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ABSTRACT

This thesis proposes credit scoring by means of Support Vector machine and Least
Square Support Vector Machine based on the data of Thai financial institute. The quantitative
method known as credit scoring has been developed for the credit assessment problem. Credit
scoring is essentially an application of classification techniques, which classify credit customers
into different risk groups. The Financial institutions are being more and more obliged to build
credit scoring models assessing the risk of default of their clients. Support Vector Machine is a
promising new technique that has recently emanated and become popular for data classification.
Least Squares Support Vector Machines are re-formulations to the standard Support Vector
Machine. The cost function is a regularized least squares function with equality constraints. The
solution can be found efficiently by iterative method like the Gaussian algorithm. Then in this
thesis, both Support Vector Machine and Least Squares Support Vector Machine are considered
by applying to the credit scoring with the data of Thai financial institutions. The optimum model
will be able to divide the group of customers into four groups as the following:

1. Very good 2. Rather good

3. Suspiciously bad 4. Very bad.
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1MW M3ounAsIN IMaen Inssnelszamimountisuseusgasssuninnly ldmilounu
d! o o 9 ] = =t n’: &
maranila  veanmsdszauanudusamioszun Inseelszamiioulusimiune
. i
anuiluesaszuud  mwsedszanamldvsiesnnievnamstuaina  (Universal
. % b4 o Y o = d Y @ A L4 Ld
approximation) 1ag lagmimsignilunundiemanasudain dadmwes mesamasou

U ) c; ) = v 0 " 4'[ Bl " = =1 = s
ansodszuunIa | ﬂ‘lﬂl{]ullUUl‘Nlﬂu'EJU'I\WIBl'uﬂi1ﬂ'ﬂﬂ'l~lﬂ&lﬁ$1]1]'i$ﬂﬂ‘ﬁﬂ'lﬂ

2.2.1.1 wuudiaesveslassnelszamisuvaretulumuumsssldenh
(The Multilayer Feed-Forward Neural Network Model)

v ] ¥
szuv Insessdszamifionveuuiiaei lauansdaednadagi 2.6 ues

a4 oy w

¥ ’ » ¥
fiFuvedunm fiegaudnoiie aevimiusziifuaeu sgasananuazgaiomuvnieziily

n‘a‘ 's P ' a’: 9 =1 Y a a0 =l
Fuveuemwnywdazsuzlsznen ldnlszamiivuaugadioiu Taoha x,,...,x, fio

+ A Y. o 5 & & - e a &
AmBunn e uaz p Wudwauvesmduwn x Flh 2.6 i ldgnesisiuneums
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]

° 9K 4 :\’:
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1 2.6 nwuHasaveslasaviodszamionaudulusoumss lddhan (22)

2.2.1.1.1 FUBUNN
s o 4199 ¥ o ° ' o
nnwesvaamasi Bldine (s ) zgminnuaatog luguves

=

BUNN Tﬂﬂﬁa’?uﬁmgmz’ﬂmnl‘s:manafiﬂu Tﬂﬂﬁ%uﬁuvgm:ﬁwmwiimﬂsgmfhm’chf':
Z16MsauseNYINANTEES A NS AIEMYBLITASE N MATIN. 1INTHaZNSNSZ1
sunan g usazayszamifionlududen wennmiudusi 319w sziidiuyn
Asiives 1.0 FaSondn vluuaﬂﬂﬂﬁ%:Qniﬁh’fﬂﬂ'sluuﬁia:ﬁ?ucﬁauﬁ"w A luosszgniinn

>
w1 "o

varuanihminuazgmiiy 3 lukasuvesdszamifioniigndauda Ty

2.2.1.1.2 Fusou

@ = = E L= : c:‘ 1 ’ = n’: (]

anlszamimouidiunneluguil mmmma:ﬂi:ﬁmmuu"luwmamﬂu
v d' 7 ' : ar ' : s ::{ 9 Q' 9/ 9/ [ Y] ¥
angngudsanimin (w,) uazaniming ldvzgaiudy ludwoiudue luies «, Tae
v . ' o o o ' a : as [ o o =
il ] ﬁ]uﬂwmmﬂuwwu IﬂUTlﬂ'lNﬁ'i’Jllu'lHUﬂ u; ﬂ:gnmwﬂﬂiuﬂaﬂw o W

o L v ] o’: ' a : 4
HAAWERITuA h; wazazgndanndugou lidtuemun

2.2.1.1.3 Fuomnn
o a 49 = s s 2 ' ' o v °
anlszamimouidndaludueminni uaazamnnduseu ldgminngu
¥ » v 0 ¥
dwanimin (w,) wazAanihming ldvzgnond ldedudum v, swasanhmin v,

] 9/ o ar Pl Qs o et " ' ' qy {1 ]
wondudn luiliidu o Fwadwsnidlum y, uazAunariivzgnasesnuiueninsatie
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2.2.2 msuauenszinm (Classification)

o’: o o w o 4 o v q' v

JuapuusndmsunsAnduveniafiawes  mesamasou  uazlasioisely
Y 9 ; u'avl ﬂ =] ' [N 1 ::n: BJNl a 9/ s
Framtiniy Taona azitudsveamsunsnseaouuvassnay Tunsaiiezivn hinoawesny

¥ oo
msaaamiminniFeudenuszniaflantua q

. 1:&
minJ,, (6) =2 v - f(x;0); 2.4)
k=1

feR?

v N ¥
Tuvazh 0 =[w(:),V(),8le R? dunnmesvesm p Tlsznoudlsanimiin
waz luwes lugaveamsindudeyadunmuaziomuymivie {x,,y, 1", Teoiim N iy
o ) aad ' o 4 de =
Snvesdoyalugefindu F3Nugiuveamsunsnszawneonds (BP) udaiduduiiqe
4 \ o s A ar o ar . @
wenvzi I laanduideams  Tasmsisumliedlogduvvveaidimsindonlnivesing
[ = 9/ a u,/’ Yt a 9 [] = s
(Momentum term) tagdasimsiBouinldounlanivldatimsianndosudonu

