
Vol.:(0123456789)

SN Applied Sciences           (2021) 3:613  | https://doi.org/10.1007/s42452-021-04576-7

Research Article

Fuzzy particle swarm optimization (FPSO) based feature selection 
and hybrid kernel distance based possibilistic fuzzy local information 
C‑means (HKD‑PFLICM) clustering for churn prediction in telecom 
industry

C. K. Praseeda1 · B. L. Shivakumar2

Received: 15 July 2020 / Accepted: 15 April 2021

© The Author(s) 2021  OPEN

Abstract
Customer churn has been considered as one of the key issues in the operations of the corporate business sector, as it 
influences the turnover directly. In particular, the telecom industries are seeking to develop new approaches to predict 
potential customer to churn. So, it needs the appropriate algorithms to overcome the increasing problem of churn. This 
work proposed a churn prediction model that employs both strategies of classification and clustering, that helps in rec-
ognizing the churn consumers and giving the reasons after the churning of subscribers in the industry of telecom. The 
process of information gain and fuzzy particle swarm optimization (FPSO) has been executed by the method of feature 
selection, besides the divergence kernel-based support vector machine (DKSVM) classifier is employed in categorizing 
churn customers in the proposed approach. In this way, the compelling guidelines on retention have generated since 
the process plays a vital role in customer relationship management (CRM) to suppress the churners. After the classifica-
tion process, the churn customers are divided into clusters through the process of fragmenting the data of churning 
customer. The cluster-based retention offers have provided by the clustering algorithm of hybrid kernel distance-based 
possibilistic fuzzy local information C-means (HKD-PFLICM), whereas the measurement of distance have accomplished 
through the kernel functions such as the hyperbolic tangent kernel and Gaussian kernel. The results reveal that proposed 
churn prediction model (FPSO- DKSVM) produced better churn classification results compared to other existing algo-
rithms such as K-means, flexible K-Medoids, fuzzy local information C-means (FLICM), possibilistic  FLICM (PFLICM) and 
entropy weighting FLICM (EWFLICM).

Article highlights

• Customer churn is a major concern in most of the com-
panies as it influences the turnover directly.

• The performance of churn prediction has been 
improved by applying artificial intelligence and 
machine learning techniques.

• Churn prediction plays a crucial role in telecom indus-
try, as they are in the position to maintain their pre-
cious customers and organize their Customer Relation-
ship Management.
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1 Introduction

In developed countries, the telecom industry has been 
established as one of the leading industrial sectors, in 
which the level of competitions is in peak, in terms of 
technology advancements as well as the growing num-
ber of service providers [1]. Industries contribute the great 
effort based on various approaches to ensure their endur-
ance in this competitive field, among which three primary 
approaches are presented to increase the turnover namely, 
(i) acquire new customers, (ii) upsell existing customers, 
and (iii) increase customer’s retention period. Neverthe-
less, it can be concluded that the third strategy is fore-
most beneficial, while assessing all the three approaches 
by considering each of their Return on Investment (RoI) 
value [2]. Moroever, it shows that the existing customer 
retention cause lesser expense than obtaining new cus-
tomer [3]. Additionally, it requires solely a minimal effort 
than upselling approach [4]. Industries are required to 
diminish the possibility of customer churn in terms of 
enforcing this approach, namely "the customer move-
ment from one provider to another" [5].Churn prediction 
plays a crucial role in telecom industry, as they are in the 
position to maintain their precious customers and organ-
ize their Customer Relationship Management (CRM) [6, 7]. 
CRM is a wide-ranging system that regulates the process 
of structuring, administrating, and reinforcing the reli-
able and enduring relationships with customers, which 
is widely accepted strategy and implemented in various 
sectors such as, retail market, insurance, banking, tel-
ecommunication, etc.This strategy primarily intended to 
retain the customers and the necessity of the intention is 
apparent that the expenditure in obtaining new custom-
ers is extensively higher when compared to the expense 
of customer retention (multiplied the expense 20 times 
in some instance). Hence, efficient tools are necessary 
to develop and enforce the customer retention systems 
(churn models) and to deal with applications for Busi-
ness Intelligence (BI). The churning can be caused by the 
competitive marketing factors like, insufficient service 
to fulfil customer expectations, competitive strategies, 
attractive products, new regulations, etc. Churn strate-
gies intended to spot the initial indications of churn and 
identify the customers with the probability of leaving. In 
order to classify those customers who are susceptible to 
churn, it necessitates the system of churn prediction to 
be created.To procure the optimal forecast on customer 
churn, several strategies of data mining, like Neural Net-
works (NNs), Clustering, Decision Tree (DT) [8], Regression 
[9], Support Vector Machine (SVM) [10], and the ensemble 
of Hybrid methods [11] were employed in existing studies. 
Industries have realized further vigorous tactics with the 

help of technical advancements, in order to guarantee the 
maximum level of churn customers remains in their com-
pany. The focus of the researchers is on discriminating the 
customers to find out those who are supposed to be churn 
to other operators [12]. There are heavy competitions in 
the sector, by reason of deregulation in telecom industry 
and consumers have lot of options to choose. Hence, the 
scenario demands the telecom operators to absorb the 
customer requirements and amend it, which has been 
considered as a primary objective for them to keep their 
customers away from the competitor [13]. The key inten-
tion of the present studies is that the telecom data needs 
to be utilized in huge quantity to classify the precious 
churn consumers. Nonetheless, the current approaches 
are bound with a lot of constraints and challenges in a 
real-world environment. The process apparently includes 
the issue of data derivation with missing values, as it gen-
erates huge quantity data in the telecom industry, which 
in turn the least efficient results from prediction systems. 
Therefore, the approaches of data preprocessing is devel-
oped to resolve these problems, which eradicates the data 
noise and enable the approach to categorize the data in 
a proper manner, and eventually, with better efficiency.

