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This thesis aimed to study predictive analysis among credit card holders
who could create a non-performing loan using machine learning to set up supervised
learning in the classification character. The learning machine tested credit card loan
transaction data with 1,048,575 rows of transaction lists and 438,557 rows of credit card
customer data selected from Kaggle.com. The process functioned by designing the
model to divide credit card customers into two groups: normal customers and non-
performing loan customers with the aid of machine learning and classification
supervised learning. This machine learning had three algorithms: (1) Logistic
Regression; (2) XGBoost; and (3) CatBoost, to explore the most effective model to
analyze credit card customers. The study depicted that the XGBoost algorithm provided
98% accuracy at 15 Depth with 0.1 degree of learning rate, the Catboost algorithm
provided 97% accuracy with 7 Depth and 0.1 degree of learning rate, and the logistic
regression algorithm provided 62% of accuracy. The output from the confusion matrix
table pointed that the XGBoost algorithm and CatBoost algorithm maintained the most

effective outcome in close proximity.
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Residual Erros Residual Erros
o i f
 Threshold value \_ Threshold value
Yy N y N
- ‘p-u-\ ST 4..“‘ N
Threshold value I ‘th 1 =
Y/ W Leaf3 Y N Leaf 3
D - S, - S ~
" s L] " |} %
Leaf1 Leaf2 Leaf 1 Leaf 2'

nwilsznel 4 uandunaudsaasuls XGBoost
fnn (Ilorahem Ahmed Osman, Najah Ahmed, Chow, Feng Huang, & El-Shafie, 2021)
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3. NoENgnunIsInlssAanEnInLLLAIaaInIsaLunlssLan

NerLNUNNIIALsEAYEANULLIA A0 A unATiAfeldSpLls AN A mILLS a8
Tnadagniesinge fefiazinguetlssAnBnimuuusaaidy Confusion Matrix , Accuracy |
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Confusion Matrix Aam13195A1IAN TN NWUR4 mﬁ?ﬁf;luimmm%\‘l (Machine Learning)
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~
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e ULFAAZANRZIALNATAIN1IN1UN A1 T AU AL E A NTURIN1IN 1 UNITS
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Receiver Operating Characteristic Curve (ROC)
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2. False Positive Rate (FPR) ALBN31LULA8a9n w18 laq1Eiaase iudnsndqu
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Area Under the ROC Curve (AUC)
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0.0 0.2 0.4 0.6 0.8 1.0
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nisznay 6 LaAININ ROC way AUC

U1 (Melo, 2013)
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Local Interpretable Model-agnostic Explanations (LIME)
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N1 (Solanki, 2020)
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4. MAANTALTAYAT bUANAALLL Synthetic Minority Oversampling Technique
(SMOTE)
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U (Le, Vo, Vo, Lee, & Baik, 2019)
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Minority class | Example case with k =4

X1

X14

Synthesized
data

X1 r1=X1+ gap * diff

X13 X12

AwUsznau 9 WAAININ Synthetic Minority Over-Sampling Technique
117 © (SATPATHY, 2020)

5. TUIEBNILNEUDY
1. UNAITNI|E L5 a9 Predictive Analytics for Default of Credit Card Clients
(Bacova & Babic , 2021)
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2. UNA2IINIYL5a9 The Application of Machine Learning Algorithms Credit

Card Default Prediction (Yue Yu , 2020)
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puaunatestaya uaz fayaiivininliuauaunaresiayadanmeiia Weighted Model
AMNHANINAABLIAL T2 ANTNINULLANAaAER B NauLazALSIANANA ARt YA
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3. UNAINIRYLFAY Loan Repayment Behavior Prediction of Provident Fund
Users Using a Stacking-Based Model (Liling Ke uwazu , 2021)
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4. UNAMNINELFDY Machine Learning Models for Mortgage Default Prediction
in Pakistan (2021 , Kamran Meer)
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5. UNAATNIYLFAY Predictive Analytics for Loan Default in Banking Sector
Using Machine Learning Techniques (2018 , Salma Khaled Shaheen & Essam
ElFakharany)
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6. UNAITNIQALTD I Loan Default Prediction with Machine Learning
Techniques (2020 , LiLi Lai)
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7 . UNA2INIRELTAY Prediction of the Borrowers' Payback to the Loan with
Lending Club Data (2020 , Xiaogi Sun)
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AAINTTNAMANENUE (Feature Engineering)

