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Abstract 

Intelligent System for Customer Churn Prediction (CCP) relates to a system or application that controls advanced 

artificial intelligence (AI), data analysis, and machine learning (ML) methods for anticipating and predicting 

customer churn in business or service. CCP approach utilizes various data sources comprising customer behavior 

and historical data, to create predictive method able of categorizing customers who are potential to leave or stop 

their engagement. By employing intelligent method, this system supports businesses in proactively addressing 

customer retention and executing manners to decrease churn, ultimately enhancing revenue retention and customer 

satisfaction. It connects wide data sources, comprising customer behavior and historical information, to progress 

difficult methods that can identify customers at risk of leaving or discontinuing their service or subscription. By 

leveraging deep learning (DL) method, this intelligent system enhances the efficiency and accuracy of customer 

churn prediction, allowing businesses to take proactive measures to maintain customers, maintain revenue, and 

develop customer satisfaction. This article presents an Intelligent System for Customer Churn Prediction using 

Dipper Throat Optimization with Deep Learning (ISCCP-DTODL) methodology in Telecom Industries. The 

purpose of the ISCCP-DTODL system focuses on the design of intelligent systems for the effective prediction of 

customer churners and non-churners. To accomplish this, the ISCCP-DTODL system performs Z-score data 

normalization to preprocess the data. For feature selection and to reduce high dimensionality of features, the 

ISCCP-DTODL technique uses DTO algorithm. Besides, the ISCCP-DTODL technique makes use of hybrid 

CNN-BiLSTM model for churn prediction. At last, jellyfish optimization (JFO) based hyperparameter tuning 

approach can be employed to pick hyperparameters connected to CNN-BiLSTM technique. To display enhanced 

performance of ISCCP-DTODL technique, a widespread set of simulations was performed. The extensive results 

stated that ISCCP-DTODL model illustrates improved results than its current techniques in terms of dissimilar 

measures. 

Keywords: Customer Churn Prediction; Deep Learning; Dipper Throat Optimization; Parameter tuning; Jellyfish 

Optimization 
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1. Introduction 

Customer churn (CC) is described as when customers discontinue business performance with a company [1]. This 

occurrence has directly affected insurance, banks, telecom businesses, and video game companies. Recently, 

telecommunication industries endured large modifications like raised competition, technological development, and 

new services [2]. Consequently, forecasting customer churn in the telecommunication field is a crucial factor in 

industrial activities for protecting their reliable customers. The telecom field has been major significant industry 

in developed nations in previous two decades [3]. Data mining performs an important function for predicting and 

analyzing in the telecom sector because of accessibility of enormous information. The fundamental application 

field is to execute churner prediction for saving customer maintenance and to generate a higher-profit rate [4].  

CC belongs to loss of a customer in interest of a participant, considering the relationship end [5]. Customer churn 

prediction (CCP) permits any to detect the causes for ending the correlation as well as collecting an approach that 

can be reduce the churn rate, and improve profits. Therefore, expecting a customer’s purpose to finale a 

relationship can be effectual in telecommunication industries and regarded viable benefits [6]. In recent years, it 

has a remarkable increase to implement ML methods for CCP in various sectors. By utilizing these methods with 

data acquired from customers telecommunication operator’s produces consistent methods that could be represented 

connection and correlation, overcoming customer churn problems in telecommunications [7]. Present research 

work demonstrate that an effective churn prediction method must proficiently utilize massive volume of past data 

for enriched churner’s detection. But, there are numerous limits in present methods because of it could not be 

probable to proficiently execute churn prediction with higher accuracy. A massive data volume has bene produced 

at telecom sector, which comprises missing values [8]. Prediction under this kind of information leads to incorrect 

or poorer outputs for predictive methods in this study. Data preprocessing has been now implemented for 

determining this problem and missing values imputation could be executed employing ML technique that 

accelerates higher effectiveness and prediction or classification accuracy [9]. Feature selection (FS) is also 

performed in this research work; but a few significant and data rich features have been disregarded in development 

of model. Additionally, statistical approaches could be employed for developing model that causes lower 

performance of prediction. Also, benchmark databases have not utilized for model assessment in this study that 

gives rise to reduce the representation of real data image. Reasonable comparison among various techniques are 

also implemented with no standard database [10]. An intelligent system is exploited for solving the present 

problems and offering higher-accuracy churn prediction. 

This article introduces an Intelligent System for Customer Churn Prediction using Dipper Throat Optimization 

with Deep Learning (ISCCP-DTODL) technique in Telecom Industries. The goal of the ISCCP-DTODL technique 

focuses on the design of intelligent systems for the effectual prediction of customer churners and non-churners. 