Pamii Taoia lnswiud fe msdndudeyailinnuasiannunu’ly (OverFit)
= — =) t:: g 9 a ; ] ; = A; A o w o = o
Fauthuilyminarswanidodhiliinedn  Fallymiisznadulaommwizmemdduiumsi

o ar { { o @ ' e
Hardunnaumsi 2.4) Wauyssilunsdifihimsfndudoyasunsensdoyalimmgaves
Ao " d" A ::' o ¥ a oy W o L 9 u’:
mmindndumaiil eannmail Mldndudadinezsimsutisimiuvestoyaianua
B A 9/ " 3 A o 9
ponilugaveansindudoya gauoansmAINgnAee (Validation set) uazyaminnlylu
" e '

AINAABY (Test set) TudImvagavsImsmafignasaiuazgminnlslunshezaaduls

o o A = P ] ' 3 2 < o
lﬂU'Jﬂ'lJ!.i.lﬂulﬂﬁﬂﬁl?:ﬂﬂﬁ'!ﬁ{,!ﬂﬂ'ﬁﬂﬂﬁluﬂlﬂn‘_ﬂ ﬁ’m‘!J%):J‘_ﬁ‘lm;lﬂ‘umm’iﬂﬂﬁﬂuuuﬂzg,mﬂ“uvlil

2.

Tao hiidusweglugaveamsindudoya gavesmsmmngnasaasdalanadudagili

2.7
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Stop Validation Set

Training Set
——

.

Tteration Step

Test Set

Training Set

51 2.7 msuwaensziandoya

A o adae a 4 o Y X o V1 at = &

e sNafawes meswasouanly Fainez lyswhuaumsi (2.3) ¥alszney

Y e R B 7o > s 4 v a A
Tidodugpuniarudsegluiandu tanh wazduvesomwnilsenovalslssammeoun
a g} =1 [ 9 g - Y o o n’:
AusuFadu  Tunsdivesmsuialszimvesdeyadisitiadiawes mesiwasou 1y
= o o ar v =) a u’: L8 = A 5 v v v
ansafivztilandu woh anlFldmieusuluduveueinnidumiioududeusy ua
: P =Y Y dao ° Y o o o H 9/ 1 a =
nsziudeyaiilunFaduidigminnlFiuilanduluaunsi 2.3) douiu Tasind
ua2szunInsaevziimsAndudoyamaniuluaunsi 2.3) wazhimsminlszinndoya

AWNTMIIAIN Y(x) = sign[ £(x)] M3oINAUMTH (2.5) T

y(x) =sign[Wtanh (Vx +)] (2:5)

A A

Tasaieigminidndusuldauemwniidesmsie y, e (-1,+1} dmsunsand

£ o [ a9y z = o 1 o 4 e,
‘Ili)ll“ﬁﬂﬂﬂﬂ‘izm'ﬂ ﬁ'lﬂillﬂ'l‘i'ﬂll‘lmi;l.ﬁ‘ﬂﬁ"lﬂ 9 ﬂs:m‘nuu MWIITONICHIAUDTINHNNINY
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¥ v ¥
yunuaauudszionvesdeyadn q 18 vingUn 2.8 nlduaadiedianisuonue:
s ar 9 as o o o ci 9 =
damisdelusamnudondnmsveiofiawns mesanaseu laoiizl 2.8 (n) lauaaans
Y £  a 4 o 9 acd 0 ¥
mahdaiadiawes mesiawasen Awitanwoanes Taoualszimdeyasemilunai
Uszion uazgy 2.8 (u) Wunsasdulammveuanuuguden lTaseunsadivziilddo

msusuaawdnlien

7 x 5 pixels —i
i -1

—1

41

=1

-1

& —1

—3

-1

input vector output vector
dimension 35 dimension 26

(M)

® v
% &

51 2.8 (1) MsuuNUBZMBNYSAILHANMSTARIAIWDS INDSITNATOU (V) NISIAY

MUIUFUFOU [14]
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(Y] J J =
2.3 BNNDIAINADIUNYYU (Support Vector Machines)
' n:iv " =% = = o ar o o S =
Tudnuiiszna s wazBeANgURINATTIHYDIMANMIFNWDT ANNIABTLUFFU FI9z
= P a ¥ H o g ' ¥ ¥ @ ar <
pamasugidudadusas hidludadu  vesmsiminlszamdoyadiondnmatunesa
4 a4 a9
PNABS IUFFUDNAIY
ar Y o o =1 n“r’ o c; 1 9 [] ar Y
nanmsdmnesannmes iy huilumanmsineutialmilumsialszinndoya
T ¥
TavldsingumnnnszuuTasaodssamiioy  Faamlumsiadszaandeyariulanlng
udrvzsznouhldrsdmveansindudoya (Training Data) uazdIuvsImsnadeudoya
; & o " e 5 ° )
(Testing Data) Favz1)sznoulidredoyadiednimaumianldlumsimanaaes usaz
s ' < & v oA v e = v
Toyamintalugavesmsindu szifunilimiduauthmuny (Targen wialunilazisonh
o 1A ' e aa o
AR a1UA (Class labels) taziiuvary 9 midumguauia (Atributes) n3olunifiezlsd
oA s P as o 4 '3 o & v
1 Wniwes (Features) Tavhithmunsveandanmsdnwesannmesiusuliu Aemsaing
o o ci : o r s L] 4
wusmessunils Mzannsoineanthvunsvesdeyamednlugavesnisnadeudiay
»
Tiawmzmauauiamniu [3-7]
o ¥ 3 o . =
mﬂuﬂimaqamamﬂmgmmmﬁﬂﬂdwﬂu (x;,y;),i=1,.,1 lagh x, eR"
=& s ar o 4 = =
uaz  y, e {1}’ FwmdnmsEnwesannaesuurBuzaeInsnannMuituMsi (2.6)
b4
aane il

. 1 /
min —wT
Wb 2w w+C§§f (2.6)

Taoi yi(wT¢(xi)+ n>1—&.,5. 20

T @(x,) fie mstugszninilandunesiua fu mdunn «,

uaz &, fie A1 auan (Slack Value)

s "

