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Analysis of credit card debt default risk analysis by using machine learning algorithm

Kruewan Netphana®’, Sirisup Laohakiat?

Abstract

This research aims to study the prediction of debtors who are likely to default on their payments to
the bank, using a dataset of credit card transactions. The dataset consists of 307,511 rows and 122 columns,
sourced from a public data site. The data is divided into two main groups, normal debtors who comply with
their payments, and abnormal debtors who default on their payments. The primary tool used by the researchers
is Machine Learning Algorithms, such as Logistic Regression, XGBoostClassifier, K-nearest Neighbors, Random
Forest, Support Vector Classifier (SVC), and Gradient Boosting. Machine Learning is a tool used to develop
models, with the help of supervised learning, which involves classification. The researchers used a training set
to develop the model and a testing set to evaluate the model's performance. However, they found that the
data was significantly imbalanced, which affected the model's accuracy, causing the model's precision, recall
and F1-Score values to be low. To overcome this problem, they employed techniques such as Oversampling,

under sampling, and Synthetic Minority Oversampling Technique (SMOTE), to improve the model's performance.

The study found that developing a model using XGBoostClassifier technique provides the highest value
of Recall, which is equal to 0.97. However, the Accuracy value is only 0.37 and the F1-Score is 0.51, which is
used to measure the effectiveness of the model. On the other hand, K-Nearest Neighbors (KNN) technique
provides the lowest value of Recall, which is 0.57. But the Accuracy value is 0.55 and the F1-Score is 0.46, which

are the lowest values.
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anudnuauziazihlUlflumstauuuudaes
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ANSNAUILUUINERY (Model)

Collect Data

Split Data

Train Data

Test Data

L

Preprocessing

|
Robust Target Ordinal
Scaler Encoder Encoder

—_—
SMOTE I
—

. 4

Cross Validation

AMUIENBY 4 NTZUIUNITYDINITHMYIMYUTIADY

aduIeienszUINNIITeINTRRUIMUUTIaeY Inednmaifiufeyaainunasioyaassae uainisdsiateya
W gAsatiAvestoya ginnuvesdoyafigniivegluudazaedul wasgermdiniudseninsoyafigniivegluusaz
Aosul udwihnsuusteyasaniu Train 80% uaz Test 20% wariin1sn3eudeoya (Preprocessing) Inadin1swuas
Yoyalvioglu 3 5UlUU Aa Robust Scaler Target Encoder waz Ordinal Encoder waninluusuauliaunavestaya
PEATAGINY L1 SMOTE wé’wnﬂﬁ?uﬁ’lﬁﬁa;ﬂa Train 7l§lUvhnIs Fit iieiamnuuusiaes lngvinsnsiaaeuiudeya
Train Tunnqau Taennsvh Cross validation LieuuuzsUseansamuasuusaedliiinimgndausiugiung iy
Wﬁﬂﬂﬂﬂ&uﬁ’]ﬁamﬂaﬁLLU'JLLEJﬂbL”ﬂuﬁ’Ju%EN Test VLUvT’lmﬁmaauﬁ’ULLUUﬁwaaqﬁqna§1qéﬁu lagvi1n1s Predict fuwuudnaes

kAt HadnsNlauvnsUsEliuyUsEans A meswuUinaad (Evaluation model)
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MINAUILUUT A0S Usznaumetunaunans sneluil

ANSUUY training data uae test data (Data splitting) Ingazdinsuusyadeyaseandu 2 dn laun yadeyadildlu
N5 (Train Data) Wveldlunisimuinuudnass wasyatayantdlunismaasu (Test Data) titoldlunns
neapuLUUTIaes Ingazuisdoyanendu 2 di daednsidiuaz 70 : 30 Jsazlddoyawiniu 23,482 : 10,064

n15911 Column Transformer Usgnaulusie Robust Scaler Target Encoder wag Ordinal Encoder

m’a‘tJ%”umthanqasumsqﬂsﬁaga (Imbalance Data) Aeinaiia Oversampling, Under sampling iLa¢ Synthetic

Minority Oversampling Technique (SMOTE)