To accomplish this, the ISCCP-DTODL technique performs Z-score data normalization to preprocess the data. For 

FS and to reduce high dimensionality of features, the ISCCP-DTODL technique uses DTO algorithm. Besides, the 

ISCCP-DTODL technique makes use of hybrid CNN-BiLSTM model for churn prediction. At last, jellyfish 

optimization (JFO) based hyperparameter tuning approach can be used to pick hyperparameters connected to 

CNN-BiLSTM technique. To exhibit enhanced performance of ISCCP-DTODL methodology, a widespread set of 

simulations was implemented. 

2. Related works 

Zhao et al. [11] developed a customer performance detection technique that integrates unsupervised and supervised 

classification models. Initially, a hybrid technique of K-means clustering and entropy model and client portrait 

examination used in order to divide consumers. Next, division outcomes are then united into presented multihead 

self-attention depend nested LSTM classification algorithm. Third, developed architecture applied to real case. 

Nalatissifa and Pardede [12] developed a model of DNN. This research employs 3 variants of hidden layers (HLs) 

and 2 variants of activation functions such as Sigmoid and rectified linear unit (ReLu), then employs 5 variants of 

optimizers. Sudharsan and Ganesh [13] develops a new design in order to forecast customer churn (CC) via DL 

technique such as Swish Recurrent Neural Network (S-RNN).  

Xu et al. [14] creates a telecom customer churn forecast method with aid of backpropagation neural network 

(BPNN) technique as well as uses MapReduce programming structure on Hadoop. By employing information of 

telecom company, this study examines harm of telecom consumers in great information atmosphere. The study 

displays exactness of telecom CC estimate approach in BPNN. In [15], a new structure conveyed employing 

reformatted RNN (R-RNN) in combination with Elephant herding optimizer (EHO) technique to estimate 

customer turnover. To categorize CC and normal customers, RRNN is reformed. This amended EHO efficiently 

raises exact RNN parameters. The distance was upgraded by EHO employing a clan operator. Pustokhina et al. 

[16] projects a novel improved SMOTE by optimum weighted extreme machine learning (OWELM) termed as 
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ISMOTE-OWELM techniques. After standardization, ISMOTE employed in order to grip extreme dataset of rain 

optimization algorithm (ROA) functional to regulate optimum sampling rate. Finally, WELM method was applied.  

In [17], a hybrid technique depend on data mining technique projected in order to analyse features of CC. 

Originally, FS node was utilized to classify features. Then, Bayesian network and C5.0 DT are employed for 

recognition. These are data mining models and terms that can aid in predicting. At last, projected technique 

executed in chain store trade as a case research. Liu et al. [18] developed BiLSTM-CNN model combined with 

RNN and CNN approaches. This article employs bank data to associate attention BLSTM-CNN (AttnBLSTM-

CNN) model with BiLSTM-CNN methodology. 

3. The Proposed Model 

In this article, we presented novel ISCCP-DTODL model on Telecom Industries. The goal of the ISCCP-DTODL 

technique focuses on the design of intelligent systems for the effectual prediction of customer churners and non-

churners. To accomplish this, the ISCCP-DTODL technique performs such as Z-score data normalization, DTO-

based FS, CNN-BiLSTM-based classification, and JFO-based hyperparameter tuning. Fig. 1 demonstrates overall 

procedure of ISCCP-DTODL system. 

A. Data Normalization 

In this work, the ISCCP-DTODL technique performs Z-score data normalization to preprocess the data. Z-score 

data normalization, otherwise called standardization, is a statistical approach used to convert the data into uniform 

distribution with mean of 0 and standard deviation (SD) of 1 [19]. This technique includes subtracting the mean 

of data from all the data points and later dividing the results by the SD. Z-score normalization is more commonly 

used in statistical modeling, data analysis, and machine learning to ensure that data with dissimilar scales and units 

are analyzed and compared on a regular basis, which makes it a powerful tool to improve the performance of 

various analytical approaches and achieve data consistency. 
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Figure 1: Overall process of ISCCP-DTODL algorithm 

B. Feature selection using DTO 

For feature selection, ISCCP-DTODL model uses DTO algorithm. Dipper‐throated passerines are rare [20]. They 

hunt, swim, and dive well. The DTO technique considers birds fly and swim to search for food, with 𝑁𝑓𝑠 

representing amount of birds. Bird location is 𝑁𝑓𝑠 and velocity is 𝐵𝑉 as follows: 

𝐵𝑃 =

[
 
 
 
 
𝐵𝑃1,1 𝐵𝑃1,2 𝐵𝑃1,3 … 𝐵𝑃1,d

𝐵𝑃2,1 𝐵𝑃2,2 𝐵𝑃2,3 … 𝐵𝑃2,d

𝐵𝑃3,1 𝐵𝑃3,2 𝐵𝑃3,3 … 𝐵𝑃3,d

… … … … …
𝐵𝑃𝑛,1 𝐵𝑃𝑛,2 𝐵𝑃𝑛,3 … 𝐵𝑃𝑛,d]

 
 
 
 

                                   (1) 

In Eq. (1), the 𝑖𝑡ℎ bird location in 𝑗𝑡ℎ dimension is represented as 𝐵𝑃𝑖,𝑗.  