P 1 a o oo n’: = »
NNaUMSH (2.6) 1 msuitla nawes x, vgndugiudulsluduigainidie ¢

=

@, & ¢ ¢ o A o

foiu dwneiannmosuusdu s nsAuUNILLINANS B2 (Hyperplane)  A1NTs
wiwendeyaseniniu Tasezlimshmuaduveugagauaziigauesdoyadndis Tagazi
a1 C > 0 ilusulsiunihimsasludiuvesmanuranain (Error) nazguh 2.9 ilduana

¥
o ar o =
ﬁdﬂﬂﬂﬂ’l'ﬁﬁuﬂ'mﬂj'ﬂi WWWGSFH’JFIWIB{HH‘H‘D'H



The SVM Algorithm

Feature Space

4 %0

ci a o o = ar acf
31]11 2.9 FANDIALINIADILUUYTU DANDITU

2.3.1 M0ty Fnnesannmes sy nuvaesdia

AUz RvsanEssurats q swiy arsesinnudhlsfusiedvesesiin
fou  auuAnideyantidunshminvedaead Lm::v*’fmmsﬁﬂ:umi’ff}yaﬁyaamﬂuam
sziamdaoiy Tavssauuagaoihiunsi Binsaesdniuilusuuudeiios (Continuous
values) §171m321An5 1 (Graph) adeyaTaslduesvesdainnodamilauunny X uazd
vnesndamiaounu Y fenezasyiddieglnm undaediedsglit 210 Taofidszinn
vosdulsiflmneimila1dgnuansdagdmas luvazisnlsznmuiaaasdsgy 1y

nsdmlszinmuiiaan T Iudnudmdhodn uazdnnsdliisnsznnmilahlanog
Tuduveayuuuyn aoansdi Iuonesnainfuesndmds msdnseidan wannsEm
wosannmeslumdy  wrnwnowiezdum  niliidvesszuy  ondrediauduminan
sewiadussdagit 210 () #ldisfeyaseniduasszian lasiuagiusuhmng

yoadazdsznn daudulszivunuiuasadu T dudumisdoya daguli 2.10 (v) 1iu i)
20z 19FINIToNT AR (Margin) MBS (3nvesdeya) Neglndiumiveuvan:
Sunidwwenianaes (Support Vector) Tasizil 2.10 (1) udasdamsuiadoyadealszinn

Tuyunoseuia



20

NEENT
° ' ’ L] '
Bl il
0o 0 Pl .| . L
0 0o ’ ::. I: E ] ]
PR Ll | ] ]
et
(M
¢
0 ®
] 0 ® ® y
) o ® ‘ )
e | /
Small Margin %rge Margin
Support Vectors
()

8

Separating Plane for the Federalists Papers - 1 788 (Bosch—Smilh}
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s ] 9 9/ s a o 4
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232 MVDIVOUIA (Margin)
v ¥ v
wennian1imin siluduidnglumsadauuuiiass vesszuulasaie
o ar " " <o '
Uszamioudmsumsuialszinmussdoyaudl Arvesueuiun (Margin) voatoyanduiludiu
e ludwudu 9 vesmsadnanudn lwazanuiidszans nmlunguivesszuy dnnesa
s o Ay Y 2w v 4 4 a

nnRes Y Bnde 11ng1 2.1 Tauaaatadisdmsuenlsznnvestoyalunuivesdunn

aa 2 o et o v
HUVEB3IA (dimension) dxamnsamu ldiissuuvats q sz Wuduniwendeyaveuily
asalszindioiu (Tashideyauandion @ uaz M) Bndumila Nazannsadmualiiimon

wilszuumniuivznduduniaenlsznnvesdoya

X2

Class C1

Y

x1

Q)

x2
Class C2

Maximize distance to
nearest points

Class C1

A\ 4

x1

()
d' " Y = 3 vy vy
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' ¥ .
msfezlszauanud s slumsuisonlszimdoyaii 18 1inddvie Vapnik [14] 143

¥
MsANTABIMIHIMUATATIUVBVIVAYBITBYA (Scaling) YuunIvi undet iy fimua 9@

3 o

v b '
Hindnganiszunniu q aunsoveusula ‘wrxk +b| =1 Tavhezldsduuuassmunumnia
-y s w - T
Hgoamsdmsy (w,b) voa szuuiu y, (w'x, +b5)21
qd“n "o ar n’: - 9 — =)
Tunsdifinwesouwavzminy 2/[wf, Aniugailndszuuiiga sxliszuznenn
. » v £
vnegn 1w, wezlumaiieaszamnsa muvnavesszozman i Indyaveadeyanaes
9y & Ada wad 1= - ' & a
Yszanld  dadindeguavianiimawe v lumsmunnavesmvouwaunaNNMsanvuIa
T a’ ° Y v o e ; - 91
¥0d |w], vInMsaanAves wiw T ianuduius funndunezlsamlumenves

anuasniminaaaslumsindudeyaluszunlnssedssaminoy

] vV ar ar d d -t o = 1
233 mamakszandonanmsdnnesanmnes s il adu
A4 Y o a s s a a ¥ o 2 a4 ' o
fanmdnmsdnnesannmosuusiuuuihudaduinll - sunaiatu i
1 ar ar o« 1 1 P
uAsngvesannsgnwesannmesiaFu 1A UG I3 lumsaiessnuidiigannldlu
' b4 o 3 Y o 3 < i ' A4 1 a
mstiaendszinnvesdeyauazszgnalsliidninumslFau (Application) A1e 9 Willogasalu
ar { LY a s o =1 =Y 3 o
flagiiu  wasiifogasdumivveandnmsdnnesannmesiusBunuuiBadunnegminnlslu

, P T v id
mstjauensznmueadeyalusia (14] FalAgnuansdagii 2.12

margin 2/{|wll2

X2
. + * Class C»

*

wlz+b=0
wiz+b=-1

Class Cy 5

-
!

