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UTNITLULAINTE Churn Iﬂﬂuﬂﬂ%@ﬂﬂﬂ@iﬂﬂqmﬂﬁﬂﬂ 36,992 MIBLIN A9 MNILARABINIT
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a

wuuaaedniaenldne Logistic Regression, Support Vector Machines, bae Random

Forest ansivdadnnisiuiloyuinanainliannavesdiayadiasds Synthetic Minority

(2
A |

Oversampling Technique (SMOTE) iiasainsudasiliflunisdnslymnisminunsanalu
slununnsauunnguiiaya (Classification) aslinisdanatlsz@nsnnsiaern Accuracy,

Precision, Recall 8% F1-Score 29ND4N17WA17041 A28 Confusion Matrix 2nR9s9LLa A4

o

o dl o . .
ATUANTUENANALY 1138 Feature Importance La e Local Interpretable Model-agnostic

o

Explanations (LIME)

M99 1 deyariaulsreenteyalun1sniiugnuise

AR Hamauils dayanelusauils Aasunesulsrasdaya
) v
1 age 1 AEUBIGNAT
2 gender = PWATRIGNAN
Y3
‘Unknown’
) T - T 7 |
3 security_no svan g samneaan i nuesgnAuive
TEUAILAAR
4 region_category ‘City’, uneganAuuagnin
‘Village’,
‘Town’
5 membership_category ‘Platinum Membership’, i:ﬁumilﬂmm%nmmqﬂ%ﬂ

‘Premium Membership’,
‘No Membership’,
‘Silver Membership’,
‘Gold Membership’,

‘Basic Membership’




A1919 1 (51D)

el Famuils dayanelusauls Aasunesulsrasdaya
6 joining_date weaw/ Ju/ll i’uﬁ@‘ﬂﬁﬁlﬁw‘mﬂumﬁﬂ
7 joined_through_referral ‘Yes', ‘No’ gnéndindaniluann@ning
Code %74 ID
8 referral_id 298 nessyFanuREsBaneii
aunTinaesgnénfiag Code e
ID
9 preferred_offer_types ‘Gift Vouchers/Coupons’, da LAUATDIRN A
‘Credit/Debit Card Offers’,
‘Without Offers’
10 medium_of_operation ‘Desktop’, 5@6‘1’1Lﬁumiﬁ@‘ﬂ%ﬂ%ﬁﬁﬁjmw
‘Smartphone’,
‘Both’
1 Internet_option Wi-FP, ﬂizmwﬁmiﬁum@ﬁﬁmﬁqﬂ%
‘Fiber_Optic’, it
‘Mobile_Data’
12 last_visit_time dala /1t / und nanfignindinsniulare
agn
13 days_since_last_login Auanduy SuauTuignidingszuuass
agn
14 avg_time_spent il nanildnanuwiulodlneaae
2839gNAI
15 avg_transaction_value Yo Hmﬁmﬁﬂimm@gmm@uﬂﬁﬁ
16 avg_frequency_login_days Sunwiaga @"mf;uﬁm%\imsﬁﬂ@ﬁzw
Vivladlaeiadsresgnin
17 points_in_wallet ANAZIUL pzwLdzanTignAnlEFLuusas
N13%g9N9IH
18 used_special_discount ‘Yes', ‘No’ gnénsiesnslddouaniivn
19 offer_application_preference ‘Yes’, ‘No’ Qﬂ%ﬂﬁmmﬂum%
20 past_complaint Yes', ‘No’ qnénfiaanisseaey
21 complaint_status ‘Not Applicable’, mmuzmﬁmﬁﬂmm@ﬂﬁw

‘Solved’,
‘Solved in Follow-up’,
‘Unsolved’,

‘No Information Available’
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f6U Fasauls dayanelusauls Aasunesulsrasdaya

22 feedback ‘Products always in Stock’, m@mmmmﬁmﬁuﬂmq@ﬂ’ﬁﬁ
‘Quality Customer Care’,
‘User Friendly Website’,
‘Reasonable Price’,
‘Poor Website’,
‘No reason specified’,
‘Poor Product Quality’,
‘Poor Customer Service’,

‘Too many ads’

23 churn_risk_score ‘0,1 fudsidlvunevireiaiua
(Target) (0 vivegnAndaldiinsad,

A y Aa gy a P
1 M?@Qﬂﬂ'\ﬂmﬂi‘ﬁu?ﬂqﬂm’])

1.4 UszlgginaininazlasuannaIulag
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=X %

a v a dl P4 A ol/ A
wnld13nng ieaisianlgyvizellsludunegagnitnaenauldlunizanaununagnanis
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¥

n17Aa1m (Marketing Stratety) WBA5I9ANNASAANA LULLTUA LA NAN (Customer

Loyalty)

2. annnsavinlafanuansusnasuasianisan 141snng iwailasiuuazdnning

g lfat 1NNz AN
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lun1393a Al §aduldAnwnguuazauisemingcdas Ine

fnguanNidasalilil
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2.1 NN Mnaades

a9
2.2 NMUARNENEURN

aa [
2.1 NOrHNNLIUR
2.1.1 N5L58USUDAFAY (Machine Learning)

-

Machine Learning tfuananuileaesiioyyrlszansninasdiasiunisld

d9

danasnuiialiinanfiowmaiainisnFauiaindeyauazianisaianisaiisanisindulalé

1
ad a

Tnelifasiinasalisunsuntiunswmunduneuldsnainsnauiuazaianisaiiiayalé

! 1 v
Ay ¥ = o

a o o oA = aal Ay A
AN LARANNIANNNITLIEUIAD HAANTIITE Output Gﬁﬁmumﬂu"lﬁﬂq?lﬁﬁlugm@ﬂLﬂ?ﬂ\?ﬂqmq?ﬂ

U

MY @ | Py = a o Ay a P =K
wiiv g 3 Uszinmadnendne o Ae neBeuuuuigasu nsauiuuulififaen uaznis
Beuuuudinnias (Mahesh, 2018)

2.1.1.1 Supervised Learning #3an13eu3uuulfdaau Aon 1sinausy

dldaz o o all

4 o a K a & IS4 dl v o [
gﬂLLUDﬂ@N@VINﬂ’]Hﬂ’mUVI Input ag Output @@ﬂmmuma‘m‘ﬂuguuuuQmuw‘lmmmmm

k1l

T4 NN9URNUTZAN WazNTanAnas

2.1.1.2 Unsupervised Learning w3an1sizauiuuulddfaau Aanis

!
o a o

=3 ¥ d' =% o a o a K al U 1y v
dneusuglunudeyan i andunsawlsduns danasnunisizaubuuulidiaauli

ALY LTI NNITANGN UATN1TARNNR

o [ %

2.1.1.3 Reinforcement Learning %#38n13585UULLETNANAY ABNT90EES
pediataus lunisindulaluaninuwinfenlnaiudaiauauus lugluunaessedasanis
adsln danesnunsEauuuLETNnAgnEinan T mMF Y Wi n9auNN uaziueus

