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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 payments, and abnormal debtors who default on payments. The
primary tool used by the researchers were 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 supervised
learning, involving classification. The researchers used a training set to develop the model and a
testing set to evaluate the performance of the model. However, they found that the data was
significantly imbalanced, which affected the accuracy of the model, causing the precision of the
model, 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 model performance. The study found that developing a model using Gradient
Boosting technique provides the highest value of recall, equal to 0.65. However, the accuracy value
was only 0.62 and the F1-Score is 0.54, which was used to measure the effectiveness of the model.
On the other hand, K-Nearest Neighbors (KNN) technique provided the lowest value of recall, which
was 0.58, which had an Accuracy value is 0.55 and the F1-Score is 0.47, which were the lowest

values.
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Credit card fraud detection using Naive Bayes model based and KNN classifier

2.2.2 Naive Bayes
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A Comparative Analysis of Various Credit Card Fraud Detection Techniques

2.2.4 Logistic Regression
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2.2.5 XGBoost
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Data columns (total 24 columns):

#

=R R = R R T e
|

WO R R R R ORI R R R R R R 2 e
[ S o T e R o TN T R Y S W I T S N T ' T I T R S

23

Column

NAME_CONTRACT_TYPE
CODE_GENDER

FLAG_OWM_CAR
FLAG_OWM_REALTY
AMT_INCOME_TOTAL
AMT_CREDIT

AMT_ANNUITY
NAME_TYPE_SUITE
NAME_INCOME_TYPE
NAME_EDUCATION_TYPE
NAME_FAMILY_STATUS
NAME_HOUSING_TYPE
DAYS_BIRTH

DAYS_EMPLOYED
DAYS_REGISTRATION
DAYS_ID_PUELISH
FLAG_WORK_PHOME
FLAG_PHONE
OCCUPATION_TYPE

CNT_FAM MEMBERS
REGION_RATING_CLIENT
REG_CITY_NOT_LIVE CITY
REG_CITY_NOT_WORK_CITY
LIVE_CITY_NOT_WORK_CITY
ORGANIZATION_TYPE
0BS_68_CNT_SOCIAL_CIRCLE
DEF_68_CNT_SOCIAL_CIRCLE
DAYS_LAST_PHONE_CHANGE
AMT_REQ_CREDIT_BUREAU_HOUR
AMT_REQ_CREDIT_BUREAU_DAY
AMT_REQ_CREDIT_BUREAU WEEK
AMT_REQ_CREDIT_BUREAU_MOM
AMT_REQ_CREDIT_BUREAU_QRT
AMT_REQ_CREDIT_BUREAL_YEAR

Mon-Null Count

36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234
36234

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

dtypes: floated(3), inte4(15), object(ls)

A wisznay 23 AedanNIianNaNTN U1l un WL LU LR A8

v 1

floated
floated
floated
object
object
object
object
object
inte4
inte4
inte4
inte4
object
object
object
inte4
inte4
object
object
object
object
inte4
inte4
inte4
inte4
inte4
inted
inte4
inte4
inte4
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3.4 NMTWAIUILLLANADY

Collect Data

Split Data

Test Data

/ Preprocessing

Robust Target
Scaler Encoder

SMOTE, Under Sampling,
Oversampling

|
=7

End

Cross Validation

NINLTENAL 24 NILLIUNITTANNITWENUILLLIANAD

AFUNETNNITUIUNNIVBINTIRNIMBIMLLAA04 Inednisfiudayaainunasdasys

b

A19190UT wATTINNIdIateya W gAMNATRTeTayA AauILtestayangniiuetlu

u a a

< 1

wiazAaany LazgANduiusseudstayangniiued luwsazaaand waainnITuLie

a u u

v

dayananidu Train 80% uaz Test 20% wazinn1swsandaya (Preprocessing) IaeinIg

¥

wilasdayaliaglu 3 gluuy As Robust Scaler, Target Encoder wa Ordinal Encoder
wdnunldlfuanliannaresdeyasaaimaiinsie @i SMOTE, Under Sampling waz

Oversampling Masanniiuindaya Train N1#1vN1g Fit iNeRBwILLLAa09 Taaivinnig

|
A

n3vagaunudaya Train uyn-dau Inannsvin Cross validation a5l gerlss@ngnn

1
al 1

293uuLANaes R ANNNAeudugININEsTs nasaniuindeyan gnutisuan i ludon

a a

1 4
= ¥

2194 Test linnmageuAULLLAa8eNgNaF19TY IneinN1g Predict MILLLIANABY LAY

PRGNS LA IN13U st i uLs2 AN BN Na89UuL LA 889 (Evaluation model)
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NIWAUILLLANAEN ﬂi:ﬂ@m”fm%umwﬁm sasielalid
3.4.1 N13ULN training data WAY test data (Data splitting)

naazdnisutigadeyaeenidu 2 dau ldud gadeyaiildlunisindu (Train
Data) el LN IR AU LLLA A 84 Lmzm%g@mﬂummmmu (Test Data) aldlu
nInpdeuuLUsiaes Tagazudsdayaeenidu 2 dau frasnsdauaz 80 : 20 Gaazld
fasaLvinfiy 36,234 : 9,059

