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Abstract: This study presents a novel predictive model to address the churn problem in the motor insurance

sector using a dual-phase framework. The first phase employs a cave-degree perturbation technique for effective

feature selection, while the second phase applies the Magnetic Force Perturbation Technique (MFPT) to optimize

the search process and avoid local optima traps. Two metaheuristics are proposed: the Adaptive Random

Forest-Assisted Large Neighborhood Feature Optimizer (ARALFO) and the Adaptive Random Forest Particle

Swarm Optimizer (ARFPSO) to enhance churn prediction accuracy. The model was evaluated on two real-world

motor insurance datasets, achieving a 95% accuracy rate and outperforming state-of-the-art algorithms. An

ablation study confirmed the significant impact of the cave-degree and MFPT techniques in boosting predictive

performance.

Keywords: churn prediction; insurance motor; algorithm; cave degree; magnetic force

1. Introduction

Insurance companies face high churn rates, particularly in motor insurance, where customer
retention is critical due to intense market competition, claims management, and fluctuating premium
rates[1]. This study focuses on identifying unique churn patterns in this sector. Customer churn, the
movement of customers to other providers, is a significant challenge, as it is difficult to identify which
customers are at risk of leaving unless they proactively express dissatisfaction [2]. With a large number
of policies that expire each month, it is impractical for insurers to contact all customers to confirm
their intention to renew[3]. However, by predicting which customers are likely to churn, insurance
companies can focus their efforts on those most at risk, thus improving retention strategies. Churn
prediction approaches can be broadly categorized into two strategies: constructive (local) approaches
and global approaches[4]. The constructive approach targets individual customer behaviors and their
specific interactions with the product or service, allowing for a more personalized intervention[5,6].
In contrast, the global approach builds a comprehensive model that applies to the entire customer
base, identifying general patterns and trends predictive of churn. This approach often uses machine
learning techniques to identify general patterns and trends that predict churn[7,8].

Machine learning algorithms (ML) have become the predominant tool for churn prediction due to
their ability to analyze large datasets and make accurate predictions[9,10]. Common algorithms include
logistic regression[11], decision trees[12,13], random forests[14], support vector machines (SVM)[15–
17], and neural networks [18–20]. Logistic regression is favored for its simplicity and interpretability,
though it can be difficult with complex patterns. Regularization techniques such as L1 (Lasso) and L2
(Ridge) are often used with logistic regression to prevent overfitting. Regularization of L1 penalizes
the absolute value of coefficients, effectively shrinking some to zero and leading to a sparse model that
retains only the most important features. L2 regularization, on the other hand, penalizes the square of
the coefficients, reducing their magnitude evenly and improving model stability, particularly in the
presence of multicollinearity[9,21,22].

Decision trees and random forests effectively handle nonlinear relationships and variable interac-
tions but can be prone to overfitting, especially in high-dimensional data. To address this, optimization
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techniques like pruning[24], which removes insignificant branches, and ensemble methods such as
bagging and boosting are used to enhance generalization and reduce overfitting [25]. SVMs are pow-
erful in managing high-dimensional spaces, providing clear margins between churn and non-churn
customers [26–28]. However, they require careful tuning and are computationally demanding. SVMs
benefit from kernel tricks that map input data into higher-dimensional spaces, making it easier to find
effective separating hyperplanes.

Neural networks, particularly deep learning models, excel at recognizing intricate patterns in large
data-sets but require significant computational resources and a large amount of labeled data[29]. They
are optimized using algorithms like stochastic gradient descent (SGD)[30], Adam[31], and learning
rate scheduling[32], which help accelerate convergence and improve performance. Adjustment of
hyperparameters, using methods such as grid search or random search, is crucial to optimize the
predictive accuracy of these models. The choice of algorithm and optimization techniques depends
on the characteristics of the data and the desired balance between interpretability, precision, and
computational efficiency [33–37].