Even though the study has employed the feature selec-
tion approach, numerous instructive features are ignored 
during the development process of the system model [14]. 
Statistic-based approaches have been largely applied in 
different fields, which source the inefficient outcomes 
from predictive strategy. The current research verifies their 
approaches through standard datasets [15, 16]. But, it lacks 
to provide the appropriate depiction of data and that in 
turn does not make sense in decision making. In churn 
prediction approach, the feature selection method aids 
to choose the essential features like, information gain, 
and correlation attribute ranking filter [17]. Two massive 
datasets from the telecom domain are processed through 
churn and non-churn classification by applying several 
machine learning strategies [17]. In this research work, 
Information Gain (IG) and Fuzzy Particle Swarm Optimiza-
tion (FPSO) techniques are used in this paper, concerning 
the enhancement of feature selection efficiency. Churn 
customer data has been categorized through applying 
the algorithm of Divergence Kernel-based Support Vector 
Machine (DKSVM). Besides, by utilizing Hybrid Kernel Dis-
tance-based Possibilistic Fuzzy Local Information C-Means 
(HKD-PFLICM) method, the customers are divided into 
three clusters such as Low, Medium, and Risky on the 
basis of customer activities, through which the customer 
profiling has been executed. The evaluation metrics such 
as F-measure, True Positive Rate (TPR), Precision, False 
Positive Rate (FPR), Recall and Receiver Operating Char-
acteristic (ROC) have been utilized to evaluate the perfor-
mance of proposed churn prediction approach. The rest of 
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the paper is arranged as follows, Sect. 2 discuss few related 
methods proposed earlier. Section 3 illustrates proposed 
methodology in detail. Section 4 provides information 
about the performance evaluation of proposed approach 
in comparison with few other methods discussed in 
Sect. 2. Section 5 concludes the papers with insight for 
future research direction.

2  Literature review

A number of techniques such as machine learning, data 
mining, hybrid techniques etc. are being utilized by the 
researchers in Churn prediction. As a result of the research, 
many models confining to customer churn prediction are 
innovated, this in turn aids in taking decision and CRM 
for identification, prediction, and retainment of churning 
customers by the companies.

Huang and Kechadi [14] established a customer behav-
iour prediction by incorporation of supervised and unsu-
pervised techniques via novel hybrid model-based learn-
ing system. This technique comprises of modified k-means 
clustering algorithm and classic First-Order Inductive 
Learner (FOIL) technique which takes into account vari-
ous factors such as customer’s behaviour, usage pattern 
and network operations. The datamining pre-processing 
is the challenging concern for detection of outliers and 
redundant data examples. Hence, this hybrid model helps 
in achieving better clustering result. Tsai and Lu [18] inte-
grated back-propagation Artificial Neural Networks (ANNs) 
and Self-Organizing Maps (SOM) techniques for creation 
of hybrid model and it offers good prediction accuracy 
results comparatively in line with single NN baseline 
model and Types I and II errors over three kinds of testing 
sets.

Jahromi et al. [19] utilized clustering phase and classi-
fication phase which is a dual-step model building meth-
odology. The RFM related features have a key role in clas-
sification of the customer into four clusters thereby churn 
logical definition is obtained; additionally, algorithms play 
a significant role in churn prediction model extraction in 
clusters formed. The gain measure evaluation supports in 
differentiating the performance of employed algorithms 
which also suggest that multi-algorithm methodology 
offers more advantages compared to single-algorithm. 
This research is prolonged to prepaid mobile phone organ-
izations [19] with the intention of determining responses 
to customer loyalty results.Verbeke et al. [20] utilized a 
methodology involving data mining in customer churn 
prediction modeling. Comprehensibility and intuitiveness 
of churn prediction models are the most important fac-
tors in decision. The traditional rule induction classifiers 
C4.5 and Repeated Incremental Pruning are overcome by 

the novel data mining techniques which are pragmatic 
to churn prediction modelling for establishing an Error 
Reduction (RIPPER). The novel techniques namely Ant-
Miner + and Active Learning Based Approach (ALBA) offer 
good accuracy comparatively. The Ant Colony Optimiza-
tion (ACO) based AntMiner + is one of the most promising 
data mining technique and has option of encompassing 
domain knowledge by stating monotonicity constraints 
on final rule-set. ALBA exhibits high predictive accuracy 
of non-linear support vector machine model with unam-
biguousness of rule-set format.  Lu et  al. [2] proposed 
a strategy for enhancement of customer churn prediction 
model namely boosting which allows customer categori-
zation on the basis of algorithm weight assignment. This 
helps in determining the higher risk customer cluster. The 
basis learner in this research is Logistic Regression (LR) and 
a churn prediction model construction is accomplished 
on every cluster respectively whose results are contrasted 
with a single LR model. It also exhibits good separation 
of churn data which is more useful for churn prediction 
analysis. Zhang et al. [21] suggested a prediction method-
ology on the basis of interpersonal influence which incor-
porates propagation process and customers’ personalized 
characters. Due to this integration, the novel techniques 
exhibit good prediction accuracy in contrast with tradi-
tional method. Data mining algorithm is a key concern in 
customer history analysis and prediction. Qureshi et al. 
[4] projected a data mining technique for churn customer 
identification. The patterns are obtained for determining 
probable churners depending on the historical data. The 
significant algorithms used in this work are Regression 
analysis, Decision Trees (DTs) and ANNs.

Mishra and Reddy [22] utilized Convolutional Neu-
ral Network (CNN) for accomplishing churn prediction 
which exhibits better accuracy. The experimental results 
provide accuracy of 86.85%, precision 91.08, error rate of 
13.15%, recall 93.08%, F-score 92.06%. The tensor flow 
package with respect to time and accuracy can be still uti-
lized for enhancement of the model performance. Amin 
et al. [23] extracted significant decision rules associated 
to customer churn and non-churn by utilizing a Rough Set 
Theory (RST) based decision-making technique. The pro-
cess is carried out by classifying the churn and non-churn 
customers in addition to customers who conceivably may 
churn in the proximate prospect. RST based on Genetic 
Algorithm (GA) [24] is considered as greatest efficient sys-
tem for extracting implicit knowledge in form of decision 
rules from publicly available, benchmark telecom dataset.

Mitrovi¢ et al. [25] involve daPareto multi-criteria opti-
mization for the determination of optimal feature type 
combinations which is a reusable scheme which helps in 
sorting the gap amid predictive performance and opera-
tional efficiency. Caigny et al. [26] presented a new hybrid 
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algorithm namely Logit Leaf Model (LLM) for improved 
classification data. There are two stages specifically seg-
mentation phase and prediction phase in LLM. Decision is 
a key factor in decision rules identification in case of first 
stage and a model creation is done for every leaf of this 
tree. This is considered as the proficient hybrid technique 
due to predictive performance and comprehensibility in 
contrast with DTs, LR, RF and LR trees. Few key benefits 
are also attained due to the comprehensibility feature in 
contrast with decision trees or logistic regression. Strip-
ling et al. [27] introduced ProfLogit for maximizing the 
Expected Maximum Profit measure for customer Churn 
(EMPC) in training step using a GAs. Also, there occurs a 
similarity of interior model structure with respect to lasso-
regularized model. The EMPC basis helps in obtaining the 
threshold-independent recall and precision measures 
depending on expected profit maximizing fraction.