3.4.2  n19M1 Column Transformer
1. RobustScaler

nstfuaninaesdeyadaaanawin lwmuiuuudanaes inldaunvesdayasone aglu
gﬂmemmﬁLﬂummgm ?ﬁlq%ﬁm@gﬁwdw 0-1

2. OrdinalEncoder
nsutlasdayafidufiaaiilifisn i (Nominal number) Weglugluunaesiaiaaiiaansy
(Ordinal number)

3. TargetEncoder
nsutlasdayafildlunsdnsdasaudsdssinnuuanny lugadeyalnanisunuiiusias
Mmqmﬁgﬁ’lﬂﬁ’]L@gﬂﬂﬂﬂﬁ’)LLﬂ?LﬂWMNWﬂZﬁWM'ﬁIﬁM’Jmm;llﬁ,?uj

3.4.3 nadfumnnuliannavasadasya (Imbalance Data)

Hnnsufuaadeyaine igaaesdeyainarumnuangaiu Wesangadesy

Qq a

%
¥

= ' o A Ao o A aa KAy v
NV’]'J’]NIIN@NQ@ﬂu"ﬂ‘ﬂﬂ‘qﬂmﬂﬂ@@ﬂﬂ’]ﬂ ﬂ’ﬂ&l@ququ‘ﬁﬂm@gﬂ@"ﬂ@\‘]@ﬂuuﬂﬂIﬂﬂﬂ@]ﬂﬁumblllvl’ﬂ

a u 9 a

it}

1 P2

N1IRANATIIZALNINEUIATNINNGIAUINT AT By ATRIgNU LT U nARRgNUTLA

a

90

)}
ho)

1
o

P19 LNNEUIAT AefaeinLFuAINENAATR9TAdRYA AdETENITINNAIUIULRITA

P2
£

Aaa a o © o va v o A I
dayatlssinnaesgnuiininisiadndisyiuniesuinng Weannndiaseiuzewviniuiy
¥ d’lai m v a o O o
fpdayaneIgnuin i laNn1slaiRg s TLNIEUIANg
1. Synthetic Minority Over-Sampling Technique (SMOTE)

QI o ¥ 1 v . v o v a o v 1 o
nIsNAUIuTAdaYATaINgNTas (minor class) TR wINIndlALNALgAdDYANgNNAN
(major class) IagnaiinawIuteyaazlilimnuainnisgu usdiiaainnisairedayadiumn
Inallnelddayainnniaguan

2. Oversampling
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| a o v ! [ . yal o & v a o
NMIgNINNANUIUTATRYATRINFNERE (minor class) WHATUINNINAUAUINALALNALYA
183 A1INGNUAN (Major class)

3. Under Sampling
N1IguANANUIUTATRLATRINGNUAN (Major class) THantiaaaine Auiugadeyazes
nguias (Minor class)
344 ANIWAIUILLLANABY
1n12)d Cross Validation @aiumafiann1dlun sAuu1An Hyperparameter
g Yo a 6 1 ai v o % a & 1 o o
aoen1saed A nITlmasine nldanisivuald nndwefusazfaazgniiunldly
AINAUILLLANADY Lasls sl uLlss@NTNINUTE NI ATANN LN UE 11D LAA S LLILIANA B

o dl Yo 1 o = 1 o ?/ dd‘ ¥ a dl

wuuaaaslununliAracnudutgegaaztadnuuuataasiunngn Taanisldmaiing

(781N “GridSearchCV” Wauns 4 luns Tunning Parameter e Hyperparameter A

!
=

fga e g lunswauwuiuaaesi ilauuuaaasinnga
lij a o d’j o a K dl o % o $ 1
#9luuAdas danasnunazgnini I luniswmuiwuuanass laun
1. Logistic Regression
XGBoostClassifier
K-nearest Neighbors

Random Forest

Support Vector Classifier (SVC)

U Cop D

Gradient Boosting
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3.5 N15UsELHUUSLRANENIWUDILULINADS
199U ANTNINURINIIWAUILLLAADY WNaLsriiuilsA@nsnInaaanis
Wanwwuua1aes Taannsld Confusion matrix Tneig?iAn Accuracy , Precision, Recall uay

¥

F1-Score @4 Confusion matrix azlanenuziuan91e windayaniseinisaruund 2 desiny

Aa n1egn (Positive) WAL N8l A (Negative) #1919 Confusion Matrix ArHANHUTAN

MEMN

;199 2 Confusion matrix

ANA39 (Actual)

True positive (TP) False positive (FP)

AINNIINUNE | False negative (FN) | True negative (TN)

(Predict)

v

angl Wainevinuie 2 dszinn wanisinweisunaniilullle azdvianun 4 A

o1
aAaa o

1. True positive (TP) Ag N1avinwegnuiiiitanialunisiatindqse gn

True negative (TN) Aa nsvinuegnuiilnanlilafinstinindise gn

s N o aal/dld a o O a
False positive (FP) A& n1svinunagnuiindlenialunisiindindise dn