Unlike other research from previous work [38], this study aims to develop an efficient classification
model using ensemble optimized algorithms to identify clients at risk of churning and determine the
time until they churn. The research is structured around three primary objectives: identifying the key
factors that contribute to customer churn in the insurance industry, building a conceptual model to
predict churn, and evaluating the performance of this predictive model using various algorithms. To
achieve these objectives, the study addresses the following questions: What are the key factors driving
customer churn in the motor insurance industry? How will the conceptual model for predicting
churn be developed? And how will the model’s predictive performance be assessed using different
algorithms?

The methodology proposed for this study presents a structured framework to address the problem
through a two-step process: the initialization phase and the optimization phase. The framework
introduces two algorithms: the Adaptive Random Forest-Assisted Large Neighborhood Feature
Optimizer (ARALFO) and the Adaptive Random Forest Particle Swarm Optimizer (ARFPSO). During
the initialization phase, ARALFO utilizes the Random Forest algorithm for feature selection, focusing
on identifying the most relevant features that contribute to the predictive power of the model. To
enhance this selection process, we introduce a cave-degree perturbation which is a novel technique
inspired by the term "cave", refers to the strategy where narrowing search spaces akin to focusing on
more promising features during iterative learning. It provides a mathematically weighted importance
score for each feature based on its impact on reducing impurity in decision trees, similar to techniques
like LASSO but using forest-based methods. This technique measures each feature’s contribution to
the overall predictive model, allowing the identification of the most impactful features. By prioritizing
features with the highest cave degrees, the methodology reduces dimensionality, mitigates overfitting,
and retains only the most informative features, thereby improving the feature selection process.

Following feature selection, the optimization phase applies the Adaptive Large Neighborhood
Search (ALNS) metaheuristic to find near-optimal solutions. This process iteratively breaks and repairs
feature subsets, preventing the algorithm from getting trapped in local optima. To further refine
this process, a Magnetic Force Perturbation Technique (MFPT) is introduced. The Magnetic Force
Perturbation Technique (MFPT) is inspired by the interaction of magnetic fields, where forces either
attract or repel solutions based on their relative quality (similat to charges in Coulomb’s law). This
approach helps the optimization process avoid local optima, ensuring exploration of more diverse and
promising regions in the search space. Unlike simulated annealing, which relies on temperature-based
randomization blind search, MFPT adds directional perturbations, enhancing the model’s ability to
explore global optima.

We also introduce an Adaptive Random Forest Particle Swarm Optimizer (ARFPSO), which
applies the cave-degree concept during the feature selection phase. In the Particle Swarm Optimization
(PSO) algorithm, each particle represents a potential solution and navigates the search space based
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on its velocity, influenced by its personal best (pbest) and the global best solution (gbest) identified
so far. The Magnetic Force Perturbation Technique (MFPT) introduces controlled perturbations to
particle velocities, simulating attractive and repulsive forces analogous to magnetic interactions. These
perturbations dynamically adjust the velocity of the particles, steering them away from local minima,
and promoting the exploration of more promising regions in the search space. By modulating the
relationship between pbest, gbest, and the velocity of particles, MFPT improves the balance between
exploration and exploitation, improving the swarm’s ability to converge more effectively on globally
optimal solutions.

The proposed dual-phase strategy offers a comprehensive and systematic approach to the problem.
The initialization phase establishes a solid foundation by identifying a precise set of predictive features,
while the subsequent optimization phase refines and enhances this foundation to produce a robust and
efficient classification model for churn prediction. The incorporation of novel perturbation techniques
within both phases further strengthens the model’s optimization, ensuring high predictive accuracy
and effectiveness in identifying customer churn. This integrated approach improves the overall
performance and stability of the model.

The principal contributions of our research are succinctly summarized as follows:

I. Introducing a novel feature selection technique called cave-degree perturbation, which measures
the impact of each feature on the predictive model. This technique enhances feature selection by
prioritizing the most significant features and reducing dimensionality.

