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ABSTRACT

Customer churn is a significant issue that affects the sustainability of banks, as
losing valuable customers-can reduce revenue and impact long-term growth.
Predicting customer churn in banking is, therefore, an essential tool that enables
banks to anticipate customers who are likely to leave and take proactive measures
to retain them.

This independent study  focuses on developing a predictive model for
customer churn in banking using various machine learning techniques, including
Logistic Regression, AdaBoost, CatBoost, Gradient Boosting, Random Forest, and
XGBoost. The study evaluates the effectiveness of these models in predicting
customer churn based on customer data, including demographic information and
service usage behavior.

Through testing and evaluation, the results indicate that AdaBoost provides
the highest accuracy in terms of Accuracy, Precision, Recall and Precision-Recall
Curves, followed by Losgistic Regression. While Random Forest, Gradient Boosting, and
CatBoost also perform well in certain cases, they exhibit lower overall accuracy. The
most effective model can help banks identify customers at risk of churning, enabling
them to implement targeted retention campaigns and promotional offers.

This research proposes a strategy for utilizing churn prediction results to
refine marketing and customer service strategies, allowing banks to maintain their
existing customer base and reduce churn effectively.

Keywords: Churn Prediction, Banking, Machine Learning, Random Forest, AdaBoost,

XGBoost, Customer Retention
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l@an  Eigenvectors 7di Eicenvalues Q\‘i‘ﬁqm W Principal
Components (PC) gLy

PC1 i1 Eigenvalue g4an (a%mmamuﬂsﬂaaulﬁmnﬁqm)

PC2 1 Eigenvalue 399893 wazseRInfu PCL

TWdananaz k Principal - Components - fidansaeiungainy
Wsusvazauldnuiigens gn3fe

Explained Variance Ratiozz— (2.9)

2.1.7.5 Singular Value Decomposition (SVD)
§n3BnildlumsAnn PCA fold SVD a1ngns

= (2.10)

1ned
Juwn3ndves Eigenvectors
< a 6 .
yuunsngvag Eigenvalues

) a 4 s
LUULZJVI’iﬂ‘UGUENL'JﬂLGIEﬁiWU



SVD singnldununismian Eigenvectors lngnsansizdusednsam
genindlateyadivunalvgy

2.1.8 Random Forest

Lﬁué’aﬂa'%ﬁmm%‘auifmaaLﬂ%"aqﬁﬁmmeﬁumﬂumﬁmaq Decision Tree
ey Bagging Lﬁal,ﬁmmmLLiJ'uETWLLazaﬂmiLﬁﬂ Overfitting L'%'mm Leo Breiman 1in
aﬁﬁuazﬂﬂ‘im’m’lﬁaaﬂa?j‘aﬁq IaauwIAn Bagging (Bootstrap Aggregating) Tu
¥ 1996 n§wniulud 2001 Breiman léWamn Random Forest Tulagvenanuian
994 Bagging LLazLﬁmmsa’jm (Random Subspace Method) é’fﬂLLﬁmlugUﬁ 2.1

Random Forest Classifier

X dataset

N, features N, features N, features N, features
. - prL 23 O)gﬁ. @ e
TREE #1 TREE #2 TREE #3 TREE #4
CLASS C AS§ D CLASS B CLASSC
L L | |

MAIQRITY VOTIN

FINAL CLASS

5UM 2.1 3Un139i19mv8d Random Forest

Ul 2.1 tandifiufianisviierues Random« Forest  Classifier gy
SanosTun1ssunUssinnilddulinisenaulanaiediu TREE #1, TREE #2, TREE
#3 uway TREE #4 lunsdwundeyadinyadeya X udasiulizldnndnuay N1,
N2, N3 tag Na @ maidu tazasnanata CLASS C, CLASS D, CLASS B, CLASS C
mMsuundugaineazgnimuslasnisaseziudssdlungneaiadiaianisal
Tngudazaull dealle FINAL CLASS.

2.1.9 Logistic Regression

Tl 1838 wwifAnves Weanduladan Qﬂﬁwuwﬁu‘lms Pierre  Francois
Verhulst  sihadlaenansuavaienlne  Verhulst 9ilsiduilifioashs  Logistic
Growth Model &sldlunsfinen nsidulnvesuszeins Tl 1920 - 1930 (Joseph
Berkson, 1944) Hupuusniitiaue Logit Model wazld Logistic Regression Tusnu
AUTIEDR



Logistic Regression

y == 'I [ IXITIRI LYY

Predicted Y
lies between
0 andlrange

y = O essnee e
X

SUN 2.2 JUn156UINENVe4 Logistic Regression

U 2.2 n3vluansiisluea Logistic Regression dadumatiavnsadanldlu
nMshuunUszandeys - Taetdulaaguda S vunsIuanfannadNiussenine
1 < v ¢ a [ 1 ! =
WUs X UagAuinasdureanadws Y ioglugiasendie 0 6e 1

2.1.10 CatBoost

Yandex MluuSeniieanidiu Search Engine way Al liwanndanesiiy
Gradient Boosting dnsuldnnely wuihlmddnresdaneifivimlufianisinnng
foyaUszinn Categorical (wu Yeyatenny, vaemy) Sanesfiudidog 1wy
XGBoost tay. LightGBM fiadlen1s One-hot Encoding #s® Label Encoding Fa019
vibiigaydetvenadifey Tl 2017 Yandex U CatBoost sgradunianis 1du
gane3yiy  Gradient Boosting ﬁﬁmiﬂ%’wqﬂmﬁmmﬁaga Categorical lngld
Ordered Target Statistics ia¥ Model Oblivious Trees

5UN 2.3 sUn1suUsnguves CatBoost

SUN 2.3 wansnisiiiusulivanedu dagsuaufeuliann N lnsuauduazd
wasieglasnuldusingiuuanstateianainfiatuluudastunauvainisas il
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nszuIUNsiTeliiuINteRanatnanataselsilatinsiiudulsivalunsay
TUABUVDINITTEUS

2.1.11 AdaBoost

1ut 1995 Yoav Freund way Robert Schapire @asiinineinispouiimes
IFaueutnAnues AdaBoost Tuaddede "A Decision-Theoretic Generalization
of On-Line Learning and an Application to Boosting" R Schapire LABLERSLIALTIY
71 Boosting annsaiUdsusisuunwuuseunelinanadusidwuniinsegals

. e < | weak classifier 1
S f Non-linear classifier

B '
weak classifier 2 \

A| Weighted |I '
Voter

—_—
|

Feature 2

Feature 1

|
{
K

weak classifier

Classiﬁar

Ul 2.4 sUnviauved AdaBoost

gﬂ‘ﬁ 2.4 L@MeN15919IUBs AdaBoost sTfaLﬁué’aﬂa'%ﬁumiﬁauifsuaﬂLﬂéaaﬁ
Tilun1ssudsuunfioeusenansds (weak classifiers) Iidusasuunfiudunss
(strong. classifier) nilada Ing@iiafln (trainen) Aouteyaitaludsmduuniisouus
wanes (weak classifier 1, weak classifier'2 uay weak classifier K) shsuundi
gouLamatazgninaiulagldnisasesuuuuttnimin (weighted voter)
LLaz%ﬁmiU%’UﬁmﬁﬂmaQ%@gaﬁgﬂﬁﬂLLuﬂﬂmwmmiul,wiaziaumiﬂﬂwu Wialw
Tunaluseululianuddyiudeyamariinntu teassisuungaiing (final
classifier) Tugnuvveanmianans sguunkuuli@ady (non-linear classifier)
Tnesl Feature 1 uay Feature 2 FaiASeaMINENINUIMALRULAZIINALEALAUNY
AANETILANAN ST

2.1.12 Gradient Boosting
Jerome H. Friedman wnad@vgesiannuningnavawaunasn  Lanmwn
Gradient Boosting Hazffunauideye "Greedy Function Approximation: A
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Gradient Boosting Machine" wnufiazld Weight Adjustments WwUU AdaBoost,

Friedman 149 Gradient Descent 1fiaanA1ANuRANARUaSLULAE

N Y SRy SR _
‘ ™ . ¥ +\
A P S
1~ R Ko
—— 4
............ \.-E
""" -

Iterations

sUf 2.5 sUnsihuYes Gradient Boosting

gﬂ‘ﬁ 2.5 LARIN157911Y8e Gradient Boosting nafiuni x fee Iterations
LLamﬁﬂaﬁmuﬂ%”’ﬂﬁﬁwmsﬂ%’wjﬂyLma uazuAY y AeAd Error w39AIANLRANANA
MnnsuandiidiuindmRanainanasdesuan Tterations sty Taefinig
dduls (ree) fidA8 9 (s, wa, Be7, wides) Wideluudartunouite
18AAAIAINUNANAI

2.1.13 XGBoost

Homudnves Gradient Boosting  WUUANLANAD FuariuningInsas
lnglaniziudeyavuinlug Tiangi Chen UNIFBANUNTINESeI0TsuTalawmun
XGBoost  Thdudiuniavesnuitusyiulsyaienven Wnunenanaes
XGBoost Aavili Gradient Boosting it Tvtheausiiesas wagsessuns
UILUIAHALUUVUIY é’fﬂLLﬂ@ﬂﬂAgUﬁ 2.6



training sample
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( 1 JoX 1 test data
[ I JoJole] ®
— 00000 —¥ classifier 1 E— NEY S
. e .
eecee e
LY YeoI Jo) v
[ T X X 1]
— 0000® — classifier 2 —
ce ensemble
cecee classifier

Dee® f = .
90000 5 predictions
—> 90000 — classifiern . —

00900 LS L

bootstrap samples

g‘dﬁ 2.6 5UN159119114%89 XGBoost

SU 2.6 Waman13¥N9IUYes - XGBoost - LuRuMeyntayan1sinausui

Usgnaumegedan - 9 Fadudeyadldlunisadnuuuiiaes . asgnuvsesnidu

Bootstrap Samples Tnsuday Bootstrap Samples agdifsuun (Classifier) 1u

20962099 FNTULUUIIEDINITINUIETLANGI9T LasNadnganf I LUNYaIsfi
Yzgminnsaniuiieaieiaduunsan (Ensemble Classifier) Jatumisiunadns
InVAEUUINEB LNl LkLug TuASTWe

2.1.14 Accuracy

Accuracy formldinAnugnassvetliaalun1sduundayaniaun fmuiu

PNARAIUYBIWIIUNSTIIUIETIONFBIHDIUIUAIBE1TIIVUA

dn3Ua3 Accuracy R

). ( *Ay (2.11)
(NP =+ + )

Tned

TP (True Positive) druausegafiiduuingds waglumaruiein
N

TN (True Negative) shuuiegafiduauass wazlumarhuiein
au

FP (False Positive) 311Uf10819Mduauase walumariuiednuan
FN (False Negative) srwiumegneiiluuinase ualumavinunedn
au
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laasUKad Accuracy ABdRIIEILYBITILIUNTAUTIVINUNEQNABY (TIaUINKaE
avu) AeINWINNNTVUNNINA A1 TP, TN, FP waz FN 1eu131n Confusion Matrix

M10¢19U89 Confusion Matrix wandaglumsng 2.1

M1519% 2.1 ®1519 Confusion Matrix

{HGEEN

Positive | Negative

NUNY | Positive TP FP

=)

SR

2

Negative FN TN

2.1.15 Precision
Precision Yapdnuusiugrvesmsvinefiduuin Inemuinaindndiuves
ANngNadiin (True Positive) dediwiuviinunvesnsaingnyhweinduuin a1unse

AuanlAnLEns
=i & B (2.12)
+
- - 1 ) aa o o ' aa aa [
Precision Yauaniifidiunsaifgnvinnednduuinddnnsaliignia
Uszinnegignaos

2.1.16 Recall
Recall (3afi3undn Sensitivity 3o True Positive Rate) 1dueiiléin
pnuarsveslnatunsseudeyaiiduun (Positive) ldagsgnaes
dn383 Recall Ad
- (2.13)

i & 9 i aa g v A =

A recall Wglumsialumadnaninsassynsaiduvinlaniieds wasd
Usglewegeddlunsdiinamaindeyaiiluuin (False Negative) finansznuuin
WU MInTIalsArIenIsAuYeyafidfny

2.1.17 F1-Score

M Fl-score ApAaABansueiingzning Precision uay Recall AieliAn
ATWANRATYINST AR INET) Tnslawzegsdailoyatoyaiininiliaua gns
Y84 Fl-score Ag

1=2x( * ) (2.14)
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Fil-score fwlunmsussiiulaaaiioneAn  Precision wag Recall o

Y A Y Y v | a | a1 & A o )

Anuddinisuiy Ineniluudy @1 Fl-score Migendn 0.7 fednduaiigeusuls

agalsfinnn AT aTLeg UL UNLALANABINITVOIIWAT 1 91uf
éfaqmimmLL@Jusququ%amuﬁ']umiLmeéawﬁmmiﬂ"] F1-score #1genin 0.8

2.1.18 Precision-Recall Curves

Precision-Recall Curves Lunsmiilduansanuduiussening Precision
(Auuaiug) Az Recall (ANuATOUARY) vedlwaa Classification lagianizlu
Japitfienulsiaugavestoya (imbalanced Data) fauandluguil 2.7

HIGH THRESHOLD
HIGH PRECISION & LOW RECALL

!

