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1) Introduction

In today’s rapidly changing business world, where customer demands change almost as quickly as trends
themselves, companies face an urgent need to place the customer at the core of their operations. It is no
longer sufficient to merely react; businesses must actively align their value chains to start with customer
needs and achieve genuine, tangible satisfaction (Guerola-Navarro et al., 2024; Oltra-Badenes et al.,
2019).

These technologies are no longer just support systems. They have become strategic enablers. They
harness the power of data analytics to help businesses predict what their customers might do next and
allow them to tailor their services accordingly (Fakheri et al., 2024; Hosseini et al., 2024). This
predictive capability gives customer relationship management a central role in digital transformation.
This technology not only improves existing workflows but also creates space for the emergence of new
ideas and the revelation of deeper insights.

At the same time, the rise of e-commerce tells its own compelling story. In 2018, global online sales
reached the staggering figure of $2.86 trillion. The implication is clear: Understanding how people
behave in the online space is not optional, it is essential. However, at this urgency, it is not easy to
decode the online consumer behavior (Fakheri et al., 2024; Hosseini & Yaghmani, 2024). In the
meantime, some variables are involved. Researchers try to understand all this by using a combination
of statistical tools and machine learning models, but it is rarely simple. Different data sources,
inconsistent methods, and constantly changing customer habits make it a continual challenge (Cirqueira
et al., 2020; Turatti, 2025). Finally, the goal is to understand all those data—predict what customers will
likely buy in the next phase and discover gaps where further research can have a real impact. It is a
complicated puzzle, but it also has a value to solve (Guerola-Navarro et al., 2020).

Predicting customer churn in e-commerce is of vital importance, as it allows businesses to
identify customers who are on the verge of leaving their services or products and retain them through
actions such as offering discounts special offers, or improving the customer experience (Jamali &
Navaei, 2016; Navaei & Afzali, 2014). In today’s competitive market, the cost of acquiring new
customers is far higher than retaining current ones. This approach not only helps reduce costs and
strengthen loyalty but also ensures long-term profitability and sustainability (Khare & Arora, 2024).

From a technical perspective, churn prediction is a binary classification problem (churn or no
churn) that requires careful selection of data features to build efficient models and understand the factors
influencing customer behavior (Matuszelanski & Kopczewska, 2022; Rad et al., 2023).

E-commerce data are typically large and diverse, and this complexity can make analysis difficult
and time-consuming. To address this challenge dimensionality reduction and feature selection methods
are employed to increase processing efficiency by removing unnecessary data (Babaee Khobdeh et al.,
2023; Sam et al., 2024). Feature selection enables data simplification by preserving key information and
removing redundant parameters, while feature extraction transforms data into a lower dimensional space
that retains the core information. Although these methods can improve the accuracy and clarity of
analysis, they may lead to the loss of some information if features are removed excessively or if designs
are overly complex. Nevertheless, the intelligent use of these techniques can optimize customer behavior
analysis and help prevent their churn (Sadr et al., 2025; Saranya & Pravin, 2021).

In this paper, a feature selection approach based on metaheuristic optimization algorithms is
used to predict customer churn in e-commerce. The proposed method will use customer churn datasets
from the standard Kaggle repository (Blastchar, 2018). The present data include information on
customer behavior in e-commerce, where some of these customers have churned and others remain
stable. Given that the dataset has many features, feature selection using novel metaheuristic optimization
algorithms is used to select a quasi-optimal subset of features. The quasi optimal feature subset will be
used as input to deep neural networks to learn customers’ behavioral features for churn prediction.

The main innovation of this research is to provide a hybrid framework for predicting customer
churn in e - commerce where a subset of the effective features is selected from the customer's behavioral
data, and these selected features are then used as input of deep learning models. This approach, with
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focusing on optimal selection of features and taking advantage of learning ability of deep models, allows
for more accurate identification of factors affecting the failure and improvement of prediction
performance.

The main contributions of the paper are stated as follows.

e Extracting useful features from churn prediction-related data based on metaheuristic
optimization algorithms

e Determining important factors in customer churn in e-commerce
e Applying deep learning to important factors
e Predicting new customers churn using patterns extracted from deep learning

e Comparing the accuracy of the proposed method based on different metaheuristic
optimization algorithms and various classification methods

The remainder of this paper is organized as follows. In the second section, related work will be
reviewed. In the third section, the details of the proposed method will be presented. In the fourth section,
the implementation results of the proposed method will be presented. In the fifth section, the discussion
and conclusion of the paper will be stated.

2) Literature Review

Given the importance of predicting customer churn in e-commerce, various studies have been conducted
in this area; in this section we review some of these recent studies.