X

U 2.2 msnialszndeyanuiududulugliuuaedia Tavidulszuaasdanvoun
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= 0 9 ] =

wosanvnngudeyaludiuvesmsindu {x,, y, 1Y dwdeyadunm x, e R” uaz
Vv I's s ] s [ Y a
Joyaeninm y, e R fumweswnara awa y, e {~1,+1} vazduninszandeyanuuis

1y (Linear classifier)
() = sign[wrx+b] 2.7)

. ¥
weteyaisasalszion ldgnihmsuiwds swaunsonan1aa
T Y
wx, +b2+1l, my, =+1

wak +b<—1, d1y, =-1 (2.8)

a a ° ;j <& Yo -
ADIFAVDITUNITN (2.8) Uff'lﬁJ'liﬂQﬂu'lll'lﬁ'JlJL uﬂuwuﬂ'l.ﬂmﬁum'm (2.9)

T
Vi [w X, +b] > 1 k=1..N 2.9)

s o o 3 o " Ao =
aumsvesFnnes annnes sty ldgnimuaiu Tasinnnndiunangavoangyi)
dy & o A ¥ oy ° ' v 4 : o 1 ﬂ '
i 2 q hezgnsuauatsmsimuanilymuveuwavesmanuainiminnowiuedn
o 1 ' : ar Y o w A A Yy cdet e 0’: Pl o
usn  Tashmausaniminnidutediia ezl ldamangs  viminldlimssmun
o 3 3 as
AUMIVDIAINTBIY (Lagrangian) I uazgamslumsudilymuesdinauesdumsveainseds
Lo [ - = L. o
(Lagrange Multiplier) Tudrunaail WHNTUNNAIFWNOIA (Support values)
aumshangalumsudilamIdgauans’ld Tasszmuswowauwaldidh lugansala
4 B o 0o A w = vy v ' ¥ ¥ A
Fannmsandudoyaiu  AuNeAssmsioz Mdoya lagnuialszianldedsgndesnga  uaz
L
Tymusndmivmaanimin w Ao

min Jp(w) :iwrw

w,b 2
(2.10)

such that Y, [wak +b]21, k=l...N
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d o as l.:l”d
aAUMTVRIAINT DI ﬂ'lﬂ'ivﬂiyﬂ'luﬂﬂ
1T v T
L(w.b;a) are 2.4, (yk [w *k +b]’1) @11)
k=1

AWAINUVBIAUMIVOIANTN @, 20 dmSy k=1..N uazdsmsudilymezil

a 4 @ o o o ay
ANBUTNWIZAIYNS VAAYDY 1Y AUMIVDIAINTOINA ]

max min L( W,b,‘(l)- (2.12)
@ wh
¢
.
oL 2k
B VWS 2.4,7,%,
k=1
9 (2.13)
OL ud '
ES =0 zakyk =t
L k=1

o o g ¥ ' ¥ =
dmsvaumsi lsnnlsznmveya do

N
\ T
y(x) =sign Zakykxk x+b |. (2.14)
k=1

o = = o w1 -3
TAo M IMSUNUNVDIAUNITN (2.13) aMIUAT w '1Uﬂlfﬂ'l§‘1jﬂxiﬁ1ﬂ'5ildﬁ{ (2.11) #alan

" »
NNAVNSA (2.15) famo hil



_ o o .
1 T
max JD(a) =—; Z:ykylx‘t xlaka’-fZak
a ki=1 k=1
(2.15)

N
such that 2ay, =0 a, 20 Vk
k=1

' » »
Tavhilgmiignudilymlu a =[a;;...;ay ] Taohildldmoaaimin w

1 v o @ 3 < =y v o a v
2.3.4 msmialszndenannsannesanmeesuyyuuy bt adu
duiuAuIInMsia)szinndeya AdondnnmisdunesanniaesuuFuLUIu
= 9/ 1 Y 9/ o ar o o = ) = 9/ u‘:
Fadulidumsiialsziamdeyadiondnmsdnnesannaesuusdunny lidhugaduiv
' 1y =] - e v o a 4
Aoutafvzase lasan Tasensofivzunuiin x 420 o(x) uazimdanmsvel NBsIUA
H 1 ] < = " a aad '
(Kemel) ¥ ludwniuT1d edalsiaunisheeniwi o(x) awnsoisziuiiai l
o " o < v w A w ar = a
fugalduazmnnmes w iuiu luvazivdnmsdnwosannnesuwsdunumilududu
q' 9 =1 4 " oar o P a =1 ar s
aunsonszudilamldalu w Aiduilgmlumdwnesn o uazezhifadymidoinudiy
ar a L3 = " - i v [ n’;’ ' P
wanmsgmwesannmesuusFunuy idudadu weswnluilymmdamiud w awisod

viuiian ludugald [14]



Input Space

Feature space

(n)

B AR e
K(x,2)

H(z)

(v)
U 2.13 (n) msdugampunwn ldeninnes luiangani souidhuFadu @) uaasiams 19

LY

o ¢ & da
HanMIADIIUA FINAD K(x,z)



Primal problem

P

Parametric: estimate w e R™

y(x) = sign[w @(x) +b]

Kernel trick

K(xy,xp) = ‘P(Xk)rép(x:)

Dual problem

Non-parametric: estimate « € R"

y(x)=sign[Y, @y K(x,x,)+E]

D

" 4 v =4 @ o
Ji 214 makszgnannlasainlssamitonnlsdiundnmsdwwesannnes iy [14]
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NidhuFadu [14]