Agrawal et al. [28] utilized Deep Learning Approach for 
churn on a Telco dataset prediction. A non-linear classifica-
tion model is constructed by means of a Multilayered Neu-
ral Network. This model takes into account various features 
such as customer, support, usage and contextual features. 
The determination parameters along with the churn prob-
ability are estimated. The final weights on these features 
are greatly utilized by the trained model for prediction of 
churn. Amin et al. [29] designed a new Cross-Company 
Churn Prediction (CCCP) model for explicitly for telecom-
munication sector. Systematically the exploration of CCCP 
model performance is accomplished with respect to data 
transformation technique and state-of-the-art classifiers.

A novel fuzzy particle swarm optimization (NFPSO) is 
explained by Tian & Li [30]. In this work, based on the con-
trol information translated from Fuzzy Logic Controller 
(FLC), learning coefficient and inertia weight are adjusted 
adaptively during search process. The Canonical Particle 
Swarm Optimization (CPSO) is introduced with two-input 
and two-output FLC. Three benchmark functions are used 
in experimentation and proposed NFPSO’s effectiveness is 
demonstrated with related metrics.

With robust update mechanisms and chaos-based ini-
tialization, modified particle swarm optimization is intro-
duced by Tian and Shi [31]. For generating uniformly dis-
tributed particles, Logistic map is used and it enhances 
initial population’s quality. Sigmoid-like inertia weight 
is formulated for making PSO to adapt inertia weight 
adaptively. For enhancing swarm diversity, particles with 
fitness value less than average fitness value are applied 
with wavelet mutation. In addition, global best particle is 
applied with an auxiliary velocity-position update mecha-
nism exclusively. The MPSO’s convergence is guaranteed 
effectively because of this mechanism. Extensive experi-
mentation on CEC’13/15 test suites and standard image 

segmentation validates the MPSO algorithm’s efficiency 
and effectiveness.

A new technique to enhance PSO is implemented by 
Neshat [32]. For each iteration of proposed FAIPSO tech-
nique, for every particle, acceleration coefficients  are 
adjusted adaptively. A fuzzy inference system is used to 
control the acceleration coefficients adaptively.

Ullah et al. [17] introduced a churn prediction model 
involving classification and recognition of the churn cus-
tomers by providing the factors behindhand the telecom 
sector churning customers. The information gain and cor-
relation attribute ranking filter are key factors in Feature 
selection. The rules created by expending the attribute-
selected classifier algorithm are also equally important 
factor in churning of customers. The proposed work is 
motivated from this work by presenting new feature selec-
tion and classifier. Swarm based algorithms is introduced 
instead of filtering based feature selection. By analysis the 
above existing approaches, in today’s competitive world, 
to keep customers satisfied is a key to success for telecom-
munication companies.

3  Proposed methodology

The proposed work concentrates on presenting a churn 
prediction model. Initially, data preprocessing is accom-
plished for elimination of noise, imbalanced data features 
along with data normalization. The next step involves the 
significant feature selection carried out by Information 
Gain (IG) and Fuzzy Particle Swarm Optimization (FPSO). 
Thirdly, Divergence Kernel based Support Vector Machine 
(DKSVM) classifier has been proposed for customer churn 
prediction. DKSVM classifier is introduced for churn and 
non-churn classification of telecom sector dataset in addi-
tion to which factors are recognized for utilizing in cluster-
ing algorithms involved in the subsequent step. The next 
step involves Hybrid Kernel Distance based Possibilistic 
Fuzzy Local Information C-Means (HKD-PFLICM) for cus-
tomer profiling operation. The HKD-PFLICM segregates 
into three groups Low, Medium and Risky customers based 
on their behaviour [33]. The concluding step involves the 
retention strategies for every category of churn custom-
ers by means of model recommendations. The churn pre-
diction accuracy is estimated utilizing the metrics such 
as True Positive Rate (TPR), Precision, False Positive Rate 
(FPR), Recall, Receiver Operating Characteristic (ROC) area 
and F-measure. Figure 1 shows theproposed model for 
customer churn prediction.
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3.1  Call detail record (CDR) datasets

This research utilizes two datasets. The customer churn 
prediction problem is analysed with the help of first data-
set (telecom churn (cell2cell)) acquired from Teradata 
center for customer relationship management at Duke 
University. Pre-process operation is accomplished for 
Cell2Cell dataset and for analyzing Process, a balanced 
version is delivered comprising 71,047 instances and 58 
attributes. The first dataset is a publicly existing telecom 
churn (cell2cell) “https:// www. kaggle. com/ jpacse/ datas 
ets- for- churn- telec om/ versi on/ 2”. The second dataset is 
a publicly accessible churn-bigml dataset “http:// github. 
com/ carol jmcdo nald/ mapr- spark mlchu rn/ tree/master/
data”. There are 3333 instances and 21 features in the data-
set and the representation of targeted churn customer’s 
class is given by “T” constituting 14.5% of total data while 
85.5% constitutes to non-churn customers represented as 
“F”. Table 1 designates about the above datasets.

3.2  Noise removal

The noise in data is more significant since it makes the data 
useless which in turn affects the results. The telecom data-
set comprises lot of missing values, incorrect values like 
“Unknown’’ attributes etc. There are 21 features involved 
in second dataset. The filtering of dataset and features is 
carried out to make sure of only useful features. The fea-
tures possessing the unknown range are removed from 
the dataset. Just remove the unknown samples from the 
dataset.

3.3  Feature selection—information gain (IG) 
and fuzzy particle swarm optimization (FPSO)

The relevant features selection from a dataset is accom-
plished on the basis of domain knowledge which is con-
sidered to be a critical step namely Feature selection. Vari-
ous researchesare being carried out in feature selection 
involved in churn predictions [34, 35]. Information Gain 
(IG) and Fuzzy Particle Swarm Optimization (FPSO) for fea-
ture selection are greatly utilized for feature selection in 
this research. The information gain and accuracy of the 
FPSO algorithm aids in extracting 39 features from the 
total 58 features in first dataset.