In Heshmati and Haq’s (2023) study, using graph convolutional networks, a novel method for
customer churn prediction was presented. This method models customer relationships as a graph
structure, using dynamic network analysis over time and using each customer's features as graph nodes
to improve churn prediction. In Sam Deli’s (2023) research, the CRISP method was used to predict
churn in electronic banking services. The aim of the present study is to identify the characteristics of
churners from e-banking services. In Ghanbari Marvast et al. (2023), ensemble learning algorithms,
which are advanced methods in data mining, were used to predict customer churn. First, the dataset
under investigation was balanced using random oversampling; then, data preprocessing was performed,
and finally, customer churn was predicted using voting and adaptive boosting ensemble learning
algorithms.

In Subramanian et al. (2024), new customer churn prediction is developed using deep learning . In
Gurung et al. (2024), the application of machine learning algorithms is discussed, such as random forests
and decision trees to design forecasting models of churn and exploration in key factors that change
probability. In He and Ding (2024), fusion model is based on machine learning and an intelligent system
is introduced to help reduce the actual churn in the product. In Wagh et al.’s (2024) research, the
classifier uses classification techniques to find customers churn and collect the reasons behind the
absence of customers leave in the telecommunication industry. The main objective of this system is to
analyze various machine learning algorithms required to develop customer churn prediction models and
identify reasons of churn in order to provide strategies and their maintenance plans. In Abbasimehr and
Bahrini (2024), a new feature selection method suggests that the imperialist competitive algorithm along
with three methods of selecting the filter feature is used to select the best feature set.

Usman-Hamza et al. (2024) investigated the effectiveness of tree-based classifiers with various
computational features in predicting customer churn. Specifically, the customer churn prediction
performance of various tree-based classifiers, such as single, ensemble, boosted, and hybrid tree-based
classifiers, is examined. In Murugesan and Trivedi’s (2024) study, a Remora optimization algorithm
proposed three support vector machine-based strategies for customer churn prediction.

Amin et al. (2023) proposed an adaptive learning approach to address the complex problem of
customer churn prediction using a Bayesian classifier and a genetic algorithm-based feature weighting
method (a subset of evolutionary algorithms). Durkaya Kurtcan and Ozcan (2023) presented a churn
prediction model that incorporates feature selection and optimization into classification. This study



65 Journal of Engineering Management and Soft Computing, Vol. 12, No.3, 2026

performs principal component analysis for selecting the best features, support vector machine for
predicting customer churn, and grey wolf optimization for optimizing the parameters of the support
vector machine. In Quek et al. (2023), a customer churn prediction model based on feature selection
analysis and support vector machine is proposed. The proposed model reduces the feature
dimensionality while improving churn prediction performance by identifying the most important
features of customer data. Liu et al. (2023) presented preprocessing of multidimensional data, feature
extraction, and dataset processing provided by a telecom operator. Then, the k means algorithm is used
to cluster different consumer groups, which in turn analyzes the factors of interest for different consumer
groups and offers targeted suggestions.

In Khattak et al. (2023), deep neural networks were used to extract features without considering
sequence information. Given these issues, the present study offers an effective method for churn
prediction based on a hybrid deep learning model called bidirectional long short-term memory—
convolutional neural networks. Suh (2023) conducted an analysis of customer behavior information at
a real water purifier rental company, where customer churn often occurs, and a water churn prediction
model was developed and validated. Jiang et al. (2023) proposed a model-based earnings forecast model
that considers both efficiency and cost. Feature selection is modified based on a multi-objective nuclear
orbital search and an extreme learning machine is used to obtain suitable variables for the prediction of
failure with maximum efficiency and minimum cost. In Shir Ali Shahreza and Mahmoudzadeh (2026),
prediction of customer churn in banking industry using behavioral characteristics of banking
transactions and machine learning algorithms, ensemble learning methods, and deep learning models
have been investigated on real data of a large bank. In Ghaedi Khani and Shahpasandi (2026), predicting
customer churn by performing a multi-stage process involving data preprocessing, the feature extraction
by the genetic algorithm, and the classification based on the combination of the basic classifiers is
studied using genetic algorithm. In Delafrooz et al. (2026), presenting a model for reducing the churn in
the insurance industry by using customer relationship management based on artificial intelligence and
using the mixed research design including thematic analysis in the qualitative section and partial least
squares modeling in the quantitative section have been studied. Namini (2025) evaluated customer
loyalty detection using data mining methods and multiple machine learning algorithms, including
support vector machine, multilayer neural network, decision tree, and logistic regression on real data of
customers and a model based on neural network composition and teacher—student optimization
algorithm is presented to improve performance. Jafari Dehkordi et al. (2025) investigated the prediction
of customer churn in the field of e-commerce using customer behavioral data and an integrated
forecasting model based on artificial intelligence methods. In Sarabadani and Cheragh (2024),
identifying and predicting the failure of bank customers by using demographic and behavioral
characteristics of customers and using a hybrid model based on random forest algorithm and jaya
optimization method, has been studied. Golshan and Rahimi Khoshmakani (2025) identified the
effective patterns in customer churn in online stores, using descriptive data mining approach and
analyzing a set of customer data to discover the relationships and patterns of behavior. Ahmadi-pour
(2025) identified customer churn patterns in the telecommunication industry using data mining in the
context of customer relationship management and customer behavior analysis.