2.1.1 NOHJAANDBNN Logistic Regression

4

. . . @ ad Qad‘ A a s dl A o
Logistic Regression Liuagn19nanan Mlunisaasneigadeyadalsaugs

q a

' ]
oA

a dl o A | 1% [ - 1 a g a =R Qi Y o
@mwmmm@u’mﬂmwLﬂuiﬂimium@@‘m dunisiimeedinisnanasgiianidan i

i lunsinunanadnsaasdaudsanuiilununamypusaudsinunaniiedarzaninnagn
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nanqanieuil dugnldivednassadnniiaviiluzespraisizamnnisaiuneesnenles wu
/T iu gzl visagunawa/dos luntsaiieuuusiaaananduiudszudnedonds
fasziazAINNUNazluIaINaans Logistic Function azidasAnuessianilsdass liiluan

ANNUNALLTUTLUING 0 D9 1 WAPIASANNTN (1)
1
p(y =klx) = —=r (1)

. 1+ekwTx
Tnan

p(y = K|x) Aeamnuihazilui X aglunana K

X Fadayaiifiasnisinunanaia
y AaAANATRTaYA X Whazsn

k feranalnefi k € {0,1, ...}
WT Aa Normal Vector

2.1.2 ﬂﬂﬂﬁﬁﬂﬂ'ﬂ?ﬁu Support Vector Machines (SVM)

o o

Support Vector Machine (SVM) tiudanesnuilddusunisanuundszinm

waznsAIIzinIsnanes swinsulaanisdunnlaulefinaunuendeyaseniduaaiasiia

= - PPN = o 4 : Dy ~ .
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. . P ' ' - o Ao v oo A '
Maximum Margin ?gﬁﬂ35°l|@‘]_|ﬂ‘ﬂ?:ﬁﬂxﬁq\‘]?:ﬁﬁqq\ﬂﬂLﬂ'ﬂ?LW@uLL@gﬂﬂm@H@WIﬂ@Lﬁﬂ\‘iwqmuﬁl

v
o a k4

arAaNg (38n41 Support Vector aA1n9ndannislivivdieyaidsduuas i ld@eduing 14

Warfdu Kernel NLANFANAY LAAIAINNINUFZNDLI 1

4

Support Vectors

X

nwilsenen 1 uane hyperplane NaNgaluntsauuniiayatamnii

" (Peddarapu et al., 2022)



2.1.3 Nu)aanasNN Random Forest

Random Forest ilufunaudsieuinadiasns (Machine Learning Algorithm)
dudszinvnnisirauiuuuifaau (Supervised Learning) Na319fuliiindula (Decision

% [~ [ nﬁl 1 [ Yo = 1 v 1
Tree) nangfiuiiuanuaunin ausazduazlifunisnduuumndesaasdoyauuugulu

1 =K :/j ad A 1 = c ! dl b ]

FEUINNITUIUNIINNALTH TuneulTazidanTAtiasIadiaa fuuugNiNawendayausiay
Twupaessiuliifsazdanannns Overfitting uazlfudlgsdneaisyialdaesuuuanasenig
Nurgdugaiiaazialagnissannisaianisnizessinliiannnludanesnu Random
Forest WfFunisuansiiiiuindilsyansninlunisdanisdiayadfgeiazdnnisiugadayan

L ~1

Tanna anvisdauiuduneuisniandmiunisdnuanny Anndseney 2

DECISION NODE
DECISION NODE DECISION NODE
LEAF NODE LEAF NODE LEAF NODE DECISION NODE

7N

nweznau 2 LaaNIINNINTadLLANa8Y Random Forest

Aun: (Peddarapu et al., 2022)

2.1.4 ﬂ’]%‘ﬁ’dLﬂi’]zﬁ‘ﬂ’ﬂg@TMﬂ (Synthetic Minority Oversampling TEchnique:
SMOTE)

©

SMOTE i{lumatia Oversampling n1sgusinatinailudsnistfuannadeyainls

a 4 dl dl ¥ 4 dl 1 d’ k4 dl A o v Y =
TunnsiEerersesiauiilatiyivesdeyanlianna Gedieyanlilunisdnnisiudeyan

Tlannasiuaiesinetwdunssidmiurunguiienlnanisaanunanszudiesinet1sie

e®_

aal dy 1 U v o a a o al v
dannstazdaaliinnannatesiayatasliullssAnEn1nreauLLan ae9n19Eeus a9
dl o k% o = 1 3// v
wiraslneliuannadeyalazanAdNa B ENFAaTUT UM
ATNAINLILNAL 3 WAAINITNTIZANLUBIAIDEN1INAIAN M N ATLANIT
”qmmzﬁ%aga SMOTE 1lsznaufqeninsias 2 Awae (a) Original az (b) SMOTE Taerlu

nnilsznay (a) Ranisuannisnszanasinetinediaya Original lutgndayanawld SMOTE



waAsnINNITnIzane e siuaesiaatng Li’iuﬁyﬁﬁqm?ﬁ@mm Boundary samples 4az
AN lilannaTRIAATA feflanuuanansdaanszudnegasnana atelsinumdeannli
dane3nu SMOTE uazluninilsznau (b) @m%@gmxﬁmm@m@mﬁyu WARAINATDY
mATlANT Oversampling Ha833 SMOTE af1esatiduiamziileainnauauna ity
panalugaiieys Inanisdunnsifethalual ek ladoymanuliaunaresnana G
pananguilasiisnatnetiaandiaaianguuinetiaminlidn wiluunansdl SMOTE @14
1111gn194%19 Noise samples WAz Boundary samples Gedenarolsr@nsninaes

o a K o 9
‘ﬂ@ﬂ@?VIﬁJﬂ’]?@’]LLuﬂiﬂ

% L0 o ®R o
2%e® e’ e
o @ s ?® e SO 00%,
® 0% 09y o 20 o0 oo,
o %o t00,e%® o Sole0,e*
o
... .:.. e® H_o® g0, o
o O o Ste @ o° o
©%% 006 0 °f eee o 43
v .. ?.\hunrih.' samples : X dary Samples
Majority samples T ' NDIS}" samples

(a) (b)
ANUIENaY 3 N1InNgzantflataradaIndatAEiinag SMOTE (a) Original (b) SMOTE

AN: (Xu et al., 2022)

2.1.5 N199AUSEANENINNITVNNIUARIDANDINH

lunudsailiflunisdnnisiutloyun Classification asldinnsdnisz@naningiae
A1 Accuracy, Precision, Recall, kaz F1-Score TaAuatulEan Confusion Matrix A9m1914

2

A9 2 LAAN Confusion Matrix

Actual
Positive Negative
Predict Positive TP FP
Negative FN TN
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Tnaf
True positive (TP) A8 N1avinunadgnAElaniaan1giisnag “gn”

. = 3 1 L ~1 % dl o Y a 1 ”
True negative (TN) Aa NsnunadndailugnAndsldisnisag “gn
False positive (FP) Aa n13vinunadngnéinilaniadnldisnig “in”
False negative (FN) A nnsinwnedneaiilugnandsldiisnises “da”
2.1.5.1 Accuracy

PadRIdauaasnIIIunagniuduutiayaiaune wanslifeannis (2)

R TP+TN o
ccuracy=
8y TP+ TN+FP+FN

2.1.5.2 Precision

A = o vy a Y a 1 a ¥ a dg/ a
ﬂ‘ﬂﬂ'ﬁ‘L‘Lﬁ‘ﬂULV]EI‘]_IﬂW?V]’]u’WEI@Jﬂﬂ”INI‘ﬂﬂW{NL@ﬂI‘HU?ﬂW?QWQ?Q BAINAUUAT