3.4  Information gain (IG)

The main scope of Information Gain (IG) is the machine 
learning area which pertains to entropy-based feature 
evaluation method. The Information Gain is defined as 
the amount of data delivered by the feature for the churn 
prediction adopted in feature selection. Information gain 
gives the estimation of term utilized for data classification 
for measuring the data prominence for the churn pre-
diction and estimates the attribute relevance (A in class 
C).The higher the relevance amid classes C and attrib-
ute A is indicated by higher value of mutual information 
between classes C and attribute A. The information gain 
expression is presented further down in Eq. (1),

(1)IG(C, A) = H(C) − H
(
C|A

)
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Filtering data & noise removal  Information Gain (IG) and 
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Fig. 1  Proposed model for customer churn prediction
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where H(C) is entropy of class revealed further down in 
Eq. (2) and H

(
C|A

)
 is conditional entropy of the class given 

attribute is revealedfurther down in Eq. (3),

Attribute A and classes C are not connected in any way, 
expressed by, if only if H

(
C|A

)
 = 1, then the least value of I 

(C, A) occurs. Conversely, incline to select attribute A which 
probably occurs in one class C whether as positive or nega-
tive. That is to say, optimum features are set of attributes 
which solely occur in one class. Signifies that, when the 
value of P (A) is similar to the value of P (A|C1 ), the highest 
IG(C, A) is reached, consequently both values of P(C1| A) 
and H(C1| A) being 0.5. Whereas, if values of P (A) and P 
(A|C1 ) are similar, then the value of P(A|C2 ) become P(A|C2

) = 0 and H(C1|A) = 0. The IG(C,A) value is differed from 0 
to 0.5.The Advantages of Information gain ratio is bias-
ing decision tree against considering attributes with large 
number of distinct values. So, it solves drawback of infor-
mation gain—namely, information gain applied to attrib-
utes that can take on large number of distinct values might 
learn training set too well.

(2)H(C) =
∑
c∈C

p(C)logp(C)

(3)H
(
C|A

)
= −

∑
c∈C

p
(
C|A

)
log p(C|A)

(4)IG(C, A) = 1 − H
(
C|A

)

3.5  Fuzzy particle swarm optimization (FPSO)

In order to render the probable solution for feature selec-
tion in the churn prediction process, Fuzzy Particle Swarm 
Optimization (FPSO) algorithm has been applied. The 
purpose and the advantage of proposed FPSO is by using 
the fuzzy set theory for adjusting PSO acceleration coef-
ficients adaptively and is thereby able forimprove accuracy 
and efficiency of searches. There is a search space passed 
through the process concerning the feature selection, and 
every feature’s position is pursued by particle position. By 
utilizing both individual and social particles experience, 
the position has revised [36, 37].

The following expression (5) upgrades each particle 
position for feature selection.

where xi(t + 1) represents the particle position i in the 
time (t + 1) for feature selection in churn prediction, 

(5)xi(t + 1) = xi(t) + vei(t + 1)

xi(t) represents the particle position i in the time (t), and 
vei(t + 1) expresses the particle velocity i in the time (t + 1) 
for feature selection in churn prediction. The gbest PSO 
version was used throughout this study, in which each 
particle’s neighborhood experience has received from 
the overall instances (swarm) for feature selection in churn 
prediction. The following calculation (6) assess the velocity 
for each particle i,

where veij(t) expresses the particle velocity i in dimension 
j in time t, xij(t) signifies the particle’s location in time t, 
yij(t) represents the particle’s optimal position (feature 
position), ŷij(t) depicts the overall optimal position (feature 
position) of entire particles, ac1 , ac2 are the acceleration 
constant for the best chosen local and global features in 
the churn prediction, and in the interval ra1j , ra2j are ran-
dom numbers [0, 1].

In recent times, some researches intended to develop 
the strategies in order to augment the convergence and 
effective solutions have derived with the standard PSO, 
such as the velocity improvement, inertia weight. The 
inclusion of inertia weight improves the process of modi-
fying best PSO version 

(
ac2

)
 . Apart from managing the 

particle’s velocity and direction, the inertia weight enable 
the control over exploration and exploitation swarm. The 
following calculation represents the modifications ofgbest 
PSO:

Through Fuzzy system, PSO’s Inertia weight iw and 
acceleration constants ac1 and ac2 of the has adapted. Par-
ticle’s overall velocity influenced by acceleration constants. 
Here, the local samples’ (population) optimal feature has 
concluded by the local acceleration constant (ac1 ), whereas 
overall swarm’s (datasets) optimal feature depicted by the 
global acceleration constant 

(
ac2

)
 . For the reason of con-

verting the inertia weight and acceleration constants, the 
Fuzzy system has presented; the progress involves the 
subsequent factor:

Two inputs: The count of iterations (N) when the opti-
mal fitness is unchanged and original inertia weight value 
( iw).

Three outputs: the change in inertia weight ( ciw ) and 
the change in acceleration constants cac1 and cac2.

Figure 2 shows the Flowchart of Fuzzy Particle Swarm 
Optimization (FPSO) algorithm.

Figure  3 describes regarding the inputs in three 
membership operations, besides the outputs in fuzzy 

(6)

veij(t + 1) = veij(t) + ac1ra1j(t)
[
yij(t) − xij(t)

]

+ ac2ra2j(t)
[
ŷij(t) − xij(t)

]

(7)veij(t + 1) = iwveij(t) + ac1ra1j(t)
[
yij(t) − xij(t)

]
+ ac2ra2j(t)

[
ŷij(t) − xij(t)

]
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techniques. As depicted beneath, the low, medium, and 
high are being categorized as triangles of left, middle and 
right. Correspondingly y = trimf(x,params) returns fuzzy 
membership values computed using following triangular 
membership function by Eq. (8).

To specify parameters, a, b, and c, use params. Member-
ship values are computed for each input parameters such 
as Inertia weight iw and acceleration constants ac1 and 
ac2 in PSO algorithm.It is implemented via https:// www. 
mathw orks. com/ help/ fuzzy/ trimf. html.

The fuzzy system architecture consisting of two inputs 
(number of iterations when best fitness does not change 
(N) and actual inertia weight ( iw )) and three outputs 
(change in inertia weight (ciw)) and acceleration constants 
cac1 and cac2 as shown in Fig. 4.This research utilizes nine 
fuzzy rules for fetching the new ciw, cac1 and cac2 values 

(8)f (x;a, b, c) =

⎧
⎪⎪⎨⎪⎪⎩

0, x ≤ a
x−a

b−a
, a ≤ x ≤ b

c−x

c−b
, b ≤ x ≤ c

0, c ≤ x

⎫⎪⎪⎬⎪⎪⎭

Fig. 2  Flowchart of fuzzy parti-
cle swarm optimization (FPSO) 
algorithm
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Fig. 3  Triangular membership functions for fuzzy system

https://www.mathworks.com/help/fuzzy/trimf.html
https://www.mathworks.com/help/fuzzy/trimf.html


Vol:.(1234567890)

Research Article SN Applied Sciences           (2021) 3:613  | https://doi.org/10.1007/s42452-021-04576-7

which is illustrated in one fuzzy rule as trials. The medium 
value of N, high review values corresponds to high ac1,high 
ac2 and low ciw. The Table 2 shows the rules acquired by 
empirical knowledge experimentation. The range of N is in 
[1, 20], the value for iw is in 0.5 ≤ iw ≤ 2.5, and the values of 
ac1 and ac2 are in 1.0 ≤ ac1 , ac2 ≤ 2.0. The arithmetical expla-
nation for acceleration constants ac1 , ac2 are expressed 
with the Eqs. (9–10) discussed below:

where ac1 is percent of local acceleration of particlei, raac1 
is number of fuzzy rules initiated to ac1 , ac1i is output of 