Previous studies indicate that although various methods based on machine learning, deep learning,
and feature selection have been proposed to predict customer churn, challenges such as the selection of
features in high-dimensional data, effective combination of feature selection methods, forecasting
models, and improving the accuracy and consistency of models in the field of e-commerce has not been
fully resolved. Therefore, the present study aims at selecting a feature based on meta-heuristic methods
and taking advantage of deep learning to eliminate part of this research gap.

3) Methodology

As mentioned, the present research uses a hybrid feature selection approach based on a metaheuristic
optimization algorithm to detect customer churn early. In this research, a subset of near-optimal features
is selected using binary human learning optimization. Using this approach, important and useful features
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for customer churn are identified, and then used for deep learning and extracting customer churn patterns
in e-commerce.

3.1 Feature Selection Based on Metaheuristic Optimization Algorithm

As noted, metaheuristic optimization algorithms are computational algorithms, inspired by optimization
processes in nature. In the proposed method, metaheuristic optimization algorithms are used to select
important features in the customer churn dataset. Considering the complexity of this problem and its
nondeterministic polynomial time order, this problem is treated as an optimization problem. In this
problem, two general objectives are considered in the context of feature selection. The first objective is
to reduce the number of features present in the dataset, and the second objective is to increase the
accuracy of customer churn prediction. Metaheuristic optimization algorithms attempt to reduce the
number of features and increase churn prediction accuracy by using the important features present in the
dataset. These algorithms can increase prediction accuracy using suitable features and improve system
performance.

Metaheuristic search algorithms are used in a binary manner for feature selection, and the inputs to
these algorithms are the features used in the original datasets. The initial population in these algorithms
is chosen randomly, and by optimizing the initial population, the optimal solution is selected. In these
algorithms, each solution is considered as a vector whose length equals the number of features in the
dataset. The values within each element can be binary and accept only the values 1 and 0. The presence
of 1 in an element indicates that the feature corresponding to that element's index in the original dataset
is selected in the chosen solution. Likewise, the presence of 0 in an element indicates that the
corresponding feature in the original dataset is not selected in the solution. Therefore, the initial
population will be a matrix where each row of this matrix represents a solution and each column
represents a feature. The matrix elements can only have values of 0 and 1. Table 1 shows an example of
the initial population matrix.

Table 1. An Example of the Initial Population in the Proposed Method

Initial Featurel Feature2 Featuren
Population Index
SOlutiOIll F1'1 F1,2 Fl,n
SOIutiOnz FZ,l F2,2 Fz’n
Solutionm Fn1 Fno . Frn

According to Table 1, in this algorithm, a matrix of the initial population is used which includes m
rows and n columns. The number of rows m is chosen by the parameters of the Human Learning
Optimization algorithm as the number of solutions in the initial population or the number of individuals
in the initial population. Additionally, the number of columns n is determined according to the number
of features in the original dataset. Each of these rows represents a solution that has selected some of the
features available in the original data set. This matrix is used as the input to the Human Learning
Optimization algorithm.

In the selection phase of metaheuristic optimization algorithms, one or more optimal solutions are
chosen from the initial population and the other solutions in the exploration phase tend toward them.
These steps are repeated until the best solution is selected as the best subset of features. In general,
metaheuristic search algorithms for binary feature selection, by using population-based optimization and
selecting the best solution, attempt to choose the best subset of features. These algorithms can be
effective in selecting important features and reducing the dimensionality of datasets, and can be used to
improve system performance and prediction accuracy.
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3.2 Proposed Fitness Function

The fitness function is one of the main stages in evolutionary algorithms, particularly in metaheuristic
algorithms. In these algorithms, for each solution in the initial population, a fitness function value is
calculated, which indicates the performance and quality of the solution. This fitness function value is
calculated based on selected features from the dataset; additionally, by considering the prediction error
of customer churn, the target value for the solution is calculated. In fact, this fitness function indicates
the desirability and quality of the solutions. Solutions with a higher fitness function value are considered
better and more suitable solutions and are selected in the subsequent stages of the evolutionary
algorithm. Finally, solutions with the best fitness function value are selected as the final and optimal
solution.

Next, each solution is evaluated based on the fitness function and defined objectives. The solutions
are evaluated using the fitness function, which is a combined proposal of feature selection rate and
customer churn prediction error, as defined in Relation 1.

fitk)=% ,LEAAER"
f00)=1-22 (p4N)eR?

P+N

where A is the total number of features, L is the number of selected features, TP represents the total
number of healthy individuals correctly identified as healthy, FP stands for the total number of healthy
individuals incorrectly identified as sick, TN indicates the total number of sick individuals correctly
identified as sick, FN is the total number of sick individuals incorrectly identified as healthy, P represents
the sums of TP and TN, and finally N is the sums of FP and FN.