𝐵𝑉 =

[
 
 
 
 
𝐵𝑉1,1 𝐵𝑉1,2 𝐵𝑉1,3 … 𝐵𝑉1,d

𝐵𝑉2,1 𝐵𝑉2,2 𝐵𝑉2,3 … 𝐵𝑉2,d

𝐵𝑉3,1 𝐵𝑉3,2 𝐵𝑉3,3 … 𝐵𝑉3,d

… … … … …
𝐵𝑉𝑛,1 𝐵𝑉𝑛,2 𝐵𝑉𝑛,3 … 𝐵𝑉𝑛,d]

 
 
 
 

                                (2) 

In Eq. (2), the 𝑖𝑡ℎvelocity of birds at 𝑗𝑡ℎ dimension is 𝐵𝑉𝑖,𝑗. The value of objective function, 𝑓𝑛, is described by the 

following expression: 
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𝑓 =

[
 
 
 
 
 
𝑓1(𝐵𝑃1,1, 𝐵𝑃1,2, 𝐵𝑃1,3, … , 𝐵𝑃1,𝑑)

𝑓2(𝐵𝑃2,1, 𝐵𝑃2,2, 𝐵𝑃1,3, … , 𝐵𝑃2,𝑑)

𝑓3(𝐵𝑃3,1, 𝐵𝑃3,2, 𝐵𝑃3,3, … , 𝐵𝑃3,𝑑)
…

𝑓𝑛(𝐵𝑃𝑛,1, 𝐵𝑃𝑛,2, 𝐵𝑃𝑛,3, … , 𝐵𝑃𝑛,𝑑)]
 
 
 
 
 

                                (3) 

Next, the values of objective function arranged from lower to higher in ascending order. The initial optimum 

solution is denoted as 𝐵𝑃𝑏𝑒𝑠𝑡 . 𝐵𝑃𝐺𝑏𝑒𝑠𝑡  is best possible performance. It is predicted that the remaining response 

have pertained to classic bird. 𝐵𝑃𝑛𝑑  is follower bird. The position of swimming bird shifts as it swims: 

𝐵𝑃𝑛𝑑(𝑡 + 1) = 𝐵𝑃𝑏𝑒𝑠𝑡(𝑡) − 𝐶1. |𝐶2. 𝐵𝑃𝑏𝑒𝑠𝑡(𝑡) − 𝐵𝑃𝑛𝑑(𝑡)|        (4) 

In Eq. (4), parameters 𝐶1 and 𝐶2 are defined as 𝐶1 = 2𝑐. 𝑟1 − 𝑐 and 𝐶2 = 2𝑟1 for 𝑐 = 2, upgraded from 𝑡𝑤𝑜 to 

zero, 𝑟1 is randomly upgraded in zero and one; and 𝑇max denotes maximal iterations. 

The position of flying birds can upgraded by following expression: 

𝐵𝑃𝑛𝑑(𝑡 + 1) = 𝐵𝑃𝑛𝑑(𝑡) + 𝐵𝑉(𝑡 + 1)                       (5) 

The flying velocity bird is changed as: 

𝐵𝑉(𝑡 + 1) = 𝐶3𝐵𝑉(𝑡) + 𝐶4𝑟2(𝐵𝑃𝑏𝑒𝑠𝑡(𝑡) − 𝐵𝑃𝑛𝑑(𝑡)) + 𝐶5𝑟2(𝐵𝑃𝐺𝑏𝑒𝑠𝑡 − 𝐵𝑃(𝑡))   (6) 

In Eq. (6), 𝐶3 denotes weight value, 𝐶4 and 𝐶5 are constants. 𝑟2 is randomly updated within [0,1].  Fig. 2 illustrates 

steps involved in DTO. 