Taog1h 213 Tauaastsdanvaznumenmilumsudilgmvesmsiamialszinndoya
a9 = 4 i < ar 4 P w1 A
wuvi lidluFadu ez Imuguwedlddamuiu TaogUi 2.13 (n) Mumsdugaduwn
w A o aad U = 9/ - = o a 4 & o
darinnes luliafganiwuidluFadu uazz Ui 213 @) naadamaimanmsinesiua ¥
P b Y o A= [ (= o aad v c: - ar
9 K(x2) imnldaslumsivgasunniuadmees luldangandn uennimiugii 2.14 da
= L4 ' oy % o ar 4 4 =t
uamtamalszgnannlassiolszarmiomnlfidundnmsdnnes annmesiaiu
dm3uzUi 2.15 Tuamtamsiislsznndeyasenidugenlszinm Taniwmanmsves
o s e = EUE a g ¥ Y a 4 Yo a
dwwasannaes inrFunuui lidlududunlsy TaeldTsunsumaneuiiames dudduiums
a =1 ] 3/ o ar o o
waz3UM 2.16 uansnansuinlsziamvesteyasenitluasalszion Tanimanmsvesdnnesa

s = e a o @ o s P
l?ﬂlﬂﬂiLlll‘li‘ﬁull‘u‘l]‘ﬂvhJl'ﬁuﬂiﬂﬁuu11“ﬁ5?ﬂﬂﬂﬂﬁﬂﬂ1ilﬂﬂil‘ua LUUDI3 Ulﬂ"ﬁl (RBF)
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yperplane
complex in low dimensions simple in higher dimensions
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wio(x,)+b>=+1, &y, =+

wio(x)+b<-1, &1y, =-1 (2.16)
FaFuaumsi (2.17) 1

o) rbl21 k=L 1)
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yonimind lduaastamsuialsznndoyanuy lidhudadudagili 2.5
. T
y(x) = sign{w’" ¢(x) +b] (2.18)

Tauh n, DanvuzIAEINUNIA 1,
gaituvsudaaumsh (2.19) 1
[ min 7, (0, €)= 2w+ 3
min J (w,&)=—w w+c) &
wbi T PRTTT ,,Z '

such that Vi [quf?(xk) £ b]2 =& k=L., N (2.19)

20, k=1.,N

aumsveaansaa dmsvilamiife

N N
r
L(wb,¢av) xJP(w,é)—Zak(yk [W ka)+b]f1+é‘k)zvk§k (220)

k=1 k=1

AWAINUUDITUNSVOIANIBW @, > 0,v, 20 Taohm k=1,..N uazIsms

» 1 ¥
uAtlyvil szlidnuazmmzaagnivAavey Taoaunsueansel fail

max min L(W,b, {,‘a,v). (2.21)
A4V wh, ¢
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( N
oL
5;=0 —> w=2akykqp(xk)
k=1
N
oL
< —a—b'=0 —> Zakyk =0
_ (2.22)
k=1
O 0> 0<a <ck =L..N
g— —> _ak_c, = dyeeagd Vs
w
Tﬂﬂﬁﬂtyﬂwmﬁnm‘sﬁﬁqﬂanmﬂﬁuuﬁ‘luﬁums‘fi (2.23) Aail
_ o . _
mc;x JD(a) =7 Z ykle(x kxl)akai+zak
ki=1 k=1
N (2.23)
such that Zakyk =@ 0 SakSc,k =1... N
- k=1 _

Tugduuuvesaumsidaaesil Idgnadalasldnanms nesiua daunsh (2.24)

K(x,x,)) = o(x,)" o(x,) (2.24)

dmium k,/=1..,N Flungauds aumsvesmsminlszndoyadio wanns

as o o = ] ) o M
PFANDITAINIADILUTYU ll‘]J'lJ'l‘H rf]qumuﬂa

N
y(x) = sign[ ) a, v, K(x,x,) +b] (2.25)

k=1

' & ' doe a o w
fwi o, Fuduminanismaussann waziflunsudilymininaumsoniideaes
. ' = ar P 3 3 a
(Quadratic Problem : QP) [14] 8t14'l5Ra 1w Sansdnamsiiszma b adoidouluiauysaian

SLUVIAIAT (Karush-Kuhn-Tucker : KKT) iWofivzvinudilaymniu flugaii
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oL N
Fih e 2ay,0k,)
k=1
oL N
a =0—- Zakyk =0
k=1
o 00— 0
T c—a, —v, =
3 6(,'1 ko k
T (2.26)
afy [w o )+b]-1+{ } =0 k =1,..N.
v.&, =0, k=1..N.
a, >0, k=1..,N
L v,z 0, k=1.,N

NN vE =0 i w,b, & ea’ v nlFdmivITnsuntlaymil Tasiian

E 4
=1

£ =0 uaz a, €(0,c) iipannaumsi (227) sl
v [w o(x,)+b]—-1=0 d§ M3V , €(0,c) (2.27)

& @ 1 = A o W a gy v
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- dar d
2.3.4.1 MaaenvearlanFunesiua
as o P o 5 " w '
Handunesiua K () iannsminnlsidiuiiegnarodszinndonu wu
1. wuadu K(x,x,)=x! x
TnaTludi i - 7
2. wuy Iwa luga (Polynomial) K(x,x,) = (7 + x, x)
o c1 2
3. wuwensiiiew (RBF) K (x,x,) = exp(-x —x, ”2)/0'2
o =
4. nuuEwIeaN (MLP) K(x,x,) = tanh(k,x; x +k,)
& v = ar o o = 3 o @ A
Fznanoamanmaninuveanesiua lavazivoans 1l dmsuideoulvves
o o =& AN s o ' o o o VoA
Weswes (Mercer) 3eBatad M o TunsdifmosiuanuuesDiow uazam ¢ Wuuin

v »
Tunwy TwaTudloa ua lilsdmsva &k, Wil diamualunouiduueaid
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2.3.43 aaaua (Sparseness)
Aaa W = o o o o S o ¥
‘i]'mﬂ’]ﬁllﬂﬂ’iyﬂﬂuﬂ'im‘\lﬂi HANNIITFHNDIALINIADILUYTU me“ﬂuwemu
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nwesuuryy uuu ludhudadu aunsoldaumsn 2.28) 1o

SV

y(x) = sign[ ) a, y, K(x,x,) +b] (2.28)

k=1

Tuvazinasuldgminnldnnnim e, #hivhduguigaiullluma

Roau x, veaveyaludiuveamsindu wngUi 2.14 Tassnlszamifonldi e
b .