Minimize F(x) =

e

3.3 Deep Neural Network
Deep neural networks are composed of three types of layers. These are convolutional layers, pooling

layers, and fully connected layers. When these layers are stacked, a deep neural network architecture is
formed. A simplified deep neural network architecture for classification is illustrated in Figure 1.

w/ReLu  pooling fully-connected

A

0 Uewwl

input
P output

fully-connected
w/ReLu

Figure 1. Simple Deep Neural Network Architecture Consisting of Five Layers
(O’Shea & Nash, 2015)

According to Figure 1, the layers of deep neural networks are presented as follows.
* Input Layer

The input layer in neural networks plays an important role in processing and optimizing image data.
This layer first centers the data by reducing the data mean to zero, creating favorable conditions for network
training. Then, it normalizes the data to the range [0,1] to prevent large fluctuations and increase the
convergence speed of learning. Additionally, by using data whitening techniques, unnecessary dependencies
between features are reduced, and by analyzing principal components, data dimensions are reduced, while
focus on key factors is increased. These steps ensure that data is available to learning algorithms in a compact
and focused manner, improving the neural network's learning performance (Du, 2018).

* Convolutional Layer

The convolutional layer in deep neural networks, particularly for image processing, plays a key role
in extracting local features. This layer uses convolutional kernels (filters) that slide over the inputs to
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extract specific features from each part of the image and produce convolutional results. The weights of
the convolutional kernel are applied uniformly across all points of the image, a technique known as
"weight sharing," which allows the network to identify similar features at different points in the image.
Adjusting parameters such as kernel size, depth, stride, and other filter settings helps the convolutional
layer effectively recognize patterns and perform better in data analysis. The algorithm for calculating
the output size is defined by relation 2 (Wu, 2017):

Hin+(2+pad)—Khpeight

. S Wy =1+ Win+(2+pad)—Kywidth )

S

Hout = 1+

* Activation Layer

Non-linearization of the output of the convolutional layer in neural networks is performed through
activation layers, which are essential for solving the vanishing gradient problem and improving model
learning. Various activation functions, including sigmoid, hyperbolic tangent, rectified linear unit, leaky
rectified linear unit, and others, are used for this purpose. In particular, the leaky rectified linear unit has
become a popular choice in recent years due to its fast convergence speed and the absence of a dead
region. The appropriate choice of activation function can significantly impact the performance and
training speed of deep neural networks (Lalwani et al, 2022).

* Pooling Layer

The pooling layer in deep neural networks is used to reduce the dimensionality of extracted features
and decrease computational complexity, helping to prevent overfitting. This layer includes three main
types: global pooling, which involves max and average pooling with a stride equal to the step size;
overlapping pooling, which preserves more information through overlapping regions; and spatial
pyramid pooling, which allows the network to translate features from input images of different sizes
into a uniform dimension, without damaging the information structure and preventing data loss. Spatial
pyramid pooling has become a key component in the design of deep neural networks due to its ability
to preserve information and improve efficiency when dealing with diverse images.
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Figure 2. Flowchart of the Proposed Method

* Fully connected layer

Fully connected layers at the end of deep neural networks are used to transfer and analyze the
information extracted from previous layers to produce the final output. In these layers, each neuron is
connected to all neurons in the previous layer, which helps utilize all extracted features simultaneously
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and produces more accurate outputs. After several convolutional layers that extract different features
from the image, the fully connected layers analyze this information comprehensively and help create a
stronger representation of the data. These layers help simplify computations and increase processing
speed; therefore, they are important in the final design and performance of deep neural networks (Lokesh
& Vasantha, 2024).

The flowchart of the proposed method is depicted in Figure 2.

3.4 Evaluation of the Proposed Method

To evaluate the proposed method for analyzing new transactions and identifying new customer churn,

various measurement metrics are used. These metrics are obtained based on the interplay between the

predicted class label for customers and their actual class label, which is specified in the confusion matrix.
The main evaluation criteria that can be used to evaluate two-class classification methods are:

1. Accuracy: The ratio of the number of customers correctly classified to the total number of
customers.
TP+ TN

Accuracy  TP+TN+FP+FN 3)

2. Sensitivity or Recall: The ratio of the number of positive customers correctly classified to the
total number of actual positive customers.

Recall = —=
TP+FN (4)

3. Specificity: The ratio of the number of negative customers correctly classified to the total number
of actual negative customers.

Precision =
TP+FP (5)

4. F-measure: The harmonic mean of precision and recall, used as a combined metric of precision

and the informational content of the model.
2«#Precision *Recall

F —measure = —
Precision+Recall (6)

These metrics help us evaluate the performance of the classification method on the test data and
measure its accuracy and efficiency. The confusion matrix and the parameters true positive, false
positive, true negative, and false negative can be used to calculate these metrics and to better understand
the performance of the classification method.