(9)ac1 =

∑raac1
i=1

μ
ac1
i

�
ac1i

�
∑raac1

i=1
μ
ac1
i

Fig. 4  Fuzzy system to adjust 
the parameters ( iw, cac1, cac2) cac1

cac3

cac2

Mamdani

9 Rules

NU(3)

W(3)

Table 1  Dataset description

Dataset Instances Attributes Attributes name Target class

telecom churn (cell2cell) 71,047 58 CustomerID, Churn, MonthlyMinutes, Monthly 
Revenue, TotalRecurringChargeOverageMi-
nutes, RoamingCalls, PercChangeMinutes,, 
Director Assisted Calls, PercChangeRev-
enues, DroppedCalls, BlockedCalls, Cus-
tomerCareCalls, ThreewayCalls,Unanswered 
Calls, ReceivedCalls, InboundCalls, 
PeakCallsInOut,Outbound Calls, OffPeak-
CallsInOut, DroppedBlockedCalls, CallFor-
wardingCalls, CallWaitingCalls, UniqueSubs, 
ActiveSubs, ServiceArea, Handsets, Hand-
setModels, Months In Service, CurrentEquip-
mentDays, AgeHH1, AgeHH2, ChildrenInHH, 
Handset Refurbished, HandsetWebCapable, 
TruckOwner, RVOwner, Homeownership, Buys-
ViaMailOrder, RespondsToMailOffers, OptOut-
Mailings, NonUSTravelm, Owns Computer, 
HasCreditCard, RetentionCalls, RetentionOf-
fersAccepted, NewCellphoneUser, NotNew-
CellphoneUser, ReferralsMadeBySubscriber, 
Income Group, OwnsMotorcycle, Adjustment-
sToCreditRating, HandsetPrice, MadeCall-
ToRetentionTeam, CreditRating, PrizmCode, 
Occupation, MaritalStatus

Two class classification (Yes 
–Represent Churn customer, 
No- Represent Non- Churn 
Customer)

churn-bigml dataset 3333 21 State, area code, account length, phone number, 
voice mail plan, international plan, number 
vmail messages, total day calls, total day 
minutes, total day charge, total eve calls, total 
eve minutes, total eve charge, total night calls, 
total night minutes, total night charge, total 
intl calls, total intl minutes, total intl charge, 
customer service calls, churn

Two class classification (T –Rep-
resent Churn customer, F- Rep-
resent Non- Churn Customer)

Table 2  Fuzz rules to adjust the parameters ( iw, ac1, ac2)

Rule number Input Output

N iw Ciw ���
1

���
2

1 1 1 2 1 1
2 1 2 3 2 2
3 1 4 1 4 4
4 2 1 2 1 1
5 2 2 1 3 3
6 2 3 1 3 4
7 3 1 3 1 1
8 3 3 2 3 3
9 3 4 1 2 2
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fuzzy rule i for ac1 , and μac1
i

 is membership function value 
of fuzzy rule i for ac1.

where ac2 is percentage of global acceleration of particle i, 
raac2 is count of fuzzy rules initiated to ac2 , ac2i is output of 
fuzzy rule i for ac2 , and μac2

i
 is membership function value 

of fuzzy rule i for ac2 . The features chosen from both algo-
rithms of IG and FPSO are widely regarded as foremost 
features.

3.6  Customer classification and prediction

In the dataset of telecom industry, the customers are clas-
sified into two categories. That is to say, the first category 
includes the customers, those who are stay faithful to their 
operators and occasionally influenced by competitors 
namely, non-churn customers; whereas, the second cat-
egory is called churn customers. The suggested strategy 
intended to identify the churn customers as well as, the 
motivation of their departure, besides it conceives reten-
tion approaches in order to conquer the issue of migra-
tion. With regard to categorising churn datasets, the clas-
sifier of Divergence Kernel based Support Vector Machine 
(DKSVM) has applied in this research, which is suggested 
for classifying the customers and churn prediction through 
Kullback–Leibler [38]. Kernel function has applied, to cor-
relate the selected feature datasets of the input consumer 
churn with the non-churn and churn customers, in which 
telecom dataset is expected to have proper distribution 
and, eventually, high-dimensional selected feature space 
is chosen by this way. The input dataset of telecom with 
selected features possessed non-churn and churn custom-
ers correlated through a new kernel function towards a 
higher feature space in the DKSVM classifier, and a deci-
sion plane is finally created. The ability of DKSVM classi-
fier for generalization has enhanced through maximizing 
the margin distance and by integrating input dataset 
of telecom accompanying selected feature to the huge 
dimensional space, through which the function of non-
linear classification determined and it is considered as a 
primary advantage of this algorithm. The issue of churn 
prediction has resolved by this DKSVM classifier through 
express the Eqs. (11–13).

(10)ac2 =

∑raac2
i=1

μ
ac2
i

�
ac2i

�
∑raac2

i=1
μ
ac2
i

(11)�(w, ξ) =
1

2
(w*w) + C

(
L∑
l=1

ξ1

)

(12)∀ξ1 ≥ 0, w*xl + bias ≥ 1 − ξ1ifyl = +1

where ‘w’ denotes the unknown separation plane, ξ 
denotes the soft margin, fl specifies the training telecom 
dataset with selected features, yl signifies the respective 
class of sfj which is churn and non-chrun. L point out the 
churn predictiontraining samples, and ‘C’ denotes the con-
stant. The Lagrange method plays a vital role in churn pre-
dictionerror minimization problem which aids in param-
eter vector identification by up-surging the function given 
by below Eqs. (14–15)

K
(
fi, fj

)
 denotes to the kernel function. Kullback–Leibler 

[39] has its significance in estimation which is nothing but 
the probability distribution difference. The Kullback–Lei-
bler divergence from Q to P [39] is given for discrete prob-
ability distributions P and Q for fi, fj , is as follows (16)

The Lagrange method is utilized for churn prediction 
error minimization problem finally for obtaining the new 
updated kernel and there by achieving work conversion 
(17)

This is the stage for obtaining the customer classifi-
cation into churn and non- churn by means of MATLAB 
R2014 tool.

