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Improved Ensemble Learning Model by Swarm

Intelligence for Mobile Subscribers’ Churn Prediction
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Abstract

In today’s competitive world, companies need to analyze, identify and predict the behavior of their
customers and respond to their demands earlier than their competitors. Moreover, in many industries
such as mobile telecommunications, the cost of maintaining existing customers (customer retention) is
much lower than the cost of attracting a new customer. Therefore, the problem of identifying customers
who are going to leave the company, so-called Customer Churn Prediction (CCP), and preventing them
by offering Incentives is essential in these industries. In this direction, researchers have presented
competent methods using data mining and artificial intelligence tools to identify potential churners.
Machine learning (ML) methods are one of the most powerful and widely used techniques to deal with
the CCP problem, since they can properly extract and learn complex relationships between the
customers’ attributes and their churn intention. Artificial Neural Networks (ANNs), Support Vector
Machines (SVMs), Decision Trees (DTs), Logistic Regression (LR), and Naive Bayes (NB) are among the
well-known ML models utilized in numerous studies to tackle the CCP problem. Also, ensemble learning
techniques such as Adaboost, Gradient Boost, and Extreme Gradient Boost (XG_boost) have been
widely used to solve the CCP problem since they can aggregate the capabilities of multiple ML models.
Hence, in order to improve the process of predicting customer churn, in this paper we propose a novel
ensemble learning based approach, which is designed based on the two-level stacking technique. We
employ six prominent ML models in each level of our proposed ensemble model including MLP, SVM-
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RBF, DT, NB, KNN, and LR. We also benefit from the Gray Wolf Optimization (GWO) algorithm as an
efficient swarm intelligence based search algorithm to select the most effective features and also adjust
the hyper-parameters in the proposed model. We have implemented our proposed model using Python
and simulated it on two well-known customer churn datasets in the telecom market (IBM_Telco and
Duke_Cell2Cell) to evaluate its performance. In this direction, we first demonstrated the optimal
features’ subset and the parameter values obtained from applying the GWO algorithm on each dataset.
Next, we compared the performance of the proposed ensemble model with each of the base learners
using common evaluation criteria including accuracy, precision, recall, F1 score and AUC. The results
show that the proposed ensemble model can collect the capabilities of all the base learners and it works
better than each of the basic ML models. Afterward, we compared the obtained results from the
suggested model with the common ensemble models (Adaboost, Gradient boost, XG_boost, and
Cat_boost) The experimental results show the superiority of the proposed method over other evaluated
ensemble models in all the evaluation criteria. Eventually, our method is compared with two recent CCP
approaches introduced in the literature. This analysis reveals that, except for the recall criterion in the
Duke_Cell2Cell dataset, our introduced method achieves superior results compared to the considered
approaches in both datasets.

Keywords: Customer Churn Prediction, Mobile Telecommunication, Ensemble Learning, Swarm
Intelligence, Gray Wolf Optimization Algorithm

Q]&Yeskﬁs\ﬁﬂl%mm;ig‘wwdjb doddo —)

o = 90 0des 5)44\.3 ) .
’ 2 glole 5 eS 0 i Goyel (B, sl 5o

L olite 5 Sy b Ladype sloosls 5 85l )
L}"Q QR ) 2R L =R S ool o o)“'\" 6[9)Lim‘) )l c¢m|bwd uu)l.) e e LSLQ ~~

Obyin ewbdcores> Oldbl 4 by e sboosls o Sbews 6l (CRMY i b LU, e
S o] ol i 5 ol yiie b Sita b Ly,
s as cul s pl 4 sdes jsbay (Jas ol oS
3 e by Sl wlesls lad oele sla g
Syrge Olytie L Gl ganien e olse o
by oS ids ol dawg dbul, opl o D] el

L (ol g oledbl wasasl )| wleas 5155

A obiie b, 4 bg e doloacgeme Joleal coals Y

plo b aslie ;o oails T, b ie o5 olaws Lo
. 4 < .

oFss 3l S (MUY dle 250k 98

el b i 3 o M > Sl b, Kl

oS e e ol 5l Glacgase Juld g8

Slizos 5 o9y sedls (e Laly, wiilgi e

b elotniin 5055 jabar g aijesle |, gl bl

Jobay a5 labs, ol [NV wes @)l YU coas

WJe plgiea) @l b o 1) lyie oy,
5 Olpbe AP ] o9 800,5 ise [F-Y] g oSl
Gl sleasl &‘J.g‘ sly WS o Smgbe (e
S es b 5l gbitie 795 5l wpSsle 5 L)l

UJW 9 c‘).o.ﬂ u‘);Lm )‘)LJ BLENEY o WL‘B)
‘5 L)“')")QS""’WA‘ QQL;M)‘S‘)JOQM
o358 DY Stz (g 5y Jolts caslonss alllas

degome du ki [VF] Vool 5o I VY] 7 e
s Dol Solesay Jlop sbeesle [Vo] Aoz

Iy ol e 95668 Sloas Baimodsly)l o bl
Sbw GeS i pglae jsbay b wiS 0 Gigdd
Slods 4 Wdigem (&5 70 4 g AS dunlie ) alize

i . SreS A bl Jaae glag)sld 5 YL coas L
o9 podle el W] V7 coran uac slaaslis

095 HlSle ;o a5 " aex (5 050L sla g, ceadol
@ pgese) Gedle RSl ke slagts,
b b 0S5 Jos ipee ope (aly QWSS

i gl g oplply V] aas o wl)
Ayl Do plols ly w5 (CCPY) (6 i o,
o yaly 5 5a b ol pels o ol e Giale 3
Sl Hl5b 50 G olab L gl (i colo, s

