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Abstract

The customer churn problem has a huge negative impact in different industries so that early

prediction of customer churn can protect business by deciding early new business strategies
that keep the customer before customers leave the service. The current research is enhancing
the customer retaining by investigating architectural design model for predicting customer
churn using Artificial Intelligence(Al). This research proposes adaptive Local Binary Social
Spider Algorithm using Random Forest(LBSA-RF) model which is an architectural design
model for predicting customer churn using artificial intelligence technique. The experiments
took place on three datasets from different industries which are Orange dataset, IBM telecom
dataset and bank churn dataset. The experiments administer the importance of real-time data
analysis to capture a holistic view of customer interactions. The proposed architecture also
concludes feedback for continuous model optimization and adaptation to changing customer
patterns. The suggested Adaptive LBSA-RF model precision, recall, fl-score and accuracy
performance metrics exceeds different related works when applied on the three mentioned
datasets due to the intelligent automated feature selection mechanism of the Local Binary
Social Spider Algorithm(LBSA) which effectively identifies and isolates the most predictive
features, then leveraged by the Random Forest(RF) which is a powerful ensemble learning
algorithm to build an accurate and robust classifier.

INDEX TERMS Customer Churn Prediction, Optimization, Local Binary Social Spider
Algorithm(LBSA), Random Forest(RF), Al, Machine Learning, Feature Selection.

I. INTRODUCTION

Proactive customer retention tactics that use behavior analysis to predict the possibility of
churn. Predictive modeling and categorization technologies have become widely available
to enhance retention efforts, which is in line with the main objective of customer relationship
management(CRM). Customer behavior may be evaluated using a wide range of
analyticalmethods, and churn likelihood is a crucial sign of the risk of resource depletion,
which is a major factor in determining the health of the industry. Many churn prediction
models are built on artificial intelligence (Al)-based classification algorithms, but the
predictive accuracy of these techniques is often compromised by high-dimensional,
imbalanced datasets. Current research proposing Local Binary Social Spider Algorithm
(LBSA) for improving punctually of the adaptive Al parading in customer churn prediction
applications. LBSA framework which depends on Social Spider optimization algorithm in
the process of automatic feature selection applied by OBL- method for reducing distribution
level, and relied on a novice interactive technique to enhance the quality of exploring solution
space. In this research, a proposed adaptive Al Customer Churn Prediction (CCP) approach
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based on LBSA [1] for features selection. LBSA remove the level spreading in initialization
through the presentation of the opposition-based learning(OBL) method [2] to recalculate the
spiders' original distribution value. Therefore, the goal of this research is to provide a path
research for academics and industry professionals who must create, develop, and implement
an adaptable Al (CCP) strategy in different sectors. In the current research methodology
many experiments applied for assuring the merits of the adaptive model Local Binary Social
Spider algorithm using Random Forest(LBSA-RF) relied on three customer churn
benchmark datasets from variety sectors which are: IBM Telecom dataset [3], Orange dataset
[4] and Bank Churn dataset [5] from telecom sector where Orange dataset results proved that
Adaptive LBSA-RF is dominating to existing algorithm in accuracy, precision, Recall and
f1-Score using Random Forest algorithm as a part of the model that tend to give a prediction
about the customer that will churn depending on learning from the customers historical data
analysis, by the same for Bank Churn from the banking sector. Previous research data [6]
showed that the telecommunications industry's churn ratio as an example for the industries
that face the problem customer churn ranges from 20% to 40%. It is five to ten times less
expensive to keep an existing customer than it is to find a new one. Predicting customer churn
is sixteen times less expensive than bringing on new customers. When the churn rate dropped
by 5%, profits rose from 25% to 85%, demonstrating the significance of CCP in the telecom
sector. Even while keeping current customers is less expensive than acquiring new ones,
businesses with a sales ratio of 2% are expected to lose $65 million a month, according to
the European Business Review [7] [8]. In order to determine the elements that impact churn
and to develop machine learning (ML) models that can precisely anticipate which customers
are consuming, the problem of churn prediction entails examining customer data, such as
usage habits, payment information, and demographics [9]. Even while new methods (like
incremental learning) are acquired gradually as new information is added and incorporated
over time and also takes time because of the lengthy training period [10]. Furthermore,
current machine learning (ML) techniques for predicting churn can function effectively by
machine learning(ML) [11]. Because the machine learning (ML) and the Al-based analytics
can extract massive amounts of data and enable decision makers make focused and well-
informed judgments toward corporate goals which customer churn problem is blocking
companies to achieve their goals, adaptive Al models can meet the decision-making and
process optimization needs of various industries.

* This research introduces the adaptive Local Binary Social Spider Algorithm using Random
Forest(LBSA-RF) which is an adaptive Al model used for customer churn prediction
proposes.

* This adaptive Al model introduced in this research fully automatically selects the suitable
features related to the churn label and deal with it as the input data for the Random Forest
classifier.

* There was data imbalance problem which solved by the BorderlineSMOTE.

The remainder of this work is arranged subsequently. Section II presents a literature review.
Section III presents the background of the proposed framework. Section IV presents the used
datasets details. Section V delves into the proposed framework. The experimental results are
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discussed in Section VI. Section VII presents a discussion and explanation of the results.
Finally, this research concludes in Section VIII.

II Related Work

The customer churn problem refers to "customers who switch from a brand to a competitor's
brand." Customer turnover has been described in a variety of ways across sectors and domains.
In general, churn is simply described as a time of idleness. Discussed in this section the traditional
methods of customer churn prediction(CCP) to presents a literature review for the state-of-art in
CCP domain.