3.7  Customer profiling and relationship

The behavioural information and their relationship are the 
key factors in partitioning of comprehensive customers’ 
data into groups achieved by Customer cluster concept. 
The segmentation of telecom data into various groups is 
attained with the help of Hybrid Kernel Distance based 
Possibilistic Fuzzy Local Information C-Means (HKD-
PFLICM) which also suits partition clustering. The classi-
fication is as follows Low, Medium and Risky customers. 
The integration of Possibilistic-Fuzzy Clustering algo-
rithm (PFCM) [40], and Fuzzy Local Information C-Means 
(FLICM) algorithm [41] is known as PFLICM. PFLICM helps 

(13)w*xl + bias ≤ −1 + ξ1ifyl = −1

(14)w(α) =

L∑
l=1

α1 −
1

2

L∑
ij

αiαjyiyjK
(
fi, fj

)

(15)
L∑
l=1

αlyl = 0, 0 ≤ αl ≤ C

(16)DKL(P||Q) =
∑
fi ,fj

P
(
fi
)
log

P
(
fi
)

Q
(
fj
)

(17)w(α) =

L∑
l=1

α1 −
1

2

L∑
ij

αiαjyiyjiaDKL(P||Q)
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in clustering of customers in every segment to the near-
est cluster based on the kernel distance. It has advantages 
such as noise immunity and free of artificial parameters. 
These combination of PFLICM approaches helps in attain-
ing objective function revealed in Eq. (18):

where  xn is a d × 1 column vector signifying nth telecom 
data, C is a number of groups being estimated into Low, 
Medium and Risky customers,  cc is a d × 1 vector of cth 
cluster center, weight  ucn is a membership value of nth 
pixel in cth cluster,  tcn is typicality value of nthtelecom 
data in cth cluster, a, b, and α are fixed parameter values 
used to balance terms of objective function for customer 
group, and m and q are fixed “fuzzifier” parameters which 
helps in governing degree of sharing across clusters and 
degree to which points may be characterized as outliers, 
respectively. Also,

In the Eq. (18), kednk signifies kernel distance between 
the data indices between xn and xk .  Nen signifies neigh-
borhood around the center data. The hyperbolic tangent 

(18)J =

C∑
c=1

N∑
n=1

aumcn

(||||xn − cc
||||22 + Gcn

)
+ btq

cn
||||xn − cc

||||22 +
C∑

c=1

γc

N∑
n=1

(
1 − tcn

)q
, ucn ≥ 0,∀n = 1,…N,

C∑
c=1

ucn = 1

(19)Gcn =
∑

ke∈Nen

1

kednk + 1

(
1 − uck

)m||||xk − cc||||22

kernel and Gaussian kernel are the main factors in the 
computation of kernel distance 

(
kednk

)
.

Hyperbolic Tangent kernel is termed as Sigmoid Kernels 
or tanh kernels are different as in Eq. (20),

Fig. 5  Flowchart of hybrid 
kernel distance based possi-
bilistic fuzzy local information 
C-means (HKD-PFLICM)

Start

Initialize membership values and randomly select cluster center C from the 
churn samples

Compute objective function (J) by equation (18) 

Compute kernel distance by equation (22) 

Update cluster center ( c )

Update membership value (u )

Convergence is met

End
No  

Yes 

Gaussian kernel is stated as in Eq. (20),

The function kednk helps in combining the kernel out-
comes and given by Eq. (22),

The overall clustering is achieved for each customer 
lastly by applying this outcome to Eq. (19).The different 
pattern and churn customers behaviour are signified by 
the cluster in each segment. The characteristics of three 
clusters characterizing a unique collection of behaviour 
may help in enhancing the decision making scope for 

(20)ke1
(
xn, xk

)
= tanh

(
v + xnxk

)

(21)ke2
(
xn, xk

)
= exp

(||||xn − xk
||||2

2σ2

)

(22)kednk =
ke1

(
xn, xk

)
+ ke2

(
xn, xk

)
2
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churner. Figure 5 shows the overall flowchart of the HKD-
PFLICM algorithm.

3.8  Retention strategy uses recommendation 
system

Appropriate monitoring is required with churn consumers 
and handles them through the promotion cycle to con-
clude the retention approaches. Top-down approach has 
a scarcity with regard to aiming specific consumers, Bot-
tom-up and adapted method is unsuccessful concerning 
marketing strategy. To build tailored retention practices 
use the similarity-based strategy. This method is the most 
familiar definition of a recommender strategy. Based on 
its expectations and past actions evaluated from clusters, 
it may assist in proposing acceptable policies or other 
customized collection of deals to each churn customers. 
Comparison measure to aim identical consumers relies on 
the subsequent approaches.

Content-based: This process is focused on past behavior 
and proposes identical suggestions and products to the 
same consumer.

Collaborative: This process is focused on past behav-
ior and preference only for those customers who have an 
identical inclination and comparable behavior.

Hybrid: This process indicates combined approach of 
both content and collaborative strategies.

The collaborative strategy based approach is proposed 
for those customers who have identical past behaviours 
and identical preferences. Every customer is classified 
into the categories of Low, Medium, and High. These 
approaches were executed by considering the distance 
function based on the kernel. In this sense, CRM is associ-
ated with personalizing the interaction with consumers 
and reacting to consumer feedback through company, 
such as creating a collective management network, 
expanding front offices to include all staff, collaborators 
and vendors to communicate with consumers via email, 
mobile, web sites, contacts, fax, etc. The behaviour of the 
consumer is tracked and recorded by segmentation to 
define the patterns and use. From now on, through this 
pattern and behavior, we render guidelines for only spe-
cific customers to suggest.

4  Experiments and results

Numerous trials on the proposed DKSVM strategy have 
been  carried out throughout this section by applying 
machine learning techniques like, Random Forest (RF), J48 
algorithm, Decision Stump [17] on two datasets namely 
telecom churn (cell2cell) and churn-bigml dataset. The 
outcomes have been acquired through various machine 

learning strategies, which has been provided in following 
segments.

4.1  Performance evaluation matrix –churn 
prediction

The performance of the  proposed churn prediction 
approach has been evaluated through the metrics such as 
accuracy, precision, f-measure, recall and ROC area. Equa-
tion (23) measures accuracy, which recognizes the number 
of instances that were properly classified.

Here "TN" means True Negative, "TP" means True Posi-
tive, "FN" means False Negative and "FP" means False Posi-
tive. TP Rate is called sensitivity, too. It indicates that part 
of the data is appropriately marked as positive. The TPR has 
to be higher for every classifier. Equation (24) is applied to 
compute True Positive Rate (TPR).

