfiInUsEAnSAINTIIARIAUIN UarAaEay panUlugULUUMS

ToNaTWSIEUNITA (2.12)

ACC = (TP+TN) /(P +N) (2.12)

fag1e Muuateyansduunyssian laglidniudeyadidivesranaay 191uiu
7,860 I1LUNYNFABITINIU 7,310 Twunliigndesiiuiu 550 Teyaundrvespataun i

913U 5,018 Iuunbignaeadiuay 0 IwungnaesduIl 5,018 danandlunninen 2.3

A15199 2.3 IUTBYANTIUUNYTLLANTIAIEAULALARIAUINALAAINITTILUNTIGNADS

wazn13duunitligneies

Juudeya
AANE uungnias | Iuunligneias
AANAAU 7310 550
ARANAUIN 5018 0
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29879 NTATUIIAINIIULLUEIVIAAIAUIN
Sensitivity = TP / (TP+FN)

= 5018 / (5018+550)

= 5018/5568

= 0.9012 Antdu 90.1 Wesldua

AR89 NNTANUIUAIAINULLUEIVDIAAIEAU

Specificity = TN / (FP+TN)
= 7310/ (0+7310)
= 7310/7310
= 1.000 Al 100 Wesidud
F8814 NMIAUIUAIAINGNADY
Accuracy. = (TP+TN) / (P+N)
= (5018+7310) / (5018+7860)
= 12328 / 12878
= 0.9572 Anvlu 95.7 Wesidud

ANSUMTAUSEANT NNV UUINABIPIUAIAIULLUGT ANAIILTLAN WaTALDN

e fvuafauusaelud
vl tp Aeduaudeyadisuungndesuesnaiauin
tn fodnunudeyaiidiiungniosweinaiaay
fn Aldrnudeyafidwunligndesvenaiaay
fp Aoduruteyafiduunligndesvesnanauin

1) Precision ApA1AMNKLIUEN AUIUBNAMUAINITAIUNISHIUIEARIAUIN FIATUI

T9a1naunis (2.13)

tp

- (2.13)
tp + fp
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2) Recall ABANAINUTEAN NUIUBNANEINNSOIUNITINIIAAIEUIN AUILARIN

gunng (2.14)

tp
tp+ fn

(2.14)

3) F-measure flaAN15inUszansamlunisduundaya Faufinainn1suieiai

WUUETILALAIANUTLANUIAIUI AIUIULANNALNIT (2.15)

2 X Recall X Precision

F — measure =

Recall + Precision

(2.15)

INHIBYIIAITNN 2.3 @10U150UINIAIUIUNY 3 WUUVBINTIAUTZENTAINAITINLUN

Uszm losasiagnesialud

AR8819 ANTAIUIUNATAINULULEN

tp+fp

5018
5018+

=1 Aadu 100 Woasidus

$29814 NTANUIUATAIUTEAN

tp
B tp+fn

Recall

5018
~ 5018+550

- 0.9012 AaLdu 90.12 Weosigud

f29819 N1SANUIUALDNLLLYDS

2XRecallxPrecision
" Recall+Precision

F-measure
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2%x1%0.9012
© 1+40.9012

= 0.9480 ALy 94.80 LUasiGua

2.9 UIeNNEIVDY

[

NUITENNEITLTUlUANSANIAURUUNTEUIUNTTIULA LN BT NINYBY
AT WehuUszendldiunuideveinues wasUSeuieulssdnSainnisdiwuniu

UITYAUBUU

2.9.1 RUSBoost: A Hybrid Approach to Alleviating Class Imbalance

Tud 2009 C. Seiffert, FL. Boca Raton, T.M. Khoshgoftaar J. Van Hulse and A.

a =

Napolitano [18] lawaurdanesfunidigundgymaiuliaunavesiayanisn1sannou

J1UIUVINNR8TTIAAA daneiudTeLiendd “e1suteayas” (RUSBoost) lnglivaya

nageunnIulededle (UCI Website) s 15 gadesa fewns1ail 2.4

M19197 2.4 798 15 YAtoLaNAoUTRN LI RISYRAYAR

Ynteya unteya duunedul
SP3 3541 43
MAMMOGRAPHY 11183 T
SOLARFLAREF 1389 13
CAR3 1728 G
Cccs12 282 9
SP1 3649 43
PC1 1107 16
GLASS3 214 10
M1 505 16
PENDIGITS5 10992 17
SATIMAGE4 6435 37
ECOLI4 336 8
SEGMENTS 2310 20
CONTRA2 1473 10
VEHICLE1 846 19
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nsieuivesesyeayan 1sn1saansudIuvesraanlinnniviseanneou
Aaaniveyaluaynin WuMegAataaull 90 Aa1aUINI 10 TINIvHATILIY 100 Yoya

[J

MruAliUTuaANEUAIEDNTERAYARTILIY 5 W LandldAndwIMLuude Mrualinaia
Aoy !

AT wUmBAIYs p MuualvraIanduesnunuagfalls n Auualidwys i

HushuureansuSuanneunanafifiunnniy fie i < p/i
A = (p/)+n)
= (90/5)+10
=28

NMIIMIRINAElAATILINtaYaTRIRaaTENINAIT WRsuIINTWIuTY LAY
aa = ~ v A ¥ o v ) ) °
i1 100 ndewiles 28 Toya Watignisusuaanaudeyauds Felun1susuaaneudiuiu
Toyatupadlanananiialy n1susuanveuazylasewlonanaliug Ideyafiweznitdnaaia

Aa o I

Foazlilylladmsudeyanidiuaatawinu

T USouisunNsIUSEANS ANNMILA 4 LUU ABLUUNUALAIMUUD1SIad (ROC
Curves) WUUNUNLAIBUUBISNG (PRC Curves) WUUNISIAAILAINIIERALUULALEE (K-S

Statistic) wazinseenyas (F-measure)

1) NUNLAUUBISIeT 13515 TAUSEANTNINA8N1SA519n5INAINUAUNUS

sEINAIALLINEYeIAa1aUIN fuAnulignaesvesnaiauin lnuns

=

wUsA19AdR (Cut point) LeAA1AIINLEULDEIYBINT W Al8d193UN 2.10
Amualy O uag G Aeyadaya lun1sin1Usza@nsnmvestoyaniainulyl
auna AITHAIMINULILEIVDIARIAUIN kaTAININNKINGIBIRA @A UTIEN B

ylvenT iUl guINigasaguin 2.10

ROC Curve

1.5

0.5

0 5 10 15

—0 ——G

UM 2.10 nsmiiuilasiuuanslediegaianueuldes
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(% '
) I

2) WuRlAwuUTinsd Aens vn1sInyseaniain laugainAinueuLdes &
Snwazadrofuiuilduuueidled wildmnusedn (Recall) Wudhdin

3) AradAwUULALeE (K-S Statistic) Aansldamsadmidudiinused@nsainwes
ufazAanad lngdauwsnALIAERdIusEIIeRang Weouduaunslana

AN (2.16)