Al $Snuveamisgeumnus wIuvesdEwnesAnMAes (SV) N lddumnnaumson

o o o =) o o ¥
MAITDIUULDY lunsalveunssiuatvustew %$1ﬂ

. A 2 2
y(x) = szgn[Zakyk cxp(— ||x =~ ||2 /a' )+ b]
= (2.29)

HSV )
= sz'gn[z 26 Vi exp(— ||x o ||2 /r:r2 )+ b]
k=1

Taoi (#SV) Wuinmuvesdnnesanniaes (Sv)

23.4.4 3Unsausvindia
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FINWGTIFWHOIAINADT WD

a % Y o 4 19 Yo oy '
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2345 anuilugdnuuvesianls uazhiidudanls (Parametric and Non-

parametric)
z ar : IS ' = L d'
naassilymmdnuazseniu filasaolszamiivuuaaegazli 2.14 Tao
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alaymmdndesnimindugduuvesiunls  nvaziludymsesfegluuui hidud
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g
234 woitua (Kernel)
° < s yo oA v = Y o cv s s
msthlandunesiua (9], (14] 19w edpamsiivz 19 nanmsawnesannns
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panszny veyaiunuuian hilindugald  dmsunmsuensznindulsniaesss e
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" a ‘o & { [ @ 1 -, @ o . . 3
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seFonmounnlmimaiiin Wnwes Tashazimuald ¢ Wumivg Wnwes Fduganm

u

ey a0 4 ar " ]
Al ldfnees snddediausuy
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g(x)=|x’ (2.30)

xJ

a o Y o s =] ar e ' wao’.: a
wonnniz 1 ndnmsdnnesannmesuuydu Aumdunnuds mauauifauay
x pmazisoudinoanuanees g(x) ao Tasimsunuiiar x @ g(x) Tunn q Nves
aums
s acd o0 3 -~ as o 4 a o
nndaneasuii q uldgndouludnyusvesdumns wsednn (Inner product)

A ' 'Q ar Q” "
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i 4
vanes ¢ 1 inesiua Handudail
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o
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Tunanw 4 msUsrndldnu Sailaddunesiua figminnldaasauazgnuuziinlildie o1f
el (RBF) Fado1n91n 151Aun e Haridu (Radial Basis Function)

TaogUdt 221 SagUit 227 szuamsialsziondn 4 vesilaidunesiua fioguds
wazasorinldanfes JwdazgezuaniilidFumnesiualugduuuvesns 714
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2.3.4.1 BWUVIBUTY (Linear): u'*v
& 1 = ' : v a
Fanngii 2.21 muldhdeyaniasalszianlagnuialugduuuvesuuuss

3 & a o s a ¥ o
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2.3.4.2 Inaluidiva (Polynomial): ( gamma * u'*v + coef 0)" deg ree
L " '
Hadsunesmalugluuuves IndTudlsmfuziuldnngli 222 Taoil
v v U a a “ o ' ~
Joyamarii ldgnuiadsziamdrogui bidhudady  wezuvuBady  Fezdiuimsi
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x2 | Nonlinear separation boundary

LN®S £y linear separation bound-
[] / ary are textured
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UM 2.23 WHandwaesiua uuuIna Tuilva [22]

= dar
2.3.4.3 15iea waa Wanyu (Radial Basis Function : RBF)
exp(—gamma* lu * v|)" P
= fo Aaya o i ¢ o
o tioiuilansuniidion1fduimaunn  Taohlsidunesiuauuuets
o a e e oy o A4 o aad ' > o o q' s
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- as oA ot o o o =)
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o o LY ) ¢ o o d o - o
function) TavazyhAumiloununuilanduerstionluduvesmsinudunls Taoaandues
] - o L ' o A o_ ar ) o o = = : o @
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Ui 224 Haidu inesiuanuuersiiied 910 Yang, 2003 [23] (1) 15tied (1) msiugdae
Handu 01510 [22]
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4 o = 1 S A § 4 i
U7 2.25 inesiuanisiied (n) WuiisuAu (1) Nuinuuiifiinees (22]
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2.4.1 HANMIAYN T FweIanNMEIITT UGS UM nlszanveya

]
=

o Aot ar o a o = [ = n’: a
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] ]

N
min Jp(w,e) =§wTw+y~:~Zei

b _
" k=1 (232)
T
such that ¥y [w go(xk)+b]=]—ek, k=1..,N
dmSudansmin)sziandeyalugesihausmiuunnaunisi (2.33) Al
_ T
y(x) = sign (w o(x)+b (2.33)

Tuvmzi () R ——>R™* Wumsyug idangenihdaiudnuuzunsigu

o

¥
voananmsFnwesanmaesuusFu  dMIuauNsves  Vapnik  [14]  vuszgminn
a =1 & Jda — "y a (5 =)
nasumlasfissasaga Fandemsunuivesaums liwhiuluvuzia 1 egauuniie o
gninssnnnaussslva iesnnidusuthmvng luvasiimanuianain ¢ vum
cs’n cR’ o 3 3 a = o e
whetinadiu Tavezildnmsuonlsziandeayafanaraaunsofivzinn ¥ lunsdinims
9/ @ o Y P a U qv P o ¥ Y @
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o o @ = 4 cgy P =1 "
(Squared loss) vzgminnlFdmsvaunlsvesnnurawaramari  Tashezmiulaiims

= o = o i, et ' H v o ar
nasunlasvesnsaeayatizi idawnsoudiaymuvari ldiheiuedanuldda
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Tunsdivesmsuin)suamdeyanuuiadu annsohszudilynmanldie q ua

o Y aady 1ada Yy o o ¥y o '
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Tasaumsvesanson dmsuilymiine

d T
L( w,b, e,a) = Jp(w,e)— Zak {yk [w (n(xk)+b]—1+ek } (2.34)

k=1

a o s & “ U "
Tuwmznm a, Lﬂumﬂmmm auUM5veIaINIedY Aannsonvzilumuinusem
»
au ﬁuagﬁumﬁmﬂmmmmu (Equality constraint)