]
a o o

False negative (FN) A nasvinunagnuthnanlllainnsindndnsy dm

> wn

- o L o = oy v oo &
FIRANHNITOUIANUNAU NﬁﬂﬂuQMMWﬂisz}ﬁﬂﬂWiﬂ mm'ﬂﬂu

1. Aradla (Recall)

P2

b

AR ANAINDNABsIaINIsIuagnuinalanialunisiinilndiszanase e
il fimfsum%\mmmaﬂwmj FamsvmnesaznsReTuss duiluaie
4nslun A Aa TP / (TP+FN)
2. A1ANENABY (Accuracy)
AB ANAINYNFABILAT AN LN TDILLLANADY
4n3lun AL Aa (TP+TN) / (TP+FP+TN+FN)

3. ANAINNWHUEAN (Precision)
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A al o d’jdld a o o 1 a ¥ a dp
AR ﬂ’]ﬁ‘Lﬂ?‘ﬂULVIEI‘LIﬂ’]‘W]']u’]EIQﬂﬁuﬂﬂtﬂﬂqﬁluﬂ’]?&lﬁuﬂfﬂqﬁ‘zqqﬂﬁ\i BAQLNAUL

'
a

= o o dydld a o o 1 a a dl
434 (TP) Waudun1siuiegnunnalantalunisinilngnszdnass usgan
Nnluluass (FP)
4n3lun19AwI Aa TP/ (TP+FP)
F1-Score

. o - d .

WUARAYTENIN9AT precision kae recall el lun1sdAAINEINITIUDS
WULANAD

zgmﬂuma*ﬁﬂmm A 2 x (Precision x Recall) / (Precision + Recall)
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1. WaANSIRINwIENTRYA

2. NAANSUDINITNRNUILLLANAD

4.1 NARWEUDINIFTLATUNLDYA

A o o o = P % 2 Y a o
LN@VI'\ﬂq?VHﬂQ’]N@:ﬁ@'\ﬂﬂ@H@L?EU?ﬂﬂLL@Q @3LV@@%@?@H@W%W1ﬂ1muﬂW?

q

oY

AV ayAINERENWILLILANABIVINUNA 181,391 UDT UATADANLITINNNA 34 PRANL
TIRENNINAUILLLANAD9 tAenI3Ld Machine Learning Algorithms TagianAe

= ¥ dll dl dl A o o o o = % ¥ dI
N1238UFIR9ATed TUTUATINE A MIUNIIWAMUILLLAIAD9 TuN19EeufuULEaeY Teay
o 1 dl o % o dl o j
Meusuunisuiiuentsziny e g lunswauniuuanaeaina 4 unsvinunagnuil

dld a o O o
nRlan1aluNTRANATTZALNINEWIANS

4.2 UARANFUDINITWAIUILULINADS

o & o ° P ° Sl a o
NAANTUBANNITNEN UL LUITARN LW@I“ﬂuﬂqﬁ‘W’]uqﬂgﬂﬂﬁumﬂt@ﬂqﬁluﬂ’]?ﬂlﬂu@

f1sziunsunig Inanisldmeatinsne iediniawsendeyaizeuiaauds wavindey

u u

¥ o1
aAaa

wiantiunn ldlunsvmuuuuaaeaneldlunisinunagnuiindlannalunisintingsziu
a o dy v o o Y o a KR . .
NNFUIAT NINARBITRUASE T TR N sWaLILLLAaed Tnennsldeanasnu Logistic
Regression, XGBoostClassifier, K-nearest Neighbors, Random Forest , Support Vector
Classifier (SVC), Gradient Boosting 3alainnnidTauiiaudss@nsninaeuuuanans lae
@jﬁﬁ'"} Accuracy, Precision, Recall Laz F1-Score IneazaulafiAn F1-Score 194 Positive
class WIunAN 1IN NIBATAAINNAINITDUDILULAIADT LATNINITHAAINARNS

4
Use@NBNINTBIN IR UIULLIANARIFNS] A9T)
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4.2.1 Logistic Regression
2 o o o o v a a IS
PAEINIaiUILLLAa049 Tnenisldmatianisdirsizinisannes W1 ld
[ o dl a a 6 o di 1 . ] rai
nsREUILULANaed Bdlumalan1saias siRaul e s N AN UTEN W ELUA N TR
auladnaziiamenisnignuiiaipdnsyiuniesuiais e ldifawnnisalgnuiitiaipdise
ALUNNEUIAT
InglaunIsnuuAAIsaLLs C iediadfumnududautedn TR LI LLLA A8
dl v | g v o Y a . . dl d? o v o a
WasaninAl C AAnteaasiiliin regularization NNINTRLAZEI1AN M LLLANA8LARA
e (% Y a o ¥ a X . Ay o I
N5 underfitting 16 wAS1AN C HANINazn1HAA regularization Nilagaduazanayial
3 a Lo [ vl [ ' val 1 o
WLLANAB9NANIT overfitting b6 taglean1sn1uKAA Hyperparameter C JHAWANAL
[0.01,0.1, 1, 10, 100, 1000] @A Hyperparameter Fianianga N30l ldlun9dmun