F.(t) = P(p(x)) < tlc; (2.16)
Tned F,, 8 Midnduves Class ¢
t ARRRITANILHG

WalAAIERAINTEMINIARNARAD 1PUARlUABNITVIATNIEDRALALEE FIANNISN

(2.17)
max
K=S= ¢epo1lfe(® = k0l (2.17)
Tnwil [0,1] A8 IUIUAANAVDITRYA

=

4) AeWLLLYes (F-Measure) ABAINTITIAUSLANSAINIUNITILUNTELA TDA

Y

¥

AINNITUIAIAIUBUUG AL ATAINUTEANUIAIUIULAININT NN VDU AV D

Y

NaANSLAEIU AeaNnISh (2.18)

2 X precision X recall

F — measure = — (2.18)
precision + recall

Tusisviinaaesuuntssinian 15 gatoya lnendsuifisussnineensy
Loayan (RUSBoost) AuteaLduleiidyas (SMOTEBoost) Lanyad (AdaBoost) 815¢ L0
(RUS) Loaiduleiid (SMOTE) uaznuudililinszurunisudasdoyaladias (None) 9103
yaaososyoayan Winadwsafignfiruadsvosmstaussaniamiita 15 yadoyaie 0.8725
sosaunAoleadulefidyanila 0.8683 wayadls 0.8492 anseredld 0.8098 woadule?isla
0.7780 wazuuuiilalénszurnnisuuasieyald 0.7009 mitldammnIoudoulngldiate

UsgANSNNWUUNUNTAID15 0%
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2.9.2 Bank direct marketing analysis of asymmetric information

based on machine learning

Tul 2015 P. Ruangthong kag S. Jaiyen bauwAlgyuiniuliaunavesdoya
(Imbalanced Data) ligagnslddaneiiiuteaduleid saufunisswunyszinnlaeldnig
WSeuduuuTungualudanasiuvliapied dalsinduneisan 1alnsiien (Rotation Forest-

Ja8) WWnadwslunanauingaian [19]

lunuddeillddegnyadeyanaasuainivlededleiuyadeyanisiiunisnaie
ManTIveesUIAs NANullaunavesteyaaggs Jd1uiudeyaiavan 45,211 uagd 17
AANYMY 2 AANE TeAR1AUIN U 5,289 Toya Aanaau i 39,922 Taya AUA1TENIN 2

AAARd N 34,633 91urudeya Famnirunldludiunisawundsesiamasdy vinlv

a ]

UseanTamvesauududiniunn dululusuidedaauemsusuindeyanionisidien

LY

[ aa a = = I a a o 1 v o & =
WWuleid dane3iiy LaziUSoulfiauuszansnanmsaanunyisnie 14 FIALUNNUTTU LB

(% =

UsANEnmMueIn s MUNTIARAENS IR wanInTzuIuNISTnIUYeIInTefgui 2.11

Y

o g ’
JSuriuAanamiaenin 100%

-

uundsznn

JUM 2.11 N52UUMIuTesIuify
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dwsumsiausganiamldviavan 3 wuu fAenisinFiaiuuiugrvesnaauin in
AAILLIUEIVBIAAAAU KA TAAIAINGNABY HATNEVRINTIMUNBTEULTBUTENING

v a dwuv i % I Aa U Y aa v I s Y i
SU'EJQJaL@N‘Vlﬂﬂillllﬂ'ﬁuﬂaﬂﬂ'ﬂfﬂaaL@NI@W@ ﬂ‘U"U'ﬂﬂJa‘Wllﬂ']iLL‘UaQ@'lfJLaﬁL@ﬂJI@‘V]@LLa’J AR

Y Y

wiugwesrarauInvesteyaiutulsimdunlaisan teding ldgegan 67.73 udiledinisusu
dindeyameieaduleiduailasstiowuuug TiA1muwiugvespaIauIn gaanil 94.48

1 ! 1 o a 6 Y1 [J o [V 4 a a d'
druAIANLlugIvRIAaIday Vstalnsien Iﬂﬂﬂ?ﬂqiﬂﬂLLuﬂa']‘ViiUGU’eJi{IjﬁLﬂiJVl 93.19 uavile

)=

finsususeieadulefioudalsinduewan insien Wiraaai 93.17 A1Augndes

a J

gaandmsudeyaiiu Aelsindunelsan talnsiien Tvien 90.05 Wedsumeeaiduleiid A

Y 9

WL 90.81 AIaEAIlUAISI9N 2.5

al

M15197 2.5 NaNTNARBITBLAAZMITILUNNU LA ST UG NER

q

Sensitivity Specificity Accuracy
AT HUNUFIY Original | SMOTE | Original | SMOTE | Original | SMOTE
Data Data Data

Rotation Forest 67.73 80.12 89.78 87.81 89.12 86.75
(PCA) ADTree
BayesNet 50.61 94.48 92.50 89.63 88.18 90.28
Jag 57.11 76.63 93.19 25 89.51 89.43
Rotation Forest 63.35 8823 92.21 93.17 90.05 90.81
(PCA) Jas
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ASANUUIUIY

(%
a o

nudsidnauemsuntymadlldaugavesdeyauas iauiiuudnaedvednis
Suundssanidieliussavsnmlunishuunissnnvestoyednadniigelu Inetoyadld
nduledg@leifudeyadigniivsiusinainsuraislusgina (Portuguese Banking
Institution) Ba1igadeatunisnata tasn1sinisnatasuldnisinsdwifadegnéives

a A o, v a Y] a |
SUIAT I@EJ@JLQE]‘L!VLSULUUﬂ?qﬂm@Qﬂqiﬁ\hﬂL\TU?SEJSEJ']'JﬂUﬁU']ﬂ']iWﬁ@I@J

3.1 yadayanlddmsunimaaas

o v Y

= D3 & v = I & i
dwiuteyanldlumsmeaes lddoyanavun 41,188 daya FagniAUTIUTINAIUS
Wwouwweu U a.a. 2008 faweungadinieu U A.a. 2010 Yeyausznaume 20 AudnyMy
wialudayafigniiusausaneingnA1veIsuIA1g Jayaiiiusiusang1aINn1sdnsIenis

duasunisueuardoyangniiusaunudnuaoyadulugawiinnsdnianssy 1519 3.1

WARTUaELBUAAAN YL BIUBYARINGT?