MM 4 uanIdayaa1uIuLnd NAME_INCOME_TYPE

NAME_INCOME_TYPE

Rows
Working 18,819
Commercial associate 8,490
Pensioner 6,152
State servant 2,985

Student (N

AINANTIN 4 UARIANUINTBLALNI289A1319 NAME_INCOME_TYPE uazldvinn9dn

na el lunisimuuiaaastnain1s9ANgNAIR1TN 5

AT 5 UAANAITINNII9ANGN NAME_INCOME_TYPE

NAME_INCOME_TYPE New NAME_INCOME_TYPE

Working

Working
Commercial associate Working
Pensioner Pensioner
State servant Working
Student Student

s INAnnguirtufatazlduadans Aen1919 6 Inedinsziidangu Commercial

associate WAy State servant 111 Working insnzilszinvselanadniunguinaaiy
Working
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1379 6 uanedayanawiInIIaANgN NAME_INCOME_TYPE

NAME_INCOME_TYPE Rows

Working 30,294

Pensioner 6,152
Student 11

AINA139 6 Uanstayanaaiin1sdangu 1l NAME_INCOME_TYPE ialdlunis
WAWUULANADY

AN 7 uAAITayAI1UIULAY NAME_EDUCATION_TYPE

NAME_EDUCATION_TYPE Rows
Secondary / secondary special 24,777
Higher education 9,864
Incomplete higher 1,410
Lower secondary 374
Academic degree 32

AINANIN 7 UAAIAIUINTELAUNT89A1979 NAME_INCOME_TYPE uazlfvinnisdn
| ] dl [ o al o 1 [
nan et lunsimuiiuuaaeslnain1sdAnguAIAT N 8

A179 8 LL@@\W\’]?’]\?ﬂW?’ﬁ/ﬂﬂ@:N NAME_EDUCATION_TYPE

NAME_EDUCATION_TYPE New NAME_EDUCATION_TYPE
Secondary / secondary special Secondary / secondary special
Higher education Higher education
Incomplete higher Secondary / secondary special

Lower secondary Basic
Academic degree Higher education

wasanannguFaufanas lfuaansaenne 9 IneRiaszianngs Incomplete higher

waz Lower secondary Tiilu Basic nselszaLnIsAnEN Ad e ARariv
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1379 9 UARNTEYANUIUNAWINNITAANGN NAME_EDUCATION_TYPE

NAME_EDUCATION_TYPE Rows
Secondary / secondary special 26,187
Higher education 9,896

Basic 374

AINA199 9 uaAsdayanasian edaangu il NAME_EDUCATION_TYPE e ldlu
MEWALIRLLANADN

M3 10 waATRyAI1UIULAY NAME_FAMILY_STATUS

NAME_FAMILY_STATUS Rows
Married 25,048

Single / not married 4,829
Civil marriage 2,945
Separated 2,103

Widow 1,632

AINANTI 10 WAAIANUIUTBLALNIT8IR191 NAME_INCOME_TYPE uazl#vinn13dn
| ] dl [ o al o 1 [
nan el lunsimuiiuuaaeslnain1sdANgNATANT N 11