LOW THRESHOLD
LOW PRECISION
& HIGH RECALL

RECALL
gﬂﬁ 2.7 gﬂﬂﬁﬁﬁ@&hd‘ua\i Precision-Recall Curves

lngl
wNU'X AaA1 Recall
WA Y #iBA1 Precision
| Y & it i = ! =
wiiazatunsmluansliiiudndn Precision wag Recall Juuaguluegelsds
L. 13 ! d’/d J
ANUFNNUNVRY 2 ANULEAIT Threshold
Inevilu Threshold #i1 vanedie Recall @9 wsie Precision ¢ unefisluna
U3 Positive lalgasTuusiianainuoy luvaen Threshold g1 agvilit Precision g4
Wl Recall ¢ TuimausdugWuusddu Positive lalinsy
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2.2 9MUNNNIVDY

2.2.1 uRTuAUMIIUIENTENENUINITVR9ENAISUIAT

‘Vimsqqu%ﬂlé’ﬁwm'iﬁﬂ‘mL?imﬁ'umiﬁmwmismLﬁﬂﬁ@%LﬁuNWﬂmanﬂﬁﬂ
5UNANTBEIYU:

1) Li & Lee (2016) lavinn1sAnwinasldinaiin Random Forest Tuns
MUENITENENUTNI5Y09gnAlUEIAI5UIATT LaeWudn Random Forest @131130
Tnansviruneidamnuuiuggaiefieudiulumadu

2) Verbeke et al. (2012) 1a@nw1n1519 Decision Trees wag Logistic
Regression Tun1sviiunenisenidnudnisvesgnanluanitunisiiu lnewuiinagld
Toyan1aUsEyINIAERsveINALaT N ANssUNITIUIS

3) Nguyen & Simkin (2013) Iﬁﬁﬁaﬁ]ﬁﬁaﬁﬁwas{amiaﬂL%ﬂu%misuaqqﬂﬁ’h
Tngiufinnsusnisgnadidianin e kagnisinauslUsunsusistauas ansaiey
[igaanisunidnuinig

2.2.2 uRgnldnmsteuiveseiaslunisiiuigmsianlduinig
n1suszandldimatianisiseuivesasesiasuanaulegrantunisiuie
MsendnUIng fegvesndelusuilaun:

1) Zhou et al. (2017) ldmatian Support Vector Machines (SVM) uay
Neural Networks lunsvhmnenisenianusnisvesgnandiutoyaninisiunay
W ANIIUNAHIUTNIT Wediansaiuienisentdnusnislaeeniuszdnsamn

2) Chaurasia & Pal (2014) 1% Naive Bayes waz Random Forest lun1s
e, Churn IagnslddayaangiudagaanminefnyIngAnssumsenanusnis
WazwUdN Random Forest diusy@nSanaslunisviung

3) Rafael et al. (2018) wWiwuiiumansluina Machine Learning lun1s
Mugn1senidnuIn1svegnan Lagldns Logistic Regression, Decision Trees @
XGBoost uagnuI1 XGBoost likaawsNANanluauaAsLaue



o
unn 3
ad o o~ a v
I9NT1IATUUIUIY
TuunilaznaninedsnsgalddmsunSeuiieuussansnnuesdaneinunisiseus

Y

veunveslumminensendniduinvesgnaonans - lulegliusnansilioyadod

tu
a a v Adada

maqaﬂmawwm 627,470 U uuzywﬂmiﬂumwwm 10,764 Ve fdoulvlunisading

fo douluyamasssun dyflne o1y 1570 Yudysel leefiduneunisdiiiunisive
samaluil

3.1 N13599NLUUNITINY
ny3sluide “mslleseAiBaUSeuifieuvedaneiiunsiseuivesasesdmsy
N13vUIENSENANTYTRUHINY03gNAsEIANS 7 JatuluinisitunggnAiasenidn

:ﬁll

U%misuaaﬁmmﬂmEJmﬂﬁamaﬁivuwaqammifi’fﬂLﬁuﬁ WU duinUaUyd aausdy

D.

EJ’]EJ{]"\]"\]UU WA 91T Lmawmmaﬂiwlm Pr9v95uls srey L’Ja’]ﬂ’]iLU‘uaﬂﬂ’] 5‘”“U‘U3JEJ§E]

€

1 nahslusludi Snatiivems Suftn unduest laamsesnduuns3seludd
gldmalian1siiasienteyaidaninidguas nisituelagldnisiseusve uaseuivedely
anusnvinenIsENENUINIT LN Setumeunsintunlauandusui 3.1

x

‘1 LaSeaNa (Ve @anmaianisvinuig

Budy FIuTINdaua dzatn, wilastaua, (12fu Decision Tree,
Lﬁaﬂﬂms‘i’nwms) Neural Network)

Anvagvedauluaa Lﬂmm‘nﬂn
o). dsuiiuma (12 Metrics
(wivriayaiilu iszdngnin (uJ'm'u
: 3 12iu Accuracy, smsm
Train/Test, U5u Wit luaasnig wia
Precisian, Recall)
Hyperparameters) ﬂmu,mmmmm

5UN 3.1 Tumeaunisaiiuny
JUT 3.1 wanstupauntsaiidunulunssuiunmsinsesiteya

Towil
Sud Ao Budunszuiunis
suTuteya fe uTuteyaidudy
wilgudeya fie A waveInteys, wlasdaya, enAnanuMy
WWonmatian1suunly A 1 Decision Tree, Neural Network
Anwuaznaaauliing fie wsyntaya Train/Test, YU Hyperparameters
Useidiuna A 19 Metrics vy Accuracy, Precision, Recall
WisuisuUsyansaam fe wWisudieulinasg q vieusussaiivgy
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3.2 N1337UTIUVYA
nsunudeyateidutuneunsniididglunszuiunsive lnedeyadddddmsy

Munen1sendnuInIsvesgnAsuIAITlusrezian 4 Tusenaulume

3.2.1 dayadiuunna

3.2.2 99

—_

) 918

3

N

) LI
3) 9%
a) Lmawmiﬁsﬂm
5) 429518141
6) @O UNNANTH
7) 8%

)N

8

v

Woilof
158uguDIE

ANINNITIY
TwauadansTeulul 2024
TuauRuloulud 2024
DARUNINAILTD

Do @2

1)
2)
3)
4)

)

¢
YOARUNINATILIA
5) TUNLIRUNINATILSA

3.2.3 dagan13liuinis

3.2.4 dagauszinnisenianuinig

G
Y

(%
Y

a A

1) ’?umﬂmj"zy%

v A
2) NMsPULUDINA

)
3) 9198 UduiINY
8) nslfaunansanisy
5) mﬁ’iﬂi’fﬂmmm
6)
7)

)

8) n1552ulUstuty upaulall

o1,
A159ukUslutuIuRann
A55LUSINTY 9.9

1) anuzUaUeyd

3.3 msnseudaya

Aeunzddayaluiieviueg fedinsianuareindeyawasnsesuudoya

[

N

VvUAIIWI 627,470 F9E19 uazUsenaume 22 Andnwue (Features)

il
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1) MsIANSARAUNR (Outliers) pyvdsULazinnsTeyaiiinUndvdelsl
GRIVIGHIAG

2) msdamsteyaiivinmely wu msldanadeviensamansairfinameludie
WATAFIY 9

3) Mmswlasdeyasinauiedeyailiamsaldnuldlulima Wy msld one-Hot
Encoding dmsudeyaidasinvs

1) msafremesdoyavasslunguididutios  eudtymaruiliaunaves
Uoa 19U SMOTE

5) mawasudeyanivanefuusiiidugnvesnuusiniizonin Principal
Components #a8uUneAILUTUsIuYeTRNalilFNTian

6) maﬁanqmé’nwmdma‘tsﬁ Pearson Correlation  Lllag Spearman Correlation
IATIIANENIUSVEITYA

7) Matsdeyaooniu Training Set gz Test Set iloldlunsiinuaznaaouluina

3.4 N15LENMALANISTIIUNY

ndannwsendeyaudn - azdesdenmatinmsvhunefinzaudievinuienisenidn
Uinsvesgni tnewmadnildlsun

1) Logistic - Regression lanpafilddmsunisimenadnsimduassanne wu s
8nkaNU3NIS (Churn) wsakienian

2) Random Forest msliuans 4 Decision Tree lunisvhung ileifinaanuusiug

3) CatBoost IHlusuiliigaiunmsdanistoyeiiduduusndmenny

4) AdaBoost - wsngdmdununiFesnsiiilseavsawvesluinanilniuFeude
wazdesnsusuusenauus ligeulpelidudouiiuly

5) Gradient Boosting mmaaU%fuﬁﬂﬁﬁmulﬁﬁﬁy’ﬂwffagawmLﬁmLaﬂmyj"Lé’

6) XGBaost vanzdmiunmisvinnuiudeyafiidnuusvannvareuasiivuinlg

3.5 nsHnuasnadavlung

wdndenmedaiilduds sdeinisinlmnalpeld Training Set waznaaaude
Test Set Ingdunouiazifunisususasnasaiitnasoodlunalfinunzauuazussiiiy
Uszansnmvesluna

1) n1sialunaagly Training Set Tun1sinlunalagUsunisdmesang ¢ Lgu
leamning rate iloifinA LIS VR sHadWS TN TIgn

2) nsnadaulunalaeld Test Set Wonadounuaiusaveslunalunisiiuie
Tneld Evaluation Metrics 10U Accuracy, Precision, Recall, F1-Score wag Precision-Recall
Curves Tun1suseiiiuna
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3.6 N1TUTELILUNE

NRNNAADULULAALAD 98ABINN1SUSEIAUNAN15YIIWIEA28n151Y Evaluation
Metrics 1iiovarmnuiugwazUszansnmuosluna

1) Accuracy 8M31ANYNADIVBINITVINUEY

2) Precision ﬂ"lm’mLL@JuE‘J’ﬂumiﬁwmsqﬂﬁwﬁwamﬁﬂu‘%mi

3) Recall ArAuaansaveslunalunsszygnafiazenianuinisligniesain
T\T’m’m@ﬂﬁﬂﬁf\]%lﬂ@ﬂ%gﬁﬂmw

4) F1-Score AMANLEANAATENIN Precision wag Recall

5) Precision-Recall Curve mﬁﬂmmmmimmiumaiummaﬂLLazQﬂé’ﬁﬁaméﬂ
‘U‘%miaaﬂmﬂqﬂﬁwﬁé’ﬂ%ﬁmi

A1519% 3.1 ®1519 Evaluation Matrix

\unsn GE UTTAIA
Accuracy TP +TN ANULUNENAYTILVDINTTIUUNYTZLAN
TP +TN +FP +FN
Precision TP M5inANNLEugluAISiIuEUIN
TP+FP
Recall TP N13ATBUARUYBINTAIVINDT
TP+EN
F1-score PrecisionxRecall mﬁmﬁﬁ’]ﬁﬁammama%ﬂ Precision i@y
Precision+Recall Recall

=l = a a
3.7 mswseumeudesansain
HANISNAFBUINSANDILasstasgniunUSs Ui uiulagldamnuusiug
Accuracy, Precision, Recall, F1-Score la¢ Precision-Recall Curve 7azaaeliaunsadan

[y

9aNOINUNMNNZaNNAlUNITIN YN TEAEAUINITVRIANAITUIATST

3.8 adesdefilddmiuise

nssiunsiseiiegldiniesleuasntenlusunsusad

- Python Tddmsumswaunlusunsuiaznisinluimg

- Libraries @wsunisisslunisadsisiaznaasulina Numpy, Pandas, Scikit-learn,
Matplotlib, XGBoost, CatBoost

- Jupyter Notebook @15un1510sUlUTLATULAZNITUAAINANITAGDY
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NaN1sNAAaad azn159nUsIaNa

Tuunilaviiauenanisnnassanmsvegeuleasine o lddmsunsyunenis
snEnTadiurnvesgnisunasinenisliinsesiiouardanesiumsioudvesaiosduiu
6 67 bokA Logistic Regression, Random Forest, CatBoost, AdaBoost, Gradient Boosting
way XGBoost MsiFeuiieunanisvadauIzinnsannuesniiddey Tdun Accuracy,

(%

Precision, Recall, F1-Score Wag Precision-Recall Curve Mdusidinuszansninvodduing
Tuawyhuienisenanusnig

4.1 WAN1INNABY
TumsfinwillavinisnaaeulananisiguiveunssmaiegUluuiiedininis
MuemMsendnvyRurinvegnasuasInmaiailanaliudluuni 3 loun

4.1.1 n135IUTINdeYa
Meg1ateyafignyiuTulausuinseglusuil 4.1 uag 4.2 31U 10 Aodul

cust_no open_acct_date email_validate_ind verify_sub_channel current_age gender occupation income_source income_range marital_status ... close_kept luckydra

Freelancer/Self-

80512  000000YY4XZ3X1 8/14/2024 \é SCB 32 Male F R
Employed

Savings L i, I Single .
29,999

175294 0000001800315 2 Branch 35 Female Company Employee 5 o Single ..