AMIWAUILUUSIae Jn15ld Cross Validation #aiumaiiafildlun1sunan Hyperparameter snenisassld
Wisdlimesiladnisimualy msdiwesudazfmazgniwnldlunisiauinuuinass uasuseiliuussansam

vsemmATLkiugwadazLuUTIaes wuudtaetruiiliaianuuiuggegaaziodndngn lnemsldinaliai

'
P

138091 “GridSearchCV” witethanl4lunis Tunning Hyperparameter Litevin Hyperparameter ifvian Litotnly
Wawlunuudaesiifiign

o @

FeluanAdell danesfiunazgninanldlumsimuiuwuuiiass loun
4.1 Logistic Regression

WATANISIATIEINITaR00s W ldlunIsWalLILuUINae Fudumalanisimsieisuysiioussuuan

wsevhugmgnsalfaulaiasfawvgnisalgnmilinidndiseiunisuins vieliiamanmsalgnuiliada

F3EAUNBUIANT

4.2 XGBoostClassifier

v

wadaduliidnaulanaiegdunigiefilunisdnauls uheslunsiuederlildnadnsinodu Ja
mMsvhauesuuuIass XGBoost Aemsasisiuliiiadulavaneqsiu Tneidulsiiindulauiasduazgnaiis
Jun191nn15USuUTsUsEANSAmesuuUsiaesfignadatutounti udivswenemufluaaufianatn
(error) vouuuTaesiignastatudounth Wuuuassfignainatulunfadaglu farmgniessiugilunis

Munganduiey o WelimsFeuivesiuldinduladeilesiuauinnudnuinne wwuiiaeaenganis
Seudidelelindermanuiianarnandulddadulateuniliseuiuds

4.3 K-nearest Neighbors
wallaieuduneglndduunniiga lnedsn1sinnuvesnaliaiieuiiuieglnaduuiniian fAen1sAum
weuduieglnaduunniian udwlinguieyauwazyinisinsseeinssenitdeyanaesmsvitueiudeyai
aglndiAsadudnnu K i den K Aeafiuuudaestiunldlunmsfinnsan desmsgiteutuiieglnddu

WINNFATIUIUAIATRUA WA INAENTANTINBVRINTVIIUIEY AU WATHEYNAINLAINNTIU BN INAANS

Inan1391 Majority vote wiansldidssinunn Feuazdumneugaensonadwsnlaanmsviung

4.4 Random Forest
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wadaduliifadulavarsgduuitieiulunisdedula widredulunmsiuneieilildnadwsnagsdu 3
M3YNUVBILUUTIEDY Random Forest Aonsasnsaulddndulavategiu lnefduldindulaunasdu oz

Qﬂﬁ%”méﬁummﬂ 2735 fw M Bagging ez random feature projection
Support Vector Classifier (SVQO)

wiatla Support Vector Machine (SVC) afuwmafiafifianudangunazyinnulds lnsanizegdaie
Jayaiiaududou waviveyanate Feature Inen13vUee Support Vector Machine (SVC) fianis
WM LEuLUIsEnIAanaingg Tudeya Iiiduuusiladianuninniian waseedlviiveyauisyneg

sernadund weldliduiuieuinnauiull Tgsfuneemnszuenteyavens 2 aanaeanainiu
Gradient Boosting

weadadulddndulanarggaunitieiulunisdngula uidreiulunisvituneiieilrlanaansnagwu g
N1591191uv8LUUT1a0¢ Gradient Boosting Aatnatianisiseuiveunieledmiunisundym lngagld
wadansiiunsssaudulddndulandanuudiugdi Weadradudulddnauladulugd Tneduld

Anauladulvaggnadrsiuaindeiianaia (error) :nnsAInesuliidadulanaunth

N15UsZUUSEENS N TWUBILUUDNa8Y (Evaluate)

A15TAUSEANSAINYBINITHAIUILUUTIADY b UTE RUUSEANTAINVBINISHAUILUUIIADY LA8nThY

PINVOUANA

Confusion matrix Ima@ﬁﬁﬁ Accuracy , Precision, Recall wag F1-Score 39 Confusion matrix 3z idnwaztduni1s19

29M15370uUnd 2 Yseian Ae Mggn (Positive) waz M1eiia (Negative) IneisiazaulafiAn F1-Score ¥4

Positive class Wunan wilasa1nlidusirinaiuaIunsavewuudiass 1nafin1s19 Confusion Matrix 3gdanwazn1y

#1519 1 Confusion Matrix

AA5 (Actual)

ANNNINUNEY | True positive (TP) False positive (FP)