4 Machine Learning o o3l (J ol LAl el 6550 syl ol pen
S Logistic Regression

tn ol .uu’ IETRNPY: ™
6 Decision Tree o Olpbre i3 )8 e Vi) (Geiote Al

7 Naive Bayes model Sl &80 S ok Jlasl 4 asT Sb i (s
8 Rough Set Theory

® Support Vector Machine ! Customer Relationship Management

10 Artificial Neural Networks 2 Customer Churn Perdition

1 Ensemble Learning Methods 3 Customer Attrition

OA 2ls F o, VFeY JLlo

&


http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

N (o3 Ghgd b ABLSgue e S a5 b el

PR N )‘”-“

3

Sabno o 3

ol oty ryals s’

o5 o 5 (NN (lSilees 0 335K (5551
Wl BapSel glaea 1) oS g S,
S5 ilwarge wi)sSl 1Tl G S e S0
el o gleea [V (GWO?) g nass
S Sy (e SLl gl (elojl Gisr i sie
slarlald gile ane slp ez 5 6090
@ bhiws Gly xS0k G )0 S92 e
Tl @b S ooliiul (Sen @l (nye
ST ety iy el GWO o2y, o ooy e
Sosm iy gl S8 @ wlgioe S a8 el
s FIV Sleel JFgygloly iy Moo lsloe
slculas aaxgl 1) (AUCH) xiey; colue
Sl ol slayslss S e oS50 Sl 50
S d p) T a Ol ) e ool o soleiin

5
R o S50k by Se e cnl 0 b
Gh3) B Wl e oS @S o0 Sleidn (Sl>03] A9a
2 dzee sl Shs
olyar Slplie GlocS s liie cboslsacgare
SISy S kb a5 |y Gt e 5 S gl

B VI PR PR . 9

WS e B0y W5l |y Sl
6Tl o S llie cul o Lo ookt Sl
S g, il oS o gy e
s sl ol 55l slasll 1 5 colouts oL
zhw ;» o LR 3 KNN NB DT SVM-RBF MLP
Lo omls a4 obows Gl onlply a8 oo colaiul
90 5o &l 8ol b Sl golpiday osSIYL colS
9y ol 2y gl 5l ol @l 595 00 000 o

IS o S 10059 )T ges

S Gileane ps Gl eoleia by, 0
Szl oo 9 (Shy Sl Glp @S
S0 Osle 4 g oo oolainl ez 55l (56X
» L SRy Guie oloee jsbar GWO o )5l
@ by (3s G 9 e 6395 sbrosldacgers
or 65l 6%l 3 1 o saSl, walhs
S oo i 2l S el sy (b

&

11 K Nearest Neighbors

12 Gray Wolf Optimization
13 Fitness Function

14 Accuracy

15 Precision

16 Recall

17 F1-Score

18 Area Under the Curve

OA 2l F oLl VFeY Jlo

O

4

(¥

ALY slasls g i b, s e > 50
o ,Sog, Sl s @ wdes jebay cpl V-
IS sl Gl Gl e 5ok
AN wr lacellE peos Lol BaSeb
ol 2l ol Saess iy ol sl pile 5550k
aile calizrs ooz (6,50l oo ol 51 B coslails
i s > 0 T Sall g Yoo o8y < (gomdiag
SeplS jelaieds yizmen LS colaiul (g ie uj,
» SR
LU 39 as Sy uu)_a) a .'95.3).0 le.:eoobc\.cw
(omisle (6,50L lagXl o CEs als
ol bape O 5 b Slewlre (S

oby ol 51 b GyZe I

2 OSSRy Sl Glagsy, 5l wsd ol al e
oolainl (gyiie By ot e J> b ,Sal,
S asboles (Shy oGl glaly, awloads
ot 58I 51 oolitl b aisS o xm ol linals
5 b (0SS oby)l sl 5 g
S ol 1) b Shy  degeren;
Silwaingy slapt;s8 asle "o Sl slaei ,sSI
Tl G pste eSS
Aasyge sla Shy omier lp o slasyl
2l e slaShy asseme wilgioe [n) s

AS o b 1S5 51 (gogame olass
S5 Lo dlie opl 5o ominn Slallas 51 aledl L

DFrse

So S Ay G By o o i)l
Sty (3l Bgp i e 62Tk X!
S So it & ) Shtie U eSS o
ol e alolid S ST, olen &l ple
2 g grex 650l 6N S s S,
s EEL 53 oS (oo (ALb (S g,y ol
G5l sl A Lo goleiing srexr s 50L
G ot e 4 (S lp Jslate ile

Yol (gt (omae 4d ol SO el (6 e
eeld Bl ab b olerny oy edle S (MLPY)

s e 8oles @55 S ipmaal 0 Sy (RBFO)

! Bagging

2 Boosting

3 Stacking

4 Qver-Fitting

® Feature Selection

8 Metaheuristic Algorithms

" Evolutionary Optimization Algorithms
8 Swarm Intelligence based Algorithms
9 Multi-Layer Perceptron

10 Radial Basis Function


http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

sl Jels [YY] /e 5 se Liosh
Sy uﬁ*"")f) Jelis u,..,.uLo d}.fbl.; aliseo
Lgﬂfoli Ored g (ool LSLM\&,.;Z; “ooonadl 6L¢c¢;‘:'>)o