AT 3.1 UARITIEAZIELATDIAMAN YL TBLATIIUTIUTINANGNAIYOHATEUIBTUIANS

Ll Tovosnmanuay winveun A8
1 age numeric 91Y
2 job categorical | ¥UAUDNUY
3 marital categorical | @n1UzAITLAIUY
4 education categorical | N13AN®I
5 default categorical | fnsAnusely
6 housing categorical | fAwdethundely
7 loan categorical | fAudeduyanaviolsl
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ToyavegnATigNiNuTIVTINIINNTIAAINTTUAUATUNIUEVDITUIATTLE B9

o 1 ¥ =

51882980 lAgN2 Uz 82909 U TUNRARDANA LADY hATIINIAT BI5188SLDYAVD

Y

AENYraYanINAILantRglun1I 1M 3.2

A3 3.2 UARITIEAZLBLATIAMAN YT TDYATBIgNANTIGNLAUTIVTINIINANSLTUAUTA

Aanssuduasunisueuarinisinselunignen

aeu YoURIAAN AL wilnvaya Aa5UNY
1

contact categorical | ¥HAVDINITANKD

=

WU InsEnUUY Insdnilene

2 month categorical | Lasuvifnsea g
3 day of week categorical | dUnviifnsiadIzn
4 duration numeric | YRNANAARDAIAR

a < ]

ToyaiiusIuTInaIndIunIsiadeesgnausazsty Wutoyaluguuuuves
uasslumsansie uiuiunviemsissenugnat F951easidenvenuanuuztaya

Aananandagluansen 3.3

A13197 3.3 WAAIRUEN YT IBaBEATDITOLATIAUTIUTINANAIUNNTAARDTDIGNA LA

¥378
diu | Tovesquudnuar | wiadeya 25U
1 campaign numeric | duauadilumsinsegnén
2 pdays numeric | Sunuiuivinnsdnsetugni
3 previous numeric | Sauadiiindenouflariimsdananssa
4 poutcome categorical Namimau%JmJa\‘i@Uﬂﬁﬁ
mnmsdafansiluafefiud,

ToyaigniiusIuTINAINLUAITEYa DY MBIV AIUATYEAILATEIANTD

£)
Y
a v a A
b\

anfusiagsne lneddnsduieu dudsiniuilon Jadudvdsanildinnisddsunvaes
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F1AUEUANVRIFUAIAEUTMINHUSINATIEE Wen1suslan a sanauazuaaniuiln

Unila Wisuisufusadudedafriuasduiuiordululsu dsianudediuse
fuilan dadumsussnamieninmsalmuidnvesuilnaidreinsugiolassiuuazann
\rsugRavesaules Samnguslanfianuiulalugiuziaznelivemules doudamaiianis
dndulaldane ma1ei 3.4 uanaeaziBunveinudnyardoyadsnan

a

M151991 3.4 uanaseazideavestoyaiigniiusiusuanurasioyadumsiuAsegiauas

Y Y Y

depulugr9a1v99nsInnanssu

GRiT YoURIAAN L yindoya a5y

1 emp.var.rate numeric | LVNENTIRULADU

A4 29I81V9NITINNINTTY

2 cons.price.idx numeric - | AvfisIAEUTINA
3 cons.conf.idx numeric | AviiANUBiusaguLnA
4 euribor3m numeric | LSNERTINTABUTENINGUIAS

(euribor) Tu 3 whiou

5 nr.employed numeric | 97UUNTNIU

3.2 JunauMsinsgadayadmiun1maass

'
=

Weanndeyaluuisandnvugiludoyawuuuuludg® dermvzdilifinudaiau

g

Y va

wntn vhldnmsdwunvseantinalddumimela dannsuvasdeyasuuunudygfduiuy
v =

fFnavnuuunatu deldanursalidszansnimnissanunidunuinelala 39ldvinnisuuas

v

Toyanvvuudyafdudeyauuuluwdum Fuhlimudununudnvazvedoyauasiinli

o

v =

JoyailANdnIuLINTY dwwalin1sTuunusznmiluse@nsn nanTu A5 3.5 Lang

fegnanuzdeyanuuudgyaAndnisulanduwuudues
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M191991 3.5 TOLALUUMLAVYBIAMG YL YDIAN UL TANTA

JayauuuwudngR | Jeyaluudiay
ausa 1
1an 2
ERERN 3
Linsudoya 4

NAN9197 3.5 Tewaaauznisansa wnulaifeyauuuiiavluusaraniuzansaliu
1 4 @o1ug Ae ausauad lan ne13e warlinsivdeya wiludeyayannaeeasadis 20

Aanvay warluusnadnyugilianusnvanraIekazlauIunin mtunsuuatoya

" (%
= U

Tivdemewamudiuniaduwuuluwsiu svvilideyaiiuuuwnunasdaa munzauiay

Y

ideyatuldsely

M13719% 3.6 fedenisudastoyanvuuudyafluteyauuuluuni

(Ag7]

anfn | ausa | lam | werdn | linsudeya
A 1 0 0 0
B 0 1 0 0
A 0 0 1 0
D 1 0 0 0
E 0 0 0 1

NA3NIN 3.6 wanasregluduvesn Ny TN Fetoyaiuiludoyauuy

¥
Y]

windygi nuvasoyaiduwuuluuniuds ssmuldinduiuvesnudnvasinisiuiy

(%
Y

a a A =t [ P T = ! £ < L= o t%
Pnuiliismidnudnvuriaziidinuaniaied winewdasteyaiduwuuluusiuviley
Winduauanvuziluduasiduiudeyaisswarmgudiunil vlideyadaudaiau

Y

winnzaudmsunsilulglunmswunusennsaly
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3.3 nisusuiudayaiialilinuaugalaenislddanasiiueaduledis
(SMOTE Algorithm)

nndoyafildthuvinsmassaduteysludnuasiliauga Aodudeyaiiianny
uanAssErisasseaaegednay Silugedeyanaaouifinataausiuiu 36,508 doya ud
AanauIniideyaogifies 4,600 Toya sauinuaidu 41,188 deya uarldaneiumenduled
8 Tumsuiuaunadeya Tnemsuuinaeifinanafiandu 500% ndudwiudeyadl 4,640
foya Wiy 27,840 Yoya defudeyafininifud 41,188 Feya gnusuifiandu 64,388 aya
P51 3.7 uanenaiUSeudisussrinenuuanssrestoyaiinisufufutuud fudeya

v 1

AalaifinnsuSusing

M19197 3.7 UanasiUse g usenineteyaninisusundinudeyandeliiinsusuiuau

%@ga ARTEAU AREUIN PIONY
SMOTE 36,548 27,340 64,388
Original Data 36,548 4,640 41,188

M15197 3.1 kananisidTguliguseninadeyaiaududeyaninisulasdie

Y

Y a = [ Nal
Pane37u tealauleis

AARANL ANIALIIN T9H

70000

60000

50000

40000

30000

20000

10000

B SMOTE m Original Data

3UT 3.1 wanenslSeuiieusenindeyauiudeyaiuniswlaswineoa.duleds
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3.4 YURBUNISINUTZANSNIN

TusmAsvilldvihnsldyadeyannasuandvledydle wlddmsunmsmagoudn
Uszansnmnisdnuundszinn lnensusuauaunavesteyamedanasiiuieaduledid
wazludveanisdwun lvimswiagadeyadmsulnasudu 80 Wesidud uazuusyn
Toyadmivldnageuu 20 Wesidud vineuuulusunsy MATLAB 183U R2014a wag
WEKA 119391 3.6.13 lagld MATLAB @$19uuud1a09n1siseushuusiungusiuiuien1yan
Buy uadldaneifiuiledlu WekA Wusduuniiugu