A Customer churn prediction (CCP) methods

Various customer churn prediction methods proposed, considering the earlier research through
data-discussed algorithms, therefore, Nadia Alboukaey et al. [12] looked at the customer's daily
dynamic behavior, a daily churn prediction is made instead of a monthly one. Two modes that
rely on types taken from the multivariate time series are the statistics-based model and the RFM-
based model, where RFM stands for Recency, Frequency, and Monetary Value. Four models are
put out to forecast churn on a daily basis using a multivariate time series representation of
customer behavior. In contrast, the CNN-based and LSTM-based models provide deep learning
techniques for feature extraction automatically. To evaluate the prediction capabilities of the
proposed models, a 150-day dataset from the Syrian cellular service MTN was used. The MTN
operator in their state, Syria, has supplied actual customer data. Key performance indicators
(KPIs) and comprehensive usage tables covering the period from March to August 2019
comprise their data analysis. Daily customer spending across several usage categories (such as
call, SMS, data, services, and refill amounts) was covered by KPI tables. The usage tables that
are displayed show the volume of data, SMS, and outbound calls that customers use each day.
There are around 5 million customers in these data sets per day. The RFM-based model, which
classifies using the Random Forest algorithm, achieved an AUC of 0.906, which is comparable
to the prediction results of the LSTM and CNN models, which both achieved AUCs of 0.914 and
0.904, respectively. Other method represented by Hiren Kumar et al.'s work [13] described how
algorithms handle misclassification errors equally, which is not true in real-world situations.
However, deep learning techniques are time-consuming and computationally costly. The
suggested AdaBoost with Cost method is empirically evaluated in this research and consistently
beats the discrete AdaBoost algorithm in terms of telecom customer churn prediction. In order to
lower the churn cost, a unique class-dependent cost-sensitive boosting technique known as Ada
Boost with cost was proposed. The AdaBoost with Cost classifier's primary goal is to lower false-
negative errors and misclassification costs that are higher than those of AdaBoost. The Kaggle
website provided the telecom dataset used in the research. There are 21 columns (attributes) and
over 3335 rows (call data records) in the dataset. However, in order to accomplish the research's
goal, more than 100,000 samples of synthetic data must be generated. Therefore, the source data
obtained from the Kaggle website is oversampled using Weka to create the synthetic data, which
changes the source contains (data points) from 3335 CDR observations to 100,000 CDR
observations. Instead of using simply AUC as a statistic, this research suggests using
misclassification errors. While the methodology proposed by
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Pustokhina et al. [14] used preprocessing and dataset balance to apply various classifications. A
recently The ISMOTE-OWELM model for CCP combines the improved synthetic minority over-
sampling technique (SMOTE) and learning (OWELM). Finding the ideal SMOTE sampling rate
and WELM parameter adjustment are the two uses for the multi-objective rain optimization
technique. Class labeling and data normalization are used with customer data. The unbalanced
dataset is first handled by ISMOTE, after which (ROA) is used to ascertain the ideal sampling
ratio. ISMOTE-OWELM model is examined using a three benchmark data ratio. 3333 samples
with 21 features and two classes are included in the first data ratio; 7043 instances with 21 types
and two class labels are included in the second data ratio; and 100,000 samples containing 100
features and two class labels are included in the third dataset. The simulation results showed the
ISMOTE-OWELM model outperformed other models, with accuracy values of 0.94, 0.92, and
0.909 on datasets 1, 2, and 3, had been mentioned in the Pustokhina et al. research respectively.

B Machine learning optimization techniques
Kemal Akyol [15] demonstrated that Deep Neural Networks

(DNNs) outperform Extreme Learning Machines (ELM) designs that use a growing and pruning
strategy. In the first method, the architecture is created using the maximum number of hidden
neurons that the second method assigns, and the model is gradually pruned. Until the training
model performs reasonably, the following processes are repeated for both architectures [16]:
training the model, converting the weights based on expanding or pruning data sets, and
retraining the model. Additionally, the weights are changed based on expanding or pruning
criteria. Two datasets which are Parkinson (PD) and Self-Care Activities (SCADI). DNN
performance on SCADI: Maximum accuracy 97.4% using ‘ReLU’ Activation function and
‘AdaGrad’ optimization. ELM performance on SCADI maximum accuracy was 88.88%. DNN
performance maximum accuracy was 95.15%, depending on ‘ReLLU’ Activation function. ELM
performance maximum accuracy was 83.70%. It has been discovered in valuable studies that any
model built using ELM and DNN architectures has a random number of neurons and layers or a
specific parameter value. Other machine learning optimization methods presented by Fatemeh
Ehsani and Monireh Hosseini [17] where Various feature optimization methods in tree-based
classifiers are used to forecast customer churn behavior based on transaction data from internet
banking users. First, the authors used feature reduction to remove inefficient features and move
the data set to a lower-dimensional space. The authors then utilized the Recursive Feature
Elimination with Cross-Validation (RFECV) method to choose the most useful features. The
authors then used feature importance to provide a score to each input feature. Using this strategy,
they chose C5.0 Decision Tree, Random Forest, XGBoost, AdaBoost, CatBoost, and LightGBM
as the six tree-based classifier structures. A very important and efficient way to enhance the
machine learning optimization is depending on feature engineering that was presented by Adnan
Amin et al. [ 18] where a genetic algorithm-based feature weighting strategy with a Naive Bayes
classifier to address customer attrition in the saturated telecommunications market. The article
uses an algorithmic perspective to illustrate the adaptive learning technique using Naive Bayes.
The goal of a given set of inputs is to predict a class label (churn or non-churn). The procedure
begins by evaluating each attribute's function in the prediction process in order to forecast the
urgent variable's unseen tables. Weights are assigned to types based on their contribution to the
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prediction process. The used publicly accessible datasets BigML Telco Churn, IBM Telco, and
Cell2Cell all applied on it a genetic algorithm to determine the value of each feature in the
categorization choice. Results showed an improvement in prediction performance in comparison
to the baseline classifier (i.e., Naive Bayes in the default setting, Deep-BP-ANN, CNN, Neural
Network, Linear Regression, XGBoost, KNN, Logit Boost, SVM, and PCALB methods) in terms
of average precision of 0.97, 0.97, and 0.98, recall rate of 0.84, 0.94, 0.97, fl-score of 0.89,
0.96,0.97, an MCC of 0.89, 0.96, 0.97, and accuracy of 0.95, 0.97, 0.98 on subject data analysis,
respectively.

In conclusion, existing related work techniques in section 2 encounter key limitations including:

Limited Scope and Generalizability of Specific Datasets and Industries as in Nadia Alboukaey
et al. research uses a "150-day dataset from the Syrian cellular service MTN," covering "March
to August 2019." While valuable for daily churn prediction, the results (AUCs of 0.906-0.914)
are specific to the MTN operator in Syria during that particular period. The churn drivers and
customer behavior in a different country or at a different time might vary significantly, impacting
the models' performance and generalizability. Also Fatemeh Ehsani and Monireh Hosseini work
focuses on "transaction data from internet banking users." This indicates that their feature
optimization methods and tree-based classifiers are tailored to a specific industry (banking) and
data type, potentially limiting their direct applicability to telecom or other sectors without
significant adaptation.