4) Findings and Discussion

As mentioned, the proposed method attempts to predict customer churn based on feature selection using
a metaheuristic method and deep learning. The proposed method uses the customer churn dataset from
the Kaggle standard data repository. This dataset contains 20 categorical and numerical features and
also a column for the class label of the samples.

This class label indicates whether customers have churned or not according to their characteristics.
Table 2 shows the characteristics of this dataset.

Given the characteristics present in the dataset, it can be understood that some of these features may
be irrelevant. Instead of increasing accuracy in customer churn detection, they can increase the required
processing volume and reduce classification and prediction accuracy. Consequently, it is necessary to
propose a model that can select important and relevant features for customer churn detection.
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Table 2. Features of the Customer Churn Dataset

Feature Number | Feature Title Feature Number Feature Title

1 customerID 11 OnlineBackup

2 gender 12 DeviceProtection

3 SeniorCitizen 13 TechSupport

4 Partner 14 StreamingTV

5 Dependents 15 StreamingMovies
6 tenure 16 Contract

7 PhoneService 17 PaperlessBilling |
8 MultipleLines 18 PaymentMethod

9 InternetService 19 MonthlyCharges
10 OnlineSecurity 20 TotalCharges

4.1 Selected Features

As stated, the proposed method uses the Human Learning Optimization (HLO) algorithm to find optimal
features, which employs classification error to evaluate solutions. By examining various solutions, this
algorithm finds an optimal combination of features for classifying and predicting customer churn. Given
the available features, it provides the most optimal combination of features for classification and churn
prediction.

Table 3 presents the best solution selected by the Human Learning Optimization algorithm.

According to Table 3, the HLO algorithm, by selecting 8 core features to use in classifying training
samples and predicting test samples, improves performance in detecting customer churn. The evaluation
criterion of this algorithm is the classification error, calculated by the fitness function, and the
classification error is used as the output of the fitness function to evaluate the algorithm's performance.
The convergence plot in the figure shows how the fitness function value and the classification error of
customer churn decrease using the solutions of the HLO algorithm.

Table 3. Subset of Features Selected by the Human Learning Optimization Algorithm

Feature Number . Feature Title

4 Partner

5 Dependents

7 PhoneService

8 MultipleLines
11 OnlineBackup
12 DeviceProtection
14 StreamingTV
15 StreamingMovies

Convergence of HLO to optimum

Fitnass values

10 20 30 40 50 60 70 80 90 100
Iterations

Figure 3. Convergence of the Fitness Function to the Optimum Point in HLO
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According to Figure 3, the HLO algorithm in the feature subset selection problem moves toward
the optimal point, which is zero percent error, as the number of iterations increases. This indicates that
the optimization algorithm, as it continues the improvement process, reaches a state very close to the
desired optimum. For example, after 100 iterations, the algorithm reached a fitness function value of
0.2076, indicating improved performance and high accuracy of the algorithm. These results show that
the Human Learning Optimization algorithm performs well in finding the optimal solution for the feature
subset selection problem and minimizes the classification error as much as possible.

4.2 Evaluation of the Proposed Method

As mentioned, in the proposed method, the predicted labels for new customers are compared with the
actual customer labels to calculate the evaluation metrics. Well-known evaluation metrics used for
assessing classification methods include accuracy, sensitivity, specificity, and the F-measure. These
metrics are used as standard measures and allow us to comparatively evaluate the performance of
different classification methods. In this paper, in addition to the feature selection combination based on
the Human Learning Optimization algorithm with convolutional neural networks, other classification
methods, such as K-nearest neighbors, random forest, decision tree, ensemble classification, and
gradient boosted ensemble classification, were used. In Tables 4, 5, 6, and 7, the mean values of the
accuracy sensitivity, specificity, and F-measure metrics for the classification methods over runs of the
proposed method implementation are represented, respectively.

Table 4. Mean 20 Accuracy Metric for Classification Methods

Accurac

CNN KNN RF DT BAG XGB
0.86 0.65 084 075 085 0.83
0.89 0.75 085 0.75 0.86 0.84
090 0.76 085 0.76 0.86 0.84
090 0.77 085 0.76 0.87 0.84
090 0.77 086 0.76 0.87 0.85
091 0.77 086 0.77 0.87 0.86
0.86
092 0.79 087 079 0.88 0.86
092 0.79 087 0.79 0.88 0.87
092 0.79 0.88 0.80 0.88 0.87
092 0.79 0.88 0.80 0.89 0.87

|l L

Slalel®(ulanun|s w =
o
o
L
o
9
<
o
o0
N
e
N
o0
e
oo
oo

12 092 0.79 088 0.80 0.89 0.87
13 092 0.79 089 0.80 090 0.88
14 092 0.80 089 081 090 0.88
15 093 0.80 0.89 081 090 0.89
16 093 081 089 082 091 0.89
17 094 081 09 082 091 090
18 094 082 090 083 091 0.90
19 094 0.82 090 0.83 092 0.92
20 098 082 091 084 092 093
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Table 5. Mean Sensitivity Metric for Classification Methods