Tunounsinuszdnianlduvinisnaaevesnidunisiieuiuuvadudium

F9UUA 24 819U LaeadudnruesenInalaseinewuuiud aulddagdulauurenns auld

v a saa A v vl

andulauuuenidiivg aulddndulauuuialnivien ievawunnseusnangalunisada

q

WUUTIABY UagNARBUNITIUTBUNITISEUIAIUAADITWNATY oI WIUATIIANER d1msy

U lUldnngeun1sIndse@ansnInia 6 wuu

nsindsEAnsnmateuuuTIaes BRAC lnedayatninAeyadeyannday lnaisy

o w o

= 1 L] o A A v Yo a fala A Y UV a
‘VIIﬂﬁd‘U’]EJLLUULUSLUU@’]@ULLiﬂ aqﬂﬂwaaﬂﬂamu‘lﬁm@ﬁiﬂf\]LL‘U‘U@Wﬁ@W‘Vlﬁ G]ubLiJﬁﬂaiﬂf\]LLUUL@

a

3 wazdduanyedulidadulanuunlnsiiien nadeunisiusevludiunisSouivede

ho))}

o [ )

ANYERLENNIILIL 6 A3 WedndenanuRgIuningn dmsuiluldlumsduuntszan o

q

al

wandlusun 3.2

Training Data

Bayesian Network REPTree ADTree Tree-1a8

h1 h2 h3 ha

ABEarL Model 2 Model 3 Modeln
H2,B2 H3,B3 He,Ba

H, B 7
ek tput

JUM 3.2 M3TEUsUUUTINNGUUBILUUTIARY BRAC




unil 4

NAN1528LazN15AUS1gNA

Tuuniindnfwanismaassdisuiisulssansnmauuiug1vesuuUsaesd
WLty TnemsuSeudisunisadusundeta 24 wuuitlidniu Tnawsouiieussansam
msduunseteyaiiiunsuivannaudiudeyaiiu Fdimsinuszavsameainy
wiug1903ARNAUIN (Sensitivity) A1A1ULIUG1vRIARNAAY (Specificity) A1AI1NNABY
(Accuracy) AMANLLUET (Precision) A1AINTEAN (Recall) wagAtoianages (F-measure)

TunsiSeuiisu wiauaUSy U UUSLENSAINNISILUNLABNITANTNUATIUIUTOUNIT

a 9!3; ! = v a I ndy
LiEJ'LlEG]QLLG]ﬁ’eNi’e]‘Uﬂ\‘i‘ﬁﬂi@‘U@ﬂiWEJﬂ%L@EJﬂ(ﬂ@l‘Uu

4.1 dayaminnlddmsunmsnaaes

Tayaniiuilddmiunismaasdlaainnisiiusausinainsuin1siuseing gn
witluaesnana fie AanavInkazeanday Fadldiuaudoyavianin 41,188 15Aasa (Record)

11 20 Audnve InedayagniiusavTINAIwRouLway U A.A. 2008 useungrdnieu U

A.A. 2010 wewnsludulededletilineayidanvestoyaduanslunisei 4.1

P = v A o o o o
M1319N 4.1 5']863LE]EJ@7]@Nﬂa%u’]ﬂqisﬂa']W3Uquﬂ'ﬁ‘Vl@a'EN

578M15 AMANWE
dnwnzvasdeya AT
anwaizvasnuanvadaya ToyaINUILTI
dnwnzaruiivhanld NMsIMUNYTELAN
Iuudaya 41,188
NUIUAMEN UL 20
Afiunaving (Missing Value) g
vaulunvasdoya TOYANAIUTINA

Tuiiusiusiudoys

2008/04-2010/11

FUIUARTE
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4.2 1A5990N I EMSUNISNAGDY

insesileflddmiuvihmsvaasunisieuivounissuasnaaeulszansnnves
N33 UNUTEAN d195UNIALTUNITATINABUALLAFIULALYIINITNAABIVRIUITY &
Fsteluil
1) MATLAB Version R2014a (64-bit)
2) Waikato Environment for Knowledge Analysis (WEKA) Version 3.6.13
3) yiuuusEuuUURnIsed Window 10 (2015) Pro Processor: Intel(R) Core(TM)
i7-5500U CPU: 2.40 GHz 64-bit RAM: 8.00 GB
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4.4 WNaNIINANAY

HANTNARBILUVASUAWUlulAazuUUdIa0IN1SLTeUTTInNA 24 Luu Loy
Anualiudasfidnuniiugulasurinnududdunsnnnase wasLanINanIsNeaodnn
Pt saduiu FansaduiuniveaiidwuniiugulunsseuiLuuTINngul e
nageuUszdnsnimnisinnafinseungunisnseuinaunsailululaiomun Tunisasie
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Imun Aslasevnewuutud aulidndulanuuaisdnns dulddndulawuuiedns wavdulyl

v a

FaaulauuLalHETLon 15197 4.2 LERINSERUAIRUTBILUUT AR 24 WUY
Tngmuunli B fie “Bayesian Network”
R A® “REPTree”
A @9 “ADTree”
C fle “Tree-J48”

dmduniaieuiisunisadudiuneia 24 dumianudisgAnininuesnis
Sruunliiunndsiuinainisainnisiassansamiann 6 uUuAeAIA LIS vIRANA
UIN AIAIUHLINEIURIARNAAU FIAIHNENABY AIAIUWIUEN A1ANTEaN wagAeNilwes
Felumsadusumisfinuuitass BRAC lngillasstnouvuiudiduddui 1 o158fimsidu
1ol 2 tofvdiduddiufl 3 uasndialnsiien WusdugaretulsiussAnsamnissiuun
Usziangagn InefiAanuutugiwespaiauanld 0.9149 Avenuwiugrvesaaiaauls 1.000
AmUgnAadls 0.9632 Amdnawiugla 1.000 ApwsEanta 0.9149 uagAenuivesla
0.9555 mniUssuliisunsiaussansamsnerianuusiugiwesranauan dadudildin
Us¥ANBAMNITTUUNTBIARTAUINTY UUUTIa09 BRAC fansliUszansangaand 0.9149