AT 11 LL@ﬂﬂﬁlqﬁ‘qﬂﬂ’]ﬁ“ﬁ/ﬁﬂ@:N NAME_FAMILY_STATUS

NAME_FAMILY_STATUS New NAME_FAMILY_STATUS
Married Married
Single / not married Single / not married
Civil marriage Married
Separated Separated
Widow Widow

o [ % 1 = v ¥ [ o o a 61 1 .
IZGNENIAR mﬂqmmﬁm@mﬂm HARNTANANTIN 12 IE”IEQLV’W?’]%WQ’WQN Married

waz Civil marriage 4 {Iu Married iInsnziTaULaNaUANIA LAY
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1399 12 4AAITRLAIUIUNAIIINIIIANGN NAME_FAMILY_STATUS

NAME_FAMILY_STATUS Rows
Married 27,993

Single / not married 4,829
Separated 2,103

Widow 1,632

AINANIN 12 uARsTayauaIvinn1saangu e NAME_FAMILY_STATUS ialdlunng
WINUNULLRNADY

M99 13 LL@@Q%@H@“’%’]MQMLLGQ NAME_HOUSING_TYPE

NAME_HOUSING_TYPE Rows
House / apartment 32,548
With parents 1,776
Municipal apartment 1,128
Rented apartment 575
Office apartment 262
Co-op apartment 1168

AMNA139 13 LL@mﬁmm%wummmmmq NAME_HOUSING_TYPE uazldvinnng

gl ld lunsimuiuuudnaeslnain1sannguaAInigmg 14
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AT 14 LAAIRNI9N13aANgN NAME_HOUSING_TYPE

NAME_HOUSING_TYPE New NAME_HOUSING_TYPE
House / apartment Rented apartment
With parents With parents
Municipal apartment Municipal apartment
Rented apartment Rented apartment
Office apartment Municipal apartment
Co-op apartment Rented apartment

o o 1 = v ¥ o & o a 1 1
M@d@ﬁﬂ@ﬁﬂQNL?EU?@ﬂﬁziﬁN@@Wﬁ@\‘lﬁl’)?’]\‘i 15I®H’JLV’1‘3"1$M’J’mQN House /
apartment Lkay Co-op apartment il Rented apartment

M19 15 UAPNTDYARNUIUNRININIAANGN NAME_HOUSING_TYPE

NAME_HOUSING_TYPE Rows
Rented apartment 33,291

With parents 1,776
Municipal or Office apartment 1,390

A1NAN3N 15 wansdayandwinnisdangulned NAME_HOUSING_TYPE ialdlunng

NAULLLANAD
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OCCUPATION_TYPE Rows
Not Available 11,323
Laborers 6,211
Core staff 3,591
Sales staff 3,485
Managers 3,012
Drivers 2,138
High skill tech staff 1,383
Accountants 1,241
Medicine staff 1,207
Cooking staff 655
Security staff 592
Cleaning staff 551
Private service staff 344
Low-skill Laborers 175
Waiters/barmen staff 174
Secretaries 151
HR staff 85
Realty agents 79
IT staff 60

AINATTIN 16 LAAIITUIULBYAUDITBIAITIT OCCUPATION_TYPE uazliinniedn

nau el lunsimunuiuanasslnain1sdanguAsesN 17



47

AT 17 LAAIANTIIN139ANGN OCCUPATION_TYPE

OCCUPATION_TYPE New OCCUPATION_TYPE
Not Available Group 3
Laborers Group 3
Core staff Group 2
Sales staff Group 3
Managers Group 1
Drivers Group 1
High skill tech staff Group 2
Accountants Group 1
Medicine staff Group 4
Cooking staff Group 4
Security staff Group 3
Cleaning staff Group 4
Private service staff Group 2
Low-skill Laborers Group 4
Waiters/barmen staff Group 4
Secretaries Group 3
HR staff Group 2
Realty agents Group 1
IT staff Group 2

o

Trednngumunelgfuieu TneflneanBensed
Group 1 : ngNEHelFgs
Group 2 : NguENs e 1A
Group 3 : nguENselsne 1
Group 4 : ngugfiane &