1
A

(TP) WauiunisuagnAdilantadn1diiznisdnase uadaniialdass (FP) wanalgis

ANNT (3)

TP
Precision = ———— (3)
TP+FP

2.1.5.3 Recall

a

AaAIANYNHBITaIN INTuIEgnAIRTanaldnlduEnndase e Uiy

AMUIUATIDIUANNTAT TINIINUNIUAZNNTNATUATS 3 EIUaTe uansliasannng (4)
TP

Recall = ——— (4)
TP+FN

2.1.5.4 F1-Score

AAANLRALINN9UNMINIEI9N9 Precision WaZ Recall wandl@aaaunig (5)
Recallerecison) )

F1-Score = 2 X ( -
Recall+Precison
2.1.6 Local Interpretable Model-agnostic Explanations

!
=

Local Interpretable Model-agnostic Explanations nse LIME 1Huwmafiah

awnsndanlunisedunenisatanisnizesdaatuunlszinnle o ludneusifaNwas

>

dl o & 1 o | o % dl 1 dgl o ° dJ [~ QI
DRARAELADLUULINAND Iﬂﬂﬁ’lﬁliuﬂ’ﬁ“ﬂ’]ﬁqqmL‘II’WEL“’QL‘MQN@W@QLUQ\‘IV@QT}’]?WWH’]WNL‘ﬂu’&\‘l

o o

a ] dll A o dll ¥ = o a ]
AN E‘giuﬂ’]i‘ﬂiiﬁmuﬂ%’muﬁL?]'E]ﬂ'ﬁ]‘ﬁ’ﬂ\‘iLLll‘i.l@W@@\i LW@I?]LLG‘EIULV]EIUV’Y]’B‘EUWEIM’N ] A

v a

o S L - " 4 i ax
wanwuundmenenga deasiudscloadiledndulamengduuunazdiuldlunisg

dszgneilfiase (Ribeiro et al., 2016)
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2.2 UIEANLNEAIUDN
a o d” o i 4 o

N1INUNIUITTUNTINTRIUAS R IENN1sAN 19 uAdeiinediaedunig

) v = = a o o ] d’l
NUNENATBINAT HIN2AIBLALAZATUNATBINUIRANANTIN 3 Assialii

2.2.1 UNAANNINELFRY Customer Churn Prediction using Machine Learning

Ime Rama Krishna Peddarapu, Sofia Ameena, Surepally Yashaswini, Nadipelli
Shreshta, as Muppidi PurnaSahithi (Peddarapu et al., 2022)

NuIdaBinauanisilmatianisFuuiaeirTesfiaauuusnany Logistic
Regression, Random Forest, SVM W& XGboost @R W1gUILLINSNWaNsaNasAs

¥

TaruresgnAnouinng Inedayan ldlunnsaiaunuanassil 14 ALANELE UAY 1,000

B3
a o a

w9 TuwsuddallF1aanas Feature Selection Iaen12 14 W1LA1a89 Random Forest i@

A o aa o [ % = % ¥ =] = o a a !
ANAANHIUSNHAMNATATYNINNGA @Wﬂuuiﬂﬂﬂ‘]ﬂ’] L‘]_E‘EI‘ULV]EIU’J@‘]J?ZZQVIﬁﬂWWﬂI@QLLm

azuuuA1ae9lAun Accuracy, Precision, Recall ka s F1-score waz bé 1id1l&e ROC w1

] ]
aNaa

1 a = % 1 o = A =
198/ 1UN19WANTUIBNAIL AINKANITNAABINLINUULANABINANGAAD Random Forest &
NANINNUNEEIUTUAN Accuracy 7 86%

2.2.2 UNA2INIRYLTAY Customer Churn Reasoning in Telecommunication

Domain

Iael S. Stehani, N. Karunya, D. R. J. B. Ranjan, Sagara Sumathipala, wag T. C.

Sandanayake (Stehani et al., 2020)

a o d’jo tzlsj v a a E% tﬂl % o
ke iauenisilimealiansieuireiFsesfAitilLANaee Random Forest,

Naive Bayes, SVM, Ada Boost, Logistic Regression ka ¢ K-Nearest Neighbor WWanig
arnn1sninisanldeuaesgnanlugnainnssuinsanuian Inadeyain i luntsaine
LULIRNABINTINNNA 3,333 WD UAT 20 ATUANHIY 191N TN UBHANWINAAN LY
o =X o A o dl ! N 3 o A a . .
MUIUNINAINITRNAUAN TN aasuaanul anviedeldmalla principal
component analysis (PCA) iiaas9pmuansuzludaindayatgaimn Tuanuidailfdnmm

al a a 1 o v o a a o A
wRaumaulss@nininaaausaziuuanand taaldn1sdnlsz@nininlun1mienu Ae
Accuracy, Precision, Recall k8 e F1-score NLU4I14UUA1a89 Random Forest 191 A1
Accuracy 91 89%, Naive Bayes 141A1 Accuracy 71 0.85%, SVM 19iA1 Accuracy 7 78%,
Ada Boost AN Accuracy 7 84%, Logistic Regression 1A Accuracy # 76%, K-Nearest

Neighbor 1#1A1 Accuracy #1 78% aNNWAN1INAARINL41 Random Forest Ll umaiia®

aal
Accuracy ANgM
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2.2.3 UNAIINIRELTAY Handling Class Imbalance in Customer Churn
Prediction in Telecom Sector Using Sampling Techniques, Bagging and Boosting Trees

18 Sajjad Shumaly, Pedram Neysaryan, & £ Yanhui Guo (Shumaly et al.,
2020)

NuAdsitnauanisaanisninisaniugnén lugparunssuinsanuiantng 14
L%ﬂﬁﬁmﬁ‘ﬁ?ﬂuﬁﬂ@uﬂ%mﬁfmLL‘LI‘LI%W@@\‘] Decision Tree, Support Vector Machine, Multi-
Layer Perceptron, Random Forest Wa¥ Gradient Boosting 8n4¢i41435n1915uanna
o 2 , , = a a
aayama Over-Sampling, Under-Sampling kas SMOTE Tmmﬂ?‘ﬂumﬂuﬂﬁ‘szﬁﬂﬁwnﬂ

ac 09; v dl 1 ¥ -dl o 1% dl a o d”c; = ¥ 1
LL‘l_IU’JﬁVIWﬂH@VIVLN@MQ@ uazdayanliuANANAALAD mmwmﬂuLﬂumiﬁﬂmmy’@im
anna avliliaulasr Accuracy uslitnananladn AUC 8nN31 AMNNANIINARBINLIFN
1s2@n3N1NU2ILLUSNA89 Random Forest AU WL UR1a84 Gradient Boosting
Usz@nBn i In&1Aeeiu uduLUA1aeINANgARBLLLS1A8Y Gradient Boosting $a:iL

yas o ¥ i IS dl ' dl
ﬂqﬂmﬁﬂmmwmQ@m@w@aﬂ@ Over-Sampling 4A1 Accuracy 7 93.5% LWagA1 AUC %
90.1%

