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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
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(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

slodds
I S
6ol g aly GBSl b5yl byl polie :(A-Jguz)
\ AgeHH1
IBM_Telco s5loac gosxo o (50l - -
Y Credit Rating
(Table-9): Values of the evaluation metrics for base learners .
and proposed model in IBM_Telco dataset v Current Equipment Days
- ¥ Handset Models
sl .
ACC | PRE | REC | F1 | AUC o Handset Refurbished
bl 5 Handsets
MLP VEN | OY/A | VAO | PY/A | AYA -
\l Made Call To Retention Team
SVM VEo | OF/A | VY YN | OAY/Y
A .
DT WA | 0F0 | VEA | YN | AYY Monthly Minutes
NB VEX | ovs | e | s | Ay ? Off Peak Calls In Out
KNN VON | OF/F | VA | PV AY ) Outbound Calls
LR Vos/f | oYY | VAN | EYe | AT A Received Calls
sl Y Responds To Mail Offers
AYN | VeSS | AVY | VANV | AF/A
@olein VY Retention Calls
V¥ Retention Offers Accepted
S g oo samlin (1) Jguz ;0 a5 9b Lo \o Total Recurring Charge

JA‘ u)‘ aS sl 6).:).: 6‘)|o L‘b)LutA ﬁLo.) 5o Lgo‘.e{uw
2 Obrte By oiin 2 1) ol colhe 5 Shee
ol cle sms o ol IBM_TelCo oolsdesars (53,
obes @93 bl aed Jdo & 3leidn 658 552
o 650k Sl S B o wl slagS
oL zodgts (Vo) Jouzr )3 oud (5155 polis
2 eolpin ez 6 S0L ol AT wes
obes bl 51 55 Duke_Cell2Cell  oloac goxe
@l G @ 4 el sle)lee
Al oo s b A L Sol

oulit®d Ay E 0 0L slayjg polie (A~ Jgu)
Sl Gy S5 (g jlwadiaty pis 95! dbwgay
Duke_Cell2Cell

(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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