Taondeulanm 1l ldnadninane

-

oL o
a:0—>w=2akyk(p(xk)
k=1
oL ud
o 0 —)Zakyk =0
< k=1
oL (2.35)
=0 —a =ye, k=L N
ek
aL T
La_—: 0 —> ¥, |W a(xk)+b 1+ek =0, k=1..,N
o
k

o ¥ I — 7 L T . S
Tavszdmual 27 = o) yissey) vyl v =Dy L =1
e=[e;.zey),  a=[a;.'a,], nasfam w uag e MINAUMIIFUTUVDISTUVIAAN

(KKT) Taomsnia a,b faaunish (2.36) i

o »' b 0

maevii il e (2.36)
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=y v, Kx  x;) kl =1,..N
amunszinnluaedia ldun
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y(x) = sign Z a, ¥, Kxx , )+b (2.38)
k=1
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(2.40)
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Underfitting and Overfitting
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Credit Scoring using Least Squares Support Vector
Machine based on data of Thai Financial Institutions

Usanee Worrachartdatchai, Assoc. Prof. Dr.Pitikhate Sooraksa
Department of Information Engineering, King Mongkut’s Institute of Technology Ladkrabang, Bangkok, Thailand
usanee 1263@hotmail.com, kspitikh@kmitl.co.th

Abstract — The quantitative method known as credit scoring
has been developed for the credit assessment problem. Credit
scoring is essentially an application of classification techniques,
which classify credit customers into different risk groups. The
Financial institutions are being more and more obliged to build
credit scoring models assessing the risk of default of their clients.
Support Vector Machine is a promising new technique that has
recently emanated and become popular for data classification.
Least Squares Support Vector Machines (LS-SVM) are
re-formulations to the standard SYMs. The cost function is a
regularized least squares function with equality constraints. The
solution can be found cfficiently by iterative method like the
conjugate Gradient algorithm. Then in this paper, Least Squares
Support Vector Machine is considered by approaching to the
credit scoring with the data of Thai financial institutions. The
optimum model will be able to divide the group of customers into
four groups: very good, rather good, suspiciously bad and very
bad with high accuracy.

Keywords — credit scoring, support vector machine, least
square support vector machine, multiclass, neural network

1. Introduction

There are many techniques that used for build the credit
scoring model assessing the risk of default of their customers.
The Support vector machine is the one that the most
researchers interested. The support vector machine [1, 2, 3, 4]
is a primarily a classier method that perform classification
tasks by constructing hyperplanes in a multidimensional space
that separates cases of different class labels. While standard
SVM solutions involve solving quadratic or linear
programming problems, the least squares version of SYM’s
corresponds to solving a set of linear equations, due to equality
instead of inequality constraints in the problem formulation.
The Least Square Support Vector Machine (LS-SVM) [S, 6, 7,
8,9, 10, 11] are re-formulations to the standard SVMs. In this
LS-SVM version one finds the solution by solving a linear
system instead of quadratic programming. This is due to the
use of equality instead of inequality constraints in the problem
formulation. The LS-SVM solutions are obtained from
quadratic programming problems possessing a global solution.
The kemnel function [12, 13, 14] is a weighting function used
in nonparametric function estimation. It gives the weights of
the nearby data points in making an estimate. In practice
kemel functions are piecewise continuous, bounded,
symmetric around zero, concave at zero, real valued, and for
convenience often integrate to one. They can be probability
density functions. They often have a bounded domain like
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[-1, 1]. The kemel functions and parameters can be chosen
such that a bound on the VC dimension is minimized. There
are number of kernels that can be used in LS-SVM models.
These include polynomials, splines, radial basis function
(RBF), Sigmod, Linear and multilayer perceptrons.

In this research, we will use the data instances from Thai
financial institutions to be trained with the LS-SVM solution
and provide the optimum model that is able to divide the group
of customer into four groups. The LS-SVM to the multiclass
case [15, 16] that we discuss here is related to classical neural
network approaches [17, 18] for classification where multi
classes are encoded by considering multiple outputs for the
network.

2. Methodology

In order to do classification, we normally involve with the
training and testing data which consist of some data instances.
In the training set, each data instance will contain one "target
value”™ that we called "class labels” and also contain many
"attributes” that we called “features”. But in the testing set, we
will only have the attributes and we will produce an optimum
model which is able to predict the accurate target value.

In this experiment, the class labels will be the groups of Thai
financial institute’s customers (very good, rather good,
suspiciously bad and very bad). The features will be the
criteria that they normally use to classify their customers. Here,
there are given a training set of instance-label pairs

(x..y.) where x;eR", yiefl,-1}'andi=1,..I
ly!

LS-SVM requires the solution of the following optimization
problem (1).

. L 1
min Jg)(wj.bf.ekj)=2 'Zl ""T”‘r' +C 2

N m 2 M
; L Le;
wibi.egi i= )

k=li=1

Subject to the equality constraints,

Y Wl e )+by J=1=ep k=1..N
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In order to achieve this, here training vectors X, are mapped

into a higher dimensional feature space which can be infinite
dimensional by the function ¢. Then LS-SVM finds a linear
separating hyperplane with the maximal margin in this higher
dimensional space. C > 0 is the penalty parameter of the error
terms. Furthermore, (2) is called the kernel function.

Kexiyi)=®(xi)T @ j) @

3. Experiment
A. Data Preparation

LS-SVM requires that each data instance is represented as a
vector of real numbers. Hence, if there are categorical
attributes, we first have to convert them into numeric data. In
this experiment, we used 1000 data instances and split up into
two sets: one used to train and design the system, generating
the model parameters, another one used to test the goodness of
fit of the model. Both data sets have been spited with the three
ratios as show in Table 1.

Table 1. Data set
Data set Training Testing
| 600 200
2 700 200
3 800 200

We will compare model that make from the ratio above and
find out the optimum model that will be able to divide the
group of customers into four groups: very good, rather good,
suspiciously bad and very bad with high accuracy.

B. Training Data

1. Kemnel

In this experiment, we have chosen the RBF because it's
nonlinearly maps samples into a higher dimensional space. As
the number of hyper parameters which influences the
complexity of model selection. The polynomial kernel has
more hyper parameters than the RBF kemel.