LULANARY AWML 10

A1379 3 NARNENN T UL s2@NEN AT Hyperparameter C 289N19W 1N

WULANA8Y Logistic Regression

Hyperparameter C Accuracy
0.01 0.58
0.1 0.58
1 0.57
10 0.59
100 0.57

1000 0.56
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PN U U UIENI19N TN 22 AN BN INIRINIIRRULLLANA8S Taein1g

wnaila Oversampling, Under sampling kaz SMOTE

Logistic Regression Logistic Regression

Logistic Regression

True label
True label
True label

1 299 1760 1

0 1 Q 1 o 1
Predicted label Predicted label Predicted label

A Llsznal 25 Confusion Matrix 2R9NITWRLLLILIATAS Logistic Regression

A9 4 HAANEIBINTWAUILLLANAEY Logistic Regression

Logistic Regression  Oversampling Under sampling SMOTE
Accuracy 0.57 0.59 0.59
Precision 0.40 0.42 0.43
Recall 0.58 0.61 0.63
F1-Score 0.48 0.50 0.51

anmaeuifeuysyAnBninaesia 3 uunsiaes andEnsUiuaanlianna
218949838 A2835N19 Oversampling, Under sampling waz SMOTE Tneazaulafisn Fi-
Score 784 Positive class {undn deazaguldin 33nmsuiuanuliannasesdeyadae
3TNn17 Synthetic Minority Oversampling Technique (SMOTE) T naan "ﬁlﬁﬁqm TaeliAn
F1-Score iy 0.51 ‘Emm:ﬁmmdw:lﬁmmemi@uﬂuﬁamﬁmﬁf]ixﬁwwﬁmmi 1,915
AL LmzﬁmwdﬂﬂLﬁmmemi@unuﬁﬁmﬁm-ﬁﬁizﬁumwmm? 3,447 AU

1. uwuuanaesresnsliumnnliannaresdeyafaedsnis Oversampling

mmmﬁ’]mﬂdﬁ%lﬁmngmmizgﬂuﬁﬁmﬁmfﬁq?zﬁuwwﬁmmﬁ 1,760 A wazyinwedn 1yl
LﬁmLﬂﬁ;ﬂﬁiﬂi@uﬂuﬁﬂmﬁmﬁﬁizﬁumq'ﬁmm@ 3,413 AU

2. wuudaesaednstiuaaliannavesdayasiefanis Under sampling
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mmim‘hmmwuﬁmqummiqﬂuf:ﬁmﬁmﬁﬁ@xﬁwwﬁmﬂw 1,866 A WazyinWIdNly
Lﬁmm&;mstﬁqnuﬁﬁmﬁmﬁﬁizﬁumwmmw 3,459 AL

3. wuuanaesaednisUiuanliannanesdeyanaedanig SMOTE
mmim‘hmmwuﬁmqummiqﬂuf:ﬁmﬁmﬁﬁ@xﬁwwﬁmﬂw 1,915 At wazyinuiadnly

Nawen1nignuiialad1siunIesuIAIg 3,447 Av

4.2.2 XGBoostClassifier

o a

A8 uILLLANa09 Inanisldnatasulddndulanaia-dunn

|
=

daaruluni12dndula T9N199191410ILULA1A89 XGBoost Aan17a519mu s indnla

D

% ] ¥ %

¥ ¥ v a dgl o a A
NAE| P11 memuhmm@u% LLM@ﬁL‘]u@Zﬁﬂﬂ’&?’1\‘1°1|ull'1"\Wﬂﬂ’]?ﬂ?ﬂﬂ?ﬂﬂ?ﬁ@ﬂﬁﬂqwmﬂ\i

u

1
a ¥ =X '

WULRNABINDNAFINAUADUNLN WRIAZWENENNLA LUANRANAIA (error) UBILLLANABT

k1l

v
| ¥ % =

kg 42/ v o dl %’/ o = ¥ ] o
ANATWNIUNDUNUN 1‘1)1LL‘].I‘LI"MZQ@\‘]‘V]Qﬂ@?ﬁﬂﬂuluﬂiﬂﬂﬂﬂiﬂ ummgﬂmmuuum’lumi