(Predict) False negative (FN) True negative (TN)

v
N o

ngy iefimsvihune 2 Yssunn wadwsveansvinneniuaidululy aslvisnun 4 fn dasieludl

True positive (TP) fia Msvimunggnuiliidlenalunisiatdndise gn

True negative (TN) fis M3vihuegnuiiunaiililadinisiiningise gn
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3. False positive (FP) fie Msvhuganuiltdilenalunisiintingisy Ha
4. False negative (FN) fio nsvinnegnmilundnlulasinnsiinidngise fn

FeanunsauANat inAnuuUsEanSanla seselull

1. Al (Recall) Ao Ararugniesvasnisvinegnuiififlonidlunisintndiszinads ieuiy
$nuadsweangnisal sensviuisuazmaintuads Tduads
gnslunisduie Ae TP / (TP+FN)

2. AIMILYNABY (Accuracy) Ap ANANNABILAYANLLINE1VBIUUTIADS

gnslunisAuans Ao (TP+TN) / (TP+FP+TN+FN)

o '

3. A1MNLLINET (Precision) fip mslUSsufisumsihunegnuisndlenalunisiadadisenase udn

Winuass (TP) Wisufiumsviunegnuiindlenialunisindainsginase undsifintulaiats (FP)
gnslunisduns Ao TP / (TP+FP)
4. F1-Score f® ANLRABTEWINAT precision kag recall ielglun1sinAuaILITa vl uUIIaDs

qmﬂumiﬁﬂmm Ao 2 x (Precision x Recall) / (Precision + Recall)

NANT5I8LaZaNUTIUNANTTINY

v
=1

mM3Hell Wumddelunmsfinenisiauisuudtaesieldlunisiunegnuiindlenidlunisiatdndiseiunig

YA o

5u1A1s lagendemsiseuivenasesdleiivislunisdndula Iuldduiunsidelaemsfnyinuvuiuniswasiunou

Y

#1199 unseTsUsuliulseansnmussiuuitaesieldlunmsvinnggnuiindlemalunisindndiseiumesuns

N15%1 Error Analysis 31A5129%ATURANAIAYINISHAILILUUIIADY

1 1

MnuaansrINITImUILUUTIaes lnemsldisnisnaiadanesiiuaieg wwdiuldiaudnvusaesdoyas

q

[

(Feature) sinaq Tinaidnunizvestoyailsiifismelunisutsusnanuunnisseninsuiazaanals Jervesnudnuas
Foyamaduliduiudtudeyamuuaidmne (Target class) wasArvosnmdnvasdoyamardulsiunndrstuinniin
5¥WIne Positive class LAz Negative class FsAvasnndnvazdoyaliamisonsaduanuuandiesening Positive
class uaz Negative class 1# vilAraudnvnzvestoyamariuliaunsoldlunisiuonadnslfogsiissavsam

1AagyinNTIATIEA Error Analysis M3eUoRANAINTOINITHAUILUUTIEDY lnensldmaila T-distributed Stochastic

Neighbor Embedding (t-SNE) Fa.lumaliafilddmiuuaninadeyalioglusunuvaesifnioa s lnediingusva

MSDS CS SWU @2023 62



2023 3™ Proceeding of the Data Science Conference

a

A 3 v a ¢ q a o
ietaelisnilanasasgidoyaiiffige ilvogluguuuuvesdifn ‘vlﬂ‘vu,wfm“lasuaualmmﬂwuu Taensld

U

LVlﬂUﬂu%“EU'JEJIﬂL‘JWL‘IﬂUﬂ?W'ﬁ’JN‘UEN‘UE]@JﬁI@\‘l’]EJiﬂﬂEN‘U‘H wagdluse %wsmwslumﬁmiwﬁsﬁama ﬁ‘lﬂﬂll’lﬂ&l\‘l‘ﬂu

® Positive ) ® Positive
@ Negative 1 @ Negative

—T00 -75 -0 25 0 5 50 75100 100 —75 50  —3% o x5 e 5 100
AMMUsEnay 5 nmaeslneInnIsviIgna a8 st maIgsewanN Positive class tay Negative class