2.2.4 UNAAINIELFD9 Research on Customer Churn Intelligent Prediction
Model based on Borderline-SMOTE and Random Forest

Imel Linmao Feng (Feng, 2022)

a o d”o o all 1% A a
uRSeHigueni1ituieninlasulazeagnatresaunang Inaldmaiianig
3E1U309LAT89A9ELULAA8 Random Forest sanfiuldisnasufilatloynndayalianna
fagl Borderline SMOTE iatini/saniauiuunuaIaadau < Laun KNN, Decision tree
uae Naive Bayes @91H5UN171 520118 sn139012 AN TN NI ULRAE AN BTN N AR eI AN
OOB Error Rate, AUC, Precision, Recall, k8 F-mean a1NWAN1INAREINLILLLAN D

S

Random Forest $auiu1495 Borderline-SMOTE H132@nSnwaNanilA1 OOB Error Rate

71 92.3%, AUC # 92.1%, Precision 7 90.3%, Recall 7t 94.4%, uaz F-mean 71 92.3%

2.2.5 UNAANNIRE L"?Iu‘ﬂxi E-Commerce Customer Churn Prediction By Gradient
Boosted Trees

1agl Shamim Raeisi Way Hedieh Sajedi (Raeisi & Sajedi, 2020)

muﬁfo‘a”ﬂffﬁqLmu@mﬂ%mﬂﬁmﬂﬁﬁ‘ﬂui@muﬂ%qﬁfmLLuué’mm Gradient
Boosted Trees, KNN Decision Trees, Naive Bayes Random Forest, b8 ¢ Rule Induction

1
vy A

WarinunagnAnianae luiisnisdsaeaiseaulallungannesu dssmadniu anua
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NNINARBINLILILIANADS Gradient Boosted Trees RAN Accuracy 71 86.9% 34133 R4
ﬂﬁ‘:am%mwmﬂﬁ'zgm

2.2.6 UNAIINIREY L'i';"m Churn Prediction: A Comparative Study Using KNN
and Decision Trees

Tmel Mohammad A. Hassonah, Ali Rodan, Abdel-Karim Al-Tamimi, & Jamal
Alsakran (Hassonah et al., 2019)

a o da/ =2 P a a a 4 di 1
mmwumu@miﬁﬂwmﬁﬂums;mﬂ@:mmﬁmwmmmmﬂugmmmea‘:mw 2

[ %

anasyiu alAun Decision Tree Az K-Nearest Neighbor lilavinunenisiantilugnan

v

dayareszdninsauuiad Inadeyagadeyalsznausiog 3,333 AaaENI129gNAUAT 20

U

fauils TnennssaA1danasiia KNN Anuualil k=5 tarn1adauuugadautunay 49w
Fana3NN Decision Tree 1Ln0uat Gini Index NAFLAUAINNAN 20 F2FL AINNANITNARD

WUINEaNaTNN K-Nearest Neighbor HA1 Accuracy #i 87% NA1 Precision N1 61% HNAN
Recall #1 22% HA1 F-Measure 7 33% wazA i uli&ulse (AUC) Hdszanns 0.82 491
fanesNu Decision Tree AA1 Accuracy 7 93% NA1 Precision 7 77% NA1 Recall 11 68% §

A1 F-Measure N1 73% wasA WL IfEuIAe (AUC) Hilsyunny 0.86 Aeudanasny

1
1o a KR

Decision Tree a9lUsy@nTnMNANINNI18anas7nn K-Nearest Neighbor

2.2.7 UNA2IININe 529 Research on a Customer Churn Combination
Prediction Model Based on Decision Tree and Neural Network

a8 Xin Hu, Yanfei Yang, Lanhua Chen, wax Siru Zhu (Hu et al., 2020)

AT AUONN 298NS 1A DNV WL AN EAN (Combined
Prediction Model) lag lfuuvanassfinliiing@ula (Decision Tree) wazuuuanasslngedng
szdmien (Neural Network Model) nansanifunuusnasanganu uazin luzeuiay
fAiuLuULANa@d Decision Tree WAz Neural Network Model Tun1sinuanisianidugnanaes

4 b %

fpdayagnAgLileduniifia 2,681 AW AINNIINARDINLIN ULILA1A8Y Decision Tree HA1
Accuracy‘ﬁl 93.47% ,uuURNa89 Neural Network NA1 Accuracy‘ﬁ 96.42% WAZNNINIUNE
WULEEN KA1 Combined Prediction Model § A1 Accuracy 7 98.87% TIudAII
uULANaesm i uUNANNAILTT s AV A SN And UL e R

2.2.8 UNAITNINE L‘i}ﬂ\‘i Prediction of Customer Retention Rate Employing

Machine Learning Techniques
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Tag Achintya Sharma, Deepak Gupta, Nikhil Nayak, Deepti Singh, LLae Ankita
Verma (Sharma et al., 2022)

(2 |
o

a = o v a = v E v 1 . . .

NuidaidauanisldmatianisBauiresiasas tHun Logistic Regression,
Support Vector Machine (SVM), Decision Tree, XGBoost, Random Forest, Light Gradient
Boosting, Gradient Descent Boosting Lae Cat Boost LﬁﬂﬁLmﬁ:ﬁmﬂ‘izwummmmmﬂm
o tﬂl ] a [~ % Aﬁl = v %
anwezluanuiianisinuianinaniugnaAt lugraiunssuinsanunan ailgatayagnan

o a = d’jG‘ al U a =

7,043 AL warAUANEMUY 21 98a TunisAnetiflunisulsauinaunislmatianisiaan
AuANEIzLATNNTanTuIadaya Inantmasasuisaaniiluy 4 wun MHun gadasyains
(Original Dataset), PCA, Information Gain , memqmﬁﬂwmzmmm%w (Reduced
Dataset) IneiAUsANNINUBILLLANABIALEIAT Accuracy AANN1INARBINLINEANE TN
XGBoost Hilse@anan wanlae 1435 Reduced Dataset HAN Accuracy 7 81.99%

2.2.9 UNAITNIREYLFAY Customer churn model based on complementarity
measure and random forest

a8l Chen Zhang, Hong Li, Guangde Xu, kas Xuhui Zhu (Zhang et al., 2021)

NuidsidauanisituianisaniilugnAtressuans lnelddeayangniiy

ug/’ A XK a v v v
29U3NIALEUIAIFUARBUNINIIAN 2018 DNHUIAN 2019 TATeyaLszneusdedeya
ANANULNATUANLAZ AL IIaMNA 181 LaaviBtas A1nill4a% Affinity Propagation (AP)
. dl A aa u‘d‘ dl % 09; dgl Y6 Y o a K dl =

Clustering Walaanwanyvistasineades vieilla Meanasnuvangwuiine i Faume umd
sz@nsnanwléiun SVM, Back Propagation (BP), CART, Deep Belief Network (DBN),
Random Forest W umaAtiAwLL Bootstrap Az Random Forest #9171 Complementarity
Measure (CM+RF) 3aiflwmnaiiauuiy Pruning Tneusazuuusanaasldannisiusiymmaiu
ldannanadiayafiaeds Random Over Sampling (ROS) uazldmaiia Cross Validation
Tnautisdiagaanniilu 5 Fold luauddailinislssiiudndsc@nsnnpesuuuanaasasil
Accuracy, Precision, Recall, F-measure, AUC, AUPRC ANNNIINARBINLITULLANAD
CM+RF {uAsnH1svAnsnmANgANA Accuracy 7l 82.32%, A Precision 71 86.25%, A7
Recall 11 76.23%, A1 F-measure 91 81.02%, A1 AUC 71 0.821, A1 AUPRC 7 0.857