DRy ot Sl Cosl gy gt (ore>
Sl Gl e el eolawl b i

o‘)A(b u.nl.s le?u: L')lf).’l..i‘..c )1)'.(5 fv J.AL»..; oa‘o«:w
dalo 4y bgye Oledbl p Join a5 Cosloads colaiul
GSLJ ] u_:l;Liw 9 eﬁ)lS UL:.‘Z.C‘ ‘AT:LQQ)}@ ‘s_é)..a.o
5ol sla g, 5l eolawl ams o Hlis sdelcasay
ly o8, Sy aad oS Sbie olols glp eile
MBI gy S8 30 G sl ) (2 FIE (9248 0
olis adlas cul jo pimmen abbaiily ol e w
St 0,8es Loan gmac ASD (o) aS sabosls
S e GBS0 g S g S 4 S
oudoolaivl boldacgamme ;o 5 i i, ey
RPN
S bg, 5l e Julos [YY] a0 5 olo
e Jo 50 lag] 51 oolanwl wlgs 5 S5y bl
Sgsl (ol 50 5 00,8 Wl Gie i,
bl ol oley o] B Jhane idle S50
sl 5 praal (L0 (oeas AL (g S
as oy lad LmOT sl irgh gl wols sloul 8o )L
B)18 odes Coje dw Sy Bl sla g, 5l colaiul
Wil g0 SleMbl sl Ty olaws rals s cpl cuns
S S o Shes 0 (2P B Spp Sbml el
6“;3%9 olaxs rals b @S cpl sgo gl anadl
ooiley oley comile (6 ,S0l 6oy oolaiwls jge
an 50 @S onl pge gl (o0 28U Hle 533,50
slrosls 1 gogume Jake a5 LK asle o)lge
L slroslsacgommae 5 ooliiwl cil (wyiws jo (objge]
50 audl o o] cpiomad ol owlis 5omb olul
Silwdiner slagts; 65,54 (Shy Sl anl
Sy 5 (S M Wlgiee (S i esdl wiile)
oledr WS Ll (s the By (S 09 0o
Obas oadiplnl oy n (it SNl oy 3
5o ol PP OF (ol QL';:}).) QLA} Q—‘ G ools
SaSl @ g Wog GiAe ) Fwmotn e
O ) pte gladdos Gl i (Sl peas
Elgl  ogdgamme  aazgily plpln ogeads azgs
3 eolainl sl Bacigg cadoslasl  (slegSll

Conslonds iy ya3 (slaisS 4 GWO oy )50l 45 33l als (F

womo gbjlas I Sy 0j08 Wlgiee S A
slawla Gl 5 1) FLjlwl 4 cds s 9lob
Olpredy WS aelass [lis 00 (Slpbre &80 (e
S8 20 S (6 e L Glacisliw ulul » STl
Ol Jlial a5 Gl ie dee glulld ((Slpbre
a5 wil Shte s 5l Pete S S eS8
e 039 b o Sweles Sl eSS Gleebll
e 5 5 Sy ST Ke ol Sl 500l
Jlzsl a8 asbazals byiie ol sie & 5k
Slaws Jilao b (mby) Cenl 0l Sl Lol 2>
e Gl @b 5 8 e (55 (3 e
b Gl b g S S5 g jledig

20kesle 5 20 & dlie Gl slaisy plo
Lz slaghsy 5l ol pes idu 50 twload
e b ablin gl stmgh Yo [0 0ol Byes
Po OB ) Sewlodds qw) (5 (B (S
Caio )0 Gyt i, gboslasgere (Syme &
IBM_Telco slapl 4 ooldacgoxe g0 Jold ol plxe
G5 5 wbnee [YA] Duke_Cell2Cell 4 [4]
S ) s S5 goleag oy e ks
plml sl pysll cnl Gl Giegh nl 5o S e
S5l ¥l slagaslilp o 5 (Shy oLl
Oldye dlie ey (i5n 50 09 e oolatul L rex>
S g ool 7yl hatia 1) golpiiny Kl
om S se ey SBoa | ol )bl slais
Seaslawsa ciolesl mls Wlis pids (isn 5o ol
G ot sl @l LSl x5 e
5 IBM_Telco  sleoslbacgama o b yiiee
5O emiired (Kigd oo sy g o)l35 Duke_Cell2Cell
sl Gilwans 5l edelcasoa mls s oy
syl ple 5l Jolb mls Lol eolriny
T R
Goger 4 alie plia BSu 0 Wolyd [0 S o
bl 5o 5 Sl soleiin iyl 5l Jols b
9b s grhe oan] Slalllas plonil (gl sleidng iz

O, SO 29 w1 (5590 =Y
u...,.uLo 6}-:5‘5[-.‘. dbjﬁ\ 9 L53l5°°‘° L5L°u:’5) )’| oolawl
J> @ by slajiegh o GYsb cansa gladle

Dyl Dl e Caio 10 (g i, (St e gd*’

OA 2ls F o, VFeY JLlo


http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

N (o3 Ghgd b ABLSgue e S a5 b el

PR N )‘”-“

3

Sabno o 3

ol oty ryals s’

ol ) s2els gl paises slagts, xS 54
.MOGA

e e 3525 6580 55 0] U5 las
O 0% S by Sote le 1) S5 el
U"Jﬁ‘ .C«w‘oé; OLW PPV Q‘).sl.’?r.o ulSJ:;.\M
Pt e Sl adlle gl o soleiiy 5551
solitl (st By soie lp Vablite (09,5
C8 prdtns jobay B S oo W6 oSUl (a9 9 03,5
a S il SeS ) sie o, (S
sl sl 51 ol mls wiley (gin o>
G 2 i SISy eyl e
slos Jsbo puw o Slas 4 bgye sloslsacgass
ol skl Z-Score oS G b Lyl aslin 5 28l
YL Sao Lift oo Jols obj)l Jlee cpais
Pe=o 69§J‘ 9o aS RO o L)L‘w) AUC 9 dwo 000
3, Slas oalol sl lre plod Ll 5 Sy iy 5N
oatie odelcawods mll oopl pegdle Ll (g kg
e fwge Bl L as laasll a5 WS o
Sulp 5o Bilpcie Sep plr 50 R Cueglie
sbassls bl