Tunmuszneu 5 Lﬁav‘hmmﬁmwaﬁumﬁﬁauaﬁumLi’flﬁ@ﬂ“l,uiﬂt.t,uwaaamﬁﬁ suiiuldideyavenst luiladnng
ﬂismaﬁwaﬁa;&aﬁﬁ Foyasuusimaneves Positive class Us UuaaﬂwauamuﬂﬂﬂwmwL1Ju Negative class
vilislaanunsautiauen Positive class uay Negative class sananiuldognsdniau aisnideyamadunlily
mMswRuMUUSIaes hlfuuudaedilasdiussansnmiilices warldismedenisiiluldlunisswunudazaaa

ppnINNULA

80 4

‘ e False Negative
60 10{ = Tue Negative
40
20

8

40 . ’ : b)) i ‘ .
601 ' ® False Positive

—80 @ Tue Positive -15

-100 -75 -50 -25 0 25 S0 75 100 —40 20 0 20 a0 &0

2IMUsenay 6 N aeediaInnIswIgeaIaanusithvangsewan FP, TP, FN uae TN

lunmysenau 6 Mndeyaiisnhuildlunisiiaseiieimuiiuudiass wanihuwvuiaedls Wldluns
Ve FannuadnsilaaziulainAilaainnsitute Positive Class asiiulsinpanaiidu True Positive way False

Positive aglusuviufeaiu Ygduiuey liamnsaudauenaanavieuenainuuandseanainiuldes ey uageni
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Igannsvinung Negative Class aziiuldinaaiaiidu True Negative waw False Negative agllusiuviaiieniu Jsiu

fuay Tala1uN5aL U NARNANS DLENANULANANDBN N ULS DL 1 TALI UL LRI U

#3UNan133e

A15.USUTBUNAYDINISHAIUILUUINGDS

Tun151USyuLiisumn Accuracy, Precision, Recall Wag F1-Score S¥13140LUUT1a849 Logistic Regression,
XGBoostClassifier, K-nearest Neighbors, Random Forest , Support Vector Classifier (SVC), Gradient Boosting zlaan

9 -
PNAITINN 2

A15199 2 WanIUIEANEAIMVDINITHAUILUUTIADY Inenislagsdanaiiiu Logistic Regression, XGBoostClassifier, K-

nearest Neighbors, Random Forest , Support Vector Classifier (SVQ), Gradient Boosting

Matrix Logistic XGBoost K-Nearest Neighbor | Random Forest Support Gradient
Regression Vector Boosting
Machine
Accuracy 0.58 0.40 0.55 0.67 0.36 0.68
Precision 0.42 0.35 0.39 0.54 0.34 0.56
Recall 0.63 0.95 0.56 0.25 0.98 0.27
F1-Score 0.50 0.52 0.46 0.34 0.51 0.36
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Logistic Regression

XGBoost and Re-weight K-Mearest Neighbor

Tue label
Tue label

Tue label

o 1 o 1 o 1
Predicted label

Predicted label

Predicted label

Random Forest

Support Vector Machine

Gradient Boosting

Tue label
Tue label
Tue label

o 1 o 1
Predicted label Predicted label Predicted label

nmYsEnau 7 Confusion Matrix Y9 siamuuTIaee lnegnisldeaneasii Logistic Regression,

XGBoostClassifier, K-nearest Neighbors, Random Forest , Support Vector Classifier (SVC), Gradient Boosting

mﬂmamiﬁﬂmmiﬁ’wmLLuua"waaqLﬁdﬁ’ﬂumiﬁwm8qﬂwﬁﬁﬁiama‘Lumsﬁmﬁmﬁﬁzﬁumﬂﬁmms Tnensld
wiadasng 9 WellFeuiflsulsgansanannsiauiuuusiaesremalsndane3fiu aenuinnaiaisnisusuaall
aunavesteyafieiBns Under sampling Wlevsnldlunisufumnslsiannavesnisiamuuudiassagsilsinnsiamn
wuuSaesfildfiuszansnmiiafige uazaziiuldinmsiauiuuudaedasnisliinaiais XGBoost lreailafiunn
fign Bedleivintu 0.97 FAnugnaeasiniu 0.37 wazdld F1-Score Allunsinauannsavesnuusasavinty

0.51 winAllAds K-Nearest Neighbors (KNN) TiFnaaulaiidesiian defidwiniu 0.57 Srmnugndesviniu 0.55 uax

A1 F1-Score M lun1sInANua1unsavewuUIIaasnnu 0.46 Yellaviteafian

q
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