2.2.10 UNA2IINIREL5DI Machine Learning Based Telecom-Customer Churn

Prediction
Tm e Pushkar Bhuse, Aayushi Gandhi, Parth Meswani, Riya Muni, ka8 & Neha
Katre (Bhuse et al., 2020)
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v
= o

muﬁfoﬁ“ﬂummu@mﬂ%mﬂﬁmmiﬁ‘ﬂu}mmmﬁ*m (Machine Learning) Wazng
a v a K . dl o a [ v v ¥ % %
(FausiTean (Deep Learning) Wilavinunenisianitugnafoadeyagnatsiuinsanuia
TnanfFaumaulsr@nsninaesdanesnuuuusiig o 1Hun Ridge Classifier, Random

Forest, SVM, K-Nearest Neighbors (KNN), XGBoost, iaz Deep Neural Networks A1nN19

1
aa

NAABINUINMULAN899 Random Forest Hilsz@nBnnangailan Accuracy 71 90.96% W
1 ¥
naaa N EmalAnIsAUMILLLNTA (Grid Search) WL31R AN Accuracy WANNNT LTI

91.26%

a o

F1319 3 waniNaazlaasnuidenneades

Ralas Taauidn Tnguszaen wuusnaasild WUUSNARINE
lgauey szAnBnInA
o
1 Customer Churn AINNUNLNITLEN Logistic Regression, Random Forest &
Prediction using adpsldernnes Decision Tree, Random AN Accuraoyﬁl
Machine Learning Qﬂﬁ’]ﬁu’lmﬁ‘ Forest, Gradient 86%
Boosting
2 Customer Churn AN2ANANITRINIT Random Forest, Naive Random Forest &
Reasoning in wnlfanuaes Bayes, SVM, Ada Boost, AN Accuracy‘ﬁl
Telecommunication @uﬂﬁﬂu Logistic Regression, K- 89%
Domain ANAIUNTTH Nearest Neighbor
MIANUIAN
3 Handling Class N19ANANTI0INNT  Decision Tree, Support Random Forest
Imbalance in aniugnAnlu Vector Machine, Multi- sauiuns 1438
Customer Churn ANANUNTTH Layer Perceptron, Over-Sampling Y
Prediction in MIANUIAN Random Forest, AN Accuracy‘ﬁ'
Telecom Sector Gradient Boosting 93.5%

Using Sampling
Techniques, Bagging

and Boosting Trees
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;U Teaudae ngiseaeh WUURRRITIE WUURNRBINR
vlgauiey sz@nBNNA
gn

4 Research on NNINUNEINNT Random Forest, KNN, Random Forest
Customer Churn 4ryidugnAnaee  Decision tree, Naive souiun 91438
Intelligent Prediction  841ANT Bayes Borderline-
Model based on SMOTE ##in 0OB
Borderline-SMOTE Error Rate ﬁ
and Random Forest 92.3%, AUC ﬁ

92.1%, Precision
1'71| 90.3%, Recall 1'71|
94.4%, WAy F-
mean '17{ 92.3%

5 E-Commerce miﬁﬁmﬂgﬂsﬁﬁl Gradient Boosted Trees, Gradient Boosted
Customer Churn Andelusnng KNN, Decision Trees, Trees NAN
Prediction By gﬁyﬂmmi Naive Bayes, Random Accuracy'ﬁl
Gradient Boosted @ﬂui@‘ﬂuﬂ@d Forest, Artificial Neural 86.9%

Trees PNEaL UseinA  Network
aNIIU

6 Churn Prediction: A ANINUNEINNT Decision Tree Was K- Decision Tree &
Comparative Study @niflugnan Nearest Neighbor AN Accuracy‘ﬁl
Using KNN and finyAT09L3EN 93% HAn
Decision Trees MIANUNAN

7 Research on a A1INUNEINAT Decision Tree, Neural Combined

Customer Churn
Combination
Prediction Model
Based on Decision
Tree and Neural

Network

wnilugnAnaes
fAdayagN A

fililafunfiin

Network, Combined
Prediction Model
(Decision Tree §9uAL

Neural Network)

Prediction Model
AN Accuracy 7

98.87%




A1919 3 (51D)

17

AR Fasuiae nniszasn wuUARRITlE WUURNRDITNR
vlgauiay szAnBa A
ge
8 Prediction of N19NNUNNT Logistic Regression, XGBoost Ine/1438
Customer Retention Lﬁm‘]ﬂuqnﬁﬂu Support Vector Machine Reduced Dataset
Rate Employing ANATUNTTH (SVM), Decision Tree, e Acouracy‘f/‘ll
Machine Learning sANUNAL XGBoost, Random Forest,  81.99%
Techniques Light Gradient Boosting,
Gradient Descent
Boosting, Cat Boost
9 Customer churn AINIUNENIT SVM, Back Propagation CM+RF A1
model based on Lamﬂuzgﬂﬁ’mm (BP), CART, Deep Belief Accuracyﬁl
complementarity f1ANT Network (DBN), Random 82.32%
measure and Forest, Random Forest
random forest TUAL Complementarity
Measure (CM+RF)
10 Machine Learning A1INUNEINAT Ridge Classifier, Random  Random Forest Y

Based Telecom-
Customer Churn

Prediction

wnilugnAnsas
AayagnAIAIL

MIANUIAN

Forest, Support Vector
Classifier (SVC), K-
nearest neighbors (KNN),
XGBoost, Deep Neural

Networks

A1 Accuracy %

91.26%
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lunsAdei] #AselBsniunsmaduneusell
3.1 NITUIUNITNINIUIBULLANAD
3.2 MaiusauaNteyauarannisiudieys
3.3 m‘zmum@zﬁﬁmqgﬁﬂg@ (Exploratory Data Analysis)
3.4 nswisanANNsandiaya (Data Preprocessing)

3.5 NIASWNULLANADAUNANILNGH



3.1 NFTUIUNITVINGIULRILLLINNDI

|

/ Customers Data /

[ Exploratory Diata Analysis ]

|

Split Data

' :

/ Training Set / / Test St /
1 |

Pre-Processing

Pre-Processing

] !