Hles 5 o) bug a5 (6,50 ddllas o
ax 51 wleols olas o Kamgy wanloass plbosl [VA]
O ORI (e 6)5'“—.’. ‘_thbw_‘L.i)?fJ‘ )‘ oolazwl
slagfdl &b Sus Glaghy) pime sla)lal,
S SR P e Jo Sl pread (120
SHpo sl Ll wlasl cws o9 ms o
g dedcgemo (pl  Joluiel ool drosldacgesxe
55 ohast o] 53 Sgzge sla Sy ok ol (izeen
sobay (Gl pbe loeS i 4 ba e slroslsacges
2 gmaib e oKl AT sgd edel odes
3 elple Ned i s Wb, 380 (i
Sl Sl eadol, M b ablie ce alie oyl
58 o 5 NS pmgiadliny oSS st
3O G (i smoie s J> (sl Adaboost
By ol jo sl solawl Dlple o
emylael 5l eslatal b soleiinn by, (Swmutes
L g byl &b sboslacgome ;o Voo Jilaie
aS Cowloads Ml&a @\)L@J Ji..} 9 KNN ‘SLQUAS)

s e i |y ol

sl &lls 5 ool 5 665wl oo (slagXll
.\.\.S‘o.b; C)Ja.n |) 6)13

2 ol dallas AYF] 5/ (Can 5 Ciojes
sy 5o plesiy Yoy Glaile 5l eolaiul ogas
Lol a0 b aisls plnl pbyiie A, Gmoie
O o ol pegdle ol G e St o,Sles
ssyge el QL) (g 99 G laslie (i
g ond plxil plaiiy oy slagedle giluosly !y
Lol Hlop oedle 6o g5 99 52 5 Shoe (s
Sl dolal sl K 5 S (90w S, slagis,
Slopile a5 aeo o lid aslllas oyl (o odwlCawsdy
3eolaiwl pn 1) o9 (L5 0 Sles loiy oy
Ny, 99 ol baies o lis 055 5l (slades slacsls
oSl cpl 0, 8as jo 1) oo L a3l (g3lwaigs
EEC TR ISP O Ve Y
Sfdkee plstiy oy lagmile ol oo Jlosl pasls
Wl Setead G S, Gl & Ces S
Sy eile g9 50y 5l JBolay s Ko a5 Jl> o
)18 (6 e 0 Ko Lty

2 Jlwipae Ais 555 2 Vo1 G0 5w
S by Fmote 4 b slacslsacgee
osldacgozme S o Jolwipae I jglaie .ais S 5SS
plo 4 cas dad SO gladiges slass jo ol O

Lo o bolodcgemme jo sl odlodcgozo o jo lradls
Slasi aSipluazrsil e b, Swmoin @
2l 7S Sl iles )5S ) L850 a5 b i
yol cpl g s Joleiol bacgome (pl cnl b e
S5 s Gyl wuld G sl el Wiy
@S abol gk 5o o)l el edle x5k
Slp Jolie b, Kl Jlel 5l saslcassas
oS o paigai Jol ooldacgass (g5lw Jolaie
Oy Wil Tasbiiy LaalS (sl paised o T Sola
oSz i ot sl gy 2 TS
5 e CobolS Casi oS g C o ola
b le odslewsay mls obj,l sl wiloads anslas
Cude OlSb oS Kloals g u5e5lul Lift ¢ AUC

7 Cross Entropy
8 Genetic Programing

OA 2l F oLl VFeY Jlo

! Class Imbalance

2 Random Under-Sampling
3 Advanced Under-Sampling
4 CUBE

5> Weighted Random Forests
6 Gradient Boosting


http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

Gy St dies gy (PCOY olb sunainb
Conlonds slgiing (PBCCPS ol 4) lpbe ol yiteo
fslre 5 IS ganail giluange ;S jsbay a5
a5 PCO 2,58 S e Lol 1, s il olsme
S el Ol ploosl glwaigy v ol 5l a8 5
5 il atws 4w & gl il Ol aazr gl |,
Lylg, 3l eolaiwl b 1) caizee glaaiws &l e yu
5 iy nolie ol o WS o eyh splee
Goysel anld o BP eas i3 iyl cleaili]
P Ltz S BB dge 5 ool At 4l gslra,
2 yslise eyl & (g e (B35 sty S0
Sflas ogazx o goaaie slajiags 4z S
e J> sl oetle x50k Glaghy, glyl
plxl olyon Slple Cano )0 Gltie S, ot
b 0 Slee &5 (oal> gl Ol e aslond
g Ban (55l lS8] (ganaib slaghy, 5l sles S
gl slaghy, ol e Shy sl uals
byl Suse LS e | e Sy Sbl 5 e Sy
Lwg oadplol dallae )0 5yl Abe o oS
Jolss il 5,50k alisee sla oy, [YV] ity
O9 Sy apredl D)) BanSganaib  cas
Al )93 i (oras A0 ((Bolal Koz (S
Kog oleiy b oedle J¥sb ouecliss
Sl s Gas Lo, 0] cas (Slaws (1 3 SG0 5
Aoy gladny Loyl Tolees  glad s
b agly o pasi daslaie gladn; ik
Moo (55 giloaneS MNaun b dgl; )l pasds
GlS 29y 00 (T FuSTy sie Ban Loy IST
5 4575 Sy gl ppesl ke els (S
S el ag T lel gleadle Jlow
et g Vganadss pgte (Shy gl SO s
Sl sy5e 25 5 (Y Thy 5 (eSke —ailee L