Algorithm 1: Pseudocode of DTO Algorithm 

Initialize the position of bird as 𝑃𝑖(𝑖 = 1,2, 𝑛), velocity as 𝐵𝑉𝑖(𝑖 = 1,2, … , 𝑛), iteration 𝑇max, objective function 

𝑓𝑛, other DTO parameters, 𝑡 = 1 

Compute 𝑓𝑛 for every bird 𝐵𝑃𝑖  

Find the optimum bird 𝐵𝑃𝑏𝑒𝑠𝑡 

while 𝑡 ≤ 𝑇max do 

   for (𝑖 = 1: 𝑖 < 𝑛 + 1) do 

      if (𝑅 < 0.5) then 

         Upgrade swimming position of the bird 

         𝐵𝑃𝑛𝑑(𝑡 + 1) = 𝐵𝑃𝑏𝑒𝑠𝑡(𝑡) − 𝐶1. |𝐶2. 𝐵𝑃𝑏𝑒𝑠𝑡(𝑡) − 𝐵𝑃𝑛𝑑(𝑡)| 
      else 

         Upgrade velocity of flying bird as 

         𝐵𝑉(𝑡 + 1) = 𝐶3𝐵𝑉(𝑡) + 𝐶4𝑟2(𝐵𝑃𝑏𝑒𝑠𝑡(𝑡) − 𝐵𝑃𝑛𝑑(𝑡)) + 𝐶5𝑟2(𝐵𝑃𝐺𝑏𝑒𝑠𝑡 − 𝐵𝑝(𝑡)) 

         Update location of flying bird  

         𝐵𝑃𝑛𝑑(𝑡 + 1) = 𝐵𝑃𝑛𝑑(𝑡) + 𝐵𝑉(𝑡 + 1) 

      End if 

   end for 

   Update 𝑓𝑛 for every bird 𝐵𝑃𝑖  

   Update parameter, 𝑡 = 𝑡 + 1 

   Update the optimum bird 𝐵𝑃𝑏𝑒𝑠𝑡 

   Set 𝐵𝑃𝐺𝑏𝑒𝑠𝑡 = 𝐵𝑃𝑏𝑒𝑠𝑡  

end while 

Return 𝐵𝑃𝐺𝑏𝑒𝑠𝑡  
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Figure 2: Steps involved in DTO 

The fitness function considers classifier outcome and amount of attributes particular. It minimizes set size of 

attributes selected and maximizes the classification outcome. Thus, fitness function is used to measure individual 

solutions as follows. 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝛼 ∗  𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒 + (1 − 𝛼) ∗
#𝑆𝐹

#𝐴𝑙𝑙_𝐹
                                      (7) 

In Eq. (7), 𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒 signifies the classifier error rate using the attributes selected. 𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒 can be estimated 

as the percentage of incorrect classified to the count of classifiers made, within [0,1]. (𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒 is complement 

of classifier accuracy), number of features selected is #𝑆𝐹 and overall amount of features in the original dataset is 

#𝐴𝑙𝑙_𝐹. 𝛼 is used to manage importance of classifier quality and subset length which fixed as 0.9. 

C. Classification using CNN-BiLSTM 

At this stage, the ISCCP-DTODL technique makes use of hybrid CNN-BiLSTM model for churn prediction. The 

developed technique consists of dual different blocks. The CNN block includes a flatten operator, a CNN layer, 

and a pooling layer [21]. The resultant of CNN block is utilized as an input by Bi-LSTM block. The aim of pooling 

and convolutional layers is to filter incoming data for extracting relevant data from the matrix. The convolutional 

operation can be done by the convolution layers between input data and small matrices named filters or kernels. 

The convolutional function is formulated below. Consider 𝑛 and 𝑚 indicate indexes of rows and columns of 

resultant matrix (𝑅), 𝐻 as an input matrix, and 𝐼 refers to kernel matrix.  

𝑅[𝑚, 𝑛] = (𝐻 ⋅ 𝐼)[𝑚, 𝑛]                                                         (8) 

= ∑ ∑ 𝐼

 

𝑘

 

𝑗

[𝑗, 𝑘] ⋅ 𝐻[𝑚 − 𝑗, 𝑛 − 𝑘] 

The convolution layer exploits 𝑅𝑒𝐿𝑈 activation function more generally employed in CNN technique. The major 

benefit is that it doesn’t activate all the neurons simultaneously since it transforms each negative value into 0. 

Consequently, 𝑅𝑒𝐿𝑈 has a large computation efficacy: 
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𝑓(𝑥) = 𝑥+ = max (0, 𝑥)                                          (9) 

BiLSTM block is second module encompassed by a dense layer, Bi-LSTM network, and a dropout layer. First, we 

describe a (unidirectional) LSTM model to understand the architecture and performance of BiLSTM technique. 

The LSTM is a kind of RNN. Classical RNNs do not have a predetermined structure of the layer. All the LSTM 

units are comprised of three gates (forget, input, and output gates) and memory unit which regulates the data flow 

by deciding what data to forget and retain.  

In forget gate, a sigmoid function can be used to data added in prior HL (ℎ-1) and the existing input (𝑋𝑡). The 

𝑓𝑡function returns the value amid 0 and 1 that shows amount of data that would be retained. 