Reliance on Synthetic Data and Potential for Bias/Artificiality as in Hiren Kumar et al. research
oversamples a Kaggle telecom dataset from 3,335 call data records to "100,000 samples of
synthetic data" using Weka. While synthetic data generation can address data scarcity or
imbalance, it can also introduce artificial patterns or biases not present in real-world data,
potentially leading to models that perform well on the synthetic data but less robustly on
genuinely new, unseen data.

Computational Cost and Complexity of Advanced Techniques as also in Hiren Kumar et al.
research a paragraph their explicitly states that "deep learning techniques are time-consuming
and computationally costly."

III Background

This section presents details about the background of the proposed framework main
algorithms where automated feature selection was presented by the Binary social spider
algorithm out of which LBSA is based on. In addition to the background of the Random
Forest algorithm that was used in the classification.

A Binary social spider algorithm

Binary social spider algorithm (BinSSA) [19] is a binary variation of a heuristic algorithm
known as social spider algorithm (SSA) [20]. The goal of developing a social spider network
is to create a high-dimensional network that will be used as the target search space of the
optimization problem solution set. Each place on the network represents a preliminary
solution. The network can be used to send vibrations from individual spiders. Each spider in
the entire search network remains in a specific spot. By supplying the target fitness function,
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the matching fitness value for the current position is determined, allowing spiders to move at
random while remaining within the network. A spider indicates a feasible solution. Spiders
use a random walk approach to detect pleasant vibrations, and social information is
exchanged via this vibration [20][21].

B Random Forest algorithm

Random Forest[22] is a supervised machine learning algorithm which operates by
constructing a multitude of decision trees during training. Each tree is built on a random
subset of data and features, further introducing randomness through "bagging" (selecting data
subsets with replacement)

and "feature randomization" (considering only a random subset of features at each node split).
This ensemble approach leverages the strengths of multiple models to achieve high accuracy
on various datasets (both classification and regression)[23] , efficiently handles large datasets
with numerous features, and offers built-in resistance to overfitting. Finally, the final
prediction is determined by aggregating the individual trees' predictions through majority
voting (classification) or averaging (regression).

IV Dataset

The dataset section presents and describe the 3 real datasets downloaded from Kaggle, which
used in this research experiments to validate the adaptive Al model reliability. These datasets
pertain to the telecommunication and banking sectors: the IBM Telecom dataset, the Orange
dataset and the Bank Churn dataset. Table 1 shows an analysis for the ratio of churners to the
whole of the dataset.

TABLE 1. Dataset analysis

Dataset Ratio of churners to
whole dataset (%)

IBM Telecom 26.5%
dataset

Orange 14.5%
dataset

Bank Churn 20.3%
dataset

Each row in the IBM Telecom dataset represents a customer. The Metadata column describes
the attributes of each customer. The raw data contains 21 characteristics

and 7043 rows, representing the number of consumers. The label appears in the "Churn"
column. Customers are listed in each row, with each customer's attributes detailed in the
Metadata column. The Orange dataset Telecom Churn Predictive models will be developed
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using data analysis, which includes cleaned customer activity data (types) in parallel with a
churn label that indicates if a customer deleted the subscription. Predict behavior with Watson
Analytics to keep customers. Create targeted customer retention strategies after analyzing all
pertinent customer data. It contains 20 features including the label ” The column named
Churn” one and has 3333 rows which represents the number of customers. Customers who
are leaving their bank accounts because they have suffered losses are included in the Bank
Churn dataset. It contains

21 features including their labels ” The column named Churn” and has 28382 rows which
represents the number of customers. Detailed info presented in table 2 for each of the used
datasets.

TABLE 2. The subject datasets characteristics

Characteristics IBM Orange Bank Churn
Telecom dataset dataset
dataset

No. of instances 7043 3333 28382

No. of features 21 20 21

Nominal variables 18 5 3

Numerical variables 3 15 11

Churn ratio 26.5% 14.5% 20.3%

Non-churn ratio 73.5% 85.5% 79.7%

Class Labels true, false true, false 0,1

V Proposed framework

In The proposed Adaptive LBSA-RF framework is using layer pattern. Figure 1 shows this
layered architecture is consists of 3 main layers, layer 1 illustrate the data preprocessing steps,
layer 2 presents the feature selection done by LBSA framework to complete the dataset feature
reduction by automatically selects the features that are mostly corelated to the dataset label
then use this reduced feature dataset as the input of layer 3 where the role of Random Forest
activated as a machine learning algorithm used to classify if the customer will churn or no
churn is expected.

Taver i Data preprocessing phase

1 2
B o-wrreparmion | moennesmore T

Laver 2: Feature selection phase

Feat
extraction selection

Automalic selected fealures

|
' !
[ churned |- 4

- Random Forest

[ Mot churned Classifier

Laver 3; Learning phase

FIGURE 1. Adaptive LBSA-RF model Architecture
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The 3 layers of the proposed Adaptive LBSA-RF model architecture discussed in details as
follows:

A Layer 1 — Data preprocessing phase:

The data analysis employees in the current research, where initially preprocesses the data by
converting categorical columns into numerical representations using ordinal encoding and
handling missing numerical values by imputing them with the median. Subsequently, it
addresses potential class imbalance in the target variable ('Churn') by applying the
BorderlineSMOTE(Borderline Synthetic Minority Over-sampling technique) to oversample
the minority class by creating a more balanced dataset. Finally, it separates the features from
the target variable and splits the resampled data into a training and a testing sets, allocating
70% for training and 30% for testing, with a fixed random state for reproducibility in the split.