Festura Festura
Enginsering Enginsering
] }
Feature Selection » | Feature Selection

|

SMOTE
|

> hodel

Hyperparameter
Optimization
Training Model

Final Evalustion
and Interpretstion

ANIENaL 4 LAAINTLLILNIININILIBILLLAN A9 111 1AFeIT]

v
[ %
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v
ANAMNLIZNAL 4 LAaAYTUARLNNIASSLLLANaRIN1INN e uRa lHun Al
v :; A ° 4 b % (=3 & o o v Y K 1
/anmn TnadunauLINAe mﬁ?mme@gjmm@mﬂmuumuimm NAIMNUBANLNINNINIT

v . dl ¥ P4 dg/ % o’// ]
13944834 (Exploratory Data Analysis) lialdilaludeyaiiessin aaniuniiiaais

P Do

z81Ad8ya (Data Cleansing) 1A5LANA1INUALALANIINLNNEIUAY ANTURINITULIN

A 9 ° o =l 9 °

Hayaaaniiu 2 7a Asdiayad uiun19EeuIvesULANa8 (Training Set) wardayadiniy

a

v
N1INAFALUILANTNINTBILLLANAR (Test Set) slm]“umuﬂﬁiLm‘%ﬂuw?ﬂmm%ﬂHm (Data
. o o Y ] . 1l o o % |
Preprocessing) WazaaniInuUIayaniinuy (Categorical Features) LLuuvLmummuiuﬂqsLu
sUuuusiaea Tnenaanlddanns One-Hot Encoding wazilfullaaudasaasiiayadowas Ing

1435 Standard Scaler 12 151418ABN1TN197% A1NTUNINIAALADN ATLANH DL TR

q

1
Ay

. dl o [ 3 = o cY 1 ¥ ¥ QI 4
Feature Selection 14147y warinisdaniniidayazeinguilvuieniiteslimudeya
< o = VR o ° . .
NnaAuse SMOTE Tnalusudqailiaanlduuuanaay Logistic Regression, Support
Vector Machines WAz Random Forest W5an99nn1915uqunisdinadiag 1laninis
¥

v
dszunananisizouiiaiauda luduneauseliasiidayatanaseullldlunsdn

UseANBAINTBILLLRNABIAIAT Accuracy, Precision, Recall, F1-Score 1as Confusion

=

. ) = (% a Aa 1 o dl % o dldall
Matrix 11nN3FaLfaLA L sz ANENNUAAZILLA1A8Y N AUMIKLLANADITNANGAL
gpadayanagen ANUURIN1T3AIIZHAANUNILTBIULLAN BT AL suaNd ATy 7
denansznumAanITNuIadosmaiialunisiniuAe Local Interpretable Model-agnostic

Explanations (LIME)

[~ o [
3.2 ﬂ’]‘iLﬂU%")U‘i’JN‘ill’ﬂHﬂLLﬂgq ﬂﬂ']‘é‘ﬂ‘l.l‘ill’ﬂﬂﬂ

b4

Tunuisanlilideyailszainsaasgnin lwduladuenils aailudieyaansnsne

a1n Kaggle.com dsilsznaufiog 23 wanvisiag Haruaudiayanauun 36,992 fating was
4 1 6 ¥

faynatlugiluuy Comma-Separated Values (CSV) Tnainnsnaaaalild Google Colab
WAZNNHI Python AN wilsznau 5, 6 uay 7 lunisuansdantinsdeyasiausuanyistionm

=® dll v 1 tzll ) o v [ % A aa o‘tdl
10923 L‘W’E]@]ﬂ']‘W?QN%@Q%@H@ﬂ@HW@ZMWiﬂVHﬂ'}']ll@:ﬁ’ﬂ']Wll'ﬂﬁ;ll@LL@ZﬂﬁLZ\]’ﬂﬂLL’ﬂWVl?U"JmVI

aflunaziinld ¥ naaesluluuanans
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age gender security_no region_category membership_category joining_date joined_through_referral referral_id

0 18 F XWODQ7H Village Platinum Membership 2017-08-17 No 00000
1 32 F S5KON3X1 City Premium Membership 2017-08-28 ? CID21329
2 44 F 1F2TCL3 Town No Membership 2016-11-11 Yes CID12313
3 37 M VIGI33N City No Membership 2016-10-29 Yes CID3793
4 31 F SVZXCWB City No Membership 2017-09-12 No 20000000
5 13 M PSG1LGF City Gold Membership 2016-01-08 No 20000000
6 21 M R3CX1EA Town Gold Membership 2015-03-19 Yes CID24708
7 42 M 4U31551 NaN No Membership 2016-07-12 ? CID56614
8 44 M 0481QNQ Village Silver Membership 2016-12-14 No X000
9 45 F ZHP4MCR Town No Membership 2016-11-30 No O0000X

nwisenan 5 uanssatinsdinyanlfdmiuuuuanaasfoananyizionn 1 D9

preferred_offer_types medium_of_operation internet_option last_visit_time days_since_last_login avg_time_spent avg_transaction_value avg_frequency_login_days

Gift Vouchers/Coupons ? Wi-Fi 16:08:02 17 300.63 53005.25 17.0

Gift Vouchers/Coupons Desktop Mobile_Data 12:38:13 16 306.34 12838.38 10.0

Gift Vouchers/Coupons Desktop Wi-Fi 22:53:21 14 516.16 21027.00 2.0

Gift Vouchers/Coupons Desktop Mobile_Data 15:57:50 11 53.27 25239.56 6.0

Credit/Debit Card Offers Smartphone Mobile_Data 15:46:44 20 113.13 24483.66 16.0
Gift Vouchers/Coupons ? Wi-Fi 06:46:07 23 433.62 13884.77 240

Gift Vouchers/Coupons Desktop Mobile_Data 11:40:04 10 55.38 8982.50 28.0

Credit/Debit Card Offers Both Fiber_Optic 07:52:43 19 429.11 44554.82 24.0
‘Without Offers Smartphone Fiber_Optic 06:50:10 15 191.07 18362.31 20.0

Gift Vouchers/Coupons ? Wi-Fi 19:10:16 10 97.31 19244.16 28.0

nwilsznay 6 wanssnatsdieyan & miuLLLAae IRt uaNYIsTosT 9 v 16

points_in_wallet used_special_discount offer_application_p e past_c i [: int_status feedback churn_risk_score
0 781.75 Yes Yes No Not Applicable Products always in Stock 0
1 NaN Yes No Yes Solved  Quality Customer Care 0
2 500.69 No Yes Yes Solved in Follow-up Poor Website 1
3 567.66 No Yes Yes Unsolved Poor Website 1
4 663.00 No Yes Yes Solved Poor Website 1
5 722.27 Yes No Yes Unsolved No reason specified 0
6 756.21 Yes No Yes Solved in Follow-up No reason specified 0
7 568.08 No Yes Yes Unsolved Poor Product Quality 1
8 NaN Yes No Yes Solved in Follow-up  Poor Customer Service [\]
9 706.23 No Yes Yes No Information Available  Poor Customer Service 1

nwilszney 7 uanssnetindeya lEdmiuuuusiaesdoawanvisiosn 17 v 23



[78] data.dtypes

age int64

gender object
security_no object
region_categorny object
membership_category object
joining_date object
joined_through_referral object
referral_id object
preferred_offer_types object
medium_of_operation object
internet_option object
last_wvisit_time object
days_since_last_login intGd
avg_time_spent floate4
avg_transaction_value floate4
avg_frequency_login_days object
points_in_wallet floate4
used_special_discount object
offer_application_preference  object
past_complaint object
complaint_status object
feedback object
churn_risk_score inte4
dbype: object