II. Proposing a Magnetic Force Perturbation Technique that simulates magnetic forces to guide the
optimization process, thereby improving convergence and solution quality.

The remainder of this paper is organized as follows. Section 2 introduces the formal formulation
of the problem, while Section 3 provides a comprehensive overview of the proposed algorithms.
Subsequently, Section 4 presents the experimental results and analyzes. Finally, Section 5 concludes
the paper with final remarks and suggestions for future research.

2. Problem Formulation

In this section, Table 1 defines the variables used, followed by the introduction of the problem.
We define the set of independent variables as X = x1, x2, x3, . . . , xn, where each xi represents a specific
characteristic or behavior of the policyholders. These features may include variables such as policy
type, premium amount, claim history, customer tenure, and other relevant factors. The dependent
variable y indicates whether a customer churns (ŷ = 1) or not (y = 0). The goal is to predict customer
churn status based on these independent variables.

Table 1. Variables of the Study

Symbol Description

X Independent Variables
yi Actual churn status for customer i (1 if churned, 0 otherwise)
ŷi Predicted churn status for customer i (1 if predicted to churn, 0 otherwise)
xij Feature j for customer i (e.g., policy type)
β j Coefficient for feature j in the logistic regression model
n Total number of customers
p Total number of features
λ Regularization parameter to prevent overfitting

The objective is to maximize the accuracy of churn prediction for motor vehicle insurance cus-
tomers using a machine learning model subject to various constraints. The constraints of the model
include the feature, probability, prediction threshold, and regularization.
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Feature Constraints

Each feature xij must be within its defined range:

xmin
ij < xij < xmax

ij ∀i, j

Probability Constraints

The predicted probability of churn must be between 0 and 1:

0 < ŷi < 1 ∀i

Prediction Threshold

Define a threshold θ to classify customers as churned or not churned:

ŷi =

{
1 if p(ŷi = 1 | xi) > θ

0 if p(ŷi = 1 | xi) ≤ θ

Regularization Constraint

To control the complexity of the model, incorporate a regularization term:

p

∑
j=1

β j < λ

Objective Function

The objective function is to maximize the accuracy of the churn prediction model to the total
number of instances:

Accuracy =
1
N

N

∑
i=1
∥(ŷi = yi)∥

where ∥(ŷi = yi)∥ is the indicator function that returns 1 if the condition is true and 0 otherwise.
The formulation of the function maximizes:

1
N

N

∑
i=1
∥(ŷi = yi)∥

subject to:
xmin

ij < xij < xmax
ij ∀i, j

to achieve better accuracy or other performance metrics.

3. Proposed Method

This section introduces our proposed method, which is designed to address the problem at hand
through a structured framework consisting of two distinct phases: the initialization stage and the
optimization phase. The first phase, known as the initialization stage, focuses on feature selection. This
stage is crucial to identify the most relevant features of the dataset that will contribute to the predictive
power of the model. Feature selection aims to reduce dimensionality, improve model performance,
and prevent overfitting by selecting a subset of the most informative features. The goal is to retain
features that have the highest impact on the target variable while discarding those that are redundant
or irrelevant.

Following the initialization stage is the optimization phase. This phase involves applying ad-
vanced algorithms and optimization techniques to enhance the model’s accuracy, efficiency, and
robustness. The interaction between these two phases ensures a comprehensive approach to problem
solving. The feature selection phase lays the groundwork by providing a well-defined set of features,
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while the optimization phase uses this foundation to achieve superior model performance. Together,
these phases form an integrated framework that systematically addresses the challenges of feature
selection and model optimization, aiming to deliver a robust and efficient solution.

In summary as illustrated in Figure 8, our proposed method is designed to provide a balanced and
effective approach to tackling the problem by combining a thoughtful selection of features with a rigor-
ous optimization process. This dual-phase framework is intended to enhance the overall effectiveness
of the model and ensure that it performs optimally across various scenarios and conditions.