[y

5O9A9UNABLUUINABY RBAC 0.9109 Lazlkuud1803 CBAR 1A 0.9086 nNaN1SNAaDIaau

v v

AU 24 FILNUT WUIIATAIUBNUEIVDIAAI@AULAEAIAINLIUEY T Tuf1Tn
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UsgAvBammsiuunveseanaaudmiunismaaesludiuvesdeyadisiniliaunaoggeiu
witlfmaFeuiduniudianedmivaaadisuaunnnd fennlfuuudaemstous
wuurngudsldianduslunissuundssan meviueyssansnmaslinaudugigean
71 1.000 %130 100 Wadldud M9 4.3 uanswanmaUTeuiisulssansnmusauuudians
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KUUTIADY FUNUIVDINITHTEEFU
1 2 3 4
BRAC Bayesian Network REPTree ADTree TREE-J48
BARC Bayesian Network ADTree REPTree TREE-J48
BCRA Bayesian Network TREE-J48 REPTree ADTree
BRCA Bayesian Network REPTree TREE-J48 ADTree
BCAR Bayesian Network TREE-J48 ADTree REPTree
BACR Bayesian Network ADTree TREE-J48 REPTree
RACB REPTree ADTree TREE-JA48 Bayesian Network
RCBA REPTree TREE-J48 Bayesian Network ADTree
RABC REPTree ADTree Bayesian Network TREE-J48
RCAB REPTree TREE-J48 ADTree Bayesian Network
RBCA REPTree Bayesian Network TREE-J48 ADTree
RBAC REPTree Bayesian Network ADTree TREE-J48
ACBR ADTree TREE-J48 Bayesian Network REPTree
ARCB ADTree REPTree TREE-J48 Bayesian Network
ABCR ADTree Bayesian Network TREE-J48 REPTree
ABRC ADTree Bayesian Network REPTree TREE-J48
ARBC ADTree REPTree Bayesian Network TREE-J48
ACRB ADTree TREE-J48 REPTree Bayesian Network
CBRA TREE-J48 Bayesian Network REPTree ADTree
CBAR TREE-J48 Bayesian Network ADTree REPTree
CRAB TREE-J48 REPTree ADTree Bayesian Network
CABR TREE-J48 ADTree Bayesian Network REPTree
CARB TREE-J48 ADTree REPTree Bayesian Network
CRBA TREE-J48 REPTree Bayesian Network ADTree




A1519% 4.3 HANITIAUIZANTAINNITINLUNVDILUUIIABINS 24 LU

o

a19U | wuudNaes | Sensitivity | Specificity | Accuracy | Precision | Recall | F-measure
1 BRAC 0.9149 1.0000 0.9632 1.0000 | 0.9149 | 0.9555
2 BARC 0.8820 1.0000 0.9490 1.0000 | 0.8820 0.9373
3 BCRA 0.8899 1.0000 0.9524 1.0000 | 0.8899 0.9417
a4 BRCA 0.8940 1.0000 0.9542 1.0000 | 0.8940 0.9441
5 BCAR 0.8960 1.0000 0.9550 1.0000 | 0.8960 0.9452
6 BACR 0.8890 1.0000 0.9520 1.0000 | 0.8890 0.9412
7 RACB 0.8874 1.0000 0.9513 1.0000 | 0.8874 0.9403
8 RCBA 0.8883 1.0000 0.9517 1.0000 | 0.8883 0.9408
9 RABC 0.8885 1.0000 0.9518 1.0000 | 0.8885 0.9409
10 RCAB 0.8851 1.0000 0.9503 1.0000 | 0.8851 0.9390
11 RBCA 0.8903 1.0000 0.9526 1.0000 | 0.8903 0.9419
12 RBAC 0.9109 1.0000 0.9615 1.0000 | 0.9109 0.9534
13 ACBR 0.8924 1.0000 0.9535 1.0000 | 0.8924 0.9432
14 ARCB 0.8957 1.0000 0.9549 1.0000 | 0.8957 0.9450
15 ABCR 0.9007 1.0000 0.9571 1.0000 | 0.9007 0.9477
16 ABRC 0.8935 1.0000 0.9540 1.0000 | 0.8935 0.9438
17 ARBC 0.8967 1.0000 0.9554 1.0000 | 0.8967 0.9456
18 ACRB 0.8885 1.0000 0.9518 1.0000 | 0.8885 0.9409
19 CBRA 0.8865 1.0000 0.9509 1.0000 | 0.8865 0.9398
20 CBAR 0.9086 1.0000 0.9605 1.0000 | 0.9086 0.9521
21 CRAB 0.8962 1.0000 0.9551 1.0000 | 0.8962 0.9453
22 CABR 0.8906 1.0000 0.9527 1.0000 | 0.8906 0.9421
23 CARB 0.9036 1.0000 0.9583 1.0000 | 0.9036 0.9493
24 CRBA 0.8955 1.0000 0.9548 1.0000 | 0.8955 0.9449
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Mnuan1silseAnsamassunuuuaduiun 24 fumisiu wousiaes
BRAC Tvinan1sinusedniaingsanlunnainisidseuiiiey Jadiuuudnass BRAC u1ld
AMFUNARUUTEAVTAIMNMTTILUAMENITIUTBUNITITEUIIINIU 6 58U dmTukUUTIA0S
msFeuduvurnguilfionyadifuyiu Tuuiafwesnisusevasiimauiulssausgy
wagvnsdmdendduuniiafian fefunisusevluudasaisagliinisinuszansam
uanssiusauandlumsieil 4.4

d’ U a a 1 a Y
19199 4.4 Naﬂ’]i‘VI@a’@\ﬂﬂUi%ﬁVlﬁﬂ’]WIULLG]@Si@U“U@ﬂﬂ?iLiEJ‘LlE

I1UIUTOU | Sensitivity | Specificity | Accuracy | Precision | Recall | F-measure
2 0.8994 1.0000 0.9565 1.0000 | 0.8994 | 0.9470
3 0.8996 1.0000 0.9566 1.0000 | 0.8996 0.9471
4 0.9149 1.0000 0.9632 | 1.0000 | 0.9149 | 0.9555
5 0.8967 1.0000 0.9554 1.0000 | 0.8967 0.9456
6 0.8901 1.0000 0.9525 1.0000 | 0.8901 | 0.9418

9INM15797 4.4 msauseuasad 4 WiUsyansann1sILungsda tneAinIny
wilugesaatauInla 0.9149 Apduuiugvasaataaula 1.000 mAugneasld 0.9632
ArAlugald 1.000 A1AnsEanle 0.9149 Aeniuwesls 0.9555 dslunisiuseu 5
afaay 6 A%t SuliUsvansnmnnssuunlndifstu 2 a%s way 3 A%t wandlidiuitlunns
dudeyaypiegiumifetudndenluunazedaiu Jeyayadieteiilfazlimilowdnly

WAAENISIUTOU A9t UAMLARaTAIuLANA1 Y walulauanatanuuinidnluwiazisdin

YILANTAINNITINLUN

1NHAN1TIAUTEANTAINNITTMUNAIENTUTIUNBUTENI U UUTIABINTT
3ouiiuu BRAC Aunuudiasansi3euduuudu fifimsusuaunateyaudn fuyadoyaiiu
FaldinsusuaunadeyalaglinisinusenSninaiearanuuiug1vesnalauin A1Ay
wiudesranaay Amnugnies nuimsSeusugndeyaniiinisuiuannaudlridinisie
UsgAnsnimnissuundniuamavinvidedmiugadeyaiilivnaaosienana Yes dulsia
ArsiugvesnanauIntugeaalunnsUisuiiiey Tnsfiuuusiass BRAC tulirgeandi
0.9149 WerFeuiisuiunisldyadeyaimilunismaaoy uuusiass BRAC Tiuszavsam