A ilsznad 8 Lamd Data Type 189 Wiaain 14 luanunde
yp

8000 7416.0 7663.0

“ST.I

Desktop Smartphone

churn rlsk score

7000
6213.0

6000
5000

4000
2950.0

3000 54430

1827.0 1983.0

nilsznau 9 uaassatindiaainiauinlnArasiaya

2000

1000

0
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AN INUsEnal 8 Way 9 Vloqﬂqﬁ‘ﬁ]?'l@@ﬂ‘]_lﬁ’]ﬁ”ld’]\iLL@tgle@ﬁ\I@ﬁflﬂ’J’]N

a

-8

a a 1 = dl b % o o o Y dill o v o tﬂl v
NaUNATadLAArNlAnT T9ARININITS Mﬂﬁﬁ‘mﬂ@H@W’muﬂ@uuﬂﬂi‘ﬂuuuufﬂ’]@ﬂﬁLW@@ﬂm
[ 1 ] a a o al rnllal 1 1 =
Tldanansznusauuuanassuazdsz@nininlunisviuialneWiaeiniA1dnane
region_category, preferred_offer_types, avg_frequency_login_days, points_in_wallet

= rd‘d a a v A . .
NN sEney 10 wazWiaednuANlAlnRI09T9yaA® medium_of_operation,

joined_through_referral, days_since_last_login, avg_time_spent s TWLsznayl 11

index count

6

ANUTZNAL 10 LAANAIUILANINUDILAAZLANNTLIVG

age days_since_last_login avg_time_spent avg_transaction_value avg_frequency_login_days points_in_wallet churn_risk_score

count  36992.000000 36992.000000 36992.000000 36992.000000 33470.000000 33549.000000 36992.000000
mean 37.118161 -41.915576 243.472334 29271.194003 15.976715 686.882199 0.540882
std 15.867412 228.819900 398.289149 19444.806226 9.215858 194.063624 0.498324
min 10.000000 -999.000000 -2814.109110 800.460000 -43.652702 -760.661236 0.000000
25% 23.000000 8.000000 60.102500 14177.540000 9.000000 616.150000 0.000000
50% 37.000000 12.000000 161.765000 27554.485000 16.000000 697.620000 1.000000
75% 51.000000 16.000000 356.515000 40855.110000 23.000000 763.950000 1.000000
max 64.000000 26.000000 3235.578521 99914.050000 73.061995 2069.069761 1.000000

nwilsznau 11 wassatfdussnsueusazuanyisiainds il lfiinauazaindeya

¥

Aiuniaed preferred_offer_types iiufiayadaiauaaasgnAiiaiuaudoatig

o 1 oA k4 A . A % o %
AYANUNA 36,992 AIBEIT WU 3 1BLAUDAD Gift Vouchers/Coupons 7aURTANUR/

=2

ALleadAUI 12,349 Fa0ting UAY Credit/Debit Card Offers visadiaiauaiinsinsin/nind
QA1UIU 12,274 Fating WAz Without Offers 138 ldida1a1uaNBaIn190a7119% 12,081
o , , Ao T P o , = o e
Faeing waznudIiauauagenet lulaaiiies 268 faat1s damndayanmaunulyls

=2 v a 1 1 b d’j o 1 dl 1 o ai 1 a d} = o‘d”
asindulaauAdnludiayatiaan 288 daating Geaefluanuauinldunnifull Geliaeitiieg
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v
o

dl 1 ' 1% ! o v e‘d‘ -dl 1 2 o 1% o
LN@@Uﬂ’]Q’]\?’ﬂﬂﬂllﬂLL@Q“Q%@QN@V]WIMWL@@?@H ] m@qi‘uummeﬂugﬂaumniﬂmfm AN

Wiaa preferred_offer_types Adiaasnatinadiayarianun 36,704 Aanting

o [%

= g . < ¥ o :/’ dl v 4 !
d1m3unLaas avg_frequency_login_days UIAHANUIUATINGNANLINA TS

J a b4 I

Buladlaaaas Inanwudiaiinvesieyaianuinainianme object udailasulu floate4

v 1
]

| o o % b4 < 4ﬂl g | o o I !
PNTIZINATUIUATINGN '1L“IIWZQ‘J‘Z‘]_I‘]_ILQUVLSIJWFT@EIL@@ﬂﬂQ?NﬂWLﬂuWQL@m wazeanu A9y

a

1
o 1 A L8 ¥ ¥ !

v 1
st dayaiiluaiuau 3,522 frete WannsmwazindeyaudiinuauaisngnAniding

a kTl

v
o [ % A

= - @ ¢ = o A e ' Y o -
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oA

o’// o 1 = e‘di’d | 1A [ o v a A !
weganudluniae iiiAiduAAnaueg asiinisindulaeidiinauesn inszdng
HuduauaitlunisdingszuuliacailuAifinay Asiuainaeuusnisauoudayaiauun
36,992 AL AUMABAIUIY 36,028 AL

o o A ' . . < 2 -dl 1% Y o 1 o
Auniuniaas points_in_wallet mmmﬂmmuummum@ﬁﬂﬂmﬂuummnwm

v 1
o =K o al

gan99:1 WuIRAIludiayadaatinieg 3,443 A8 UAIAINUUAININITUNUNAIGNY

v
v o 1
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MIEIAT 0 sL‘Viﬂ‘UWL@ﬂ?u NN QWUQWIMWL@@?HNV"I"IWLﬂuﬂq@‘l_]@% ININITLRTANRAXNLABN

a1 A

manzdinzunugzan idiazliAfnauld anneuusnda 1w udayaianum 36,992

Fnating IARAUIY 35,896 FNaLiNg

= 1%

A mFuniaes avg_time_spent iivdayananlduuiulaiineaanaasgnii Tng

1
IdﬂIQ 1 R o

wudnWimasuiAuARAaUat A9INITeIARAALaaN ANABULINNAWIuTays
09; o 1 A o o 1 dl ¥ o A A o
MNUNA 36,992 AN LUNARATUIU 34,250 FIIBAEN mmmmmm@uiﬂﬁlﬂmmmmm
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21232 LI ANBNINTRIULLANADS LLEI@\ﬂ@

1
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43U a3 medium_of_operation AanLHiunnsngninlinigsnssu Inenisly

= o ¥ 1 A A 3 a o o 1
WL@@?N%@H@@% 4 9zinn Aa Desktop WIaLAanNal AUy 13,913 AIBEUN LA

Smartphone Wsadan 3R INUNA LN 13,876 Aa0e19 waz Both vire liiananiellias

Ny

an1ininuiaiuau 3,810 faatg Inanudiddeyanliiaouuunanuidanesi 2 §
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Unknown H81uauiianun 4,990 fivaeing dadiayaninnuialnadsaruwiuanaiumszdn
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A mFuniae3 joined_through_referral tiudiayatszinniignAdingasiiluannin

98 Code 78 1D wngnaldlivinnasdingasniluann@indiag Code visa ID axiiluan NO

ol

WUINHANU 15,839 Aaasing AdinsannnfluaniTnénefqe Code viga ID axifluA Yes

A o ' 1

o o 1 IS4 1 = o‘dgjd a o
WUITNINUIU 15,715 FIIRE LLZ\]tﬂQWUQ’WN‘U@H@LLﬂZ\]ﬂ’ﬂ%IfLuWL@@‘J‘u ARAN "7 UITUIU