¥ ' 1
=< A = bd

o a A o Yo o T o = =
MueNIngsauEes o Welnisiraufressiuliindulasetiosiuauinananuinng
o = rYE dl 1 A 1 a v Yo a 1 ¥ v
LuuanaasarngansBauiisamaldmasAraonuianatnansuldandulanauninli
= Y v dl o & v o o = o o o
Beufudn TINAANSHANNLTBINTRRNLILLLAIAEY AZAN1TUMNULLLAI 89NN 99N Y 1w
. | ° oo o | o L™ - = ° v
1 classifier waRN13N1MUAlTUIMTNIaLAazLLLANaa9ldWiNAR Beaziinisnivua i
%’ o o o = %’ o dl dl o o o = 90/ o dld 1
UIMIN2BIUULANABIFAUIN HUMENININAgR wazuuuanaeddainell Huiminyiden
Haaas liaann19LAa Overfitting 2R9INITWAILILLLIANA8Y TIN19911911289 XGBoost Azl
o o o dl o o i A v v o ¥ 1%
aneruznnaRluaneEusiiduaAuLLL sequential AaAaTalflLLAARIAULINASN
[~ = v 1 =S o o o £ dl izdl agll o
wiaraufesnaw asazin ldwmunduuuuataasiunancls a9lunauil nnswmun
wuuanaealaanisldinafin XGBoost Nadndwmatialun1snmLILLLA a8 ATUAINN
a dl a o o dlddl
Heunnnge wazlumaiialunisWmuiluuaaesnangn
XGBoost @1:1701 I lun1sAun feature importance 34l lun1suensn
feature TUIUAIMINUENA1ATYNGARIMTUNIWIUIULILIANADS TIITNNTATUIIN feature
importance 184 XGBoost avisznaulusagAnsne Assialilil
1. Gain AAN133ANINAIUTINIRY feature TUNTINNATANN LN UENTBINTHAI LN
ULLRIA8Y
2. Weight Aan199nauauaian feature dugninun ldlunisutiadoyasaaniswmun

WULANABY
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| v
a

3. Coverage annainulasifusuasdayantiiu feature i 7 lunnsutisdoyaaainis
WALLL LA A8
4. Frequency Aan1sintlasifusaasnisldinu feature 1 ialunisutsdayauazlu

nailu node gavinanessuliFingula (Leaf node)

REG_CITY NOT LIVE CITY
FLAG_OWN_ REALTY
NAME_HOUSING TYPE
NAME_EDUCATION TYPE
REG_CITY NOT WORK CITY
REGION_RATING CLIENT
OCTUPATION TYPE

AMT ANRUITY

LIVE_CITY NOT WORK_CITY
ORGANIZATION TYPE

AMT CREDIT

FLAG_WORK PHONE

TODE _GENDER

NAME TYPE SUITE
NAME_FAMILY STATUS
FLAG OWN_CAR

DAYS EMPLOYED
NAME_INCOME_TYPE
NAME_CONTRACT TYPE
DAYS BIRTH

CNT FAM_MEMBERS

DAYS ID PUBLISH
OBS_60 CNT SOCIAL CIRCLE
FLAG PHONE

AMT _INCOME TOTAL

DAYS REGISTRATION

I T T T T T T
0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
Xghoost Feature Importance

ANUIENaL 26 A UIU feature importance 28IN1INENUILLLANAES XGBoostClassifier
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Ine1lun"9111 feature importance 2RIN1IWRAUILLILANAAY XGBoostClassifier a%
7 . dI = o o o o v v [ % d‘
|AA feature importance TFeva1ALATNANNAIATY A NN lntee aZldANAIA1T19R

5

A9 5 WAANT feature importance 289N1IRAUNLLLANA8Y XGBoostClassifier

Feature Importance
REG_CITY_NOT_LIVE_CITY 0.08
FLAG_OWN_REALTY 0.065
NAME_HOUSING_TYPE 0.06
NAME_EDUCATION_TYPE 0.055
REG_CITY_NOT_WORK_CITY 0.05
REGION_RATING_CLIENT 0.05
OCCUPATION_TYPE 0.045
AMT_ANNUITY 0.045
LIVE_CITY_NOT_WORK_CITY 0.045
ORGANIZATION_TYPE 0.04
AMT_CREDIT 0.035
FLAG_WORK_PHONE 0.03
CODE_GENDER 0.03
NAME_TYPE_SUITE 0.03
NAME_FAMILY_STATUS 0.03
FLAG_OWN_CAR 0.03
DAYS_EMPLOYED 0.03
NAME_INCOME_TYPE 0.03
NAME_CONTRACT_TYPE 0.03
DAYS_BIRTH 0.03
CNT_FAM_MEMBERS 0.03

DAYS_ID_PUBLISH 0.03
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OBS_60_CNT_SOCIAL_CIRCLE 0.03
FLAG_PHONE 0.03
AMT_INCOME_TOTAL 0.03
DAYS_REGISTRATION 0.025

o

Tnel REG_CITY_NOT_LIVE_CITY 11y feature #ilnansisdn ugainiu 0.08 Fauilu
feature fiflAnud Aygeqa TN TTRILILLLA A2 XGBoostClassifier ignanantinluldlu
n13suunusarAatdeanainiule sesacunaziily FLAG_OWN_REALTY Gailfin
AINANATY WAL 0.065 wazgaing NAME_HOUSING_TYPE %qﬁmmwz&”]ﬁm Wiy
0.06 Laz feature %'w] Saufne T4 feature ANl feature udneiddn i 114 lunns
FmUNLULSNa84 XGBoostClassifier e W4 uuusnaesfifsy@ndnmiiaein