The input gate takes data from existing input and from prior HL and passes them through second sigmoid function, 

which transforms this data into values within [0,1]. Also, the same data passed over a 𝑡𝑎𝑛ℎ function, enables 

regulating the network, which returns the value within [-1,1]. Next, sigmoid output (𝑖𝑡) is multiplied with the 𝑡𝑎𝑛ℎ 

output (𝐶̃𝑡) to define what data to be kept. 

Firstly, the prior cell state (𝐶𝑡−1) is multiplied by forgotten output. Next, output of input gate is added that upgrades 

cell state. The new cell state (𝐶𝑡) is outcome of these two operations. 

Lastly, we have output gate. It defines value of next HL. Initially, data from the existing input and from the prior 

HL passed over third sigmoid function. Next, novel cell state passed over a 𝑡𝑎𝑛ℎ function. This output was point-

by-point multiplied. The output gate (0𝑡) is novel HL (ℎ𝑡). Thus, new HL and cell state will be passed to next 

timestep: 

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶)                                                   (10) 

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝐶̃𝑡 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) 

ℎ𝑡 = 𝑜𝑡 ⋅ 𝑡𝑎𝑛ℎ(𝐶𝑡) 

Where tanh denotes the hyperbolic tangent function, 𝜎 indicates sigmoid function, ℎ𝑡 signifies the HL at 𝑡 time, 

𝑊𝑥 represents a weight matrix, 𝑥𝑡 characterizes the input dataset at 𝑡 time  and 𝑏𝑥 is a bias vector. 

A Bi-LSTM network has forward and backward LSTM networks. The forward LSTM exploits an input as a series 

of values ranging from 𝑡 − 𝑘 to 𝑡 whereas the backward LSTM exploits an as input a series ranging from 𝑡 to 𝑡 − 

𝑘. The output of backward (ℎ⃖ ) and forward (ℎ  ) networks are calculated by single LSTM.  

𝑌𝑡 = 𝜎(ℎ𝑡
    ,  ℎ𝑡

 ⃖   )                                                 (11) 

The sigmoid function combines output of single LSTM network. Bi-LSTM uses the dropout model to regulate 

overfitting. Lastly, an FC layer returns predictive output.  

D. Hyperparameter Tuning JFO 

At last, the JFO approach can be employed to pick hyperparameters connected to CNN-BiLSTM technique. JFO 

algorithm demonstrated on swimming performance of jellyfish (JF) [22]. In this technique, clarification for every 

problem is a JF that appears mainly for food or an optimum result. The sea’s waves offer food that might appeal 

to JF. Eq. (12) demonstrates how can be employed to describe way of ocean is present: 

𝑡𝑟𝑒𝑛𝑑            =
1

𝑛𝑃𝑜𝑝
. ∑ 𝑡𝑟𝑒𝑛𝑑            

𝑖
=

1

𝑛𝑃𝑜𝑝
∑( 𝑋∗ − 𝑒𝑐𝑋𝑖)                          (12) 

Here, 𝑒𝑐 symbolize absorption factor Eq. (13) generated by covering Eq. (12). 

𝑡𝑟𝑒𝑛𝑑            = 𝑋∗ −
𝛴𝑒𝑐𝑋𝑖

𝑛𝑃𝑜𝑝
= 𝑋∗ − 𝑒𝑐𝜇                                                    (13) 

The finest JF, 𝑋∗denotes average JF populace, 𝜇, utilized in this evaluation. Then 𝑑𝑓 = 𝑒𝑐𝜇 expected, this equation 

is written in common method as Eq. (14): 
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𝑡𝑟𝑒𝑛𝑑            = 𝑋∗ −
𝛴𝑒𝑐𝑋𝑖

𝑛𝑃𝑜𝑝
= 𝑋∗ − 𝑑𝑓                                                       (14) 

Eqs. (15) and (16) permit to reflect supply of JF from arbitrary to normal. 

𝑑𝑓 = 𝛽 × 𝜎 × 𝑟𝑎𝑛𝑑𝑓(0,1)                                                               (15) 

𝜎 = 𝑟𝑎𝑛𝑑𝑓(0,1) × 𝜇                                                                           (16) 

The JF distribution’s ordinary deviation index is signified in these contacts by representation 𝜎. The normal 

distribution of JF dispersed near mean point.  

The movement procedure of each JF below affects of JF community as well as aquatic force of sea. 