CNN KNN RF DT BAG XGB
1 08 078 0.85 085 086 0.86
2 087 079 0.86 0.86 0.86 0.86
3 088 084 0.87 086 0.87 0.87
4 08 084 0.87 0.87 0.87 0.87
5 089 085 0.88 0.87 0.88 0.87
6 09 085 0.88 0.88 0.88 0.87
7 09 085 0.88 0.88 0.88 0.87
8 09 086 0.88 0.88 0.88 0.87
9 091 087 0.89 0.88 0.89 0.88
10 091 087 0.89 088 0.89 0.88
11 091 0.87 0.89 0.88 0.89 0.88
12 092 0.88 0.90 0.88 0.89 0.88
13 092 0.8 090 0.89 0.89 0.89
14 092 088 090 090 090 0.89
15 092 088 090 091 090 0.9
16 093 088 090 091 090 0.90
17 093 089 091 091 091 090
18 094 090 091 092 092 0.90
19 095 090 092 092 092 092
20 095 090 092 093 093 0.92

Table 6. Mean Accuracy Metric for Classification Methods

Precision

CNN KNN RF DT BAG XGB
1 09 079 089 0.85 0.89 0.87
2 091 082 090 086 092 0.89
3 092 082 091 086 092 0.89
4 092 083 092 087 0.92 0.90
5 093 083 092 087 093 0.90
6 093 083 093 0.87 093 0.90
7 094 083 093 0.88 093 091
8 09 083 093 0.88 093 091
9 095 084 093 0.89 093 091
10 095 0.84 094 089 093 091
11 095 085 094 089 093 091
12 095 085 094 089 094 091
13 095 085 094 090 094 091
14 095 086 094 090 094 092
15 095 086 094 090 094 0.93
16 095 087 095 091 094 0.93
17 096 087 095 091 095 0.93
18 097 087 096 091 096 094
19 099 088 097 092 096 094
20 099 098 097 094 097 0.96
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Table 7. The Mean of F Criterion for Classification Accuracy

F-Measure

CNN KNN RF DT BAG XGB

1 093 0.78 0.88 086 0.88 0.88
2 093 083 0.89 0.87 0.89 0.88
3 093 083 090 0.87 0.89 0.88
4 095 084 090 0.87 090 0.88
5 092 08 090 0.87 090 0.89
6 094 085 090 0.87 0.90 0.89
7 093 08 091 0.87 091 0.89
8 095 08 091 0.89 091 0.89
9 092 08 091 0.89 091 0.89
10 091 086 091 0.89 091 0.89
11 095 086 091 089 091 0.90
12 094 086 091 0.89 092 0.90
13 092 0.8 091 090 092 091
14 092 0.87 092 090 092 091
15 091 0.87 092 090 092 091
16 090 0.87 092 091 092 091
17 093 087 092 091 093 091
18 090 0.87 093 091 093 092
19 092 088 093 091 094 092
20 092 089 094 091 094 0.93

Considering Tables 4 to 7, it appears that the proposed method based on combining feature selection
with the Human Learning Optimization algorithm achieves desirable results for evaluation metrics when
running experiments on test data and new customers. The accuracy metric in evaluating classification
methods means the rate of customers correctly identified in their respective category, i.e., churn or non-
churn. This metric reveals the model’s ability to recognize a new sample based on learning from previous
samples. Figure 4 shows the chart of average accuracy of the classification methods across execution
stages.

—®—CNN —®—KNN —@—RF —@—DT —@—BAG XGB

Accuracy ison in test predicti by ifiers

Accuracy rate

) 2 4 6 8‘ 1‘0 1‘2 1'4 1‘6 1'8 20
Iterations
Figure 4. Comparison of Accuracy of Classification Methods

The sensitivity metric is actually an evaluation measure of a diagnostic system, indicating how well
the customers who have churned are correctly identified by the diagnostic system. Figure 5 indicates the
chart of average sensitivity of the classification methods across execution stages.
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Figure 5. Comparison of Average Sensitivity of Classification Methods

The precision metric indicates the rate of churn detection among the test data, and the amount of
churn samples that were not detectable is considered as precision error. Figure 6 shows the chart of
average precision of the classification methods across execution stages.
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Figure 6. Comparison of Precision of Classification Methods

Finally, the F-measure is a comprehensive metric that takes the harmonic mean of precision and
sensitivity. Figure 7 shows the chart of average F-measure of the classification methods across execution

stages.
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Figure 7. Comparison of F-Measure of Classification Methods
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Considering the results in Tables 4 to 7 and Figures 4 to 7, it can be seen that the features selected
in the proposed method based on the Human Learning Optimization algorithm and their combination
with convolutional neural networks have high capability in terms of evaluation metrics for predicting
churn of new customers. Additionally, to clearly compare the superiority of the proposed method based
on combining the Human Learning Optimization algorithm and convolutional neural networks, boxplots
of the overall mean values of the evaluation metrics can be used. In Figures 8, 9, 10, and 11, respectively,
the boxplots related to the overall mean values of the accuracy, sensitivity, precision, and F-measure are
shown.