False Positive Rate (FPR) shows that portion of data is 
falsely marked as positive. For every classifier the outcome 
of the FP rate has to be minimal. The estimate is rendered 
using Eq. (25):

(23)Accuracy =
TP + TN

TP + TN + FP + FN

(24)TPR =
True Positives

Actual Positives

(25)FPR =
False Positives

Actual Negatives

Table 3  Performance measure of various classification algorithms 
with tenfold cross-validation on cell2cell dataset

Classifiers Incorrectly classified 
instances (%)

Correctly clas-
sified instances 
(%)

Decision Stump 20 80
J48 18 82
RF 15 85
DKSVM 10 90

Table 4  Performance measure of various classification algorithms 
with tenfold cross-validation on churn-bigml dataset

Classifiers Incorrectly classified 
instances (%)

Correctly clas-
sified instances 
(%)

Decision stump 20.11 79.89
J48 18 82
RF 13.5430 86.4570
DKSVM 10.2500 89.7500
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Accuracy, also regarded as positive predictive value 
(PPV), shows which portion of prediction data is positive. 
Calculation performed using Eq. (26).

The recall is further measurement of completeness i.e. 
the algorithm’s real score. It’s the chance the process can 
pick all the appropriate instances. The low recall value 

(26)Precision =
True Positive

True Positive + False Positive

means lots of false negatives. The measurement is done 
using Eq. (27).

The value of F-measure is a trade-off within categoriz-
ing the overall data points accurately and guaranteeing 
that each class includes points of solely one class. The 
measurement is performed using Eq. (28).

The ROC field reflects average output against all feasible 
FP and FN cost ratios. If value of the ROC area is 1.0, then 
this is a perfect prediction. Equally, value 0.5, 0.6, 0.7, 0.8 
and 0.9 signifies random prediction, bad, moderate, good 
and superior accordingly. The accuracy of overall outcome 
of the DKSVM algorithm is higher than other prediction 
algorithms as prediction problem because in both data-
sets its efficiency is great (See Tables 3 and 4). Tables 3 and 
4 reveal the accuracy and building prediction model time 
for both datasets such as cell2cell and bigml.

Figure 6a and b shows the precision comparison results 
of four different classifiers in two benchmark datasets. 
However, the proposed DKSVM classifier has higher pre-
cision results of 89.00% and 85.7532% for cell2cell dataset 
and bigml dataset respectively (See Tables 5 and 6). The 
proposed DKSVM gives 7.6822%, 5.7211% and 3.4122% 
higher precision results when compared to Decision 
Stump, J48 and RF classifiers respectively in Bigml data-
set. Decision stump gives worst precision results for CELL-
2CELL dataset when compared to other methods. RF and 

(27)Recall =
True Positive

True Positive + False Negative

(28)F −measure = 2∗

(
Precision*Recall

Precision + Recall

)

(a) Cell2cell Dataset (b) Bigml Dataset

Fig. 6  Precision results comparison vs. classifiers (benchmark datasets)

Table 5  Performance metrics of various classification algorithms on 
cell2cell dataset

Classifiers Results (%)

Accuracy Precision Recall F-measure ROC curve

Decision 
stump

80 78 79 78 79.12

J48 82 80 81 81 82.35
RF 84 82 83 83 84.93
DKSVM 90 89 90 89 87.65

Table 6  Performance metrics of various classification algorithms on 
bigml dataset

Classifiers Results (%)

Accuracy Precision Recall F-measure ROC curve

Decision 
stump

79.89 78.0710 79.4300 77.5430 80.25

J48 82.0900 80.0321 81.0900 80.7860 83.18
RF 84.4650 82.3420 83.4560 83.2380 84.87
DKSVM 87.7500 85.7532 86.7532 86.2503 89.76
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proposed classifiers have high precision to predict churn-
ers correctly in both datasets as shown in Tables 5 and 6.

Figure 7a and b shows the performance comparison 
results of the two benchmark datasets via recall among 
four different classifiers. However, the proposed DKSVM 
classifier has higher recall results of 90% and 86.7532% 
for cell2cell dataset and bigml dataset respectively (See 
Tables 5 and 6). It means that this algorithm found maxi-
mum number of false positives in dataset and it can 
correctly identify non-chrun customers. This indicates 
that they are good classifiers (DSVM and J48) for predic-
tion. The proposed DKSVM gives 7.3232%, 5.6632% and 
3.2972% higher when compared to Decision Stump, J48 

and RF classifiers respectively in second dataset. When 
compared to existing methods Decision Stump and RF 
gives worst recall results, since tree based models have 
incorrectly predicts the false values.

Figure 8a and b shows the four different classifiers in 
two benchmark datasets with respect to f-measure. Pro-
posed DKSVM classifier has higher f-measure results of 
89% and 86.2503% for CELL2CELL dataset and BIGML 
dataset respectively (See Tables 5 and 6). The proposed 
DKSVM gives 8.7073%, 5.4643% and 3.0123% higher 
f-measure results when compared to Decision Stump, J48 
and RF classifiers respectively for Bigml dataset. When 
compared to existing methods, Decision Stump gives 

(a) Cell2cell Dataset   (b) Bigml Dataset    

Fig. 7  Recall results comparisonvs. classifiers (benchmark datasets)

Fig. 8  F-measure results comparisonvs. classifiers (benchmark datasets)
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worst f-measure results of 73.9945% for CELL2CELL data-
set. Other methods having higher F-measure in both data-
sets as shown in Tables 5 and 6.

Figure 9a and b shows the performance comparison 
results of the two benchmark datasets with accuracy 
results comparison among four different classifiers. The 

proposed DKSVM classifier has higher accuracy results of 
90% and 87.75% for cell2cell dataset and bigml dataset 
respectively (See Tables 5 and 6). It means that this algo-
rithm found the maximum number of true positives in the 
dataset and it can correctly identify the churn customers. 
The proposed DKSVM gives 7.86%, 5.66% and 3.285% 
higher accuracy results when compared to Decision 
Stump, J48 and RF classifiers respectively. Random Forest 
and proposed DKSVM algorithms have performed very 
well as compared to all other algorithms by having 87.65% 
and 89.76% ROC area under the curve for first and second 
dataset. DKSVM is an outstanding classifier for prediction 
of instances. According to the ROC value scale discussed 
earlier, RF and DKSVM also performed better as shown in 
the Fig. 10 (see Tables 5 and 6).