Eqs. (17) and (18) were employed to change equations 𝑑𝑓 and 𝑒𝑐, correspondingly: 

𝑑𝑓 = 𝛽 × 𝑟𝑎𝑛𝑑(0,1) × 𝜇                                                                    (17) 

𝑒𝑐 = 𝛽 × 𝑟𝑎𝑛𝑑(0,1)                                                                            (18) 

Eq. (14) existing in Eq. (19) after being modified rely on Eq. (17): 

𝑡𝑟𝑒𝑛𝑑            = 𝑋∗ − 𝛽 × 𝑟𝑎𝑛𝑑(0,1) × 𝜇                                                     (19) 

They are struggling with JF aquatic waves as revealed by Eq. (20): 

𝑋𝑖(𝑡 + 1) = 𝑋𝑖(𝑡) + 𝑟𝑎𝑛𝑑(0,1) × 𝑡𝑟𝑒𝑛𝑑                                                          (20) 

It is highly probable to enlarge Eq. (20) to Eq. (21): 

𝑋𝑖(𝑡 + 1) = 𝑋𝑖(𝑡) + 𝑟𝑎𝑛𝑑(0,1) × (𝑋∗ − 𝛽 × 𝑟𝑎𝑛𝑑(0,1) × 𝜇)                    (21) 

In this equation, 𝛽 is frequently equivalent to 3 and greater than zero. JF also transfers in collections and often 

substitutes among dual passive and vigorous actions. When they are lazy, they will stare more closely at their 

environments. Eq. (22) utilized to pretend inactive signal: 

𝑋𝑖(𝑡 + 1) = 𝑋𝑖(𝑡) + 𝛾. 𝑟𝑎𝑛𝑑(0,1) × (𝑈𝑏 − 𝐿𝑏)                                        (22) 

In Eq. (22), continuous motion is an optimistic number and naturally set at 0.1, signified by character 𝛾. Each 

dimension of U means upper value and L denotes lower value specified by “b”. The JF 𝑋𝑖 arbitrarily selects JF 𝑋𝑖 

in active conduct, mode has dual styles. Eq. (23) used to transfer if 𝑋𝑖’s value beats 𝑋𝑗’s, and Eq. (24) employed 

in all further cases: 

𝑋𝑖(𝑡 + 1) = 𝑋𝑖(𝑡) + 𝑟𝑎𝑛𝑑. (𝑋𝑗(𝑡) − 𝑋𝑖(𝑡))                                             (23) 

𝑋𝑖(𝑡 + 1) = 𝑋𝑖(𝑡) + 𝑟𝑎𝑛𝑑. (𝑋𝑖(𝑡) − 𝑋𝑗(𝑡))                                          (24) 

Eq. (25) is applied to transform among sea and collective actions: 

𝑐(𝑡) = |(1 −
𝑡

 Max𝑡
) × (2. 𝑟𝑎𝑛𝑑 − 1)|                                       (25) 

In this equation, 𝑀𝑎𝑥𝑡 stands for maximum iteration counter and 𝑡 signifies amount of current iterations. The JF 

upgrade depends upon group actions if 𝑐(𝑡) is fewer than 0.5 and on waves if it is higher than 0.5 for every upgrade.  

The fitness choice is main factor affecting performance of MBES technique. The hyperparameter choice manner 

comprises result encoded method to assess efficiency of candidate result. The MBES algorithm considers accuracy 

as a primary condition to develop the FF as follows.  

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =  max (𝑃)                                                     (26) 

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                      (27) 

Where 𝑇𝑃  and 𝐹𝑃 represent true and false positive values. 
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4. Performances Validation 

In this section, CCP results of ISCCP-DTODL technique is examined on the churn database [23]. It contains 3333 

instances with 21 features and 2 classes. The ISCCP-DTODL system can be selected a set of 11 features.  

Fig. 3 shows confusion matrices made by OAFS-HDLCP system with 80:20 and 70:30 of TRA phase/TES phase. 

The achieved outcomes represents the efficacious identification of the churn and non-churn samples with each 

class. 

 
Figure 3: Confusion matrices of (a-c) TRA phase of 80% and 70% TRA phase and (b-d) TES phase of 20% and 

30%  

In Table 1 and Fig. 4, CCP results of ISCCP-DTODL system is examined on 80:20 of TRA phase/TES phase. The 

accomplished outcome shown that the ISCCP-DTODL system gets effectual identification of churn and non-churn. 

With 80% of TRA phase, the ISCCP-DTODL method gives average 𝑎𝑐𝑐𝑢𝑦 of 95.30%, 𝑝𝑟𝑒𝑐𝑛 of 95.30%, 𝑟𝑒𝑐𝑎𝑙 

of 95.30%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 95.30%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 95.30%. At the same time, based on 20% of TES phase, the ISCCP-

DTODL methodology gives average 𝑎𝑐𝑐𝑢𝑦 of 97.66%, 𝑝𝑟𝑒𝑐𝑛 of 96.21%, 𝑟𝑒𝑐𝑎𝑙 of 97.66%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 96.92%, and 

𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.66%, respectively. 