321642 00000000YX7ZZY 6/16 Branch 5 Male  Company Employee Agggéog‘?h; ‘Regi';“fe’r’:‘;
569012 0000007587547 8/26/2024 KBANK 27"\ Female  Company Employee 7 single ..

68674 000000YZ4Z855Z 2172022 ) 7-n 3 Male Company Employee Divorced ...

1 0-
29,999 Baht
Freelancer/Self- Private 15,000 - Married

Employed Business 29,999 Baht (Registered) ™

50,000 -
99,999 Baht

382783 000000YZ001443 8/9/2021 71 57 Female

62648  0000001Y873Z48 9/22/2020 Branch Female | Company Employee *  Salary/Wages Single ...
Business Owner

(with Private 15,000 -

CommercialfJuristic Business 29,999 Baht
Perso...

580649 000000Y488Z3XY 12/31/2024 KBANK Female Single ..

15,000 -

478500 00000015XZ1XYX 5/11/2024 T™MB Female . Company Employee Salary/Wages 29,995’3 Baht

Single ...

402978  00000033Y40Y4X 2/18/2024 N SCB 26  Female Civil Servant Salary/Wages 2 :’1\5 X Single ...

10 rows x 24 columns

sUN 4.1 dregetoyadiui 1

SUN 4.1 wanwmnsuilnenuiiaziadiusenaunistayas q lneaedud
PRIl cust_no, email validate ind, verify sub channel, current age,
gender, occupation, income source, income range, marital status L&y

acct_status
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luckydrawy2024 s99_24 sonline_kept_event2024 no_of_txn2024_c trxn_amt2024_c keptapp_bal_31dec24 first_deposit_date first_deposit_amt fisrtdate_join

NaN NaN NaN 0.00 NaN 0.0 8/14/2024

10.0 31.95 4428.20 11/2/2020 10000.0 11/2/2020

5.0 2086.08 2087.03 6/16/2020 6/16/2020

8.0 411117 4111.39 8/25/2024 99.0 8/25/2024

NaN NEL 0.09 2/18/2022 1000.0 2/17/2022

45.0 2581499.41 486934.01 8/9/2021 5000.0 8/9/2021

1833978.40 27589.73 9/22/2020 10000.0 9/22/2020

12/31/2024 12/31/2024

20955.17 55.17 5/11/2024 5/11/2024

28089.23 1000.08 2/18/2024 . 2/18/2024

3UN 4.2 feestayadiud 2

SURl 4.2 uanwniiineduiiiaziandiusznousnedeyadiavsing q Tne
redniitessd <99 2024, c_online event2024, no_of txn2024 c,
trxn_amt2024 c, bal 31dec24, first_deposit amt, difference_lld,
difference_oad, oad mld Wa¥ nb_months fdd

4.1.2_maasgutaya

v oy Yo
4.1.2.1 ﬁi?ﬁ]ﬁ@U?JE]%ﬁVl'lﬂiUﬁ]qﬂﬁuqﬂqi
U0LATUNIATUINTITADU I NIvUANADENY, fUszinndaya
aylstn uazdruudesaluldazasdiul

RangeIndex: 627470 entries, @ to 627469

Data columns (total 24 columns):

#  Column Non—Null Count

cust_no 627470 non-null
open_acct_date 627470 non-null
email_validate_ind 627470 non-null
verify_sub_channel 611067 non-null
current_age 627470 non-null

gender 627470 non-null
occupation 627469 non-null
income_source 627470 non-null
income_range 627469 non-null object
marital_status 627470 non-null object
acct_status 627470 non-null int64
is_open_tgt 627470 non-null int64
phone_os 588884 non-null object
max_login_date 626489 non-null object
close_kept 10764 non-null object
luckydrawy2024 336668 non-null float64
s99_24 336668 non-null float64
sonline_kept_event2024 336668 non-null float64
no_of_txn2024_c 407673 non-null float64
trxn_amt2024_c 407673 non-null float64
keptapp_bal_31dec24 605141 non-null float64
first_deposit_date 515943 non-null object
first_deposit_amt 616731 non-null float64
fisrtdate_join 627465 non-null object
dtypes: float64(7), int64(3), object(14)

© O NV A WNR S

JUN 4.3 nmsinvestoyailaansuins
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JUN 4.3 uanwnsnnil 24 Aedul wisudeyanig 9 Wy Uszianves
Toya, Iudeyailiiduming uastenadul

4.1.2.2 a5 unndaya

1) @590 IMNNINTENLAIYURIGNAIEUIANT
2)

acct_status
W o
| I

count

current_age
JUN 4.4 01MNNINIEANFIDILUDIQNAITUIATS

SUT 4.4 LanIn13nseNeIe18veanAIsuIASiBuiunIsenidn
UINIslaed 1 Aemsenidnuinisiddy was 0 AedildauegiduNy

3) @3N MTBY AN

Distribution Of Gender And Different Card Statuses

churn

Female

Male

Female Churn
Male Churn
Female Not Churn
Male Not Churn

Female
388,282
61.9%

not churn

Female Not Churn
381,524
61.9%

UM 4.5 MMMNISNTZALAUNA

& = Y o [ 14 = = Y 1 Y o ¥ L% v
enanstiluenansianulidwiunisidanunenisfinyvintgu ey mlihlldusyloviaunisn

Lidnnsdllagnsdu dnvsiudilvidaudaiion wazseeg1eddadvesenarsnnasaniinisunluly
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JUN 4.5 uananisnszangmumASeuiiguiunsenidnuinig

4) a3nmMdayaanUA M

Proportion of Different Marital Statuses

Single

Married (Registered)
Married (Not Registered)
Divorced

Widow

JUN 4.6 anteyaanIun
JUN 4.6 uansdndiuvesanuzansanig 9 lugluuuusugiinemnay

5) asnmdayatiavesela

Proportion of Different Income Levels

15,000 - 29,999 Baht
Less than 15,000 Baht
30,000 - 49,999 Baht
50,000 - 99,999 Baht
100,000 - 399,999 Baht
400,000 - 499,999 Baht
500,000 - 999,999 Baht
Mare than 999,999 Baht

JUN 4.7 nndoyatisvesela

JUT 4.7 uansdndiuvestisvesglaluguiuuunuginnay

& = Y o [ 14 = = Y 1 Y o ¥ L% v
enanstiluenansianulidwiunisidanunenisfinyvintgu ey mlihlldusyloviaunisn

Lidnnsdllagnsdu dnvsiudilvidaudaiion wazseeg1eddadvesenarsnnasaniinisunluly
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6) @3N MYayaIN

Proportion of Different Occupations

Company Employee

Freelancer/Self-Employed

Unemployed/Nene-income earner

Civil Servant

Business Owner {with Commercial/Juristic Person Registration)
Business Owner (without Commercial/Juristic Person Registration)
Government Sector Employee

State Enterprise Employee

Pensioner

Agent

Broker

Paolitician

U 4.8 nmdeyasnTn
U7 4.8 Uanwindinvesednsiie qluguuuuunugianay

7) asnamdeyaszuulidsinisilene

acct_status
| o
o1

300k

250k

200k’

count

150K

100k

50k

i0s Unknown: Android

phone_os
UM 4.9 ndeyaszuulfUinisilete

JUN 49 uannsnszanefiszuuuinnisilefiovesgnAisunans
WguAUNSENANUSNNSIAET 1 AaN1SENENUSNNSHEEY way 0 Aedaldenu

gilaunduy

& = Y o [ 14 = = Y 1 Y o ¥ L% v
enanstiluenansianulidwiunisidanunenisfinyvintgu ey mlihlldusyloviaunisn

Lidnnsdllagnsdu dnvsiudilvidaudaiion wazseeg1eddadvesenarsnnasaniinisunluly
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8) @519 NYDINNINSEUTUAINU

acct_status

200k m o
"

150k

100k

oIi-I I- —r—

%' Ty Pz, ”"ﬂaa, 0’4 SC& Oy 72 45‘@ S gy, "’?2 o, CJAT& kg O, Csp ,,*Ss
sy g

1

=]
o

"o,
g, 74
i g

e

verify_sub_channel

JUT 4.10 MYeyatesmnemsBudusiinu

SUN-4.10 Uanen1sNT$N8MITBIM M STUSUFAINUYBIGNAITUIANS

= p = 2 ol A AN Y A vy
Yy Uﬂ']if]ﬂLaﬂUﬁﬂ']iIﬂEJV] 1 ABNITEALANUINITUEFN ay O Aodalyanu
9gilAuINY

4.1.2.3 udlvdayaiiviamelunazivaoulssnndoya

9n3U#t 4.3 azwiuldindeyaunsdinituiiiseneulushonadiel
saselui verify_sub channel, phone os, luckydrawy2024, s99 24
conline_event2024, no_of txn2024, trxn_amt2024, bal 3ldec24 uaz
first_deposit. amt Ifinsudlosail

1) Yoyausznn object lawn Yawnan1sBudusiinuiinstuduny
szuuduqadlddn Unknown  wagssuuififnisiledenlils android e
ios fifayaiivpmeluTaurlalnenislda Unknown iy

2) doyausviandiay. madngaalusiudiu tuckydraw2024, msidh
$2ulUsTud s99 24 uaz medsanlusTadu conline_event2024 14 0.0
wnunsbaladnsau ?i’)‘ld‘\ﬁ‘ld’)‘lm%’;ﬂﬁﬁ’liwmi, gondufivhsiens, vendu
Audeuazeaniuiinasausnld 0.0 unudauiiviemely

3) Joyausuianiuil shnmsuladidudnnuiiouvde Fuumuilels
Teaanunsavienule
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verify_sub_channel'] = df['verify_sub_channel']l.fillna("Unknown")
phone_os'] = df['phone_os'].fillna("Unknown")

df[*luckydrawy2024'] = df[*luckydrawy2024‘].fillna(@.0)

df['s99_24'] = df['s99_24'].fillna(0.0)

df['sonline_kept_event2024'] = df['sonline_kept_event2024'].fillna(@.0)
df['no_of_txn2024 c'] = df['no_of_txn2024 c'].fillna(0.0)
df['trxn_amt2024 _c'] = df['trxn_amt2024 _c'].fillna(@.0)
df['keptapp_bal_31dec24'] = df['keptapp_bal 31dec24'].fillna(@.0)

df ['first_deposit_amt'] = df['first_deposit_amt'].fillna(0.0)

v/ 0.0s

df['fdd'] = pd.to_datetime(df['first_deposit_date'l, infer_datetime_format=True , format='S%m/%d/%Y')
df['difference_fdd'] = (pd.Timestamp('2025-02-21') - df['fdd']) / np.timedelta64(1, 'D')
df['difference_fdd'] = df['difference_fdd'].fillna(@.0)

df['nb_months_fdd'] = (df['difference_fdd'] / 30.44).astype(int)

df = df.drop(['difference_fdd', 'fdd', 'first_deposit_date'l, axis=1)

df.head()
v 0.7s

JUN 4.11 Funluteyanuiamely

JUN 411 wansisnmsudludeyaniviameluvesusayaadil

4.1.2.4 WasudoyalMumasunsaldewld

domnlunasesmssuadoyatssinvianyingy.  3ldvhns
uwasdfoya fishaenall

1) dheasaudnisenidnuinislulivieminas

2) wasteyamdbieglusuiuy 0 way 1 Tnefinemdadiandy 1
waginayedAlu 0

3) WlawleyaszuuyuRnisiedenvuali jos \Uu 1, Android
\Uu 0 wagll Unknown 0u -1

4) wdasteyanistududua Mvualiy Aa 1 uag N Ao 0

5)uvastoyailiudoya Dummy - #e38n115 One-Hot Encoding
Usznauluaie dayae1n, F3avessiels, widsiingeld, @ounm uas
Paananseudusiinu