Tneldfnnarnuacfauls n_estimators eraunsuauresdulifnaulaiay
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LarinisniuunAIAaLLls max_depth iedaslunisniauuanangeeesuld
v a 1 % dl a - o o v o 1
AnAulawsiazsi Wieanniaifin Overfitting 2e9n1sWmwIkLLA1aes Tnalaln1snvua Al
Hyperparameter max_depth WAL [1, 5, 8, 10, 15, 20] B4A1 Hyperparameter faf
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AUsznay 28 A uau max_depth UBINITWELN WULANa8d XGBoostClassifier

PN U U UTEPI19N TR N 22 AN BN NN IR ULLLAA8S Tasin1g
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XGBoost and Re-weight XGBoost and Re-weight

XGBoost and Re-weight

0 2738 3262 0

0 1 0 1
Predicted label Predicted label

Predicted label
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AN3719 6 NAANTUBINITWRUILLILANA89 XGBoostClassifier

XGBoostClassifier Oversampling Under sampling SMOTE
Accuracy 0.63 0.55 0.63
Precision 0.45 0.41 0.46
Recall 0.51 0.73 0.48
F1-Score 0.48 0.52 0.47

AN aFenieulss &N a8y 3 uuua1aed anasnisUliuarnlianna

219917838 #2835n19 Oversampling, Under sampling k& SMOTE latazaulanan F1-

]
=S

Score 184 Positive class unan d9azagilaan Tan1sdsumanliaunaresdeyadon
33017 Under sampling WnadniTianan Tael¥ra F1-Score winiu 0.52 Ingazyinungdn
f«mﬁmmr&lmimiqﬂuﬁﬁmﬁmﬁﬁizﬁummmmi 2,222 An wazud lsiifnwmenisnl
@ﬂuﬁﬁmﬁmﬁqixﬁummmmi 2,738 AU

1. uunanaeseInsliuanuliannarasdayasaeRinig Oversampling.
mmmﬁmmdwuﬁmLwlmmiqﬂuf:ﬁmﬁmﬁﬁi:ﬁwwﬁmmi 1,554 At wazyinunadnly
LﬁmLﬁlﬁlﬂ’]ﬁ‘ﬂi@ﬂﬂﬁamﬁm‘fﬁﬁzﬁUWWﬂﬁuﬁﬁW? 4,131 AU

2. wuudnaesaednisiuanliannavesdeyanieianis Under sampling
mmim‘hmﬂdwzlﬁmLuﬁ;ﬂﬁﬁﬂi@ﬂuﬁﬂmﬁm*ﬁﬁizﬁumaﬁmma‘ 2,222 At uazwadnlal
LﬁmLumﬂﬂinigﬂuﬁamﬁmﬁﬁﬂﬁ*xﬁwwﬁu’]maﬁ 2,738 AU

3. wuusnaesaednisUiuanuliannaresdeyadaeianis SMOTE

ANNIONNEdNAiAMANTalgNULRATATIYALNNEUI AT 1,481 AR uATTINWIIN A

RawenMaignuiiatind1ssiunIesuIAng 4,254 A
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4.2.3 K-Nearest Neighbors (KNN)
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NN UAEUAUIZUINNNTAN U 2R N A TNURINI IR UL LANA DS TaeiNIg

wnaila Oversampling, Under sampling kaz SMOTE

K-Nearest Neighbor K-Nearest Neighbor K-Nearest Neighbor

0 3243 2757 0 3244 2756 0 3210 2790

0 1 ] 1 0 1
Predicted label predicted label Predicted label

A dsznay 31 Confusion Matrix 289N1TWALNLLLIANA89 K-Nearest Neighbors (KNN)

A9 7 HAANSIBINTWRUILLLANADY K-Nearest Neighbors (KNN)

K-Nearest Oversampling Under sampling SMOTE
Neighbors

Accuracy 0.55 0.55 0.55
Precision 0.39 0.39 0.39
Recall 0.57 0.58 0.58
F1-Score 0.46 0.47 0.46

anmaeuifeuysyAnsninaesia 3 uunsiaes andEnsUiuaaalianna
2991838 #2835N19 Oversampling, Under sampling W&z SMOTE Tnaazauladidn Fi-
Score 184 Positive class undn deazaqullédn A3n1sdfupanuisunasesdayadas
35n17 Under sampling lﬁm@ﬁwﬁﬁﬁ%m Imel¥An F1-Score winriu 0.47 Tagazniunadn
%Lﬁmmﬁ;ﬂﬁiﬂi@ﬂuﬁﬁmﬁﬂsﬁﬁixﬁuwwﬁmm? 1,776 AW wazyinuwigdn il
Qﬂuﬁﬁmﬁmiﬁa‘zﬁuwmﬁuﬁm? 3,244 AU

1. uwuuanaesreanisliumnnliannaresdayasaedsnis Oversampling.

mmmv‘hmﬂdwuﬁmLwlm'miqﬂuﬁﬁmﬁmﬁﬁ:ﬁumq'ﬁmmi 1,742 At wazyinunadnly

3
NawmaN1TignuiialagsyiUNINewIATT 3,243 AL
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2. wuudaesaednisUiuanliannavesdeyaniedanis Under sampling
@ﬁmmﬁmwdwuﬁmme@tﬂqﬂuﬁﬁmﬁmﬁﬁﬁzﬁummmmaﬁ 1,776 AU UAZINUILIN T
Lﬁmm&;msﬁqnuﬁﬁmﬁmﬁwzﬁumwﬁmmw 3,244 Ay