4 Particle Classification Optimization

5 Back-Propagation Customer Churn Prediction
¢ Long Short Term Memory

" Matched Subspace Detector

8 Adaptive Subspace Detector

® Orthogonal Subspace Projection

10 Spectral Angle Mapper

11 Kernel Spectral Angle Mapper

12 Constrained Energy Minimization

13 Sparsity-based Target Detector

14 Principal Component Analysis

15 Linear Discriminant Analysis

16 Clustering-Based Feature Extraction

17 Median-Mean and Feature Line Embedding

gl dllhe G Al e 5 ol
oetle 653k slahs) (rpome 950 3 &elr
Calo ) Gybe (O (seoie M [ a3, S
oSl aled wwnss o] jo 4 wWiles S &Sl,l &l e
Sy lgile (foian mas glasll Jols
OS5 9 03l o o8l peeal (LS50 bty
9y » e (e jliel g 5l esliinl b Seiar Y
Al o wileas byl g Jlesl sogas odldacgass S
9y G5B I Jols o Sles dgn 8550 (g0
e slaieds g alllas Cusll pgiie (srex S x50L
g0 Giludnds 5 patli laceS 5 o paellS
boasls 5l glooypns b @lp 5 s, 2 ¢ln
Srr Tyosk o.&o]&moc\g C)Lu Cawloads  solazwl
dolw 6[.%4%».’ ﬁ‘ﬁ ) ‘) Lbei” BMW}E.’ 6LQAM
RSP RA R PN
SLES 2 3 sihe (b, Prote 2N G
FW-ECP sl 4 aiedign cm i bl SO ¢ 51l
sty wuSys obls ol jo a5 wles,S slerins
Orize g gaidiey g kb e Sy ol
OB ,Sob 5l eolanul b o GrSol cudlB 5
oy sk aE o cwleals Bl 68LS AL
el slp @ld plosjl iluaie gy 5l esoleriny
deosloac game (gjlw Jole Cyz ‘5&@15 &,lo pdigad
'Alf 9Oy Cawloodds solaw ‘;))9 ul?b..:‘ 6‘;:
5 boryel sla Sy i a4z » Si> ln sanain
99 «Zulgd ;o Cawloadaid I 154, iy v )6l (8L
3heolatnl b o arex (6080l e BOUSS o ien
oSles g oadarsle Suslil g co ST Gl e
OQ‘OA.CM 99 S9y ¢ FW-ECP (SQLQ"“‘“"" Slolw
Slolus ASL‘PU—‘)| RHIRW MLM 9 Q?ﬁ)—‘ P L‘;")"L?u’
S slr e ]y @laghs; 995 Bl )3 goleidn
@b)‘yT Slracgomme S5 ol p2 g Jolaiel Conls 4
JESSUN VR ¥ DSV FCOUPR Y PR 1 U3 SOV FUE K g ST
Ol oadamlio slaghy) plo b wld jo 1) oy
.&bb‘s.o

‘[Y?] u‘)l&o& 9 % Ja.mg.w o..\.wr:l?u‘ u'“'ﬁj)” o

Siloaige  pte et peae Sl S

! Wrapper
2 minimum redundancy and maximum relevance
3 Back-Propagation Neural Network

OA 2ls F o, VFeY JLlo


http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

N (o3 Ghgd b ABLSgue e S a5 b el

PR N )‘”-“

3

Sabno o 3

ol oty ryals s’

Gl «Coled 5o 0gd oo ooliwl o5y ol e
K- gamaigs o0 ,68 5l eolainl b os S o5, b yidee
s Blie (glrog,S 4y ()b yiiie 5 o0l ploxil Means
oilrl QBN S el 5 l)lil 09,5 4 45 Wl s
Gy B L], ol ie Jaas> gloo )y U aes
50S St SogSl g 5 Slae 5l sledl L
Ja.wy o..\.wr':l.’?u‘ axlllas 90 (g ‘5).45014 B
56Ty aegeme o8l o DNA] 4 5 ol
2 S Py T8 St sl a¥ge iyl
dboé‘bd.cﬁ.a.?m Clodls OLQM..J ksil)Jl.?LA é)Luo
oges boldacgos 90 Jolds axlllae (pl ;o colaiuls;ge
o aS ol olfo.b u.d.) UUJ"‘M uLC}Uo‘ aQ Jaj.:]a
i) Jolael dws g0 @ (Ghilog yiw Al e )
Joleo ladcsomo ailoas o Jolee 5 (ol
ooy, Jleel &,k 5l as («Not-Churn» ¢ «Churn»)
(e lodeliiwsdy Bolal ialS (gls pdiges
S a8 lys s Gy ooy Glaom,
b caloads plxl s oo @l 1) o Slae oy e
o $o3dl A s e lias eadplxl sloioles]
ple 1) Fljlal jloe g BB jsbar (ooleriny
Cewlosls ol 38l Joleie bolode gase Sy 285 a3 o
HKas 5 Y g a5 5,50 gk
ol alo e pd ol a8 Sl S oad alsl [Y4]
olyor Slplbe Cuaio )5 e i) Smoie e
9 laools ud)b)-'uw-‘-’ 5J5‘ 3.19).@ 99 4o Cwlodds 4.‘:‘)1
Sl pge dloge )0 sdoe plnl b Sy Jelos
A il 5 somin aiu oSl 5l solatul b (S5 bl
9 Uiygel Lidu 90 4 ool s Al e ,0 g onds 1>
PUUS SRVESISCHUNUTIPRI L V-SR GO I PRV STV Y|
ol Sl Reen rl Gmote wmlB e aileas
o oS g S5 Jold 0ailS Gt slagSl
slecs o (Bolar S laciiy Jloy pdle wole
Cewloads oolainl aluced ' 3 SG03 K g (655 puenasd
Sly Casll p e ez 650k slabs; (e
loads R LS"“’LJ’“‘"‘ C;‘Lbﬂ‘ SR 3 )) )J‘ daslive
&3, K-fold  hlie oew,loel (g, 5l wogdleay
L enSsl 5 boaslopl mlas sl (ojsel asgare
b olys jo ewload colaiul b gSIl a5l e 453l 5