Finally, the RBF kemel has less numerical difficulties. One
key point is 0<Kj <l in contrast to polynomial kemnels of

which kemnel values may go to infinity (3) or zero (4) while the
degree is large. Equation (5) is the RBF kernel.

7x,'ij +r>1 3)
y:t,'ij +r<l 4)
Kxi.yi)mexp(=ylixi =x 11 )y>0 5)

2. Cross-validation and Grid-search
While we using RBF kemels, there are two parameters: C
and y which we have to seek the best values for that case and
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we will use it to be model of the classifier, so that classifier cap
accurately predict unknown data (i.c., testing data). Therefore,
some kind of model selection (parameter search) must be
done. .

We have used the cross validation via parallel grid search
that currently support only two parameters are considered: C
and y . Therefore, a common way of cross validation is 1
separate training data to two parts of which one is considered
unknown in training the classifier. Then the prediction
accuracy on this set can be more precisely by using grid-search
reflect to the performance on classifying unknown data.

An improved version of this procedure is cross-validation. In
v-fold cross-validation, we first divide the training set into v
subsets of equal size. Sequentially one subset is tested using
the classifier trained on the remaining v — 1 subsets. Thus,
each instance of the whole training set is predicted once so the
cross-validation accuracy is the percentage of data which are
comrectly classified. The cross-validation procedure can
prevent the over fitting problem.

We have used a “grid-search” on C and using cross-
validation. Basically pairs of (C, y ) are tried and the one with
the best cross-validation accuracy is picked. We found that
trying exponentially growing sequences of C and y is a
practical method to identify the good parameters, for example
(6), (7).

Capixd, ol (6)
o M R : ™

There are two motivations to choose this simple grid-search
approaching to the classifier model. One is that
psychologically we may not feel safe to use methods which
avoid doing an exhaustive parameter search by
approximations or heuristics. The other reason is that the
computaticnal time to find good parameters by grid-search is
not much more than that by advanced methods since there is
only two parameters. Furthermore, the grid-search can be
easily parallelized because each (C, y ) is independent
In fact, there are several advanced methods which can save
computational cost by, for example, approximating the
cross-validation rate. Many of the advanced methods are
iterative processes, ¢.g. walking along a path, which might be
difficult for parallelization.

Since doing a complete grid-search may still be
time-consuming, we recommend using a coarse grid first.
After identifying a “better” region on the grid, a finer grid
search on that region can be conducted. After scaling this set,
we first use a coarse grid as show in Figure 1. and find that the
best (C, 7 ) is (2°, 27) with the cross-validation rate 78.5%.
After that, we used the value of these two parameters from
loose grid search to be a model and process for the
classification and we got the graph of Actual data and
estimation as showed in the Figure 2. And we found that the
result wasn't good enough, then we conduct a finer grid search
on the neighborhood of (2*, 2*) as show in Figure 3. and
obtain a better cross-validation rate 78.9% at (2**, 2°*¥).
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) Figure 1 3 After the best (C,y) is found, the whole training set is
: . ; ot trained again to generate the final classifier. The above
approach works well for problems with thousands or more
data points. For very large data sets, a feasible approach is to
randomly choose a subset of the data set, conduct grid-search
on them, and then do a better-region-only grid-search on the
complete data set.

3. Testing Data & Result

After we have done the training data, we would get the
optimum model that came from the best value of (C,y), so
we will do the same thing as we did training but we will
change the data instance to be the one that we prepared for the
testing only. Then we will get the confusion matrix as show in
Table 2 that represents the number of comect rating
classification by the optimum model, values to the right of the

TR P AN | 2 ; .
l!_:-;x_.‘,.';z,;,:,—';‘.-'-‘.._ﬁ-,.(.,;;.,._..., diagonal imply the number of lower rating by the model

compared to the actual rating, left from the diagonal are higher
classifications by the model. The numbers 1-4 are represented
as 1 = Very good, 2 = Rather good, 3 = suspiciously bad, 4 =

Table 2. Confusion Matrix.

+  Predicted
1 2 3 4
1.000 0 0 0
0 0.9300 0.0200 0.0500
0.0400 o 0.9300 0.0300

0.0200 0.0700 0.0300 0.8800

Since we got the confusion matrix, we will be able to
generate the graph comparison between Actual data and
Predicted data from the best model that we got from the
training data as show in Figure 4. The red labels are the
predicted values that were generated from the model and the
blue labels are the real data.

A s P el o E _»
Figure 2. Graph of Actual data and estimation (from loose grid search
model)

T

Figure 4. Graph comparison between Actual data and Predicted data
from the best model

e 87 TS A2 047
i o) AT e v
Figure 3. Fine grid-search
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4. Evaluation

The main purpose of the underlying rating based system was
to make accurate decisions for each type of rating category.
For the evaluation of the rating models, we used RMSE and
MAPE. As we can see the result that showed in Table 3,
number of data training, 600,700, and 800. MAE and MAPE
as 1.2/1.9%, 1.11/1.7%, 1.05/1.1% respectively. If we have the
number of data in Training set more, the accurate of the result
will be increased.

The Mean Absolute Error:

1 T A
MAE = I E R )]
ro, - 1
The Mean Absolute Percentage Error:
MAPE —Z Y Yiiv100 | 3

t=1 Y

Table 3. The Accuracy Comparison From The Number Of Data In
Training And Testing.

. Number of Number of
Data Set data: data: MAE MAPE
Training Testing
All dasa: 1000 and 600 200 12 1.9%
Number of Attribute : 700 200 L L%
0 800 200 105 Li%

5. Conclusion

The researcher establishes a credit scoring by using least
square support vector machine with the RBF kemel. This
classifier is a computationally simple but powerful nonlinear
classifier to predict financial data in Thailand. It is used to
divide the group of financial institution’s customer in Thailand
into four groups: very good, rather good, suspiciously bad and
very bad. The experiment results show that least square
support vector machine can build the optimum model which
has high classification accuracy rate and strong suitable
ability.
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