- o oA | ' o , L e Y =
"Jmq‘d?gﬁﬂ\iﬂmﬂﬂﬂqﬁq@ﬂ@‘llLW@Iﬂuﬂ’]?LLUQﬂ@]NW’JWNL@H\? b ﬂ@ﬂ%ﬂ?qﬁli@@]\?ﬂﬂqqﬂ

A Ao A | e v o o a A
LAENNIFN U198 ﬂ@mam?qﬂimquﬁQqNL@ﬂ\iW@ﬂ



1399 18 UaAIRYAIIUIUNAININIIIANGN OCCUPATION_TYPE
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OCCUPATION_TYPE Rows
Group 1 6,470
Group 2 5,463
Group 3 21,762
Group 4 2,762

AMNAN9N 18 wansdayanasinnisanngulud OCCUPATION_TYPE wialdlunis

NALLLLANA8
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4, nﬁiLm?ﬂufﬂga (Data Preprocessing)
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AAN19LAINAY (Correlation Data) AalAInINIIAnHLaas

nezuqunisiiaanldmae StandardScaler unislfurndayasaaaing
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Xi—H
x_scaled; = (8)
o
Toeid

x_scaled; Padaya X lugadayadmiuFauifan
[ lunistiurnresdeys
a4 9 > o o A  yao A x

X; PRTRYA X TATDYAAMTLITUIFLN
dl o 1 o Y
néliiunsliudeya
A ' A ¥ o o = ¥

U ABALAALITATRLAGINILNTITEIUS
4 = 3

o ARdIULIENILIUNIATNFIUIDTA TayA

o o = 14
ATNTUNTLTEIUF

4.2 mswnimdayanlisuna
o v £ v 1Y £ dal a ¥ dl 1
annisdnsadeyatiesiunudideyaanualugadeyail adoymidasyanld

al o
%

ANAAYTE Imbalanced Data MN18AININANUINADUEgNUBRA WUl AU Tetloynnil
anadenansznuselsvanininlunisBeufreauuuanaeld nanAsuLLANaBIRIAYINWNY
TnaldnasansnisinunegnuilludinadeBesangadeyanguuin aaaanisdansziideya

aziinAanuIudayareanguias ANy
ey

A8n1sduAszidanalfin (Synthetic Minority Oversampling : SMOTE) 10
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Xi fa dayanigniaenuuuduainngudasaities
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NINNA 57,548 W02 tInaNn1naAaeInINLLLAae9ndenldAe Logistic Regression,
Extreme Gradient Boosting (XGBoost), CatBoost ANAIAUTINALNNTUFLqUNIsHInes
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allwl| (11)
Taeii
a ARANATTAVIUATUN TR Al
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[lw]| Aawall L1 Regularization
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@en ki launefawiniuaanngig 19 81984 (Zeyang Dou, 2019)
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\HarinsUfuqunisdimesasuis 3 Aouda tananisUiuqueanunfaieg
20

A5 20 LAAINIIRLAR lAaNNn3 L GridSearchCV 2eduuLaa8d Logistic

Regression
N1FINADS Parameter Tuning Best Parameter
Penalty L1,L2 L1
C 100, 10, 1.0, 0.1, 0.01 1.0

Solver Liblinear, Lbfgs Liblinear
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A MFULULS1a89 Extreme Gradient Boosting 1#vNn1sufuqunisniines

v
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1. max_depth mfamimuummmmummmuisﬂummmu%

2. Criterion A® zgmmﬂumﬁm@mmwmmﬂ’mmqwﬁﬁﬁu (Partition) 184
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. A 1 o % o dl o
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1 981
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WaNINITUFUUNITIRA 2 FNIUNAAIUTULLLA1A89 XGBoost nlFlana
ARNNIAIANTIS 21

AN99 21 WARAINIIHLAa laa1nn13ld GridSearchCV aadliLilanaad XGBoost

NFINARS Parameter Tuning Best Parameter
max_depth [5, 10, 15] 15
leaning_rate [0.001, 0.01, 0.1] 0.1

Criterion [Entropy, Gini] Gini
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