6) aunaduifignuuaadu Dummy oon
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df.insert(@, 'acct_status', df.pop(‘'acct_status'))
df_copy = df
df_copy['gender'] = df_copy['gender'].replace({'Female':1, 'Male':0})
df_copy['phone_os'] = df_copyl['phone_os'].replace({'i0S':1, 'Android':@, 'Unknown':-1})
df_copy['email_validate_ind'] = df_copy['email_validate_ind'].replace({'Y':1,'N':0})
df_copy = pd.concat([df_copy,pd.get_dummies(df_copy['occupation'])],axis=1)
df_copy = pd.concat([df_copy,pd.get_dummies(df_copy['income_range'])],axis=1)
df_copy = pd.concat([df_copy,pd.get_dummies(df_copy['income_source'l])],axis=1)
df_copy = pd.concat([df_copy,pd.get_dummies(df_copy['marital_status'l)],axis=1)
df_copy = pd.concat([df_copy,pd.get_dummies(df_copy['new_verify sub_channel'])],axis=1)
df_copy.drop(columns =
[

‘verify_sub_channel’',

'new_verify sub_channel’,

'occupation’,

'income_source',

‘income_range',

'marital_status',

‘cust_no'l,
inplace=True)

sUil 4.12 msuasdeyalidu dummy

Ul 4.12 uansisnisuvasioyadmsulldhileanagauaeduti
Llalgaen

dlavhmiaulastoyadu Dummy  a¢ldaudnuvarlmitomun 43
Audnwa Ienadnifagui 4.1

Data columns (total 37 columns):
Column

Broker
Business Owner (with Commercial/Juristic Person Registration)
Business Owner (without Commercial/Juristic Person Registration)
Civil Servant
Company Employee
Freelancer/Self-Employed
Government Sector Employee
Pensioner
Politician
State Enterprise Employee
Unemployed/None-income earner
100,000 - 399,999 Baht
15,000 - 29,999 Baht
30,000 - 49,999 Baht
400,000 - 499,999 Baht
6 50,000 - 99,999 Baht
500,000 - 999,999 Baht
Less than 15,000 Baht
More than 999,999 Baht
Dividend from instrument / funds
Earnings from service provision
Earnings from trading business / Commodities price
Heritage/Gifts
Instrument/Funds
Investment Capital
Loans
Other
Parent
Private Business
Salary/Wages
Savings
Divorced
Married (Not Registered)
Married (Registered)
Single
Widow

U7l 4.13 %@gaﬁgﬂﬁﬂ One-Hot Encoding
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]
=

JUN 4.13 uansteyaludiuiign One-Hot Encoding "3evindiLUs

Y

Dummy iebiannsathandnluldlulunanisdouiveansosta

4.1.2.5 widgymdeyaiiliauga (Imbalanced Data)

idlesandeyaildduandanmsenidnuinig  (Chum) egifles 2%
NMIneaealiinsuileaieisnis wATlANTEUFIRE ALY
Synthetic Minority Oversampling Technique (SMOTE) Taglgvinnisidiy
foyanisendnuinisanidu 2% 1Ju 10% ielilumaiwunliiegyiune
Aana 0 s wutiesniiléndu

df_copy['acct_status'].value_counts()

v/ 0.0s

acct_status
1 616706
7} 10764
Name: count, dtype: int64

oversample = SMOTE(sampling_strategy = 0.1, random_state=42)
X, y = oversample.fit_resample(df_copyldf_copy.columns|1:1], df _copy[df_copy.columns[@]])

usampled_df = X.assign(Churn ='y)

A A.0s

usampled .df['Churn'].value_counts()

/ 0.0s

Churn

1 616706

7} 61670

Name: count, dtype: int64

sUl 4.14 maudtlywideyadiliamga (SMOTE)

U 4.14 waneisnisldends SMOTE aswiulsindeyaduatuiiAnisenidn
Usn1sey 10,764 awyibiliandiugudu 61,670 AU

4.1.2.6 viMsuUasA1  Dummy  LiNeaniiRvetayaneasnis

PCA

e991ndauUs Dummy seusfisiununndaldldiinis Principal
Component Analysis (PCA) \fieans1uinvesiauds Dummy a3 lagagld
fuds Dummy simedildainnnsyih One-hot encoder Tieglusunuures
PCO-PCT Fodvainsldiaiine Lansiuuiifvesiauys Dummy an 43 @
Tinde 8 fh faguil X.X 2.am overfitting Iosanlunadisiliaefioeziiuly
919 overfit ladne B.ﬁﬂﬁmﬂ%uiﬁuaﬂm@aL%ﬁ%uLﬁaﬁﬁuauWLaaﬁamaﬂ
Faidoveensldisine Lugwinyh PCA udrarldansassunefiee ik
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M PCA udld 2.msld PCA wneduteya auufgiudeyasieiiios
(continuous)  luiitlanunsaldisoulau  Multiple  Correspondence
Analysis (MCA) %38 Feature Selection

Explained Variance Using 8 Dimensions

M individual explained variance
—e— cumulative explained variance

0.1
1 2 - 4 5 6 7

Principal components

Ul 4.15 SnandumnudUsUsIves PCO-PCT

gﬂﬁ 4.15 WanansWSREIUAILUTUTIU LR
s doyaaeyaliLd
1) prusUsUufiesungldusaysa  (individual explained
variance) wansouyieduniy
2) PrauUsUT oS uneldasan  (cumulative explained
variance) wane e duduaaiTindeamng
Wi RuuansnnukUsUsuTiss e [ usar i msuusas
psAUsznoundn Ingasdtsznouisniaunniigatagavosesduszneudaly
AnANIS oY ¥
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Total Explained Variance: 67.31%
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JUN 4.16 anudiussenintesausenaunande 9 Tuyadeya

'gﬂ‘ﬁ 4.16 - u@AINIINNSEINY (scatter plot  matrix) Twang
AMUFLITUSTEMINBIAUsENaURAan (Principal Components) PC-0 §is PC-7
Touynveya laedluny X way Y udasiauazaeduiluwminduans scatter
plot s¥mI19AveeIAUsENDUNaN W PC-0 fiu PC-1, PC-0 fiu PC-2 1usiu
i scatter plot wandliiuindoyanszagfluarusznoundnsiu o (au
PC-0, PC-1) waina3) PCA viaulantunisands

4.1.2.7 wanuaunusveslayaiiatenanansasluldluluing
nMsneaealaldisnisimIudius el Pearson WA
Spearman Tunisiaenandnuae lakaansAgun 4.17
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JUN 4.17 Uansnuduiusueas Pearson WAy Spearman s¥MINaAMENYY
fie 9 Auesdusznoundn anglasiuldnnadnuaedwieluilfinnuduiusiunis
gndnusnistan 1.luckydrawy2024 fianudususlulufiemadeiiuiunisenan
U3n1g,  2difference mld  fianuduiusluiianisessiudiuiunisenidnuinig,
bal_31dec2d, trxn_amt2024 c uag nb_months_fdd Jalinisidenmaanuue

& = 3 v O = = 1%
wanllumegeululuwa  slusesduszneunanvimuaiivellumaanansaiious
INYeYANgN One-Hot Encoding f7g

4.1.3 iW1518wasimnzaunulung
Tuntsnaaeuluwalsnlavinn1sAum)  Paramter  Uadu@azluLaalituunsay
#1835nN15 Random Search lanadnsaail

4.1.3.1 A1SUIAINITIARDIVOILULAA Random Forest

from sklearn.model_selection import RandomizedSearchCV

param_dist = {
‘n_estimators': [100, 200],
‘max_depth': [5, 1@, Nonel,
min_samples_ R 12, 518
min_samples_lea b

‘class_weight': ['balanced', Nonel

}

rf = RandomForestClassifier(random_state=42, n_jobs=-1)
rf_search = RandomizedSearchCV(

rf, param_distributions=param_dist, n_iter=10, cv=3, scoring='recall’', n_jobs=-1, random_state=42, verbose=0
)

rf_search.fit(x_small, y_small)

print(“Best Params:", rf_search.best_params_)

Best Params: {'n_estimators': 100, 'min_samples_split': 2, 'min_samples_leaf': 2, 'max_depth': 5, 'class_weight': 'balanced'}

UM 4.18 n13RsAImnmns1ineiveling Random Forest

Ul 4.18 wansmsAuvnsiiwoslagld RandomizedSearchCv Tneds
HonyanasIdiwesdan 10 4a  (n_iter=10) wagldnisudstoyauiuy  cross-
validation 3 @ (ev=3) Inauin1sussdiuld recall 1T inusyavsninuadliiaa
PnNan1sveassly  RandomSearch - IdnaawdAe  {n_estimators: 100,
'min_samples_split: 2, 'min_samples leaf: 2, 'max _depth" 5, 'class weight"

'balanced'}
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4.1.3.2 A1SUIAINITIAADIVRIIULAA AdaBoost

v param_dist = {
'n_estimators': [50, 100, 150, 200],
'learning_rate': [0.01, 0.1, 0.5, 1.0]

}
ada = AdaBoostClassifier(random_state=42)
v ada_search = RandomizedSearchCV(ada, param_distributions=param_dist,
n_iter=10, cv=3, scoring='recall', n_jobs=-1, random_state=42, verbose=0)
ada_search.fit(x_small, y_small)

print("Best Params:", ada_search.best_params_)

Best Params: {'n_estimators': 200, 'learning_rate': 1.0}

JU#14.19 MInsrmmsniiimesvesliiang AdaBoost

U7l 4.19 uamsmsfunnEinesiagld RandomizedSearchCV Tawgy
Bonyansdiwesduie . 10 4a  (n_iter=10)wagldnsuustoyaiuy  cross-
validation 3 99 (cv=3) inausimsuseidiuld recall \usddnusvansninuadiiaa
91NN sVnaesly  RandomSearch — lanadwsAe  {n_estimators: 200,

learning_rate’: 1.0}

4.1.3.3 AISUIAINI5IARSVRIIULAEA XGBoost

xgb = XGBClassifier(eval_metric="logloss")

xgb_param = {
'n_estimators': [100, 200, 300],
‘max_depth': [3,.5, 71,
learning. rate': [0.01, 0.1, @.2],
'subsample': [0.6, 0.8, 1.0],
colsample_bytree': [0.6, 0.8, 1.0]
}

xgb_search = RandomizedSearchCV(xgb, param_distributions=xgb_param,
n_iter=10, cv=3, scoring=‘recall', n_jobs=-1, random_state=42, verbose=0)

xgb_search.fit(x_small, y_small)
print("Best Params:", xgb_search.best_params_)

Best Params: {'subsample': 0.6, 'n_estimators': 300, 'max_depth': 5, 'learning_rate': 0.2, 'colsample_bytree': 0.8}

5UN 4.20 msmaAmmiinesvedliing XGBoost

Ul 420 wansmsduvnsiiweslagld RandomizedSearchCV Tneda
Wonyamsilnesduin 10 g (n_iter=10) uazl¥nisuusloyauuy  cross-
validation 3 40 (cv=3) inain1sUssdiuld recall ifusi¥aussansnmuaduaa
nNan1svnassly RandomSearch lakadnsas {'subsample”: 0.6, 'n_estimators'":
300, 'max_depth": 5, 'learning rate": 0.2, 'colsample_bytree": 0.8}
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4.1.3.4 NSWIAMNISAAB3YR9ULAA GradientBoosting

gbc = GradientBoostingClassifier(random_state=42)

gbc_param = {
'+ [100, 200, 3001,
e': [0.01, 0.1, 0.2],
3, 5, 71,
‘subsample': [0.6, 0.8, 1.0]

gbc_search = RandomizedSearchCV(gbc, param_distributions=gbc_param,
n_iter=10, cv=3, scoring='recall', n_jobs=-1, random_state=42, verbose=0)

gbc_search. fit(x_small, y_small)
print("Best Params:", gbc_search.best_params_)