B Layer 2 (Feature selection phase):

The proposed LBSA framework is automatically selects the features by employing a swarm-
based metaheuristic for feature selection. The algorithm represents each potential feature subset
as a spider characterized by its position (a binary vector indicating feature inclusion) and fitness
(corresponding model performance). The LBSA iteratively refines a population of spiders
through a neighborhood-based search. In each iteration, spiders are updated by considering the
position of their fitter neighbors. This process mimics the vibrational behavior observed in
nature, promoting exploration of the search space. The algorithm commences with the random
initialization of a population of spiders. Subsequently, an iterative process unfolds, wherein the
fitness of each spider is evaluated by training a model on the corresponding feature subset and
assessing its performance. This research demonstrates the successful application of swarm
intelligence principles to the challenging problem of feature selection. Finally, the efficacy of
the LBSA is empirically validated through rigorous experimentation on the 3 datasets(IBM
Telecom Dataset, Orange Dataset and Bank Churn Dataset) mentioned in the dataset section
which are representing different industry sectors for the customer churn prediction task. To
further advance the understanding of LBSA and its potential in future work, several avenues
for future research are identified. A comprehensive investigation into the impact of different
neighborhood topologieon algorithm performance is warranted. Additionally, exploring hybrid
methodologies that synergistically combine LBSA with existing feature selection techniques
presents an exciting opportunity for enhancing performance and addressing complex feature
selection challenges. Figure 2 represents the flow chart of the LBSA which shows the
architecture of the problem to be fed to this research proposed framework Adaptive LBSA-RF
to select the features.

Initialization

!

1) Parameters Configuration.
2) Create OBL Spiders.

!

Iteration==Max Yes
Iteration

=

End

FIGURE 2. The flow chart of LBSA
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General descriptions of LBSA are described as follows:

* LBSA initialization: LBSA creates a random number of spiders based on the population size.
Each iteration's solution set includes a feature subset that represents the automatically picked
features from the initial feature set.

* Optimization of the initialization: In this step, LBSA uses the opposition-based learning
strategy to remove the extreme distribution in initialization. The opposition-based
learning(OBL) technique selects the most suited solution to build the initial population set,
with the spider solution decided separately.

* Vibrations: Each spider generates vibration in its current position, which is then calculated
based on the fitness value. The vibration propagates throughout the network, and additional
spiders will receive the vibration information.

* Spider paused: When LBSA employs the ILSA algorithm to modify the spider's iterative
process. The main notion behind ILSA is that it suspends the random walk of some spiders
with higher fitness values while still receiving their vibrations in a round of iteration.

» Random walk: It is the spiders' walk after receiving target vibration values, in which spiders
select the maximum value to store and wander at random.

* Fitness value assessment: Following the random walk, another round of fitness value
assessment will be conducted. Of course, this assessment will be employed in the next phase
of vibration creation.

* End of LBSA: Iterations are done until a predetermined number of features have been
selected.

More detailed info represented in subsection C which describes how Spider algorithm works
in selecting the most related features to the labels of the customer churn datasets, then
subsection D which illustrate the opposition based learning (OBL) method which represents
the candidate features automatically selected. After that the sub section E which is a detailed
illustration for the vibration and fitness calculation technique to know the best fitness value. In
the sub section F the Improved Local Search Algorithm(ILSA) is described and finally
subsection G is describing random walk.

C Spider

An iterative individual of the LBSA algorithm is a spider that refers to it as an optional feature
subset or a reasonable solution. Features were assigned to each spider during the LBSA
initialization phase and ascertain beforehand how many spiders will be taking part in this
iteration. Each spider carries the following information:

* Place. Explaining the precise positioning information of a single spider using a vector of
dimension D. D is the sum of all features. Vector elements have values of {0, 1} since the
feature selection process operates in binary space. A workable solution to the target feature
selection problem is that every spider has a distinct position at the beginning and conclusion of
the iteration.
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New candidate solution

FIGURE 3. The process of calculating candidate solution

» The importance of fitness. Equation (4) is used to get the fitness value. Each spider's location
is tracked, and the fitness score is calculated using its current position. The fitness value can
then be utilized to calculate the vibration intensity in the present location. The target vibrates.
Vibration levels between spider pairs. Calculating vibration intensity reveals the target
vibration source and direction of motion.

* The dimensional mask. The dimension mask is a two-dimensional vector of length D and
values {0, 1}. During the beginning step, all elements are set to zero. It is an intermediate
number that can be used to calculate both the target and the next position.

 The final stroll. It keeps track of the spiders' most recent movements. The next movement
information is calculated from a previous random walk record, which is able to make the
spider's path more global.

D Opposition based learning(OBL) method

LBSA is started using the opposition-based learning (OBL) technique, which defines the
number of spider populations suitable for online lending datasets as well as the number of
iterations. Because feature selection is a binary problem, create numbers 0 and 1 at random for
spider positions. During the initialization stage, we also change the dimension mask
synchronously with the user control variables pc and pm. The opposition-based learning (OBL)
technique restricts population size in order to improve population diversity. The opposition-
based learning(OBL) technique uses bidirectional search in the search space, with the original
answer and the opposite solution representing the two directions. The inverse solution is also
subjected to a soft operation. A new spider individual (candidate solution) representing the
given attributes is chosen, together with two or more existing spiders (current solution). To
improve the algorithm's efficiency, the number of possible solutions may be limited. In this
scenario, the exclusive technique is utilized. When adopting the opposition-based
learning(OBL) technique, it is a must to add an additional step to the initialization phase to
identify the number of new the opposition-based learning(OBL) populations. In the
initialization phase, the number of the opposition-based learning(OBL) populations is
established. Alternatively, the total number of groups participated in the iteration is the sum of
the spider population and the opposition-based learning(OBL) participants. This method has
the advantage of retaining all of the algorithm's required groups while adding some more
relevant groups to improve iteration performance.

E Vibration and fitness value

An essential component of LBSA is vibration. Vibration is defined by two variables: position
b and vibration source a, which is a spider. The vibration severity range for the entire LBSA
process is [0, co]. Vibration intensity is computed using Equation (1). The spider position at
time t is defined by this formula as Pa(t), or Pa for short. Spider a's vibration value at the source

Received: Aug 14, 2025 1334



International Journal of Applied Mathematics

Volume 39 No. 1s, 2026
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

position at time t which is indicated by I(Pa, Pa, t), while its fitness value is at the current
position is indicated by f (Pa). As a constant, C will not have a particularly high value. Every
potential fitness value for the minimization issue will be higher than C.

1
I(Pa,Pa, t) = lOg (fm) + 1. (1)

Dis(Pa, Pb) is the distance between the spiders a and b. The formula of calculating the distance
by Eq. (2). Which is the Manhattan Distance.