S0 sleaz s Sl ad iy gleane) S
Sk JLSle g 50k L Sy bkl Relief-F
w3 T AL 5 23S 3lhae 08 S S e
iloads )y (fMO.C 4 9, LS”?M k_)l?Lo." 9 Li».».i)
Lo 1 ooldasgommae a 59, 5 Loy, (nl 0 Shoe
iloads @L:))‘ )L:.!.A g
Sldee oS5 lp sogamme Sldlhe aSlxls)l
@ Obytie Gabeeed g S AR ot
Dmdjl)‘ u*“’ﬁf 59 Cawloads r:l?u‘ b le.(bog)f
NEPCSN PRI FR-¢ N IPRERVSIN | 0N ISV U S AW,
Gy Sapde @lp Az b S gie Jldod g apes
G g g (nl o eadoleiin osx )l ol
Sl g asgz deosls ojlop s Jold a5 ols
5 W3S (i, o (EDA®) lassT sleosls
By el g 528 5 b i (ot (oo Julod
anld g i ot ol ol el e
slayglnl 4 b oS oo pleol 1) (5 bt
Sopse slp Bl eboo g a5 o el Sl be
;e dllgie il She sxSslr 9 S
osldacgorme aw I alas (pl jo cadplel slo oo
oetle xSk sl b g (e (Slpbe
ol oM b ablae glp cuizmen Conlond
Ol g (e b, oslbhacgaze o Joluipae
Sl SlBl Ll gl paiges Ghe) S ek
G Sl by, sl sl sslizul (SMOTE®)
s ailas 4l Fl-jliul 5 coro slalas
655) (B Bolodcgazme ;0 B o yLid sdelCusoay
olar S 6o5l (pg0 soldacgems jo 4 AdaBoost
soldacgamme [0 (puimen ailaily 1) o Slae o igs
1y olae ooy olas S (5530 4251 ogm
emas A0S Fl-losl Jlas 5l Jg il como Hlas
el 5l el 95 ee (e b egran
sor Sl TG S O Sy Sl st
Gl (sl ote Slo Ty (RS g Jelse

8 Gravitational Search Algorithm

OA 2l F oLl VFeY Jlo

! Advanced Binary Ant Colony Optimization

2 Feature Selection with Adaptive Structure
Learning

3 Least Absolute Shrinkage and Selection Operator
4 Sequential Backward Selection

5 Exploratory Data Analysis

6 Synthetic Minority Oversampling Technique

7 Bayesian Logistic Regression


http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

YO/ &S canl Cude o3, 9,65, VAPR ls IBM
32 W hSiS ) vgzge sladiges U5 5l v o
ol el Jolul colvdcgame S cdzes
i A e g oo sl Shg ol wolsacgexe
ol (g ondn g ez
el jo colaiuld jge oolddcgame yuogd
Copde 35,0 a5 el Duke_Cell2Cell oolsac goso
38 g 00,5 &l o] «Sgs olfiils g yin b bLs)
[FV-YA Y5 YA N2 A LY] sl gonnie Slallas
3,65, VYTV Jolis ooldacgomme cpl Camloas oolazuwl
ol bl Gla; S5e YY 5 goue She Y2 L
Soohls 0,5, VLSV 5l 568, OYV,eFY
9 Wb (GylIe By Age) )0 aRie ey
sl o Shee o 5w Gl Wil
SO g ooldacgasme pl aigd eolatwl euld B8yxe
ey Shls diges VEYYY 5 ol Jolaiel dcgosne
e, YAA oS ates (500 (5, g 5o «al

A2 oo JSid 1) diges JS

SrS S S5 ,5 g5l 09— F
e SIS g, S g SE SIS 6Nl
plar jo bS5 (o295 )8, 5l a5 ol elosl (hgn
55w Lz anb o cwlad S sl K
(@) Kal 5 @) Wo «(B) Lo (o) WT slapl 4 55
P )3 WS (oo atin |) 0y CSlpealil oS
Sl i yo8l UL o gl eaid 55 IS
e & 415 oz it (ol i (s uSlE 5 S
bl desb gomine Jols S Lol d> o a4
Gilwatnge anld ebdl @l ] @ ale> 5 aeab
by lessIl jsliedy gl (giluand
w93l (gilwosly plKin 1SS closx| Lol pealids
Lodeely ocwle (sl S5 gleagy
@l p dmely Geg 5 eesd 5 (@) W lsiea,
ool i g o2 5 00 515 50 @) Wo 5 B) Ly i 5
anld GWO o )6l 0 Wgd 0 2,8 (@) K
slo g ogdioe colan 8 5 P Alwsas (s3luange

wiloe S aw ol Jisa, 0 slbs 5

I ERINE JE Ve SN SR I
pbieds S o 0yolixe |) deab CnSS 8D b 5o
5 (V) Llg, LSS lojolxe )18, 2L, s5lessd]
g sodid S IS4y (V)

ple 5l ool b yge)l degeme [0 sdwlcasoa
bl aleas (o3l AUC L 5 ' (Siz jen )
Sl a5 sl axin caslowsd mls
5 oo Gl oYL lyls XGboost 4 Adaboost
3 Slas X plo 4 cad 5 aiws AUC LI

1S s e

suoslaiwl srosloas gozxo -V

S o $lkiin () O fes adlhs jslaied
g0 5l alae opl o Ol b Caio o (de B,
5 [a] IBM_Telco slapl 4 sasazsliss oolsacgame
o S eslizwl ¥4l Duke_Cell2Cell
5 calize Sldllae o 0018 jsbay leoslsacgosxe
g odd oolitul (6 By (St M ogas
Gl Slatie s Geied )0 (egee Ojpod

Cewloas sy Llas (V) Jgaz 50 oslode gaxe

axfllaod jg0 (sodIdAc goxo Wlasiio :(V\-J9uz)
(Table-1): Specifications of the studied datasets