3. wuusnaesaednisUiuanyliannaresdeyadaeianis SMOTE
@ﬁmmﬁmwdwuﬁmme@tﬂqﬂuﬁﬁmﬁmﬁﬁﬁzﬁummmmaﬁ 1,760 AU LTI

Rawenisaignuiiiaindiseiuniesuinig 3,210 A
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ANANUen daluAaatuaInisanAINanlsnNinaann feature W lusuldinaula

fianum ki Random Forest
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DAYS BIRTH

DAYS ID_POBLISH
FLAG_OWN CAR
DAYS_REGISTRATION
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NAME_INCOME_TYPE
NAME_TYPE SUITE
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FLAG _PHONE

AMT ANNUITY
FLAG_WORK_PHONE
NAME_ROUSING_TYPE

AMT CREDIT
LIVE_CITY_NOT_WORK_CITY
ORGANIZATION TYPE
AMT_INCOME_TOTAL
NAMEFAMILY STATUS
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NAME_EDUCATION TYPE
REG_CITY NOT WORK_CITY
REG_CITY NOT LIVE CITY
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Random Forest Feature Importance

nwilsznau 32 AN feature importance AINITIWRAUILLLAN88Y Random Forest

ImelunnIm feature importance 1RINTWAIUILLLANA8Y Random Forest azla
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AN feature importance GmLimmmummfnmma&m’mmrﬂﬂmu@ﬂ ’Qtiﬂﬂﬁﬂ\‘m']i’]\ﬁ/] 8

R34 8 NARNS feature importance TAINTWAUILLILIAIARY Random Forest

Feature Importance
DAYS_EMPLOYED 0.1
DAYS_BIRTH 0.09
DAYS_ID_PUBLISH 0.08
FLAG_OWN_CAR 0.08
DAYS_REGISTRATION 0.08

CODE_GENDER 0.08
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CNT_FAM_MEMBERS 0.08
NAME_CONTRACT_TYPE 0.06
NAME_INCOME_TYPE 0.055
NAME_TYPE_SUITE 0.05
OBS_60_CNT_SOCIAL_CIRCLE 0.04
FLAG_PHONE 0.035
AMT_ANNUITY 0.03
FLAG_WORK_PHONE 0.03
NAME_HOUSING_TYPE 0.02
AMT_CREDIT 0.015
LIVE_CITY_NOT_WORK_CITY 0.015
ORGANIZATION_TYPE 0.015
AMT_INCOME_TOTAL 0.01
NAME_FAMILY_STATUS 0.01
FLAG_OWN_REALTY 0.01
OCCUPATION_TYPE 0.01
NAME_EDUCATION_TYPE 0.005
REG_CITY_NOT_WORK_CITY 0.003
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Inel DAYS_EMPLOYED {11 feature NAAIMNAIATYFINTL 0.1 failu feature 7
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LarinisniuunAIAaLLls max_depth iedaslunisniauuanangeeesuld
v a 1 % dl a - o o v o 1
AnAulawsiazsi Wieanniaifin Overfitting 2e9n1sWmwIkLLA1aes Tnalaln1snvua Al
Hyperparameter max_depth WAL [1, 5, 8, 10, 15, 20] B4A1 Hyperparameter faf
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ANUIENAL 34 AU max_depth TBINITRENLILLLANA8Y Random Forest
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wnaila Oversampling, Under sampling ia SMOTE
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AN3719 9 NAANSTUBINITWAUILLILIANA8Y Random Forest

Random Forest Oversampling Under sampling SMOTE
Accuracy 0.65 0.62 0.68
Precision 0.48 0.45 0.57
Recall 0.52 0.64 0.27
F1-Score 0.50 0.53 0.36

AN aFenieulss &N a8y 3 uuua1aed anasnisUliuarnlianna

219917838 #2835n19 Oversampling, Under sampling k& SMOTE latazaulanan F1-

]
=S

Score 184 Positive class unan d9azagilaan Tan1sdsumanliaunaresdeyadon
33017 Under sampling WnadniTiangn Tael¥ra F1-Score winiu 0.53 Ingazyinungdn
f«mﬁmmr&lmimiqﬂuﬁﬁmﬁmﬁﬁizﬁummmmi 1,959 Aw wazyinugdn llifinmanienl
@ﬂuﬁﬁmﬁmﬁqixﬁummmmi 3,686 AU

1. uuuanaeseansliuanuliannarasdayasaeRinig Oversampling.
mmmﬁmmdwuﬁmLwlmmiqﬂuf:ﬁmﬁmﬁﬁi:ﬁwwﬁmmi 1,602 At wazyinunadnly
LﬁmLﬁlﬁlﬂ’]ﬁ‘ﬂi@ﬂﬂﬁamﬁm‘fﬁﬁzﬁUWWﬂﬁuﬁﬁW? 4,283 AL