Dis(P,, P,) = 1P, P,lII. 2)

Equation (3) displays the vibration calculation formula with distance attenuation. The value of
vibration of point a felt from point b is shown by I(Pa, Pb, t). In this case, ¢ stands for the spider
dimension mask's standard deviation. The degree of vibration intensity attenuation with
distance is controlled by the user-defined variable r., which has a value between 0 and . The
degree of vibration attenuation increases a ra rises.

oXT,

I(Pa, Py, t) = I (Py, Py, t) x exp (M) 3

Eq. (4) determines the current position fitness value. The error rate is expressed using error(D),
where M| represents the number of features that were chosen and |N| represents the total
number of original features. The constants p and ¢, which have a value range of [0, 1], regulate
the degree of reduction.

M|
Fitnessvalue = p Error (D) + ¢ Tk (4)

Following initialization, a spider produces vibration at its current location and, using the
information it has received, selects the ideal vibration value, Vbest. Additionally, the spider
stores a Vtar from an earlier walk or startup. Each spider's Vtar is initialized to zero and is set
to the value of its current position. We create a new Vtar using the highest value of Vtar and
Vbest.

F Improved Local Search Algorithm(ILSA)

Improved local search algorithm (ILSA) is selecting a specific number of superior answers to
construct a new solution set in an iterative process. The main notion behind ILSA is that it
suspends the random walk of some spiders with higher fitness values while still receiving their
vibrations in a round of iteration. The suspended spiders do not participate in the following
iteration, but instead perform a fitness evaluation operation.

G Random walk

The random walk of a spider is achieved by adjusting the dimension mask. In each iteration, a
spider will decide whether or not to change the dimension mask; each spider movement has a
chance of leaving the network. The local optimization improved here in this proposed
framework by applying a local optimization method to enhance the efficiency of random walk
by pausing the random walk of some spiders with the maximum fitness value. However, other
spiders can still receive the vibration information from these spiders in this round iteration. The
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selected halted spiders cannot random wander in this round, but they can still deliver vibration
data. Perhaps this method not only keeps a portion of the optimal solution, but also prevents a
premature entry into a solution of the local optimal.

H Layer 3 (Learning phase)

The learning phase focusses on training and evaluating the Random Forest classifier using the
features previously selected by the LBSA algorithm. First it selects the training and testing data
based on these selected features and then trains the Random Forest model with the specific
hyperparameters which are represented in table 3, including the number of trees, maximum
depth, minimum samples for splitting and leaf

nodes, and balanced class weights. Following training, the model makes predictions on the test
data, and its performance is evaluated using the metrics of precision, recall, accuracy, and F1
score. Random Forest classifier undergoes a 5-fold cross-validation process on training data.
This divides the training dataset into five equally sized parts (folds). The classifier is then
trained and evaluated five separate times; in each iteration, one of the folds is held out as the
validation set for evaluation, while the remaining four folds are used for training. This
procedure allows for a more reliable assessment of the model's generalization ability by
averaging the performance across the five different validation sets, providing a less biased
estimate of how well the model would perform on unseen data compared to a single train-test
split.

TABLE 3. Hyperparameters used by the Random Forest Algorithm

Hyperparameters Value
n_estimators 100
max_depth 10
min_samples_split 5
min_samples_leaf 5
class_weight 'balanced'
random_state 42

I The proposed framework performance evaluation

A wide range of measures were used to assess the model's performance on the testing set. To
determine the percentage of accurately predicted churned customers among all predicted
churned consumers, the precision metric is

Precision = v 5
recision = (TP + FP) (5)

Recall evaluated the model's capacity to detect real churned customers.
TP

Recall = m (6)
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The ratio of accurate forecasts to total predictions determines by dividing the overall model
accuracy.

(TP + TN)
(TP + FP + TN + FN)

Accuracy =

(7)

Lastly, a balanced assessment of the model's performance is giving by the fl-score which is a
harmonic mean of precision and recall.

2 * (Precision * Recall)

f1—score = (8)

(Precision + Recall)

TN and FP represent the number of churned customers who have been analyzed correctly as
churned and not churned customer, respectively.

VI Results

The result part shows the result of applying Random Forest classification only without optimization of
the proposed Adaptive LBSA-RF model compared to the proposed model results on the 3 mentioned
datasets in the dataset section.

TABLE 4. Evaluation Results of Random Forest algorithm only classifications on the
three datasets.

Dataset Precision Recall Accuracy fl-score
IBM Telecom dataset 0.619 0.493 0.787 0.549
Orange dataset 0.970 0.709 0.956 0.819
Bank Churn dataset 0.750 0.474 0.861 0.580

Experiments showed that the performance metrics of precision, recall, accuracy and fl-score
results when classifying by Random Forest algorithm only led to obvious overfitting in addition
to significantly results less than the results of Random Forest algorithm classification optimized
by the proposed Adaptive LBSA-RF model presented in the results of tables 5, 6 and 7.

TABLE 5. Evaluation Results of proposed Adaptive LBSA-RF model on IBM Telecom dataset

No. of runs Precision Recall Accuracy fl-score Number of ROC curve
features area
selected

IBM Telecom
dataset

Run-1 0.865 0.868  0.866 0.867 9 0.94
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Run-2 0.863 0.875  0.867 0.869 18 0.95
Run-3 0.863 0.868  0.864 0.865 14 0.94
Run-4 0.866 0.839  0.854 0.853 11 0.94
Run-5 0.871 0.860  0.866 0.865 12 0.94
Average 0.865 0.862  0.863 0.863 13 0.942

Table 5 details the evaluation results of the proposed Adaptive LBSA-RF model on the IBM
Telecom dataset across five independent experimental runs. The performance of the model is
assessed using several key metrics, including Precision, Recall, Accuracy, Fl-score, the
number of features selected by the

LBSA, and the Area Under the Receiver Operating Characteristic curve (ROC curve area).
Across the five runs, the model demonstrates consistent performance. Precision highest value
is 0.871, indicating a reasonable ability to avoid false positive predictions. Recall values
fluctuate between 0.839 and 0.875, reflecting the model's capacity to identify positive
instances. The Accuracy highest score is 0.867, showing the overall correctness of the
classification. The F1-score, which provides a balanced measure of Precision and Recall of
0.869, suggesting a stable trade-off between these two metrics. The number of features selected
by the LBSA algorithm varies across the runs, ranging from 9 to 18. This variability highlights
the adaptive nature of the feature selection process, where the algorithm identifies different
subsets of relevant features in each run. The ROC curve area, consistently at 0.94 or 0.95 across
all runs, indicates a strong ability of the model to discriminate between the positive and
negative classes. The average performance metrics across the five runs provide a consolidated
view of the model's effectiveness on the IBM Telecom dataset. The average Precision is 0.865,
the average Recall is 0.862, the average Accuracy is 0.863, and the average f1-score is 0.863.
The average number of features selected is 13, suggesting a moderate level of feature reduction.
The average ROC curve area of 0.942 confirms the model's good discriminatory power. These
results demonstrate the applicability and reasonable performance of the proposed Adaptive
LBSA-RF model for the classification task on the IBM Telecom dataset.