Best Params: {'subsample': 0.8, 'n_estimators': 300, 'max_depth': 5, 'learning_rate': 0.2}

sUM 4.21 MsasAmINITdiinesvadlung GradientBoosting

ST 421 wansmsduvninsiweslagld RandomizedSearchCV Tneda
Wonyannsdiwesduin - 10 ga  (n_iter=10) wazldnisudstoyaiuy  cross-
validation 3 4 (cv=3) inauin1susyidiuld recall iufd¥nussdvEninuadliiaa
nNan1svaassly RandomSearch lanadnsaa {'subsample’: 0.8, 'n_estimators'"
300, 'max_depth'" 5, learning rate’: 0.2}

4.1.3.5 n1suIAINIsIALRRSVRelULAa CatBoost

cat = CatBoostClassifier(verbose=0)

cat_param = {
‘iterations': [1@@, 200, 300],
‘depth': [3, 5, 71,
Alearnindsratet=nla.- 015001, yo: 214
*12_leaf_reg': [1, 3, 5]

}

cat_search = RandomizedSearchCV(cat, param_distributions=cat_param,
n_iter=10, cv=3, scoring='recall’', n_jobs=-1, random_state=42, verbose=0)

cat_search.fit(x_small, y_small)
print("Best Params:", cat_search.best_params_)

Best Params: {'learning_rate': 0.1, '12_leaf_reg': 5, 'iterations': 200, ‘'depth': 7}

JUN 4.22 nsasAmnnsilinesvesluag CatBoost

Ul 4.22 wansnsduvniiweslagld RandomizedSearchCV Tneda
WengamEwesIua 10 YA (n_iter=10) uwagl¥nisuusdayaluu  cross-
validation 3 99 (cv=3) inqusin1sUszdiuld recall \HusP¥ausyavsninuadliiaa
91nNaN1IVAaedly RandomSearch lanaawsae {learning rate” 0.1, '\2_leaf reg:
5, 'iterations": 200, 'depth": 7}
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4.1.3.6 NsWIAIMNIIMEsYRslUAE LogisticRegression

1r = LogisticRegression(solver='saga', max_iter=1000)

lr_param = {
‘C': [0.001, 0.01, 0.1, 1, 10, 100],
‘penalty': [*11', '12'],
‘class_weight': ['balanced', None],

)

1lr_search = RandomizedSearchCV(lr, param_distributions=1r_param,
n_iter=10, cv=3, scoring='recall', n_jobs=-1, random_state=42, verbose=0)

lr_search.fit(x_small, y_small)
print("Best Params:", lr_search.best_params_)

Best Params: {'penalty': 'l1', 'class_weight': 'balanced', 'C': 0.1}

JUN 4.23 N15AsAIMInT513nesvesliing LogisticRegression

Ul 423 uananafummnsiweslagld RandomizedSearchCV Towgy
Honyannsdiwasduan 10 aa (n_iter=10). wagldnmsuustoyaluy  cross-
validation 3 901 (cv=3) inauin1sussiiuld recall iufd¥ausvavsnmuadliiaa
9InNan1Iveassly RandomSearch lanaansas {penalty: L1, 'class weight"
'balanced’, 'C: 0.1}

4.1.4 @annAtANISIIUNY
mnmsdunioyaldvhmadenmatanisviuneunts 6 wialdun
1) Random Forest
2) AdaBoost
3) XGBoost
4) Gradient Boosting
5) CatBoost

)

6) Logistic Regression

rf_pipe = Pipeline(steps =[ ('scale',StandardScaler()), ("RF",RandomForestClassifier(random_state=42)) 1)
ada_pipe = Pipeline(steps =[ le',StandardScaler()), ("RF",AdaBoostClassifier(random_state=42,learning_rate=0.4)) 1)
xg_pipe = Pipeline(steps =[ ('scale',StandardScaler()), ("RF",XGBClassifier(random_state=42,learning_rate=0.4)) [)

gb_pipe = Pipeline(steps =[ (' ,StandardScaler()) F",GradientBoostingClassifier(random_state=42)) ])
cb_pipe = Pipeline(steps ',StandardScaler()), ,CatBoostClassifier(verbose=0)) 1)
lr_pipe = Pipeline(steps ('scale',StandardScaler()), ("RF",LogisticRegression(random_state=42)) ])

/ 0.0s

3UN 4.24 nsssrlumanisiseuiveunies

a ad :.’/ ! a k4 d‘
EU‘V] 4.24 LLﬂﬂQ’Jﬁﬂ’]'ﬁ(ﬂ\‘iﬂ']‘UE]\‘iIlIL@ﬁﬂ'ﬁlﬁ&lug‘ﬂ@ﬁmi@ﬂ
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4.1.5 Usziliuma

nasnnageUlileanal  dnisuseiliunanisyinuneaienisly  Evaluation
Metrics 1ilovnAnmausluguayseavsnmaeduina tenanisnaaossad

1) naansvedliinasie 9 vudeyanageu

Model Results On Test Data

Model Accuracy On Precision On | Recall On Test | F1 Score On
Test Data Test Data Data Test Data

Random Forest 0.91 0.99 0.5 0.66
AdaBoost 0,97 0.73 0.91 0.81
XG 0.99 0.88 0.98 0.93
GradientBoosting 0.99 0.87 0.97 0.92
CatBoost 0.92 0.99 0.54 0.69
Logistic 0.86 0.99 0.38 0.55

SUN 4.25 915NHENSUDIURYANAFDY

= v & ] A o o Y a
sun 4.25 LL?WNNaaWﬁ‘U@\ﬂllLfﬂa‘mﬁ‘ﬁlﬁﬂLN@UWNWIGUWWﬁ@UﬂUGU@NUﬂV]ﬂa@‘U‘V]

U

gnuyald

2) Confusion Matrix 84litna Random Forest

Prediction On Original Data With Random Forest Model Canfusion Matrix

Mot Churn

120k

Predicted Churn

Predicted Not Churn 138794

35U 4.26 Confusion Matrix dwsunisvimunguudeyanageulaglyluina Random Forest

gﬂﬁ 4.26 wany Confusion Matrix @wsuluwma Random Forest Mlgvinune
ANSEANUINIS (churn)
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AstuUseanidudarulann

sutreuulamavnunginenan walia1asedendn = 15,448
ANUVVULARYINUNIYINENLAN kaTIA1IR398NEN = 15,233
sutreanslueaiiuneInllendn wasiianaseliendn = 138,794
fuYNaNLAaYinuIeIllendn wadA1assenan = 119

e a 1 [} = v = a = = o Y} 1
AlunnsredinstaseauanndiradulUauded@viass LanInaIIUILYD P984

TunsiagnInmy

3) Confusion Matrix ¥89lutna AdaBoost
4)

Prediction On Original Data With AdaBoost Model Confusion Matrix

Nat Churn
150k

Predicted Churn

Predigted Not Churn 153202

JU# 4.27 Confusion Matrix #wsunisvinnguuteyannaeulaglilung AdaBoost

gﬂﬁ 4.27 wana Confusion Matrix d@wsuluea AdaBoost Algvinunens
gNLANYINIT (churn)
patuUpan dudaulann

s DU

sughgvulumaiiuigendn uadanaseladendn = 1,040

AUV NUULILAAYIIUNEINENEN LavdiA1asenan = 11,187
sutrganslumaviuneinliondn waslidiasakdenidn = 153,202
pruraslaearuneInluendn Ladaassendn = 4,165
Flumsedinislaszauaniiaduluaudsdindss wansdatIUINTRRIDEN

TunsiagnInmy
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5) Confusion Matrix Ua4lataa XGBoost

Prediction On Original Data With XgBoost Model Confusion Matrix

Not Churn

150k

Predicted Churn

100k

50k

Predicted Not Churn 154008

5U# 4.28 Confusion Matrix dmsumsviiguuteyanageulaglyluna XGBoost

SU4.28 ugng Confusion Matrix dw3ulama-XGBoost: fildsiunenns
gALaNUINIS (churn)

s etiuy seenduadiulaun

PugeULlULWaRINIeIENLEN LATAIRSeltenEn = 234

PIUVIUUTULABYTUEEAEN LazdiAassanian = 13,440

usgaItumaniuigIllendn wariiaiaseliendn = 154,008

FrugNanslunartuieanlienian wasla1aseendn = 1,912

Flumsafinaslasgauanddraduluauiedivaes. LanedeauIuYDIsiegIa
TuusazvInny

6) Confusion Matrix v3luiaa Gradient Boosting

Prediction On Original Data With GradienBoosting Madel Confusion Matrix

Not Churn

Predicted Churn

Predicted Not Churn 153795

U1 4.29 Confusion Matrix §wiunisvinnguuteyanaaeulaglilung Gradient

Boosting
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SUN 4.29 wane Confusion Matrix dwsulaiea Gradient Boosting 91l
YNUILNITENLANUSNIS (churn)

‘;’ I I~ a v 1
A9tk UIRan TuddulawA
ugrsuuliwarnuieInenan wadanasldendn = 447
ANUVVULLARYINUIYINENLAN kaTIA1R398NEn = 13,391
sugngaslumarinuieInluendn wazile1aselidenan = 153,795
surnaalinarnuienllendn wala1asendn = 1,961
e a 1 [} = v = a = = o Y} 1
AlupnsredinistaseauanndiradulUaudedass LARINIIIUILYD P19

Tuusagmanany

7) Confusion Matrix vadlaina CatBoost

Prediction On Original Data With CatBoost Model Canfusion Matrix

Not Churn

140k

120k

Predicted Churn

Predicted Nat Churn 141070

5U# 4.30 Confusion Matrix dwsumsvinnguudedanageulagliliing CatBoost

'gﬂ‘ﬁ 430 uand Confusion Matrix dwsulinaa- Gradient Boosting il
YIUIPATUALENUINNT (churn)

asastindsoen dudaulaun

pugrgvulinariuigngnian uadaiaseldenidn = 13,172

AuIUULIRAYIIUNEIeNEN Lasdaasunian = 15,169

sutearstumauieInllendn wazlianaseldenidn = 141,070

pugnanslumarinuigInllendn weda1assendn = 183

Flumseiinislasgauannfiiatuluautdindes wansdatIUILTRIRIDENS
Tunsiag Iy
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8) Confusion Matrix ¥8sluing Logistic Regression

Prediction On Original Data With LogisticRegression Model Confusion Matrix

Mot Churn Chum

Predicted Churn

Predicted Not Churn 129887

U 4.31 Confusion Matrix §wsunsvinhguuteyanaaaulagldlung Logistic

Regression

g‘dﬁ 431 wang Confusion ‘Matrix dwisuluwa ‘Logistic Regression 7l
YMUILATEAENUSNNS (churn)

msstidsonndudaulaun

fugevLldeauignenan wndaiasedyendn = 24,355

AUIMULTAaYIIUIEENEA LazdlA1959enEn = 15,218

sutgalumaviuieilisnan waviianaseaienidn = 129,887

paugNaNliaarnuieInllendn uediAtessendn = 134

Flunisneiinaslasgauanndinatuluautesdingss wansdItINIUTRIRIDEN9
Tuuwsagviav
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4.1.6 Wgueguuseansnn
Tngyinsusziliunaansaeamdingns 9 laun  Accuracy, Precision,
Recall, F1-score way PR-Curve %nmam31/1maaammiaagﬂiﬁﬁamswﬁ 4.1