2. wuudaesaednisliuanliannavesdeyanieianis Under sampling
mmiaﬁﬁmmwzlﬁmLuﬁ;ﬂﬁ@ﬂi@ﬂuﬁﬂmﬁm*ﬁﬁ?zﬁuwwﬁmma‘ 1,932 AU UAazUIEaN 1
LﬁmLumﬂﬂinigﬂuﬁamﬁmﬁﬁﬂﬁ*xﬁwwﬁu’]maﬁ 3,659 AU

3. wuusnaesaednisUiuanuliannaresdeyadaeianis SMOTE

ANNTRYINUNEINAZIAAMANNIINUERATATI S AUNINEUIAT 756 AW uATTINWIEdn LA

Rawen1aignuiiatind1ssiuniesuIAig 5,429 A
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4.2.5 Support Vector Machine (SVC)
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NN UAEUAUIZUINNNTAN U 2R N A TNURINI IR UL LANA DS TaeiNIg

wnaila Oversampling, Under sampling kaz SMOTE

Support Vector Machine Support Vector Machine Support Vector Machine

0 1 0 1

Predicted label Predicted label Predicted label

nnilsznal 36 Confusion Matrix BINITWENINLLILIANABN Support Vector Machine

(SVC)

A9 11 HAANSIBINITRRUILLLA88Y Support Vector Machine (SVC)

SvC Oversampling Under sampling SMOTE
Accuracy 0.40 0.36 0.37
Precision 0.35 0.34 0.34
Recall 0.94 0.96 0.97
F1-Score 0.51 0.50 0.51

anmaouieulssdnsnineesis 3 uwusaes anasnisiuannlianna
2991838 #2835N19 Oversampling, Under sampling W&z SMOTE Tnaazauladidn Fi-
Score 184 Positive class undn deazaqullédn A3n1sdfupanuisunasesdayadas
3TNn17 Synthetic Minority Oversampling Technique (SMOTE) T naan ’ﬁﬁﬁzﬁm TaeliAn
F1-Score iy 0.51 ‘Emm:ﬁmmdwmﬁmmr;;mmi@uﬂuﬁamﬁmﬁf]izﬁwwﬁmmi 2,961
AL LLmﬁmwdﬂu’Lﬁmmemiqﬂuﬁﬁmﬁmﬁwzﬁummmm? 350 AU
1. wuuanaesresnsliumnliannaresiayamedsnis Oversampling.

ANNNIRYNUIRTNAIRAmEN g NURR ARG 92 AUN198WIANT 2,875 AL uazTinuadn i

3
NawmanITaignuiialpgsyiun1eswIAg 729 AU
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2. wuudaesaednsiuanliannavesdayanaefanis Under sampling
mmmﬁmwdﬁ%lﬁmme@tﬂqﬂuﬁﬁmﬁmﬁﬁﬁzﬁummmmaﬁ 2,928 AL uATNWIN A
Lﬁmm&;mstﬁqnuﬁﬁmﬁmﬁﬁizﬁumwmmw 368 AU

3. wuusaesaednisUiuanuliannaresdeyadaeianis SMOTE
mmmﬁmwdﬁ%lﬁmme@tﬂqﬂuﬁﬁmﬁmﬁﬁﬁzﬁummmmaﬁ 2,961 AL uATINWIAIN A

Nawen1saignuiiaingiseiunIesuIAie 350 AW

4.2.6 Gradient Boosting
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DAYS EMPLOYED
CODE_GENDER

DAYS BIRTH

NAME TYPE SUITE

AMT ARNUITY
NAME_HOUSING TYPE
CNT_FAM_MEMBERS
FLAG OWN_CAR
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DAYS REGISTRATION
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Gradient Boosting Feature Importance

nwieznau 37 AN feature importance ARINIIWAUNLLILANARY Gradient Boosting

Inelun1910 feature importance AA9NIWRUILLLANAAY Gradient Boosting A&
P2 . dl = o o o [ 3 ¥ P2 o dl
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12

A998 12 NAANS feature importance IANNITWRNLNLLLAIA8Y Gradient Boosting

Feature Importance
DAYS_EMPLOYED 0.14
CODE_GENDER 0.12
DAYS_BIRTH 0.1
NAME_TYPE_SUITE 0.1
AMT_ANNUITY 0.07
NAME_HOUSING_TYPE 0.07
CNT_FAM_MEMBERS 0.065

FLAG_OWN_CAR 0.06
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DAYS_ID_PUBLISH 0.05
NAME_INCOME_TYPE 0.04
FLAG_OWN_REALTY 0.04
AMT_INCOME_TOTAL 0.03
DAYS_REGISTRATION 0.03
NAME_CONTRACT_TYPE 0.02
OBS_60_CNT_SOCIAL_CIRCLE 0.015
FLAG_WORK_PHONE 0.01
NAME_FAMILY_STATUS 0.01
ORGANIZATION_TYPE 0.01
OCCUPATION_TYPE 0.01
NAME_EDUCATION_TYPE 0.01
AMT_CREDIT 0.01
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