! !
VoA el

5,438 fatig asanifluA N il AN Lazatani liinan193 AL RARan13
NNIUUBILLUINADI L AUADNNINITUNUAT 2 1T11AT Unknown WLIIHR1UU 5,026

FnatiNg UAIAINNNTUNLNLAY

o o oo - ) s v PR o o L a A A
Ansuniansd region_category LﬂUﬂ@H@WH‘W@%@Wﬂﬂﬂ‘ﬂ\?@jﬂﬁqwuqqﬂ 3 NUNAR

1 o

Town ¥70LNASIUIALANNAWAY 14,128 Aaae19 Laz City virallasruialunjdaiuau

12,737 Aiaating uag Village w3anytinuiaiuau 4,699 Aaati19 TnawuA19198a U

v
[ 1 1

(% ] o :/l dll % M v % 1 Azlgld [~1 [ dl 1
5,428 Fnating AsiiegnAlalinsendeyadout anvisdenuardnadudiuaunn el
ANANTENUADNIININULDILLLANADI AUADNUNBAIIN9E28AT Unknown BadannlEna

nsunuiaesdieyali/udanudn Unknown H4uau 5,033 faetn

' v
= o = ¥

A mFuniae3 days_since_last_login inudiayasnuiudungnAdingsruunisagn

D

Tnanudayannasdanani -099 Hanuau 1,999 Aatng Ilanaaauguiaa uaudunly

1 a

wrarirAnaulinLds -999 fianaazuniaisgnAtunuazldlfdnunlussuuiay Aaiuag

1
a A 1 a

WATULRBNUNUNAN -999 1WA 999 unu nszdiagaanuanduliiiaziafaauliudn

2 o Ao o q o PV = e o A
999 Gn\iLﬂuﬁ’]V]Mﬂﬂmflﬂ IQEIL?"]ELMF"I’]’]NV]N’]E]’J'] @]ﬂmﬂuul,“]m@]?::‘i_l‘i_lL')Uiﬁlﬁ]ﬂﬁ‘\iaﬂz\gml&ﬂ

999 FUNLAD YAIAINNINITUNUN LLILFINLINAT 999 HANUIUAIUNA 1,861 HdBEIN

age days_since_last_login avg time_spent avg_transaction_value avg_frequency_login_days points_in_wallet churn_risk_score
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gender F gender M gender_Unknown region_category City region_category Town region_category Unknown region_category Village

0.0 1.0 0.0 0.0 1.0 0.0 0.0
1.0 0.0 0.0 0.0 1.0 0.0 0.0
0.0 1.0 0.0 0.0 1.0 0.0 0.0
1.0 0.0 0.0 10 0.0 0.0 0.0
0.0 1.0 0.0 1.0 0.0 0.0 0.0
1.0 0.0 0.0 1.0 0.0 0.0 0.0
0.0 1.0 0.0 0.0 1.0 0.0 0.0
0.0 1.0 0.0 1.0 0.0 0.0 0.0

0.0 1.0 0.0 0.0 1.0 0.0 0.0
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age days_since_last_login avg_time_spent avg_transaction_value avg_frequency_login_days points_in_wallet

-0.445852 -0.226125 -0.701277 0.473173 -0.530243 0.306509
1.129898 -0.217210 -0.635571 -1.049709 -0.209277 0.128616
1.445048 -0.235040 -0.591567 -1.125004 -0.102288 0.515283

-1.013122 -0.221667 -0.327602 0.601155 0.218679 0.109552

-0.256762 -0.243955 -0.726826 0.922259 0.753623 0.040618

-1.454332 -0.217210 0.523656 -0.513159 0.111690 0.471618
0.499598 -0.248412 -0.773475 0.447931 -1.600132 0.508036
0.184448 -0.212753 -0.507166 1.616168 -1.386154 2.693017
1.571108 -0.208295 -0.530400 -0.847744 0.432657 0.048867

-1.202212 -0.203838 -0.520541 3.171923 0.432657 0.693993
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Random Forest

Culast ADIAN BTN AMNUNIEURIAMANHME  ASWLUUANNRNALY
1 points_in_wallet pzuLuAaNTIgNA L s 0.3176
AZNIINNFINITH
2 membership_category_ Basic @Jﬂﬁ’mm%m:ﬁuﬁ;uﬁu 0.1221
Membership
3 membership_category_No @lﬂﬁ’\mﬂﬁlﬂumuﬁﬂ 0.1195

Membership
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ANAU ATUAN UL AMNUNETDIAUANKIUE  AZUUUANNAIATY
4 membership_category_Premium @Jﬂﬁmm%mzﬁuw‘?tﬁﬂu 0.0676
Membership
5 membership_category_Platinum  gnA1ax1ansyALUNATITIN 0.0666
Membership
6 avg_transaction_value H@ﬁ’lmﬁ”@mmﬂmmgwm 0.050
anAn
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PB9QNAT (W17)
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L%U"l%c-ﬂ“ﬂﬁﬂL@?iM@@ﬂﬁﬁ
9 age B1EIBIGNAN 0.0198
10 days_since_last_login ‘%ﬂu')u'fuﬁ@]ﬂﬁ’]ﬁ’]@:%UUﬂ%\i 0.0177
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13 feedback_User Friendly ﬂ’]il,l,@m\‘immﬁml,ﬁwﬂm@‘ﬂﬁ’] 0.0129
Website iUl e
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16 feedback_Reasonable Price ﬂﬂ?Lme\‘imwﬁmﬁwﬂmQﬂﬁﬁ 0.0090
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Feature Selection with Random Forest
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n_estimators 500 200
max_features auto auto
max_depth 8 8
criterion entropy gini

RUUNAIAINNIINN Tuning 11 Hyperparameter ATURIUNAYNLLLIA 071 1
Tueddaiuga et ldvionisieusludeyataisaui ndsainiinsBewdynuuusiaesls
o < [~ le [ o v v =< ¥ o o a a o ¥ 1
dndaiadaduiuduizauiesuds adldninisindsc@ninanuesuuusanaesfauan
Accuracy, Precision, Recall, F1-Score kas Confusion Matrix liallFauiie utlss@nanin

YRILLLANAD



uNnN 4

NANISANLUUNISIRE

o Y v 4

lunsddunianiuisuunliiunisaniugnatsoedeyatszainsinelimatiang
a v dl ve vy a o % :/J o/ ] d!
Faudvesirses 16 lddayannany (Test Set) Hauqudayaianum 6,850 Foati1g @9
%

Usznaufinangy o AagNAN Exist Hiayaianum 3,104 faatnauazngs 1 AagnéAi Chum

o

v v
Niayanannn 3,746 Araeing {Adulia1munmdelng Aneaudunensig o aaanauin

UIANBNINNIINNIULBIULLA1ABIA8 AT Accuracy, Precision, Recall, F1-Score Wa

Confusion Matrix HA1d#A1974 8

A998 LAANNARNEIAULLANABSYINVNA

%’auuu%‘i’mm Accuracy Precision Recall F1-Score L’m’l‘mmu

(%) (%) (%) (%) nsiEeus
(A un)

Logistic 0.86 0.93 0.86 0.86 0.09

Regression

Logistic 0.85 0.96 0.85 0.85 0.11
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Logistic Regression with SMOTE
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Feature Importance of Random Forest without SMOTE
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