Duke_Cell2Cell IBM_Telco 0dlodc gosxo
71047 7043 aiges JS olasi
51047 7043 oolazal Jy (slaaiges olass
58 21 b S5g oloss
14711 1869 o3y Ol e olae
36336 5174 oy e ool e Olass
36 4 Goue sl Sig oloxs
22 17 Slawy la S g oloxs

solddcgomme S ABM_Telco  soloac gozo

Sl plyiie (b, (it 859> 5o endaislil
Jols agtin sanlin (1) g o 45 5biles s
45 OQ‘OA.CM U"‘ w‘ §f9 Y\ 9 \))55) V*V’\"
S0 00,S patie |y ol «IBM (g)lw Jdow e
oyen Slplre Caro 0 GiEe B, ot
Levaye YA oYY e Al calends oolanul

oolddsgozme gl co odrlin (V) Jgux 0 a5 jeblen

L Confusion Matrix

OA 2ls F o, VFeY JLlo



http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

N (o3 Ghgd b ABLSgue e S a5 b el

PR N )‘”-“

3

Sabno o 3

ol oty ryals s’

SIS Giletiarr piysNl )5 a5 05 axg Wb
gl Fl) desb 4 ale> 5 (aige Slsx BLAIST) deab

=

o)l S5 Jsb o yma 1) @ lade (Tange ol
0ol 4y jorie aS 0 oo el Hho 4 g0 5l alie

N
|A|>1 WS LKn 09l 0 [-2a,2a] &L o A
doal )l L ‘.\3564: By T |) Lg),.MSb Gl'“‘j)f o

N
4 A olar polas a5 ol (uSe oS Blus]
i ol O oo Susdge sl [10] ol
Candge g o (b ComBe (rm (ShaBae 2 0 Wil oo
e Sloz gl anld 4 e oS bl aesb
snlp 4 o5 GWO sleaddse 51 0o (S 09l o0
—

1, sdolas slacyys ailge ol o)l [+o¥] o5b yo Bolas
5 (C>1) awsbs 56 5 oS al3dl el ol S5 5
cel (C<D) wasl G 5l iS58 o e a5 oK
Uobeo ,o alold Gy w0 deab ,5U  oST als
SwoS GWO a4y adlye opl 5o Sole 4 058 (V)
snld b o it ol 8, B wS e
oRIBl e 4 el nl a5 wes (las g3 5l (ssleane
Ll o ool o8 5 Glisl g po,efl GlassT o s

Oy g0l _A) S E 8 ool (g0 ol oo A
LS| 0,5 el 5 abges halS ol
Sl S5 o oSh sl G5 sk o s
oolploar I (5ySsla o ablge cul cnlpl 09 o0
S 2l SIS )0 ohgar (o Ay bLG yo

) o §Oledien o8I -0
IR g (rez §yS ol 0,Sug, Sy dlie pl yo
2 G b3y (St ke > sl ) (el
Sy IS Ul 08 o Al ol e Ol e Ceaio
3 Oeile 6550k slagsty) 5l ool b alivws cpl
ez Jels s, ol esload ools olas (V) S
(S s Sl mesls Jijlsp e Jeld Lol i e

1 Exploration
2 Exploitation
% Local Optima

OA 2l F oLl VFeY Jlo

Bzé.ip(t)—i(t)‘ )
X(t+1) =X, (t)—A.D v)

R
Xp et 1S5 sammoglas T oV Lalg, o
— -

—

(F) 5 (F) oly, @olas a5 aiten colpo slajlsy A

19 oo Al
A=2a.r-a (v)
C=2.r, (%)

e slo)l,S5 Job o g wolie balg, cpl o
S5 S
F2 5 M1 ganbioe 20l a0 U g 5l o & j50a
At Sy 5 ke G ola oyl
S S L s, Lok, gleand jslaiea
b ol o) W oS 28 5S>
G G ooly eege) W 5 i Joly ego)
)l (i Jooly) doals B9l ConBse 3590 )0 (e
LSS se 0 easlowsay 5y ool aw (ol
Ebge |, (Bl s )5) g Jolge nlo 5 023
e Sedee b Bllae 1) 395 Slacedes oS o
Sloraa O B ©0) Ly, wlol szt Jalse
|, 055 Cennbge gzt Jole 5y w¥oles ol b aniS
Gz slad Sy o Lo g Ly Ml coadge ol 5
Lo 5 Ly ol s ojle @ S oo 5, s
Sesdge LSS plo g 0ljon oS ) desb Condon
WIS 0 59k desb SlbI s Solas jsbas ) 595

D, =|C,. Xu— X )
D,=|C,. X=X *)
5 =|Cs- Xs— X (v)
1 =Xa=A.(D,) (1)
2:X/’_Az-(D/3) (*)
3= Xo—A;.(Dy) ()
)?(t+1):Xl+);2+X3 (1))


http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

Sy ol wge jlade LIy polie cpl cusl 59240
FAVYS o pinla oS oo ool (OFIYF )
Sleanlss 3L Duke_Cell2Cell oslsacgorre ;o diges
ool by smote @8l Ghisel lp a5

WA

GO0 & glawy S Shg Jruwd -T-1-0
sloss a4 @bz gl Shy sleools al> o cpl o
s Goisel ln Wil 5l ply &5 gl e oo
Ol yo 0)S eolaul (st jody (gl Gl (S
Jay sm) jlade 90 b slaiw, gla Shy e dil,
3l eolatwl U1, (Lolissl fossaizlil g Edge /S de cpus
oS o o goue polie 4 ez (6135 50, b9,
g4l polie IBM_TelCo oolodcgozo ;o ¢ astive jobods
«Dependents»  «Partner» sy S5y 0 >
«Churn» 4 «PaperlessBilling» «"PhoneService»
Wgboo Nl o 5 S polie L S
Gl o) g o polie iz (Shy )0 (izeen
Syge 3wl podle (S e haS Hhe 5 Sy
Glp anlpd aen 55 Duke_Cell2Cell soloac gazxe
Sooliinl b i 098 o0 Jlos! lain, slo S5
oxibe S slv 559 One Hot Encoding (OHE) s,
Lo 209 by l) glats, jlade 90 5 i b
Ao ol e Sl S 0eS oo koS N3l
bolsac gaseo 5 «ServiceArea» S5
Jake YFE s aSinl ldsay 1, Duke_Cell2Cell
G995 b 0T ot L e o Bl sl 3,30yt
e (0 g Yboolul b o990 slojloy 4 e OHE
&5 Gojgal anld ol pals 5 (Sauzey sl