Total average of accuracy
T T T T

:
+
= T
i I
] I
L
+

0.95

09

>
o
g
3085 e = [
o - 1
@ -
Q
g osf
2
e T
Bl
075 =
07t
.
065 i .
CNN KNN RF DT BAG XGB

Figure 8. Boxplot of Overall Mean Accuracy

Total average of Recall

094f

4
T
-
0.92 E| T ‘ !
|
[l
|
|
|
L

0.88 1

0.86 -

Average Recall

084 =
082

0.8

0.78 =

Figure 9. Box Plot of the Overall Average Sensitivity



77 Journal of Engineering Management and Soft Computing, Vol. 12, No.3, 2026

Total average of Pecision

0.98 -

T
o

096 | i ‘

0.94 - ﬁ e E |
i B
.

154
S w©
© N

wverage Pecision

I

|

|
088 - i

A
i
},4

0.84 -

0.82 -

0.8 1

Figure 10. Box Plot of the Overall Average Accuracy

Total average of F-Measure
T T T T

0.96 -

0.94 E ! | i
|
[ |

0.92

| —_ 7
o
09 I | ]
i I |
.

Average F-Measure
o o
oo ©
(o2} ©

I i L I
CNN KNN RF DT BAG XGB

Figure 11. Box Plot of the Overall Mean of the F-Criterion

Based on the box plots in Figures 8 to 11, it can be seen that the proposed method, based on a
combination of the human learning optimization algorithm and convolutional neural networks, has
achieved higher overall average values compared to other classification methods.

4.3 Comparison of the Proposed Method with Previous Methods

In this section, after evaluating the performance of the proposed method against experimental
datasets, the validity of the results obtained from this method is examined by comparing it with previous
methods under the same conditions on a specific dataset in the field of customer churn detection (Turatti,
2025). Since the accuracy metric shows the relationship between the actual samples and the samples
detected by machine learning models, it can be used as the best metric to evaluate the proposed method.
Figure 12 shows a bar graph comparing the proposed method based on different classifications and
previous methods. As shown in Figure 12, the proposed method, relying on feature selection based on
the human learning optimization algorithm and using these features as input for deep learning, has been
able to achieve favorable results for predicting the buying behavior of new customers. Therefore,
comparing the results of the proposed method with previous methods, in addition to demonstrating the
improvement made in the field of predicting customer buying behavior by the proposed method, also
validates the method. The results obtained from the proposed method have shown a significant
improvement compared to other methods.



Preventing Customer Churn in E-commerce Based on Feature Selection ...
78

79.6
81.8
78.7
80.8
63.17
SVM-ADA [33] 42l

SVM-Poly [33]

SVM-Linear [33]

NB [33]

RF-ADA [33]

RF [33]

KNN [33]

o0
8 o
W
~

ADA-ET [33]

e
—
=)
N

ADA [33]

-

® 00X
o =
=)

DT [33]

= <
2
0 FAIFJ
v
>N

N~
o000
SS¢
-

N
B
~
—_

LR-ADA [33]

LR [33]

wn
=
N
—

HLO-XGB

HLO-BAG

HLO-DT

HLO-RF

HLO-KNN

78.

HLO-CNN

(=]

20 40 60 80 100

= F-measure = Precision ®Recall ® Accuracy

Figure 12. Comparison of the Proposed Method with Previous Methods

This research aims to develop a novel optimization algorithm based on feature selection, combining
deep learning and optimization techniques to enhance the efficiency of customer churn prediction. Given



79 Journal of Engineering Management and Soft Computing, Vol. 12, No.3, 2026

the diversity of research variables and the volume of data, the use of a feature selection approach based
on metaheuristic optimization in this article is correct to increase the accuracy of customer churn
prediction in e-commerce. The proposed algorithm, which is introduced in this study by combining the
human learning optimization algorithm and convolutional neural networks, has succeeded in identifying
the best parameters for more accurate prediction through the integration of convolutional neural network
structures and metaheuristic optimization algorithms, thereby significantly increasing the overall
prediction accuracy.