TABLE 6. Evaluation Results of proposed Adaptive LBSA-RF model on Orange dataset

No. of runs  Precision Recall  Accuracy f1- Number  ROC
score of curve

features area
selected

Orange

dataset

Run-1 0.919 0.9 0.911 0.909 9 0.96

Run-2 0.955 0.904 0.931 0.929 9 0.97

Run-3 0.949 0.935 0.943 0.942 13 0.98
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Run-4 0.939 0.925 0.933 0.932 16 0.98
Run-5 0.952 0.934 0.943 0.942 12 0.98
Average 0.942 0.919 0.932 0.930 12 0.974

Table 6 presents the performance of the proposed Adaptive LBSA-RF on the Orange dataset
which consists of 20 features and 3333 rows that represents the number of customers. This
table eventually presents a comprehensive evaluation of the proposed Adaptive LBSA-RF
model's performance on the Orange dataset across five independent runs. The metrics
employed for evaluation include Precision, Recall, Accuracy, F1-score, the number of features
selected by the model, and the Area Under the Receiver Operating Characteristic curve (ROC
curve area). As observed from the individual runs, the model consistently achieves high
performance across all metrics. Precision value of 0.955, indicating a low rate of false positives.
Similarly, Recall value 0of 0.935, demonstrate the model's ability to effectively identify positive
instances. The Accuracy score of 0.943, highlight the overall correctness of the model's
predictions. The Fl-score, which balances Precision and Recall, consistently remains high,
ranges to 0.942, signifying a robust performance in both identifying positive instances and
minimizing false positives. Furthermore, the table reveals the adaptive nature of the feature
selection process, with the number of selected features varying between 9 and 16 across the
different runs. This suggests that the model dynamically identifies the most relevant feature
subsets for optimal classification. Finally, the ROC curve area, consistently high across all runs
(ranges up to 0.98), underscores the model's excellent discriminatory power between the
positive and negative classes. The average performance across the five runs further solidifies
the robustness and reliability of the proposed Adaptive LBSA-RF model on the Orange dataset.
The average Precision of 0.942, Recall of 0.919, Accuracy of 0.932, and fl-score of 0.930
demonstrate the model's strong and balanced predictive capabilities. The average number of
features selected is 12, indicating a relatively parsimonious model, and the average ROC curve
area of 0.974 confirms its superior classification performance. These results collectively
highlight the effectiveness of the proposed Adaptive LBSA-RF model for the classification
task on the Orange dataset.

TABLE 7. Evaluation Results of proposed Adaptive LBSA-RF model on Bank Churn

dataset
No. of runs Precision Recall Accuracy fl-score Number of ROC
features curve
selected area
Bank Churn
dataset
Run-1 0.903 0.845 0.876 0.873 14 0.94
Run-2 0.923 0.822 0.876 0.870 12 0.94
Run-3 0.905 0.840 0.875 0.871 11 0.94
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Run-4 0.916 0.815 0.870 0.863 11 0.93
Run-5 0.880 0.836 0.860 0.858 13 0.93
Average 0.905 0.831 0.871 0.867 12 0.936

Table 7 shows results across the five runs indicate a consistent level of performance. Precision
values range from 0.880 to 0.923, signifying a good ability to correctly identify churners while
minimizing false positives. Recall values, ranging from 0.815 to 0.845, demonstrate the
model's capacity to capture a substantial proportion of actual churners. The Accuracy highest
score is 0.876, reflect the overall correctness of the model's predictions. The F1-score, which
balances Precision and Recall value of 0.873, indicating a stable and reasonable trade-off
between these two metrics. The number of features selected varies from 11 to 14 across the
different runs, highlighting the adaptive nature of the feature selection process in identifying
relevant feature subsets for the churn prediction task. The ROC curve area, consistently high
across all runs (ranging from 0.93 to 0.94), underscores the model's strong ability to distinguish
between churning and non-churning customers. The average performance metrics across the
five runs provide a robust assessment of the model's effectiveness on the Bank Churn dataset.
The average Precision is 0.905, the average Recall is 0.831, the average Accuracy is 0.871, and
the average fl-score is 0.867. The average number of features selected is 12, suggesting a
relatively efficient model in terms of the number of features utilized. The average ROC curve
area of 0.936 further confirms the model's strong discriminatory power for the churn prediction
problem. These results collectively demonstrate the effectiveness and reliability of the
proposed Adaptive LBSA-RF model for identifying customer churn in the Bank Churn dataset.
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FIGURE 4. Run 1 ROC curve of Random Forest classifier applied on IBM Telecom
dataset
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FIGURE 5. Run 1 ROC curve of Random Forest classifier applied on Orange dataset
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FIGURE 6. Run 1 ROC curve of Random Forest classifier applied on Bank Churn
dataset

Figure 4 ROC curve created showed excellent performance that signifies strong discriminatory
power.

Figure 5 ROC curve shows excellent performance that signifies strong discriminatory power,
because the x-axis represents the False Positive Rate (FPR), defined as the proportion of actual
negatives that are incorrectly classified as positives, while the y-axis illustrates the True
Positive Rate (TPR), which is the proportion of actual positives that are correctly identified.
The solid orange line depicts the ROC curve itself, tracing the trade-off between sensitivity
(TPR) and specificity (1 - FPR) at various classification thresholds. A curve that bows towards
the top-left corner indicates superior performance. In this instance, the ROC curve
demonstrates a substantial area under the curve (AUC) of 0.96. This high AUC value signifies
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the model's excellent ability to discriminate between positive and negative instances across all
possible classification thresholds.