N139uUNMEAIALLINGIYRIAAIAUINT 0.4073 Fegandnlunniuuiiaesdmiunis
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nagouiugateyalAy uwiAnsinUsednsamlunataay vseluyateyailaaiaau Aenana
No gadeyaiuidsliinisusuaunateyaliinininuuiugvesraiaaugegalunniuuinass
a Y % ° d' Y] v Aa Y] 1% v o
N3EU3 eniuluudNaes BRAC inaasuiuyadeyaninisusuuds Tieiauudugves
AANAAUWINAUNNTNARBINUYATRYALANT 1.000 Wiy d1mSuA1ANgNABIRUUTIAeY
BRAC lamasgansainnisnaaeusietayaninisusvaunawdifiudeyandelisinisusu

auna Lo 0.9632 wazdmiuyadeyaidulaen 0.9332 Aann3199 4.5

a - a a a ° Y} ° a v A v [
M19190 4.5 LUTEJ“ULV]EJUTJ?%ﬁV]ﬁﬂ']Wﬂ’]ﬁC\NLLUﬂﬂULLUU‘U']a@QﬂqﬁLiﬁJUELL‘UU@‘UIﬂEJ&‘LSUﬂ']i'JWﬂ']

ANUUNUEIVDIARIAUIN AIAINNLIUEIVBIAANAAY LazrAIAINHYNADS

LUUIIA9 SMOTE Original Data
Sensitivity | Specificity | Accuracy | Sensitivity | Specificity | Accuracy
BRAC 0.9149 1.0000 | 0.9632 | 0.4073 1.0000 | 0.9332
Bayesian Network 0.7087 0.7944 0.7558 0.3330 0.9524 0.8826
Tree-J48 0.8226 0.8475 0.8371 0.2123 0.9799 | 0.8934

o

E ADTree 0.6077 0.8177 | 0.6943 | 0.1972 0.9862 | 0.8973

-

% REPTree 0.8101 0.8402 | 0.8276 | 0.2026 0.9814 | 0.8937
Rotation Forest-J48 0.8285 0.8532 | 0.8428 | 0.2037 0.9807 | 0.8932
Rotation Forest-ADTree 0.7520 0.7899 | 0.7743 | 0.2047 0.9848 | 0.8969
Rotation Forest-REPTree | 0.8312 0.8479 | 0.8410 | 0.2037 0.9832 | 0.8954
Bayesian Network 0.6781 0.8129 0.7455 0.3330 0.9524 0.8826

g Tree-J48 0.7773 0.8736 0.8283 | 0.2123 0.9799 | 0.8934

[an)

é ADTree 0.6371 0.8469 0.7259 | 0.1972 0.9862 | 0.8973
REPTree 0.7844 0.8551 0.8233 | 0.2026 0.9814 | 0.8937

JUM 4.1 uanansiidudIeuiiguuseaniaimnisiniunlssianmeaining
widug1vesnarauin lagnsilseuiisuseninedeyaauiudeyaninisusuaunauad
MvualiduduIRuwutayaniinIsUTuaunauad wastdudunaunudayaiia NN
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NNANTTIAUTEEANTAINNITIILUNAEA1TIUT UL UTENINUUUTIABINT
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WL WUIUUAIADINISTEUTHUUTIUNGUI UL BRAC TiFnisiausedniningsgaluyn
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M13199 4.6 WiguguUszansnmnsiuunfuwuuhasinisiseusuuudulaglinisin

ANUUNUEYDITBYATIANLTIAVA ANAINSERN UavAoWiiYes

LUUI1aD4 SMOTE Original Data

Precision | Recall | F-measure | Precision | Recall | F-measure
BRAC 1.0000 | 0.9149 | 0.9555 | 0.4073 | 1.0000 | 0.5789
Bayesian Network 0.7389 | 0.7087 | 0.7235 | 0.3330 | 0.4703 | 0.3899
Tree-J48 0.7945 | 0.8226 | 0.8083 | 0.2123 | 0.5727 | 0.3097

o
5 ADTree 0.8261 | 0.6077 | 0.7003 | 0.1972 | 0.6444 | 0.3020
g REPTree 0.7854 | 0.8101 | 0.7976 | 0.2026 | 0.5802 | 0.3003
Rotation Forest-J48 0.8026 | 0.8285 | 0.8154 | 0.2037 | 0.5727 | 0.3005
Rotation Forest-ADTree | 0.7134 | 0.7520 | 0.7322 | 0.2047 | 0.6312 | 0.3092
Rotation Forest-REPTree | 0.7935 | 0.8312 | 0.8119 | 0.2037 | 0.6058 | 0.3048
Bayesian Network 0.7834 | 0.6781 | 0.7269 | 0.3330 | 0.4703 | 0.3899
;é Tree-J48 0.8450 | 0.7773 | 0.8097 | 0.2123 | 0.5727 | 0.3097
;:g ADTree 0.8502 | 0.6371 | 0.7284 | 0.1972 | 0.6444 | 0.3020
REPTree 0.8156 | 0.7844 | 0.7997 | 0.2026 | 0.5802 | 0.3003
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Abstract—The bank direct marketing campaign for offering
products that meet the customers’ needs is the challenge
problems. The bank direct marketing data analysis is important
work that helps the banks predict whether customers will sign a
long term deposits with the banks. The method that can predict
such customers’ needs can be profitable to the banks for
improving their marketing campaign strategies. Unfortunately, it
is very hard to predict the customers’ needs because the available
information is asymmetric. In this paper, we propose the method
to analyze asymmetric information using SMOTE algorithm and
Rotation Forest (PCA)-J48. The SMOTE method is used to modify
the data and improve the accuracy of the prediction. The
performance of the proposed method is evaluated and compared
to Decision Tree, Rotation Forest, Navie Bayes, BayesNet,
Multilayer Perceptron Neural Network, RBF Neural Network.
The experimental results show the predicting accuracies of all
predictors. The experiments show that Rotation Forest (PCA)-
J48 can achieve the highest value of accuracy and specificity.
However, the sensitivity of Rotation Forest (PCA)-J48 is higher
than all methods except BayesNet and Rotation Forest (PCA)
RandomTree.