A19199 4.1 MTNUENIHANITAFRUTNlUIAaAT o FelUdusurinunen1sanEnUINITUDS

anA
Model Accuracy Precision Recall F1-score
Random Forest 0.91 0.99 0.5 0.66
AdaBoost 0.97 0.73 0.91 0.81
XGBoost 0.99 0.88 0.98 0.93
Gradient Boosting 0.99 0.87 0.97 0.92
CatBoost @92 0.99 0.54 0.69
Logistic Regression 0.86 0.99 0.38 0.55

sl

PINHadNETeuTUI Tina XGBoost lrinadwsiiian lasdidn Accuracy
Wi 0.99, Precision WU 0.88, Recall 1wy 0.98 way Fl-score Wiy 0.93
wanslidiuvinlinatiannsasiungniieg ondnusnisidesautugunniigeile
Weuiuliingdu
Tuvgusi. Gradient Boosting  fiszavsnmmduddusesann  Inedien
Accuracy agj‘ﬁ 0.99, Precision WU 0.87, Recall AU 0.97 way Fl-score
Wit 0.92° Fedsnaduluinaiifussansamgalumsneinsainisenidnuinisves
anAN
IML@aﬁﬁmmmuﬂu&?ﬁﬂﬁqmﬁa Logistic Regression #ilfn Accuracy Wies
0.86 WAz Precision ag#i-0.99 UsHinA1 Precision 9¢gafla 0.9 usien Recall uag F1-
score fiftiies 0.55 wansliiuinusz@vsnmlagsivesiinaadilifinedniunis
g3
4.2 nseAUTIENE
NNHaNTMAaesansa i eAldinlina XGBoost LHusideniinfigadmiunis
vhunemsenidnda@tushnuesgniisuiasidesananunsaaiisaugasewing Precision
uay Recall lfoesfiden villiAndn Fl-score Migeanniia 0.93 Ssagvioufiannuanunsaves
Tusalunsnennsaingugnéifuunltinzsnidnuinislsediegndes Tumanssiudy uifi
LA AdaBoost Uay Gradient Boosting a¢ilein Recall g4fis 0.91 uag 0.97 uAilA1AIY
wiudn (Accuracy) uazeudesiulunsinng (Precision) Sseeudnan Fsenathlugnis
Ain False Positive g1 dso19vhlviiAnanudlafislumsthnadnsluld



a2

snmstaneinadndluaded  uusildld  xGBoost Wulumeandndiniunis
nensaimIsnidnuinisvesgndsuias esnnddidtadiatianidesoudeutuling
du 9 etndlsAimy  esiinsasieaeuanuannsavestumaiindsluanunsaififideya
Wasuuas sufemeaeuivyateyalysiiielilailunaausaldanuldazdy
ANNLINGOUVBITINITUIANT

4.2.1 Logistic Regression

Tunafiuguddlddmiusuuntssinn (Cassification) Tnglddteriduladafin
TunsAnaenuiasdureiwiasaad nan1svnassnudn Logistic Regression i
A1 Accuracy 0.86 Wag Precision 0.99 W#iA Recall tay Fl-score gﬁﬂﬁﬁaaﬁqm

Precision-Recall Curve

Precision

02

—— Precision-recall curve of class 0 (area = 0.996)
—— Precision-recall curve of class 1 (area = 0.638)
= micro-average Precision-recall curve (area = 0.967)

0.0 02 04 06 08 10
Recall

g‘d‘ﬁ' 4.32 N5 N\eng Precision-Recall 984 Logistic Regression

gﬂ‘ﬁ 4.32 Wans Precision-Recall (PR) Curve vosluiaa Logistic Regression
Tuanslidiuusy ansnmedumalunissauunusareand

- paa 0. (Wude, AUC = 0:996) limavhaulamnalunmssuunaanail

“pand 1 (duAiTen, AUC = 0:638) lmadsnidilamlunmssuunaanadl

- A1 Micro-average Aautnegy (AUC =-0.967) uansliiiuinlunalngsiud
Meulad wdinasiidgmluviseana

4.2.2 Random Forest

Random  Forest Wulamaiilénisideuiuuumssuiuvessiuliifinduls
(Decision Trees) wanesiu vinlvilmuanusalumsdansdeyafifinnududouldd
uAInNANITRaDsUIliA1 Recall 0.50 wag Fl-score 0.66 dso1aidumsnzdoya
fianulyiauna (Imbalanced Data) vilwiluaalviAn Precision gdam 0.99 usidlAn
Recall #in
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Precision-Recall Curve

—— Precision-recall curve of class 0 (area = 0.999)
—— Precision-recall curve of class 1 (area = 0.913)
= micro-average Precision-recall curve (area = 0.979)

00 02 04 06 08 10
Recall

gﬂﬁ 4.33 A5711LaAY Precision-Recall U89 Random Forest

SUl 4.33 uansrmdnsdsil
—amd 0 (udsh, AUC = 0.999) Taknaanunsasuunaanat ioens
wiugNAUaNYSIMUY
- aana 1 (FudiTen, AUC = 0.913) Tsinaasnsaduuneaadlaa
M Micro-Average (fuuszdiinity, AUC = 0.979) Jums
UssiiunasanveInNgINs0vadlunalunaaia
NN wandliiudlaaasuunlddluynaaia

4.2.3 CatBoost

CatBoost 1Wulaea  Boosting ~ fignasnuuvnlivinnuldduudeyaid
Snwauzidu Categorical | Data  lesianiz  Wafilaa1nn1sunaswmansliiugi
CatBoost & Accuracy 0.92 Waz@1 Precision 0.99 s?faagﬂusxﬁmﬁmﬁ’u Random

Forest

Precision-Recall Curve

—— Precision-recall curve of class 0 (area = 0.999)
—— Precision-recall curve of class 1 (area = 0.942)
= micro-average Precision-recall curve (area = 0.990)

00 02 04 06 08 10
Recall

g‘l.lﬁ 4.34 n3571ua@ng Precision-Recall ¥84 CatBoost
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JUN 4.34 wanansmluna CatBoost viuneaana 0 laaunn wdudanunuae
9EULAAYDINTIN UAAYIN Precision Way Recall ¥edaad 0 gan (feu 1 naen)

U a
i

Nunldans I (AUC) 0.999 Tuwmannulifiveianainiasluniswankezaana 0

4.2.4 AdaBoost
AdaBoost tUulumafilduuifewes  Boosting  lawad1wgaves  Weak
Learners 1y siulddndulavunndn wazvinisuiudsahutdnvesieginainanisal
AnluLAaZIOU NaaNSINNINAADILAnsliI AdaBoost ulumafiiiouasity
-] = = U .. I L3
n5viune Laegdl Accuracy @984 0.97 Uagan Precision lay Recall iauauysaiuuy
#0.73 way 0.91

Precision-Recall Curve

bR
Yo
-

— Precision-recall curve of class 0 (area = 0.999)
——— Precision-recall curve of class 1 (area = 0.921)
= ~micro-average Precision-recall curve (area = 0:997)

00 02 04 06 08 10
Recall

31]17'; 4.35 n5ANLanT Precision-Recall 989 AdaBoost

suit 435 wanansnluna AdaBoost thinnuldidwiuaaa 0 (AUC =
0.999) Fwmeanuilwaamandwundeswiilusaa 0 Ifuiudin ud
UszAnSnmsesasnd msu Class 1 (AUC = 0.921) tangintutnae1adl Bias tun
AANE O A Micro-average 0.997 N UsuanaIgnInsin luaaeavinnuled
wiidnyadeyalianga (imbalanced dataset) Wiaae1avzduuwilibilvianuddyiu
AaE 0 1NN

4.2.5 Gradient Boosting

Gradient Boosting LﬁULVIﬂﬁﬂﬁi‘gﬂﬂiL%EJuiLLUU Boosting  LtuLAEIAU
XGBoost kay AdaBoost walifin1suSuusalsivinanuswinidu XGBoost nan1snea
9IWUI1 Gradient Boosting X Accuracy 0.99 uazA Precision 0.87 %ﬂﬂéjlﬁmﬁu
XGBoost
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Precision-Recall Curve

—— Precision-recall curve of class 0 (area = 0.999)
—— Precision-recall curve of class 1 (area = 0.909)
= micro-average Precision-recall curve (area = 0.992)

00 02 04 06 08 10
Recall

gﬂﬁ 4.36 N3Leng Precision-Recall 989 Gradient Boosting

Ul 2.36-wansnglana Gradient Boosting @nangndiuunmana 0 16
W (AUC = 0.999) uddszansnnsesasnd1msu Class 1 (AUC = 0.909) uans
lnaenadl Bias WvsAma 0 A1 Micro-average 0.992 gwinn Uduandniing
s luaag avhenuled uiinyedoyaliauna (imbalanced dataset) luwna
919zdiuliulin vy iuAaIa 0 11nAT

4.2.6 XGBoost
XGBoost tudaneufiimuineuenan  Gradient Boosting laeilnis
Yuuselifiuseananngstu Balunismeasall XGBoost Wik Recall 0.98 uay F1-

'
a a d

score 0.93 FailUszANIamEandlslUTauouiUYNY luina

Precision-Recall Curve

— Precision-recall curve of class 0 (area = 1.000)
—— Precision-recall curve of class 1 (area = 0.976)
= micro-average Precision-recall curve (area = 0.999)

02 04 06 08 10
Recall

gﬂ‘ﬁ 4.37 n31ua@ng Precision-Recall 849 XGBoost

JUN 4.37 wanansniluea XGBoost aunsavingaana 1 uag aana 0 L
wiugn Uszansninlnesinvedlinanuin wagA1 Micro-average AUC = 0.999
HanlndiAss 1,00 kansinlumalagsauAun
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A3UNANITINY wasUalauauue

Tuaudded MsTeseRdadeuiiguredanasnunIsseuIveRAIoId mMIuNIg
wgnsenidndydRiulinvesgnasuians TinguszasAiielddoyanileglunisuseiiiu

o

wagyhueigndselafiuunliufiazsnidnuimssuinslusuian feyaddlddmiuide
Usenaumedoyan1auseynsmanivesgnen Useiinisvinginssy nsldusnissunnseng
9 SDINGANTIUNTITNAN AT UIOUINITVOITUIAT
miﬂszqwﬂ%mmﬂmiﬁauimaﬂm%aa \9U Logistic Regression, Random Forest,
CatBoost, AdaBoost, Gradient Boosting k@ XGBoost Herfinanuuugilunisaianisal
N158NLANUSNIT 1A8N1SUTLLEURNANISN19TUAY8 Accuracy, Precision, Recall, F1-Score

way Precision-Recall Curve baxanuinala

5.1 #5UWan1sidy

meiuilifnqusrasdiiefnsmisliiuusiassniadouduenaios lunisiuienis
gnianUdiurnvesanAsuinsieeymsiSeumeudssangainves 6 luma  loun
Random  Forest, AdaBoost, XGBoost, Gradient Boosting, CatBoost L&y Logistic
Regression

NANI3UAABIWUI1 XGBoOst LAy Gradient Boosting ithlaeaiifiusdvEnmgsan
lagdlen Recall uaz F1 Score @499 0.98 kazNINN9N 0.93 MUAINU kansdenusiuguay
AEAATENING Precision e Recall Al

Tuna AdaBoost flf1 Recall 0.91 Famrgdmsvsmidesnsannismaindoya
ey wil Precision 9gsnTunalung

Hadufienaiinaraystavsnimuesluiaa lein

1) pwlslaunavesteya (Imbalanced Data) 9o19silsiluinaunaghilen Precision

2) UszdnSnmuesdanesiulunissousuasUseuianatoya
3) NSAIANMNSINLNDS VDAL IURaTia Rl s zasl

5.2 UaLaUDUL

5.2.1 daauauuzlunisuiuusluna

5.2.1.1 dansfivanulisunavasdaya (Imbalanced Data)

1) [fimefia  Undersampling  Lileanduausnegnaainngudishnn
uly

2) Minsusuusarnnisiinnudfyuesnana (Class Weight) gl
Tualvianudfyiunguisidauies
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5.2.1.2 n1sUSulaIsnsanes (Hyperparameter Tuning)
1) nnaedld Grid Search WaMATWISERB SN TEL
2) 19 Cross-Validation toanlenia@veinisiia Overfitting

5.2.2 dawduanuzlunisunluldass

1'%

5.2.2.1 ihlumaiangaluldlunisaanisalignnfifiuunltiues
gNLANUINIG
luwa  XGBoost  anunsatlulfilussuundadeuliulieuinig
gnin sBerheuimsanuduiusgnd (CRM) tiesiduinnsmsinwgnd
Pouiimnwazdnaulasnidnuing

5.2.2.2 Aaszviadeiinligndrenianuins

Tnadwsvedunaufiunsiinnzsideyadu 9 1wu ngnssunsly
U3ms, sreznaiifugni, msfeaden iemufianelavesgndn Lilewn
wwIeUsudsInasliusnag

5.2.2.3 daanslulglunisanumunagnsnisnain

Tteyatilsanmsiesesimessnuuuluslutu  vieninsnsgle
anAbiedniusuipssialy iy Jelaueiivay, duanm153sILTen ¥3aUINNg
AU NI INITRULUURNIT YA
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cust_no SYagnA"
open_acct date FuiiUavad
email_validate ind n1stududLI

verify sub_chanrel | faanstiududinu

current_age 91gva3gnA (V)

gender LWNAYRIGNAT (18/Me4)
occupation DTN

income_source wa i seld

income_range P219v09578 191

marital status gnIuUNINENTd

acct_status anfenidnusnisvisali (1 = Wenidn, 0 = enldn)
is: open tgt sl nundadaiou

phone os ssuuUUAnisiiede (Android, i0S)
max_login_date Suiidldausan
luckydrawy2024 1Uslugu luckydrawy2024
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nsfnwilldlumanisseuiveaniamangyssianidanuaiisauana1aiuients
uemsenidndydRurinvesgnasuiasiaemsdentd 6 lumandnidauvainany
Malundvasumansiieuiiaznisdnnisteyaiiia Wlanadnsnananatunisiuienis