Based on the results obtained and as illustrated in the figure, the combination of the human learning
optimization algorithm and convolutional neural networks has outperformed previous methods—
including categorized gradient boosting, additive gradient boosting, various support vector machine
types, random forest, and other classification methods without using a feature selection phase—in all
performance evaluation indicators. These include accuracy, sensitivity, prediction accuracy, and the
harmonic mean of the F-measure, due to the selection of precise features as input for the classification
method and optimal training on these features. Due to the deep learning capability of convolutional
neural networks, the combination of the Human Learning Optimization algorithm and convolutional
neural networks has outperformed classification methods that are also combined with the Human
Learning Optimization algorithm and use the features it selects. For example, while conventional
methods, such as categorized gradient boosting and additive gradient boosting, have achieved an
accuracy of around 81%, the proposed method, by achieving an accuracy of approximately 92.32% and
a harmonic mean of the F-measure of about 93.13%, demonstrates a significant advantage.

The findings of this research suggest that the combination of optimization and deep learning can
serve as an efficient algorithm and a valuable tool for organizations operating in the e-commerce sector
to have a more accurate prediction of their customers’ behavior and improve customer retention
strategies. The proposed algorithm not only has the ability to find the best parameters and model
structure but, considering its stable performance across various criteria, can also be used as a general
framework for similar problems in other areas of prediction and data classification. This advantage
solidifies the position of the combination of the human learning optimization algorithm and
convolutional neural networks as an innovative and effective approach, distinguishing it from other
common methods.

comparing the results of the proposed method with the reported results in previous studies, it is
observed that the HLO based model in combination with different classifications has better performance
than most of the previous works. In particular, the HLO-CNN combination has demonstrated a
remarkable performance in customer churn prediction with an accuracy of 92.32% and an F1 score of
93.13%, showing a significant improvement compared to most methods presented in Zahmatkesh
Zakariaee et al. (2023), including LR, KNN, RF, and SVM.

The results also indicate that the use of feature selection based on the HLO algorithm has improved
the performance of various classification models. For instance, HLO-RF and HLO-BAG models have
reported better performance with accuracy values of 88.12% and 89.26%, respectively, and F1 scores
above 91%, compared to many conventional machine learning models reported in previous studies. This
suggests that proper feature selection plays a significant role in enhancing the accuracy of customer
churn prediction.

In summary, comparing the obtained results with previous methods indicates that combining
evolutionary optimization algorithms for feature selection with machine learning and deep learning
models can effectively improve customer churn prediction performance. This shows that the proposed
approach, in addition to reducing data dimensions, can identify customer behavioral patterns more
accurately and provide acceptable results compared to many existing models.

5) Cunclusion

Online retailers have extensively invested in extracting important information from their customer and
product databases. This data is used as a research branch called Market Basket Analysis. The term
“market basket analysis” in the retail business refers to research that provides the retailer with the
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information needed to understand customer buying behavior. This information enables the retailer to
understand buyer needs and modify the store layout according to customer needs and shopping patterns,
cross-purchasing plans, design discount coupons, or even attract new buyers (very similar to the concept
of cross-selling). Therefore, in recent years, machine learning has played an important role in predicting
customer buying behavior. In this paper, an online customer purchase prediction system, using feature
selection based on the human learning optimization algorithm and deep learning, is presented. The
proposed method, by selecting features with the highest mutual information with the class label and
customer purchase decision, provides favorable data for deep learning methods and other supervised
classification methods. The experimental results show that the proposed method, relying on feature
selection based on the human learning optimization algorithm and deep learning, has been able to
achieve an accuracy of approximately 92.32% in predicting the buying behavior of new customers. On
the other hand, the results obtained from the proposed method have been compared with other methods,
and the improvement resulting from the proposed method compared to previous methods is clearly
visible.

According to the results and the importance of customer churn prediction in e-commerce, we can
suggest several paths for future research. In the competitive environment of e-commerce, companies
need to maintain and increase their current customers loyalty, in addition to attracting new customers.
This is because existing customer retention usually has less cost than attracting new customers and plays
an important role in business sustainability. Therefore, developing more accurate models to identify
customers at risk of churn can help organizations adopt more effective strategies to maintain customers.

One of the important paths for future research could be the use of more advanced deep learning
models and combining multiple neural network architectures to better identify the complexity of
customer behavioral patterns. For example, using deep stacked neural networks that combine multiple
architectures, such as multi-layer perceptrons (MLP), convolutional neural networks (CNN), recurrent
neural networks (RNN), and long-short-term memory (LSTM) networks, can enhance the model's
ability to extract complex patterns from customer behavioral data. In such a framework, feature selection
can be primarily done using optimization algorithms, such as human learning optimization algorithm,
and then selected features are used as input of deep models.

Additionally, the development of hybrid models, such as deep stacked neural networks, can be
considered as a potential direction for future research. In this approach, by combining feature selection
based on HLO and deep stacked neural networks, the possibility of achieving very high prediction
performance is provided.

The reported results for this method show that such structures can achieve very high levels of
accuracy, sensitivity, precision, and F-measure in predicting customer churn. Therefore, investigating
and developing these hybrid architecture designs on more diverse datasets in the e-commerce domain
can lead to further improvements in the accuracy of customer churn prediction models in future studies.
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