Keywords-Direct Marketing; SMOTE; Decision Tree; Rotation
Forest(PCA); MLP (MultilayerPerceptron); NavieBayes; BayesNet;
RBFNetwork

s INTRODUCTION

The bank direct marketing campaign is very useful for
offering the new products to their customers. The bank direct
marketing data analysis can be used to select the type of bank
direct marketing. Viral marketing is a marketing method to
reach customers directly via the internet and communication
technology. They may be offered via email, post, and phone to
the customers. The product offering can be possibly directly
done through the customers and allows them to decide the
products for themselves. However, if the market does not meet
the needs of their customers, the customers are likely to reject
the products. In 2014, F. Koto [2] proposed SMOTEOut,
SMOTE-Cosine and Selected-SMOTE algorithm for solving
cases that have not been done by SMOTE. After testing on
eighteen data sets, the experimental results showed that the
proposed SMOTE can improve B-ACC and F1-Score. For
solving a problem of imbalance data, M. H. Nguyen, W. E.
Cooper and K. Kamei, [3] suggested the Multiple Random
Under-Sampling (MRUS) technique for imbalanced and
streaming data, while G. C. Weng and J. Poon [4] presented re-
sampling method for imbalanced data sets. A. Sarmanova and
S. Albayrak [5] proposed a method called GASEN (Genetic
Algorithm based on Selective Ensemble Network) to enhance a
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performance of classifiers on class-imbalanced data sets. In
addition, Z. Lei, P. Shaoning, C. Gang and A. Sarrafzadeh [6]
suggested an incremental LPSVM (Linear Proximal Support
Vector Machines) called DCIL-IncLPSVM for a classification
of class imbalanced data set. In this experiment, DCIL-
IncLPSVM was compared with SVM and LPSVM classifiers.
The result has shown that the algorithm is highly effective in
class imbalanced data. Furthermore, L. Tian-yu [7] proposed
an algorithm called MIEE (Mutual Information based feature
selection for EasyEnsemble) for improving classification
accuracy in imbalanced data sets, and the experimental result
demonstrated that MIEE can obtain better performance than
bagging and EasyEnsemble. M. Tsunoda, A. Monden, J.
Shibata, K. Matsumoto [8] compared the results of five
classifiers, including linear discriminant analysis, logistic
regression, classification tree, Mahalanobis-Taguchi method,
and collaborative filtering methods to evaluate the
classification performance of classifiers on imbalanced data.
The results disclosed that collaborative filtering method gained
the highest accuracy on the imbalanced data sets compared
with the others.

In 2013, A. H. Elsalamony and A. M. Elsayad [9] has
applied bank direct marketing domain to data classification.
The data was prepared by using correlation, statistical
measures, and cluster analysis. For this experiment, MLP and
C5.0 were adopted as classifiers, and the data was divided into
training and testing sets at 70:30 by the results. After testing,
MLP gained 90.32% of accuracy, 60.12% of sensitivity and
93.45% of specificity, while C5.0 algorithm obtained 90.09%
of accuracy, 59.06% of sensitivity and 93.23% of specificity.
This experiment illustrated that MLP has slightly higher
performance than C5.0. Additionally, P. Youqin and T.
Zaiyong (2014) [10] used an ensemble method to classify the
bank direct marketing domain. Bagging and boosting models
was utilized to separate classes. The results showed ROC curve
[11, 12] because of the class imbalance. It can be concluded
that bagging neuron network released a separate class at best.

Therefore, the forecast of the customer response obtained
from bank marketing is the target for increasing the accepted
opportunity of their customers. Many data mining techniques
are adopted as classifiers for this experiment because a large
number of information and customers joining the long term
deposits are clearly differentiated. In addition, the prediction of
the imbalanced data resulted in less accurate [13] so SMOTE
algorithm was suggested to deal with this problem, and it can
present a reliable classification performance by integrating



SMOTE algorithm with Rotation Forest (PCA)-J48 [14].
Consequently, this paper has proposed a method based on
SMOTE algorithm with Rotation Forest (PCA)-J48 to predict
the exceedingly imbalanced data.

1L

A. SMOTE Algorithm

SMOTE (Synthetic Minority Over-sampling Technique)
[13]is an oversampling technique for improving minority
class recognition. The classification model can recognize
patterns of data with large quantities as well. Since a minority
class is much smaller than other majority classes, oversampling

THE PROPOSED METHOD

or up-sampling is used to increase the number of the minority
class in order to improve minority class recognition. In this
research, we are interested in the minority class which is the
class that customers agree to deposit with banks in long term.
However, the data set is unbalanced and the minority class is
very small compared to the majority class. Since SMOTE
algorithm is the oversampling technique for improving
minority class, we adopt SMOTE algorithm to solve our
problem. The pseudo code of SMOTE algorithm is
demonstrated in Algorithm 1.

Algorithm 1: SMOTE
Input:
Number of minority class samples T; Amount of SMOTE N%;
Number of nearest neighbors k
Output: (N/100)* 7 synthetic minority class samples
1 if N <100 then Randomize the T minority class samples
2 T=(N/100) T
3. N =100
4.  Endif
5. N = 3]
6 fori=1toT
7 Compute k nearest neighbors for i and save the indices in the
nnarray
8. Populate (N, i, nnarray)
9.  endfor
10. while N # 0
11. Choose a random number between 1 and k, call it nn.
12. for attr = 1 to numattrs
13. Compute: dif = Sample[nnarray[nn]][attr] -
Sample[i][attr]
14. Compute: gap = random number between 0 and |
15. Synthetic[newindex][attr] = Sample[i][attr] +
gap = dif
16. Endfor
17.  newindex + +
18. N=N-1
19. endwhile

In Algorithm 1, the parameter, k, is the number of nearest
neighbors. The parameter, numattrs, is the number of
attributes. Sample[ ][ ] is an two dimensional array for original
minority class samples. The parameter, newindex, is used to
keep a count of number of synthetic samples generated, which
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is initialized to 0. Synthetic[ ][ ] is an two dimensional array
for synthetic samples. Populate(, i, nnarray) is a function to
generate the synthetic samples.

B. Rotation Forest(PCA)-J48

J48 Decision Tree [18] is an algorithm for generating a
recursive pruned or un-pruned C4.5 decision tree by using the
information entropy on the set of training data. The feature
data is divided into sub-sections and get regular information
by measuring the difference in entropy used to measure these
subsidiaries to identify the best attribute as a node in the cut.
The decision tree is created with the J48. In Rotation forest
[14], the feature set is divided into subsets and then, Principal
Component Analysis (PCA) is applied to each subset. The
pseudo code of Rotation Forest is showed in Algorithm 2.

Algorithm 2: ROTATION FOREST
Given:
X: the objects in the training data set (an Nxn matrix)
Y: the labels of the training set (an Nx1 matrix)
L: the number of classifiers in the ensemble
K: the number of subsets
{w1, w,, ..., w.}: the set of class labels
Fofi=1%.1
1. Split F (the feature set) into K subsets: F; ; (for j=1...K)

2. For j=1..K
. Let X; ; be the data set X for the features in F; ;
. Eliminate from X; ; a random subsets of classes
. Select a bootstrap sample from X; ; of size 75% of the
number of objects in X; ;. Denote the new set by X,-’J-
. Apply PCA on Xl-’,j to obtain the coefficients in a matrix C; ;
3. Arrange the (;
@® @) (My)

for j=1...K in a rotation matrix R; as

i1 Q1 Gy [0] [0]
Ri - [0] @ (@) (M3) [0]

ai,2 iz iy

J?

© @ Mo
ik Ao Ak J

L 1o [0]
4. Construct R{* by rearranging the column of R; so as to match
the order of features in F

5. Build classifier D; using (XR;* ,Y) as the training set

Classification Phase

For a given x, let d; ;(XR[") be the probability assigned by the classifier
D; to the hypothesis that x comes from class w;. Calculate the
confidence for each class, w;. Calculate the confidence for each class,
wj, by the average combination method:

L
1
Hj ® = ZZ di,j(xR;‘),j:L...c.
i=1

Assign x to the class with the largest confidence.