Table 1: The CCP analysis of the ISCCP-DTODL system under 80:20 of TRA phase/TES phase 

Classes  𝐀𝐜𝐜𝐮𝐲 𝐏𝐫𝐞𝐜𝐧 𝐑𝐞𝐜𝐚𝐥 𝐅𝐬𝐜𝐨𝐫𝐞 𝐀𝐔𝐂𝐬𝐜𝐨𝐫𝐞 

TRA phase (80%) 

Churn 92.02 92.02 92.02 92.02 95.30 

Non-Churn 98.59 98.59 98.59 98.59 95.30 

Average 95.30 95.30 95.30 95.30 95.30 

TES phase (20%) 

Churn 96.34 92.94 96.34 94.61 97.66 

Non-Churn 98.97 99.48 98.97 99.23 97.66 

Average 97.66 96.21 97.66 96.92 97.66 
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Figure 4: Average of the ISCCP-DTODL model with 80:20 of TRA phase/TES phase  

In Table 2 and Fig. 5, CCP analysis of ISCCP-DTODL algorithm is described with 70:30 of TRA phase/TES 

phase. The attained value pointed to that ISCCP-DTODL model gets effective identification of churn and non-

churn. According to 70% of TRA phase, ISCCP-DTODL methodology provides average 𝑎𝑐𝑐𝑢𝑦 of 95.76%, 𝑝𝑟𝑒𝑐𝑛 

of 94.54%, 𝑟𝑒𝑐𝑎𝑙 of 87.95%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 90.86%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 87.95%. Concurrently, with 30% of TES phase, 

the ISCCP-DTODL system offers average 𝑎𝑐𝑐𝑢𝑦 of 96.00%, 𝑝𝑟𝑒𝑐𝑛 of 93.08%, 𝑟𝑒𝑐𝑎𝑙 of 89.97%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 91.44%, 

and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 89.97%, correspondingly. 

Table 2: The CCP analysis of the ISCCP-DTODL method at 70:30 of TRA phase/TES phase 

Classes  𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑹𝒆𝒄𝒂𝒍 𝑭𝒔𝒄𝒐𝒓𝒆 𝑨𝑼𝑪𝒔𝒄𝒐𝒓𝒆 

TRA phase (70%) 

Churn 95.76 92.93 76.90 84.16 87.95 

Non-

Churn 
95.76 96.15 99.00 97.55 87.95 

Average 95.76 94.54 87.95 90.86 87.95 

TES phase (30%) 

Churn 96.00 89.15 81.56 85.19 89.97 

Non-

Churn 
96.00 97.01 98.37 97.69 89.97 

Average 96.00 93.08 89.97 91.44 89.97 

 

Figure 5: Average of the ISCCP-DTODL model on 70:30 of TRA phase/TES phase  
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Figure 6: 𝐴𝑐𝑐𝑢𝑦 curve of ISCCP-DTODL method at 80:20 of TRA phase/TES phase 

To define the effectiveness of the ISCCP-DTODL system at 80:20 of TRA phase/TES phase, we have made 𝑎𝑐𝑐𝑢𝑦 

curves for TRA and TES phases, as represented in Fig. 6. Two curves gives respected insights into the model's 

learning progression and its proficiency for generalization. Once increasing the number of epochs, an observable 

growth in this TRA and TES 𝑎𝑐𝑐𝑢𝑦 curves may be seeming. This development denoted the model's potential to 

greater identification patterns with respect to the databases of TRA and TES. 

Fig. 7 shows an analysis of the ISCCP-DTODL model at 80:20 of TRA phase/TES phase, the loss values in the 

process of TRA. The minimum trends at TRA loss over epochs displays that the model repeatedly boosts their 

weights for lessening predictive errors with TRA and TES databases. The loss curve considers how the model 

could be fitted the TRA data. Especially, the TRA and TES loss dependably lower, displaying an effectual learning 

patterns of model existing with two datasets. Further, this reveals a difference of model to minimize variances 

among predictive and new TRA labels. 

 

Figure 7: Loss curve of ISCCP-DTODL approach at 80:20 of TRA phase/TES phase 
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Figure 8: Precision-recall analysis of ISCCP-DTODL approach with 80:20 of TRA phase/TES phase 

In Fig. 8, the precision-recall curve of ISCCP-DTODL algorithm with with 80:20 of TRA phase/TES phase, the 

plots precision against recall, showing that ISCCP-DTODL model achieves better precision-recall values at each 

class. This graph represents the model's proficiency for identifying diverse classes, specifically exceptional to 

properly recognize positive samples then, diminished false positives. 