Figure 6 shows area under the ROC curve (AUC) which quantified as 0.94. This high AUC
value provides a robust metric for evaluating the overall discriminative ability of the model,
indicating an excellent capacity to distinguish between positive and negative classes. An AUC
of 0.94 suggests that there is a 94% probability that the model will rank a randomly chosen
positive instance higher than a randomly chosen negative instance.

TABLE 8. Run 1 feature importance table of Random Forest classifier applied on IBM

Telecom dataset

Feature index in Feature name Importance
the dataset score
16 Contract 0.28
6 tenure 0.15
13 TechSupport 0.15
9 InternetService 0.14
17 PaperlessBilling  0.08
18 PaymentMethod  0.06

1 CustomerID 0.04
3 SeniorCitizen 0.03
15 StreamingMovies 0.02

0.00 005 010 015 020 0.25
Importance

FIGURE 7. Run 1 feature importance graph of Random Forest classifier applied on
IBM Telecom dataset

TABLE 9 Run 1 feature importance table of Random Forest classifier applied on Orange dataset

Feature index in Feature name Importance
the dataset score
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8 Customer 0.35
service calls

4 Total day charge 0.25

2 Voice mail plan  0.12

1 Area code 0.10

6 Total night 0.04
charge

7 Total intl charge 0.04

5 Total eve calls  0.03

0 Account length  0.03

3 Total day calls  0.02

Customer service calls
Total day charge
Voice mail plan
Area code

v
2 Total night charge
Total intl charge
Total eve calls
Account length

Total day calls

0.00 0.05 0.10 015 0.20 0.25 0.30 035
Importance

FIGURE 8. Run 1 feature importance graph of Random Forest classifier applied on
Orange dataset

TABLE 10 Run 1 feature importance table of Random Forest classifier applied on Bank Churn

dataset
Feature Feature name Importance
index score
in the
dataset
7 current_balance 0.23
11 current_ month_debit 0.14
2 gender 0.14
4 occupation 0.10
6 customer_nw_category 0.09
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12 previous month debit 0.08
3 dependents 0.04
10 previous_month_credit 0.03
8 average monthly balance prevQ 0.03
13 previous_month_balance 0.03
9 current month_credit 0.02
5 city 0.02
1 vintage 0.01
0 customer _id 0.01

current_balance
current_month_debit
gender

occupation
customer_nw_category
previous_month_debit

dependents

Feature

previous_month_credit
average_monthly_balance_prevQ
previous_month_balance
current_month_credit

city

vintage

customer_id

0.00 0.05 0.10 0.15 0.20
Importance

FIGURE 9. Run 1 feature importance graph of Random Forest classifier applied on
Bank Churn dataset.

Figure 7 shows a feature importance graph of Run 1 that illustrates the importance of the 9
features which were automatically selected out of the 21 features of the IBM Telecom dataset
by LBSA. These selected 9 features were given to the Random Forest which used them in the
model learning process.

Figure 8 shows a feature importance graph of Run 1 that illustrates the importance of the 9
features which were automatically selected out of the 20 features of the Orange dataset by
LBSA. These selected 9 features were given to the Random Forest which used them in the
model learning process.

Figure 9 shows a feature importance graph of Run 1 that illustrates the importance of the 14
features which were automatically selected out of the 21 features of the Bank Churn dataset by
LBSA. These selected 14 features were given to the Random Forest which used them in the
model learning process.
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VII Discussion

This section contains the proposed Adaptive LBSA-RF model results on the 3 datasets Orange,
IBM Telecom and Bank compared to the state of-the-art techniques using the different baseline
classifiers (i.e., Logistic Regression, Decision Tree, Random Forest, AdaBoost, Layer
Perception, Logit Boost, CNN, SVM, XGBoost, PCALB, Deep-BP-ANN, and KNN) in
addition to adaptive learning approach for customer churn prediction(ACCP), ISMOTE-
OWELM, Genetic Optimization LightGBM(GO-LightGBM) and Bayesian Optimization

LightGBM(BO-lightGBM) models.

TABLE 11. Evaluation Results of proposed Adaptive LBSA-RF model on Orange

dataset compared to related work.

Source Techniques
studies

Adnan Amin ACCP
et al[18]

Wu et al [24]  Logistic Regression

Decision Tree

Random Forest

AdaBoost

Hemlata Jain Layer Pepception
et al. [25]
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Precision Recall

0.971

0.638

0.344

0.886

0.706
0.914

0.746
0.710

0.495
0.898

0.610

0.842

0.193

0.753

0.685

0.790

0.719

0.807

0.218

0.665

0.731

0.799

f1-
Score

0.893

0.292

0.472

0.770

0.742

0.804

0.772

0.331

0556

0.805

0.691

Accuracy

0.960

0.874

0.771

0.945
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0.936
0.882

0.862
0.952
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Random Forest 0.952 0.840 0.880  0.945
Linear Regession 0.729 0.584 0.605  0.858
Logit Boost 0.793 0.691 0.725  0.883
CNN 0.789 0.577 0.559  0.873
SVM 0.775 0.456  0.545 0.846
XGBoost 0.782 0.551 0.558  0.860
PCALB 0.650 0.530  0.527  0.850

Irina V. ISMOTEOWELEM - - 0.935  0.940

Pustokhina et average

al [14]

Seyed BO-LightGBM - - 0.833  0.958

Mohammad

et al [26]

Proposed Adaptive LBSA-RF model average of 0.942 0919 0.930 0.932
S runs

The superior performance achieved by the proposed Adaptive LBSA-RF model on the Orange
dataset, as demonstrated by its higher Precision, Recall, F1-Score, and Accuracy compared to
related works as appeared in table 11, is a direct consequence of the proposed layered
architecture; the intelligent feature selection mechanism of the LBSA effectively identifies and
isolates the most predictive features based on the use of social spider algorithm that frames the
problem as a search for the best subset of features which is presented by a binary vector where
a machine learning model is trained using only those selected features, the model’s accuracy
on a validation set is calculated and used in the fitness function and the higher the fitness value
the better the feature subset, this process continues for a set number of iterations or until the
population’s fitness stops improving. Over time, the siders are drawn towards areas of the
solution space that contain better feature subsets. Then leveraged by the Random Forest which
is a powerful ensemble learning algorithm to build an accurate and robust classifier to achieve
enhanced prediction accuracy. This strategic combination underscores the effectiveness of
integrating domain-aware feature selection with powerful ensemble learning techniques for
improved customer churn prediction. The same proposed Adaptive LBSA-RF model applied
on the Bank dataset with comparing them to related work represented in table 12 and applied
to IBM telecom dataset with comparing them to related work represented in on table 13.
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TABLE 12. Evaluation Results of proposed Adaptive LBSA-RF model on Bank dataset
compared to Seyed Mohammad et al[26] related work.