(%
P

PALANUINNT lnesgazidenvesluinanig 9 Jaa
1. Ywuvgy (Random Forest)
° &, a a v A v
115911974 Random Forest {Wumnalian15i3uushuy ensemble fias1avany
9 auldfindula (Decision Trees) uaaunnsmNao lilanaawsALIug WY N3
fnaulavedunalr NS UNINKATINYINISYINUIBANAU LT LRaT AL TAgnIS
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Pua1sAef19e19lUSIATH Python lddmsun1sinuazUseiliunaliing

# %%

import numpy as np # linear algebra

import pandas as pd # data processing, CSV file I/0 (e.q. pd.read csv)
import matplotlib.pyplot as plt

import seaborn as sns

import plotly.express as ex

import plotly.graph_objsas go

import plotly.figure_factory as ff

from plotly.subplots import make subplots

import plotly.offline as pyo

pyo.init_notebook mode()

sns.set_style('darkgrid’)

from sklearn.decomposition import PCA

from sklearn.model selection import train_test split,cross val score
from sklearn.ensemble
RandomForestClassifier,AdaBoostClassifier,GradientBoostineClassifier
from sklearn.neighbors import KNeighborsClassifier

from Xxgboost.sklearn import XGBClassifier

from sklearn.linear_model import LogisticRegression

from catboost import CatBoostClassifier

from lightgbm import LGBMClassifier

from sklearn.svm import SVC

from sklearn.pipeline import Pipeline

from sklearn.preprocessing import StandardScaler,MinMaxScaler
from sklearn.metrics import f1.score as f1

from sklearn.metrics import recall score as recall

from sklearn.metrics import accuracy score as accuracy

from sklearn.metrics import precision_score as precision

from sklearn.metrics import confusion_matrix

import scikitplot as skplt

plt.rc(figure' figsize=(18,9))
# %pip install imbalanced-learn

from imblearn.over sampling import SMOTE
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from imblearn.under_sampling import RandomUnderSampler

# %%
H#parameter
showrFig = False

debug = False

smote_size = 0 #if 0 default 50:50 [0.0-1.0]

# %%

df = pd.read csw('Data is camp- lastest.csv')
pd.set_option('display.max rows',None)
df.head(10)

# %%
# df.sample(10)

# %%
df.info()

# %%
df.drop(columns =

[
fisrtdate join',
'close_acct,

inplace=True)

# %%

dff'verify sub_channel] = dff'verify sub_channel]fillna("Unknown")
dfl'phone _os'] = dff'phone_os'fillna("Unknown")

# %%

dffld] = pd.to datetime(dff'last login datel],

format='9%m/%d/%Y")

dff difference_Uld'] = (pd.Timestamp('2025-02-21") - dff'lld']) / np.timedelta64(1, 'D")
dff'difference_Uld'] = dff'difference_lld']fillna(-1.0)

infer_datetime_format=True
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df = df.drop([ 'ULd', 'last_login_date'], axis=1)
df.head()

# %%

dffoad] = pd.to datetime(dffopen acct date'], infer datetime format=True
format='%m/%d/%Y")

dff difference_oad'] = (pd.Timestamp('2025-02-21") - dff'ocad']) / np.timedelta64(1, 'D)
dff'oad mld'] = dff'difference oad' - dff'difference ld]

df = df.drop([ 'oad', 'open_acct date'], axis=1)

df.head()

# %%
dff'verify sub channel = dff'verify_sub channel'lfiltna("Unknown")
dflphone_os'] = dff'phone_os']fillna("Unknown")

# %%
dff'luckydrawy2024'] = dff'luckydrawy2024'].fillna(0.0)
dff'c99 20247 = dff'c99 2024 filtna(0.0)
dff'c_online_event2024'] = df['c_online. event2024] fillna(0.0)
dffno_of txn2024 ¢ = dff'no_of txn2024 ¢'.fillna(0.0)
dff'trxn -amt2024 '] = dff'trxn_amt2024. cfittna(0.0)
dff'bal_31dec24] = dff'bal 31dec24']fillna(0.0)

dfffirst_deposit_amt'] = dff'first deposit_amt1fillna(0.0)

# %%

dfffdd] = pdto datetime(dfffirst deposit date'], - infer_datetime format=True
format='%m/%d/%Y")

dfl difference_fdd'] = (pd.Timestamp('2025-02-21") - dff'fdd']) / np.timedelta64(1, 'D)
dff'difference fdd'] = dff'difference fdd'].fillna(0.0)

dff'nb_months_fdd'] = (df['difference fdd'] / 30.44).astype(int)

df = df.drop(['difference fdd', 'fdd', first_deposit_date'], axis=1)

df.head()

# %%
null_mask = df.isnull(.any(axis=1)

null_rows = dffnull_mask]



print(null_rows)

# %%

dff'occupation.value_counts().head(3).sort_values()

# %%

dff'income_range'l.value_counts().head(3).sort_values()

# %%
def occu null_check(cha):
if pd.isnull(cha):
return 'Company Employee'
else:

return cha

def income null check(cha):
if pd.isnull(cha):
return '15,000 - 29,999 Baht'
else:

return cha

dfl'occupation] = dff'occupation'].apply(occu null check)

dff'income_range'l = dff'income_rangel.apply(income null check)

# %%
# df.dropna(subset=['occupation’], inplace=True)

df.isna().sum()

# %%
from plotly.subplots import make subplots
import plotly.graph_objs as go

import plotly.express as ex

# %%

dff'acct_status'l.value counts()

# %%

dff'verify _sub_channell.value counts().head(5).sort_values()
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# %%
def range check(text):
if text.strip() == "KBANK":
return text.strip()
elif text.strip() == "Branch" :
return text.strip()
elif text.strip() == "SCB" :
return text.strip()
elif text.strip() == "BAY" :
return text.strip()
elif text.strip() =="7-11":
return text.strip()
else :

return 'Others'

dfl'new_verify_sub_channel] = dff'verify_sub.channel'l.apply(range check)

# %%

dff'new verify_sub_channell.value_counts()

# %%
df.insert(0, ‘acct status', df.pop(acct status"))
df copy = df

df copylacct statusl= df_copyl'acct status].replace({0:1,1:0})

df copyl'sender’] = df copyl'sender].replace({'Female1,'Male"0})

df copy['phone_os'] = df copy['phone_os'l.replace({'i0S":1,'Android":0,'Unknown"-1})

[
[
[
df copyl['email validate ind'l = df_copy['email validate ind7.replace({'Y":1,'N':0})

df copy = pd.concat([df copy,pd.eet.dummies(df copy['occupation'])],axis=1)

df copy = pd.concat([df copy,pd.get dummies(df copy['income range'])],axis=1)

[

([ ( [
df copy = pd.concat([df copy,pd.cet dummies(df copylincome source)],axis=1)
df copy = pd.concat([df copy,pd.cet dummies(df copy['marital status)],axis=1)
df copy
pd.concat([df copy,pd.cet dummies(df copyl['new verify sub_channell)],axis=1)
df copy.drop(columns =

[

'verify _sub_channel,

'new_verify sub_channel,
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'occupation’,
'income_source',
'income_range’,
'marital_status’,
'cust_no'],

inplace=True)

# %%

df copyl['phone os'l.value counts()

# %%
df copy.info()

# %%

df copy['acct_statusT.value counts()

# %%
fig - = make subplots(rows=2, cols=1,shared xaxes=True,subplot_titles=(Perason
Correaltion', 'Spearman Correaltion))

colorscale = 'turbo'

s_val =df _copy.corr(‘pearson’)
s_idx = 's_val.index

s _col ='s_val.columns

s val = s valivalues

fig.add trace(

go.Heatmap(x=s_col,y=s idx,z=s val,name='pearson’,showscale=False,xgap=0.7,ygap=
0.7,colorscale=colorscale),

row=1, col=1

s val =df copy.corr('spearman’)
s idx = s_val.index
s _col = s_val.columns

s val = s _val.values
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fig.add_trace(
go.Heatmap(x=s_col,y=s idx,z=s val,xgap=0.7,ygap=0.7,colorscale=colorscale),
row=2, col=1
)
fig.update layout(
hoverlabel=dict(
bgcolor="white",
font size=16,

font_family="Rockwell"

)
fig.update_layout(height=1080, width=1920, title_text="Numeric Correlations")
fig.show()

# %%
df_copy.head()

# %%
df_copy.isna().sum()

# %%

df_copyl'acct_status’].value counts()

# %%

oversample = SMOTE(sampling strategy = 0.1, random_state=42)

X, y ¥ oversample.fit resample(df copyldf copy.columns[1:]],
df copyldf copy.columns[0]])

usampled df = X.assien(Churn =y)

# %%

usampled df['Churn.value_counts()

# %%
usampled_df.info()

# %%
usampled_df.head()
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# %%

usampled_df['Churn.value_counts()

# %%
usampled dffusampled_df.columns[16:59]].info()

# %%
ohe data =usampled dffusampled df.columns[16:-1]].copy()

usampled df = usampled df.drop(columns=usampled_df.columns[16:-1])

# %%
fig = make_subplots(rows=2,  cols=1,shared_xaxes=True,subplot_titles=("Perason

Correaltion', 'Spearman Correaltion))

colorscale = 'turbo'

s_val =usampled df.corr(‘pearson’)
s_idx = s_val.iindex

s_col =s val.columns

s val ='s_val.values

fig.add trace(

go.Heatmap(x=s_col,y=s_idx,z=s val,name="pearson’,showscale=False,xgap=1,ygap=1,
colorscale=colorscale),

row=1, col=1

s val =usampled df.corr('spearman’)

s _idx = s_val.index

s _col = s_val.columns

s val = s val.values

fig.add_trace(
go.Heatmap(x=s_col,y=s idx,z=s val,xgap=1,ygap=1,colorscale=colorscale),
row=2, col=1

)

fig.update layout(



hoverlabel=dict(
bgcolor="white",
font size=16,

font_family="Rockwell"

)

fig.update layout(height=1080, width=1920, title text="Upsmapled Correlations")

fig.show()

# 9%9%
N_COMPONENTS = 8

pca_model = PCA(n_components = N. COMPONENTS )

pc_matrix = pca-model.fit transform(ohe data)

evr = pca_model.explained variance ratio
total_var = evr.sum() * 100

cumsum._evr = np.cumsum(evr)

tracel ={
"name": "individual explained variance",
"type": "bar",
'y:evr}

trace2 = {

"name": "cumulative explained variance",
"type": "scatter”,
y'icumsum_evr}
data = [tracel, trace?2]
layout = {
"xaxis": {"title": "Principal components"},
"yaxis": {"title": "Explained variance ratio"},
}
fig = go.Figure(data=data, layout=layout)
fig.update layout( title="Explained Variance
Dimensions'.format(N. COMPONENTS))

fig.show()

Using
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# %%

usampled_df with_pcs =
pd.concat(fusampled_df,pd.DataFrame(pc_matrix,columns=[PC-{}'format(i) for i in
range(0,N_COMPONENTS)])],axis=1)

# usampled df with pcs

# %%
fig = ex.scatter matrix(
usampled df with pcs[['PC-{}.format(i) for i in range(0,N_ COMPONENTS)]].values,
color=usampled _df with pcs['current age’,
dimensions=range(N. COMPONENTYS),
labels={str(i):'PC-{}.format(i) for i in range(0,N  COMPONENTS)},
title=fTotal Explained Variance: {total var:.2f}%))

fig.update traces(diagonal visible=False)
fig.update layout(
coloraxis_colorbar=dict(

title="current_age”,

)
fig.show()

# %%
fig = make_subplots(rows=2, ' cols=1,shared xaxes=True,subplot_titles=(Perason

Correaltion', 'Spearman Correaltion’)

s_val =usampled_df with pcs.corr(/pearson’)
s _idx = s_val.index

s col = s val.columns

s val = s val.values

fig.add_trace(

go.Heatmap(x=s_col,y=s idx,z=s val,name="pearson’,showscale=False,xgap=1,ygap=1,
colorscale=colorscale),

row=1, col=1
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s val =usampled df with pcs.corr('spearman’)
s idx = s_val.index
s _col = s _val.columns
s val = s val.values
fig.add trace(
go.Heatmap(x=s_col,y=s idx,z=s val,xgap=1,ygap=1,colorscale=colorscale),
row=2, col=1
)
fig.update layout(
hoverlabel=dict(
bgcolor="white",
font_size=16,

font family="Rockwell"