Fig. 9 likewise contains ROC curves of ISCCP-DTODL methodology with 80:20 of TRA phase/TES phase that 

showcase the model's ability to differentiate amongst class labels. These curves offer valued insights into the trade-

off among FPR and TPR at varied classification thresholds and epochs. It denotes the exact predicted performance 

of model within a two classes, also emphasizing its classification abilities. 

 

Figure 9: ROC curve of ISCCP-DTODL algorithm with 80:20 of TRA phase/TES phase  

In Table 3, a comprehensive comparative outcome of ISCCP-DTODL technique for numerous measures [24]. In 

Fig. 10, a contrast analysis of ISCCP-DTODL system with current models with respect to 𝑎𝑐𝑐𝑢𝑦. According to 

𝑎𝑐𝑐𝑢𝑦, the ISCCP-DTODL technique offers enhanced 𝑎𝑐𝑐𝑢𝑦 of 97.66% while the AIJOA-CPDE, LR, DT, 

ISMOTE-OWELM, SVM, SGD-NN, and RMSProp-NN models obtained reduced 𝑎𝑐𝑐𝑢𝑦 of 93.41%, 82.35%, 

78.35%, 92.33%, 86.11%, 86.31%, and 88.98%, respectively. 

In Fig. 11, a comparative analysis of the ISCCP-DTODL methodologies with recent models with respect to 𝑝𝑟𝑒𝑐𝑛, 

and 𝐹𝑠𝑐𝑜𝑟𝑒. According to 𝑝𝑟𝑒𝑐𝑛, the ISCCP-DTODL system offers increased 𝑝𝑟𝑒𝑐𝑛 of 96.21% whereas the AIJOA-

CPDE, LR, DT, ISMOTE-OWELM, SVM, SGD-NN, and RMSProp-NN techniques get decreased 𝑝𝑟𝑒𝑐𝑛 of 

95.63%, 81.19%, 58.65%, 93.36%, 86.32%, 87.98%, and 87.08%, correspondingly. Similarly, with 𝐹𝑠𝑐𝑜𝑟𝑒, the 

ISCCP-DTODL algorithm gives raised 𝐹𝑠𝑐𝑜𝑟𝑒 of 96.92% but, the AIJOA-CPDE, LR, DT, ISMOTE-OWELM, 

SVM, SGD-NN, and RMSProp-NN models obtain diminished 𝐹𝑠𝑐𝑜𝑟𝑒 of 94.32%, 80.84%, 66.68%, 91.36%, 

87.22%, 85.95%, and 86.86%, correspondingly. 

Table 3: Comparison analysis of ISCCP-DTODL algorithm with other approaches 

Methods 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑹𝒆𝒄𝒂𝒍 𝑭𝒔𝒄𝒐𝒓𝒆 𝑨𝑼𝑪𝒔𝒄𝒐𝒓𝒆 

ISCCP-DTODL 97.66 96.21 97.66 96.92 97.66 

AIJOA-CPDE 93.41 95.63 94.41 94.32 94.41 

Logistic 

Regression  
82.35 81.19 82.14 80.84 84.1 

Decision Tree  78.35 58.65 77.58 66.68 79.89 

ISMOTE-

OWELM  
92.33 93.36 91.08 91.36 91.75 

SVM Algorithm 86.11 86.32 85.64 87.22 85.6 

SGD-NN 86.31 87.98 87.43 85.95 86.41 

RMSProp-NN 88.98 87.08 86.99 86.86 88.04 
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Figure 10: 𝐴𝑐𝑐𝑢𝑦 analysis of the ISCCP-DTODL model with other existing systems 

 

Figure 11: Comparison analysis of the ISCCP-DTODL method with other systems 

Thus, ISCCP-DTODL model utilized for accurate and automated CCP process in telecom industry.  

5. Conclusion 

In this article, we introduce a new ISCCP-DTODL methodology on Telecom Industries. The goal of the ISCCP-

DTODL technique focuses on the design of intelligent systems for the effectual prediction of customer churners 

and non-churners. To accomplish this, the ISCCP-DTODL technique performs such as Z-score data normalization, 

DTO-based FS, CNN-BiLSTM-based classification, and JFO-based parameter tuning. For FS and to reduce high 

dimensionality of features, the ISCCP-DTODL technique uses DTO algorithm. At last, the JFO approach can be 

employed to elect the hyperparameters related to the CNN-BiLSTM methodology. To reveal the enhanced solution 

of the ISCCP-DTODL technique, a widespread set of simulations was executed. The extensive results stated that 

the ISCCP-DTODL technique illustrates better results than its recent techniques in terms of dissimilar measures. 
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