Method Accuracy fl-score
BO-LightGBM 0.868 0.603
GO-LightGBM 0.862 0.550
Decision Tree 0.793 0.474
Random Forest 0.841 0.568
SVM 0.854 0.529
Logistic regression 0.833 0.467
XGBoost 0.860 0.569
LightGBM 0.860 0.592
Adaboost 0.852 0.559
Proposed Adaptive LBSA-RF model average of 5 0.871 0.867
runs

Table 12 presents the results of the proposed Adaptive LBSA-RF model when applied on the
Bank dataset where it outperforms the results of Adaboost, LightGBM, XGBoost, Logistic
regression, SVM, Random Forest, Decision Tree, GO-LightGBM and BO-LightGBM methods
in terms of Accuracy and fl-score. In the research of Seyed Mohammad et al the BO-
LightGBM method was outperforming the results of Adaboost, LightGBM, XGBoost, Logistic
regression, SVM, Random Forest, Decision Tree, GO-Light GBM methods when compared in
terms of accuracy and fl-score, finally in this research the proposed Adaptive LBSA-RF
outperformed the BO-Light GBM in term of accuracy and fl-score when applied on the Bank
Churn dataset. The proposed model outperforms existing methods on the 3 datasets Orange,
IBM Telecom and Bank as presented in the tables 6,7 and 8 by addressing the inherent data
imbalance problem through the application of Random Over Sampling. This technique
effectively mitigates the bias presented by imbalanced data analysis enabling the model to learn
more robust and generalizable representations. Furthermore, the integration of the LBSA
framework for types elected play a vital role in developing model performance. By identifying
and selecting the most informative features, LBSA reduces the dimensionality of the data. The
synergistic gathering of Random over Sampling and LBSA enhances the suggested model to
achieve superior results in terms of accuracy, precision, recall, fl-score metrics when
classifying by Random Forest compared to state-of-the-art approaches in comparison to the
classification results of Random Forest algorithm itself without using Random over Sampling
technique to balance the data analysis besides not using LBSA framework.
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TABLE 13. Evaluation Results of proposed Adaptive LBSA-RF model on IBM Telecom
dataset compared to related work.

Source Techniques
studies

Wu et Logistic Regression
all[24]

Decision Tree

Random Forest

AdaBoost

Layer Pepception

S. Wael et Deep-BP-ANN

al. [27] Linear Regession
XG Boost
KNN
Seyed BO-LightGBM
Mohammad
et al[26]

Irina V. ISMOTEOWELEM
Pustokhina average
et al. [14]
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Precision Recall

0.651

0.517

0.615

0.549

0.661

0.551

0.653

0.554

0.654

0.528

0.847
0.745
0.818
0.731

0.545

0.787

0.507

0.720

0.661

0.551

0.653

0.554

0.534

0.763

0.930
0.789
0.920
0.847

f1-
Score

0.595

0.624

0.552

0.622

0.552

0.628

0.586

0.631

0.587

0.624

0.886
0.766
0.866
0.785
0.591

0.918

Accuracy

0.801

0.748

0.783

0.767

0.795

0.769

0.800

0.771

0.801

0.756

0.881
0.759
0.857
0.768
0.804

0.920
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Proposed Adaptive LBSA-RF model 0.865 0.862 0.863 0.863
average of 5 runs

Table 13 presents the results of the proposed Adaptive LBSA-RF model when applied on the
IBM Telecom dataset where it outperforms the results of Wu et al. [27], and Samah et al
techniques in terms of precision, recall, f1-score and accuracy. Also, this research proposed
model outperforms Seyed Mohammad et al and Irina V. Pustokhina et al[14] , techniques in
terms of fl-score and accuracy.

VIII Conclusion

This research proposes an architecture adaptive Al model for customer churn prediction
problem in organizations; this adaptive Al model is choosing the suitable types needed with
the labeled feature before training & testing the data analysis after feature reduction through
machine learning algorithm performing the prediction process. The experiments ensured that
Adaptive LBSA-RF is a fully automated method that can elect best appropriate features to be
elected for the churn prediction problem. Adaptive LBSA-RF solve the issue of extreme
distribution through using the opposition-based learning(OBL) method. After that, the
automated elected types enter as the input dataset for the Random Forest classifier that perform
the predictions. To verify the effectiveness of suggested method, three benchmark data
analysis, two of them connected to telecom sector, one connected to car insurance sector and
two are related to banking sector verifying the performance of the model through measuring
Accuracy, Precision, Recall and f1-score metrics. The results assured that Adaptive LBSA-RF
is appropriate to different types of tabular labeled data analysis from the perspectives of
improving types selection performance and churn prediction task accuracy by classifying using
Random Forest algorithm which performed outstanding Accuracy, Precision, Recall and f1-
score metrics results compared to related work in the results section, where it achieved average
of 5 runs for all performance metrics used to validate the model on different three dataset from
different industries as follows 0.942 for precession, 0.919 for recall, 0.930 for fl-score and
0.932 for accuracy on Orange dataset. Also the Adaptive LBSA-RF model achieved average
of 5 runs for all performance metrics used to validate the model as follows 0.865 for precession,
0.862 for recall, 0.863 for fl-score and 0.863 for accuracy on IBM telecom data analysis in
conclusion on the Bank Churn dataset Adaptive LBSA-RF model achieved average of 5 runs
for all performance metrics used to validate the model as follows 0.905 for precession, 0.831
for recall, 0.867 for fl-score and 0.871 for accuracy, showing the model’s generalizability
which is not limited to scope to a definite industry or business case. Future work may include
applying the Adaptive LBSA-RF model on stock market predictions.
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