III. EXPERIMENT

A. Data Sets

In this experiment, data associated with direct marketing
campaigns of the Portuguese banking institutions was collected
from UCI Machine Learning Repository [15, 16, 17]. The



classifiers were implemented by WEKA data mining software
in weka-3-6-12jre-x64 versions. The marketing campaign was
offered via telephone. Deposit products were obtained from
contacting customers via telephone, probably more than once,
by banks. This data set contains 45211 instances with 17
attributes of 2 classes (yes/no). The classification goal is to
predict whether customers will subscribe a term deposit. There
are 39922 instances of no classes and 5289 instances of yes
classes. Since the minority class (yes classes) contain 5289
instances which are very less than the majority class (no
classes), the over-sampling technique which is SMOTE is
applied to increase the number of instances of minority class.
After applying SMOTE, the number of instances in minority
class are increased to 10578 instances while the instances of
majority class remain unchanged. In this examination, the
number of yes classes is increased at 100%. The number of
instances in original data and data improved by SMOTE are
showed in figure 1.

e s |
2
2 40000
*2 30000 :
Z 20000 :
g 10000 SMOTE |
’E 0 Original Data :
2 No |
Yes |
o J Fo o f LV \ ]
= Original Data 39922 I 5289 X |
- - — A — el ¥ Y&
® SMOTE 39922 10578 J

Figure 1. The number of instances in original data and data improved by
SMOTE algorithm.

In this experiment, the ratio of training and testing sets are
70:30. The parameters of SMOTE algorithm consists of S (the
random number seed) which is set as 1, P (percentage of
SMOTE instances to create.) which is set as 100, K (the
number of nearest neighbors to use.) which is set as 5, C (the
index of the nominal class value to SMOTE) which is set as 0.
For Rotation Forest (PCA)-J48, maximum number of attributes
to include in transformed attribute names is set as 5 and retain
enough PC attributes to account for this proportion of variance
in the original data is set as 1.0.

B. Performance Measurement

In this paper, the classification performance was measured
by sensitivity, specificity and accuracy. For the following
equations, TPR is the true value of positive rate; P is the
positive class or yes class; N is the negative class or no class; T
is the correct value; and F is the incorrect value.

1) Sensitivity is the true positive rate (TPR) which is
defined as the fraction of positive instances predicted
correctly by the model,

TPR = TP / (TP+FN). (1)
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2) Specificity is the true negative rate (TNR) which is
defined as the fraction of negative instances predicted
correctly by the model,

TNR =TN/ (FP+TN). 2)
3) Accuracy (ACC) is the overall success rate of the

classifier defined as

ACC = (TP+TN) / (P+N) 3)

C. Experimental Results

In this paper, the performance of the proposed model is
evaluated and compared to Decision Tree, Rotation Forest,
MLP neural network, RBF neural network, Bayesian network,
and Naive Bayes as shown in Table I. In addition, the
experiments are conducted on two data sets which are the
original data and the data improved by SMOTE algorithm.
These two data sets are trained and tested on 14 machine
learning algorithms. The comparative results are shown in
Table L. From the experimental results, the algorithm that gives
the highest sensitivity value on the original data is Rotation
Forest (PCA)-ADTree that can achieve 67.73% of sensitivity
on the original data set. The algorithm that produces the highest
specificity value is Dicision Tree J48 that can achieve 93.19%
of specificity on the original data set. However, after SMOTE
algorithm improvement, the algorithm that gives the highest
sensitivity value is BayesNet which can achieve 94.48% of
sensitivity. In addition, the algorithm that gives the highest
specificity and highest accuracy value are Rotation Forest
(PCA)-J48 which can achieve 93.17% of specificity and
90.81% of accuracy, respectively. Since the number of
instances between two classes is very different, techniques that
can resolve imbalanced data should be applied. The
performance metrics including sensitivity, specificity, and
accuracy should be used to evaluate the performance of the
classifiers on the imbalanced data set. The goal of this research
is to predict whether customers will subscribe a term deposit
based on asymmetric information. Therefore, we concentrate
on both classes which are yes classes and no classes. So, the
accuracy matric should be used to evaluate the classifiers.
However, the sensitivity and specificity are also essential to
evaluate the classifiers in order to analyze the performance of
classifiers on each class. From the experimental results, it can
be seen that the proposed method which adopts Rotation Forest
(PCA)-J48 and SMOTE algorithm can achieve the highest
accuracy value. This can signify that the proposed method that
adopts Rotation Forest (PCA)-J48 and SMOTE algorithm is
appropriated to classify the bank direct marketing data set.

IVv.

In this paper, the ensemble method which is Rotation Forest
(PCA)-J48 with SMOTE has been proposed to solve the
classification of imbalanced data set. The experimental results
show that the proposed method that adopts Rotation Forest
(PCA)-J48 and SMOTE algorithm is appropriated to classify
the bank direct marketing data which is the imbalanced data.
Since the imbalanced data set makes it difficult to classify,

CONCLUSION



using the algorithm to improve the data can make the
imbalanced resolution better. From the experimental results,
SMOTE algorithm shows that it can effectively solve the
inequality of data. The obtained data is stable and can lead to
reliable results. The imbalance problem is a challenging task.
In the further work, another imbalanced data set is required for
evaluating the classification performance of the proposed
method.

TABLE I. THE COMPARATIVE RESULTS OF DECISION TREE, ROTATION
FOREST, MLP, RBENETWORK, BAYESNET, NAIVEBAYES.

sensitivity(%) specificity(%) accuracy(%)
Original Original Original
Model
ode! Data SMOTE Data SMOTE Data SMOTE
148 57.11 76.63 93.19 92.75 89.51 89.43
ADTree 60.03 80.10 90.98 88.77 89.21 87.47
LADTree 60.87 75.78 92.00 90.79 89.68 88.01
RandomTree 47.61 71.67 92.64 91.75 87.51 87.54
REPTree 60.05 79.26 92.78 92.15 89.85 89.68
Rotation
Forest (PCA) 63.35 81.23 9221 93.17 90.05 90.81
J48
Rotation
Forest (PCA) 67.73 80.12 89.78 87.81 89.12 86.75
ADTree
Rotation
Forest (PCA) 65.46 77.52 90.93 87.72 89.63 86.28
LADTree
Rotation
Forest (PCA) 62.42 82.70 91.89 91.73 89.81 90.12
RandomTree
Rotation
Forest (PCA) 63.48 81.09 91.90 92.08 89.93 90.03
REPTree
MultilayerPer | 5 5¢ 73.83 93.12 91.77 89.57 88.13
ceptron
RBFNetwork 53.21 61.86 90.94 86.09 88.48 82.24
BayesNet 50.61 94.48 92.50 89.63 88.18 90.28
NaiveBayes 42.16 54.09 92.07 89.34 86.22 80.51
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