)

fig.update layout(height=1080, width=1920, title text="Upsmapled Correlations With
PC\'s")

fig.show()

# %%
# usampled df with pcs.info()

# %%
X features = [
'luckydrawy2024',

'difference lld,
'bal_31dec24,
‘trxn_amt2024 ¢,
'nb_months_fdd',

'PC-0,
'PC-1,
'PC-2,
'PC-3
'PC-4,
'PC-5,
'PC-6,
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'PC-71

X = usampled df with pcs[X features]
y = usampled_df with pcs['Churn’]

# %%
train_x.test xtrain_ytest y = train_test split(X,y,;andom_state=42)

# %%
x_small, y_small = train x.sample(n=135675, random_state=42),

train_y.loc[train_x.sample(n=135675, random _state=42).index]

# %%

from sklearn.model selection import RandomizedSearchCV

param _dist = {
'n_estimators":- {100, 2001,
'max_depth’: [5, 10, None],
'min_samples_split: [2, 5],
'min_samples leaf: [1, 2],

'class_weight" ['balanced', None]

rf = RandomForestClassifier(random_state=42, n_jobs=-1)
rf_search = RandomizedSearchC\/(

rf, param_distributions=param dist, n iter=10, cv=3, scoring="recall’, n_jobs=-1,
random_state=42, verbose=0

)

rf_search.fit(x_small, y_small)

print("Best Params:", rf_search.best params )

# %% [markdown]
# Best Params: {'n_estimators: 100, 'min_samples split: 2, 'min_samples leaf": 2,

'max_depth': 5, 'class_weight': 'balanced'’}

# %%

param_dist = {



'n_estimators": [50, 100, 150, 200],
'learning_rate": [0.01, 0.1, 0.5, 1.0]

ada = AdaBoostClassifier(random_state=42)
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ada_search = RandomizedSearchCV(ada, param_distributions=param_dist,

n_iter=10, cv=3,

random_state=42, verbose=0)

ada_search.fit(x_small, y_small)

print("Best Params:", ada_search.best _params )

# %%

xgb = XGBClassifier(eval metric="logloss')

xgb_param = {
'n_estimators':-{100, 200, 300],
'max_depth: [3, 5, 7],
'learning rate': [0.01, 0.1, 0.2],
'subsample’: [0.6, 0.8, 1.0],
'colsample "bytree’ [0.6, 0.8, 1.0]

scoring="recall’, n_jobs=-1,

xgb search = RandomizedSearchCV(xgb, param distributions=xgb_param,

n_iter=10, cv=3,

random_state=42, verbose=0)

xgb _search.fit(x_small,y_small)

print("Best Params:", xgb search.best params )

# %%

gbc = GradientBoostingClassifier(random_state=42)

gbc_param = {
'n_estimators": [100, 200, 300],
'learning_rate: [0.01, 0.1, 0.2],
'max_depth": [3, 5, 7],
'subsample’: [0.6, 0.8, 1.0]

scoring="recall’, n_jobs=-1,



gbc search = RandomizedSearchCV(gbc, param_distributions=gbc_param,

n_iter=10, cv=3, scoring="recall’,

random_state=42, verbose=0)

gbc_search.fit(x_small, y_small)

print("Best Params:", gbc search.best params )

# %%

cat = CatBoostClassifier(verbose=0)

cat_param ={
‘iterations”: [100, 200, 300],
'depth [3, 5,71,
'learning rate'; [0.01, 0.1, 0.2],
"2 leaf reg:[1, 3, 5]

cat_search = RandomizedSearchCV(cat, param_distributions=cat_param,

n_iter=10, cv=3, scoring="recall’,

random state=42, verbose=0)

cat_search.fit(x_small, y small)

print("Best Params:", cat_search.best params. )

# %%

(r = LogisticRegression(solver='saga’, max iter=1000)

lr_param = {
'C": [0.001, 0.01, 0.1, 1, 10, 100],
'penalty": ['l1, '12],

'class_weight": ['balanced’, None],

lr_search = RandomizedSearchC\(lr, param_distributions=Lr_param,
n_iter=10, cv=3, scoring="recall’,

random_state=42, verbose=0)
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(r_search.fit(x_small, y small)

print("Best Params:", lr_search.best params )

# %%

rf pipe = Pipeline(steps =[ (‘'scale',StandardScaler()),
("RF",RandomForestClassifier(**rf _search.best params , random _state=4)) ])

ada_pipe = Pipeline(steps =[ (‘'scale’,StandardScaler()),
("RF",AdaBoostClassifier(**ada_search.best params_, random state=42)) ])

Xg pipe = Pipeline(steps =[ (‘'scale',StandardScaler()),
("RF" XGBClassifier(**xgb_search.best params , random_state=42)) ])

gb pipe = Pipeline(steps =[ ('scale',StandardScaler()),

("RF",GradientBoostingClassifier(**sbc  search.best_params_, random_state=42)) ])
cb_pipe = Pipeline(steps =[ ('scale’,StandardScaler()),
("RF",CatBoostClassifier(**cat_search.best params., random state=42)) ])

lr_pipe = Pipeline(steps o (‘scale’,StandardScaler()),

("RF",LogisticRegression(**r_search.best_params_, random_state=42)) ])

# %%
rf_pipe fit(train_xtrain_y)
rf_prediction = rf pipe.predict(test x)

# %%
ada_pipe fit(train_xtrain_y)
ada_prediction = ada_pipe.predict(test x)

# %%
xg_pipe.fit(train_x,train_y)
xg_prediction = xg_pipe.predict(test x)

# %%
gb pipe fit(train_xtrain_y)
gb prediction = gb_pipe.predict(test x)

# %%
cb_pipefit(train_xtrain_y)

cb_prediction = cb_pipe.predict(test x)

# %%



lr_pipe fit(train_x,train_y)
(r_prediction = lr_pipe.predict(test x)

# %%
fig = go.Figure(data=[go.Table(header=dict(values=[
'<b>Model<b>',
'<b>Accuracy On Test Data<b>',
'<b>Precision On Test Data<b>',
'<b>Recall On Test Data<b>',
'<b>F1 Score On Test Data<b>",
line_color='darkslategray’,
fill_color='whitesmoke',
align=['center’,'center],
font=dict(color='black, size=18),
height=40),

cells=dict(values=|[[

'<b>Random Forest<b>',

‘<b>AdaBoost<b>',

'<b>XG<b>',

'<b>GradientBoosting<b>',

'<b>CatBoost<b>',

'<b>Logistic<b>'

LI
np.round(accuracy(rf prediction,test y),2),
np.round(accuracy(ada_prediction,test_y),2),
np.round(accuracy(xg_prediction;test y),2),
np.round(accuracy(gb. prediction,test v),2),
np.round(accuracy(cb_prediction,test y),2),
np.round(accuracy(lr_prediction,test y),2)
LI
np.round(precision(rf_prediction,test y),2),

np.round(precision(ada_prediction,test y),2),

(
(
np.round(precision(xg_prediction,test y),2),
np.round(precision(gb _prediction,test y),2),
np.round(precision(cb_prediction,test _y),2),
np.round(precision(lr_prediction,test_y),2)

L1
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np.round(recall(rf_prediction,test y),2),
np.round(recall(ada_prediction,test y),2),
np.round(recall(xg_prediction,test y),2),
np.round(recall(gb_prediction,test y),2),
np.round(recall(cb_prediction,test y),2),
np.round(recall(lr_prediction,test y),2)
LI

np.round(f1(rf_prediction,test y),2),
np.round(fl(ada_prediction,test y),2),
np.round(f1(xg_prediction;test_y),2),
np.round(f1(¢b prediction,test y),2),
np.round(fi(cb_prediction,test y),2),
np.round(fL(lrprediction,test y),2)

]

)

fic.update layout(title='"Model Results On Test Data’)
fig.show()

# %%

ohe data =df copyldf copy.columns[16:]].copy()

pc_matrix = pca_model.fit_transform(ohe_data)

original_df with pcs = pd.concat({df _copy,pd.DataFrame(pc_matrix,columns=['PC-
{}.format(i) for i in ranee(0,N_ COMPONENTS)])],axis=1)

# %%

z=confusion_matrix(rf prediction,test y)

fig = ff.create annotated heatmap(z, x=['Not Churn',/Churnl, y=[Predicted Not
Churn','Predicted Churn'], colorscale="Viridis' xgap=3,ygap=3)

fig['data'l[0]['showscale'] = True

fig.update layout(title='Prediction On Original Data With Random Forest Model
Confusion Matrix')

fig.show()

# %%

z=confusion_matrix(ada_prediction,test y)
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fig = ff.create annotated heatmap(z, x=['Not Churn',/Churnl, y=[Predicted Not
Churn','Predicted Churn'l, colorscale="Viridis',xgap=3,ygap=3)

fig['datal[0]['showscale'l = True

fig.update layout(title='Prediction On Original Data With AdaBoost Model Confusion
Matrix')

fig.show()

# %%

H#

z=confusion_matrix(unsampled_data prediction_XG,original_df with pcs['acct_status']
)

z=confusion_matrix(xg_prediction,test y)

fig = ff.create annotated heatmap(z, x=['Not Churn',/Churn’], y=[Predicted Not
Churn','Predicted Churn'l, colorscale="Viridis',xgap=3,ygap=3)

fig['datall0]['showscaleT = True

fig.update layout(title='Prediction On Original’ Data With XgBoost Model Confusion
Matrix’)

fig.show()

# %%

H#

z=confusion matrix(unsampled data prediction GB,original df with pcs[acct status'])
z=confusion_matrix(gb prediction,test y)

fig = ff.create _annotated heatmap(z, x=['Not Churn',/Churn’l, y=[Predicted Not
Churn','Predicted Churn'l, colorscale="Viridis',xgap=3,yeap=3)

fig['datal[0]['showscale'l = True

fis.update layout(title='Prediction On Original Data With GradienBoosting Model
Confusion Matrix')

fig.show()

# %%

#
z=confusion_matrix(unsampled data prediction CB,original df with pcs[acct status'])
z=confusion_matrix(cb_prediction,test y)

fig = ff.create annotated heatmap(z, x=[Not Churn',/Churn], y=[Predicted Not
Churn','Predicted Churn'l, colorscale="Viridis',xgap=3,ygap=3)

fig['data'l[0]['showscale'] = True
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fig.update layout(title='Prediction On Original Data With CatBoost Model Confusion
Matrix)
fig.show()

# %%

H#
z=confusion_matrix(unsampled data prediction LR,original_df with pcs['acct status)
z=confusion matrix(lr_prediction,test vy)

fig = ff.create annotated heatmap(z, x=[Not Churn',/Churn], y=[Predicted Not
Churn','Predicted Churn'l, colorscale="Viridis',xgap=3,ygap=3)

fig['data'l[0]['showscalel = True

fig.update layout(title='Prediction On Original Data With LogisticRegression Model
Confusion Matrix’)

fig.show()

# %%

from sklearn.metrics import PrecisionRecallDisplay

# %%
unsampled_data prediction ADA = ada pipe.predict proba(test x)
skplt.metrics.plot_precision_recall(test y, unsampled data_prediction ADA)

plt.legend(prop={'size': 20})

# %%
unsampled._data_prediction ADA = rf pipe.predict proba(test x)
skplt.metrics.plot precision_recall(test y, unsampled-data_prediction ADA)

plt.legend(prop={'size" 20})

# %%

unsampled data_prediction ADA = xg_pipe.predict_proba(test x)
skplt.metrics.plot_precision_recall(test y, unsampled data_prediction ADA)
plt.legend(prop={'size": 20})

# %%

unsampled data prediction ADA = gb pipe.predict_proba(test x)
skplt.metrics.plot_precision_recall(test y, unsampled data_prediction ADA)
plt.legend(prop={'size": 20})
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# %%

unsampled data_prediction ADA = cb_pipe.predict probal(test x)
skplt.metrics.plot_precision_recall(test y, unsampled data_prediction ADA)
plt.legend(prop={'size": 20})

# %%
unsampled data prediction ADA = Ir pipe.predict proba(test x)
skplt.metrics.plot_precision_recall(test y, unsampled data_prediction ADA)

plt.legend(prop={'size": 20})
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