bS5 gl -F-1-0

Bolodcgeme g0 o o Shy @l o

(V) alayl, 5l eolazwl L Duke_Cell2Cell 4 IBM_Telco

Coodl o yiopla Wgd oo Jloy [V -] YR PR

e 8 sba Gamgin N 0 b Sy des

FainS by ools Cumday (Bisel anlf g 05d s
X— Xiin

Xnormal = M
Xmax — Xin

wale 59 5 edle S0l s (e Lisl 5 350l
S eslial L oowsiise] oS s Shee b

R0 T ) slagisy

Loold (53l p gy —V-0
g &S Sl Sllae 5l Glasgeme Wosls yijlo oo
anlB o lp ) ol B oo Jlesl plo laosls s,
YU caenl Al ge cplasS solel ile (S0l
P - IS QR R Fyese
Ao g )l e iy Srotn slaetsY)
Rl ) o gy <0 (ol CoSTL B3l n iy
Gl alidee ol Jolds (5310 s A 1o 000 o
sosls o pas byl o Shy Bd> Juls a5
e 4 gl sl oS szl
S ey § AT B3gae S 50 b Shg g elide
Sy mey 4 sl jo caslaesls Jolss pue 4

w2 p e Sl o)

byl sbd Sigdis> —1-1-0

Liel sl Sh 4 baw glosls d> e pl o
polie gl a5 il o LSS dllls wsle
o) Ngd ge Bl wewl S pie o gl 9,84 pais
b (bl ged 5w oo plis 1) Gl e Cuga laosls
e omtle @Sl sl Slssse (o>
I (5 e By (S

29290l (glrodld Cuy o -Y-1-0
Duke_Cell2Cell 4 IBM_Telco solsacgorxe g9 ,»
Gl as wiyls by Shg 5l (B o ad, cuws 3l g polis
Sy Wl 4 ile sTol 5S hisel Sl
shls IBM_Telco oolddcgomo «asrive jobas 040
Total » Sh5s ,0 o929l polie L aigad oo3b
10 5l S laslass aS plasasgsb a5 el «Charges
Bix> |, byl ol oobdacgeme opl sladiges JS
olsdcgorms  Sype 48 mimen [FY] oS oo
3529 35250l polie b S5g 003l [Duke_Cell2Cell
20 0ggal polie b oladises dwoys aSbxlsl o)l
by slodised wunl 0o)d gyl oS (Shs 0o)kx
S lr s mSe S L bl a
polie b aiged YARAY Juli a5 «HandsetPrice»

OA 2ls F o, VFeY JLlo


http://dx.doi.org/10.61186/jsdp.20.4.45
https://jsdp.rcisp.ac.ir/article-1-1344-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-20]

[ DOI: 10.61186/jsdp.20.4.45 ]

N (o3 Ghgd b ABLSgue e S a5 b el

PR N )‘”-“

3

Sabno o 3

ol oty ryals s’

4 Wosls (3318 0
b ol glosls Bis (I

3290l glBosld Cy yoo (0

$ous & gl gl SRy Jus (@
b Sy Giomlibo (o

odls Jolai pas 4 (S (o

|| Loty obigel
oo 57530 Joo

o-K ay
REZHy

il g 53l Juo
o0 el

Orle 6 5250L (soxI 3l oolisiwl b (g o o0y (i IS S lye (- JSB)
(Figure-1): Overall steps of customer churn prediction using machine learning model
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(Figure-2): Solution representation in GWO algorithm
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(Figure-3): Structure of the proposed two level ensemble learning model based on the stacking method
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(Table-2): Psudo code of the proposed ensemble learning
model along with the GWO algorithm

Inputs:
et GWO and Fitness function parameters:
PopSize, Maxlter, W, W_, W_, and W_
Output:
)ptimized features and weights of each base
learner
GWO algorithm:
1. t = 0 (initial population)
2. Initialize a population of wolves (search

agents) X, (p=1,2,...,PopSize)

3. Initilize a, r., r., A,and C
. Calculate the fitness function for each search
agent according to Eq. 13

5. X. =the best search agent
6. X, =the second-best search agent

7. ;(5 =the third best search agent

8. while (t < Maxlter)

9.  for each search agent

10. Update the position of each search
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agent using Eq. 6 to Eq. 12

11. end

12.  foreach search agent
13. for each base-learner
14. for k=1: K-fold

I the classifier on K-1 folds, and evaluate on the
remaining fold

16. end
17. end
19. end

20. Update a, ri, r., A,and C
Calculate the fitness function for each search
agent according to Eqg. 13

22.  Update X., X,,and X;
23. t=t+1
24. end while

25. Return the global best search agent ( X..)

1 Receiver Operating Characteristic
2 True Positive Rate
% False Positive Rate
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(Table-3): Confusion matrix for evaluation of customer
churn prediction model
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(Table-5): Selected features by grey wolf optimization
algorithm for IBM_Telco dataset
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gray wolf optimization algorithm for IBM_Telco
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(Table-7): Selected features by grey wolf optimization
algorithm for Duke_Cell2Cell dataset
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(Table-8): Optimum weights of base learners determined by
gray wolf optimization algorithm for Duke_Cell2Cell
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(Table-10): Values of the evaluation metrics for base learners
and proposed model in Duke_Cell2Cell dataset
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