4.2  Performance evaluation matrix –clustering

The Customer Cluster is employed to segment the entire 
consumer details into categories on the basis of their activ-
ities and interaction detail. In order to measure the results 
of the clustering methods the following metrics such 
as accuracy and error is measured in the telecom churn 
(cell2cell) and churn-bigml datasets (Table 7). The results 

Fig. 9  Accuracy results comparison vs. classifiers (benchmark datasets)

Fig. 10  ROC area curve. vs. classifiers (benchmark datasets)

Table 7  Clustering metrics 
comparison vs. clustering 
algorithms

Metrics/methods K-means Flexible 
K-Medoids

FLICM EWFLICM PFLICM HKD-PFLICM

Dataset cell2cell dataset
Accuracy (%) 76.51 80.498 90.41 92.56 94.11 96.48
Error(%) 23.49 19.502 9.59 7.44 5.89 3.52
Dataset bigml dataset
Accuracy (%) 81.19 87.43 91.25 93.58 95.41 97.17
Error(%) 18.81 12.57 8.75 6.42 4.59 2.83
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of the proposed HKD-PFLICM are compared to K-means, 
Flexible K-Medoids, PFLICM, Fuzzy Local Information C- 
Means (FLICM), and Entropy Weighting LICM known as 

EWFLICM.Accuracy measurements demonstrate the level 
of similarities between one cluster (i.e., set of clusters) is 
to another cluster (ground-truth).Error metrics depictthe 
level of non-similarities between one cluster (i.e., set of 
clusters) to another (ground-truth) clustering.Customer 
cluster is used for partitioning complete customers’ data 
into groups based on their behavior information and their 
relationship. For measuring results of clustering methods 
following metrics such as accuracy and error is measured 
in the telecom churn (cell2cell) and churn-bigml datasets 
(Table 7).

The results of the proposed HKD-PFLICM are compared 
to K-means, Flexible K-Medoids, PFLICM, Fuzzy Local Infor-
mation C- Means (FLICM), and Entropy Weighting LICM 
known as EWFLICM. Accuracy metrics indicate how much 
one clustering (i.e., set of clusters) is similar to another 
(ground-truth) clustering. Error metrics indicate how much 
one clustering (i.e., set of clusters) is non-similar to another 
(ground-truth) clustering (Table 8).

Clustering behavior of churner with three major attrib-
utes such as communication calls, uncommunication 
calls,minutes having forms three clusters such as Low 
(Cluster 3), Medium (Cluster 2) and Risky (Cluster 1) for 
CELL2CELL dataset. Those cluster threshold values are 
discussed in the Table 9.

Figure  11 shows the clustering accuracy and error 
results comparison among various clustering methods 
with two benchmark datasets. The proposed clustering 
algorithm gives higher accuracy results of 94.11% and 
95.41% for cell2cell dataset and bigml dataset. Since 
the proposed work, instead of considering the distance 
between the customer behaviour kernel functions is 
used which increases the clustering results than the other 
methods.

From this pattern and behaviour, make rules for the 
recommendation of only similar customers in the future. 
Figures 12, 13 and 14 show the behaviour of churner with 
three major attributes such as TOTAL CALLS, TOTAL MIN-
UTES, TOTAL CHARGE having forms three clusters such as 
Low (Cluster 3), Medium (Cluster 2) and Risky (Cluster 1). 
Those cluster threshold values are discussed in the Table 8.

5  Conclusion and future work

Customer Relationship Management (CRM) always have 
the major concern of churn prediction, in order to keep 
hold of, as well as to  improve the number of precious 
customers through recognizing an identical set of new 
customers and furnishing them a considerable discounts, 
services and offers. Through this paper, an efficient strat-
egy of customer churn prediction is presented, which is 
an optimal choice to support telecom service providers to 

Table 8  Threshold values of churn customers (churn-bigml dataset)

Calls Risky (Cluster 
1)

Medium(Cluster 
2)

Low(Cluster 3)

Total calls behavior in each cluster
Total day calls 5 60 31
Total eve calls 32 55 9
Total night calls 14 48 34
Total intl calls 46 43 7
Total minutes behavior in each cluster
Minutes
 Total day 

minutes
44 20 66

 Total eve 
minutes

14 30 52

 Total night 
minutes

30 15 51

 Total intl 
minutes

25 38 33

Total charge behavior in each cluster
 Charge
 Total day 

charge
24.6 34.2 37.91

 Total eve 
charge

18.3 21.86 26.8

 Total night 
charge

12.93 10.8 8.36

 Total intl 
charge

3.89 3.7 2.35

Table 9  Threshold values of churn customers (Churn- Cell2cell 
Dataset)

Calls Risky 
(Cluster 1)

Medium(Cluster 2) Low(Cluster 3)

Communication calls behavior in each cluster
Peak call 145 113 100
Offpeak call 80 56 37
Received call 10 66 97
Minutes behavior in each cluster
Minutes
Month min 43 8 13
Overage min 76 62 27
PercChange min 13 27 5
Uncommunication calls behavior in each cluster
Dropped call 137 56 43
Blocked call 144 66 25
Unanswered call 43 25 110
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identify consumers, as they apparently dealt with churn. 
To perform this task, some data mining steps have been 
taken to account, such as noise removal, feature selection, 
customer classification and prediction. This proposed work 
consists of the following steps: feature selection, customer 
classification and prediction and finally customer profil-
ing. Information Gain (IG) and Fuzzy Particle Swarm Opti-
mization (FPSO) are proposed for feature selection. By 
employing inertia weight and acceleration coefficients, 
the world’s optimum version of PSO has amended, con-
cerning enrichment namely, FPSO. To process the catego-
rization of Churn and Non-Churn patrons, the classifier 

of Divergence Kernel-based Support Vector Machine 
(DKSVM) has been applied through the metric focused on 
Kullback–Leibler. Eventually, the characteristics of custom-
ers have procured from customer profiling and aggregated 
as clusters by enforcing the clustering method of Hybrid 
Kernel Distance-based Possibilistic Fuzzy Local Informa-
tion C-Means (HKD-PFLICM) concerning the CRM to main-
tain the customers. The similarities among overall custom-
ers have been observed from the analysis, through which 

(a) Cell2cell Dataset (b) Bigml Dataset

Fig. 11  Accuracy and error results comparison between clustering methods
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Fig. 12  Total_Calls behavior in each cluster (churn-bigml dataset)
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the concern’s productive potential has enriched, thus the 
concern eventually reaches the competent marketing 
promotions. The implementation outcomes represents 
that, the proposed DKSVM churn approach accompanied 
by classifier approaches is capable of delivering efficient 
performance. For instance, the proposed clustering algo-
rithm gives higher accuracy results of 94.11% and 95.41% 
for cell2cell dataset and bigmldataset. Since the proposed 
work uses the kernel functions instead of considering the 
distance between the customer behaviour, the clustering 
results are observed to be better than the other exist-
ing methods. In future, the additional exploration of this 
approach will focus on the learning strategies of eager 
learning and lazy learning for optimum churn prediction. 
In addition, this research has augmented to scrutinize the 
revising character pattern of churn customers by enforc-
ing the strategies of Artificial Intelligence (AI), which 
are intended to analyze the trend and prophecy. Apart 
from SVM, some other prediction approaches like Genetic 
Algorithms (GAs), Neural Networks (NNs), etc. can be used. 
Moreover, various other churn prediction datasets could 
be used and its results could be analyzed in future.
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