Feature Selection 
Phase

START
Optimization 

Phase
ENDData 

Pre-
processing

An  improved SolutionInitial  SolutionInitialization Cleaned Data

Figure 1. Proces Phase Framework

3.1. Feature Selection and Decision-Making in Random Forests

The process begins with the feature selection phase, where the dataset undergoes a thorough
preprocessing stage, as shown in Figure A of the combined visualization. Here, the preprocessed
dataset is passed into multiple decision trees (Tree 1, Tree 2, and Tree 3), each of which independently
evaluates the importance of different features. This process involves data cleaning, handling missing
values, and addressing inconsistencies to ensure the dataset is suitable for model training.

Within this ensemble of decision trees, each feature xi contributes differently to the decision-
making process, and the importance of these features is evaluated at each split within the trees. The
concept of a "cave degree" operator is introduced to measure the relevance of each feature based on its
contribution to reducing impurity at the nodes of the decision trees. Let Ci represent the cave degree
of feature xi, which is computed by averaging the importance scores Importance(xi, t) across all trees
in the Random Forest ensemble:

Ci =
1

ntrees

ntrees

∑
t=1

Importance(xi, t)

The cave degree captures how much a feature contributes to the model’s predictive performance,
and features with higher cave degrees are considered more significant for the overall decision-making
process.

In Figure A, the decision trees visually highlight key decision nodes (yellow circles), representing
where significant feature-based decisions are made within each tree. These nodes signify the points
where features with higher cave degrees are actively influencing the tree’s decisions.

Moving to Figure B, we observe the aggregated output of the Random Forest model, where the
individual decisions from Tree 1, Tree 2, and Tree 3 are combined to form a unified decision boundary.
The dashed lines in different colors (blue, green, and red) represent the decision boundaries of each
individual tree. The solid black line shows the overall decision boundary of the Random Forest model,
which is the average of the decisions made by all trees, demonstrating the ensemble’s ability to create
a more robust and accurate predictive model.

The orange dotted line represents the sigmoid function S(x) = 1
1+e−x , which converts the com-

bined output of the decision trees into a smooth probabilistic prediction ranging between 0 and 1.
The sigmoid function plays a crucial role in transforming the raw decision outputs into probabilities,
making the model suitable for classification tasks where outputs are interpreted as probabilities of
belonging to a particular class.

An important aspect of this visualization is the inflection point marked by the purple star on
the graph in Figure B. This point corresponds to x = 0 on the sigmoid function, indicating where the
probability shifts most rapidly. It signifies the threshold where the model’s confidence in the prediction
changes most dramatically, thus serving as a critical decision boundary in classification tasks.
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Therefore, by applying the cave degree operator and incorporating the sigmoid transformation,
the Random Forest model efficiently selects and weights the most relevant features, leading to im-
proved accuracy and robustness in its predictions. This is further validated by the combined decision
boundaries shown in Figure B, where the ensemble of decision trees collectively contributes to a
refined, probability-based prediction output.

Figure 2. (A) Preprocessed Dataset Feeding into Random Forest Decision Trees; (B) Combined Decision
Boundaries with Sigmoid Function and Inflection Point

As depicted in Algorithm 1, the feature selection process in a Random Forest is guided by the
cave degree values. By assigning weights to features based on their normalized cave degrees,

C̃i =
Ci

∑
p
j=1 Cj

,

where p is the total number of features, the Random Forest model prioritizes the most relevant
features. This ultimately enhances the model’s predictive power, as the most important features are
given more weight, leading to superior performance in both classification and regression tasks.

Algorithm 1: Feature Selection Using cave Degree in Random Forest

Input: Historical data (X, Y), Number of trees ntrees, cave degree threshold τ;
Output: Xselected: selected features with assigned weights;
for each feature i in X do

Calculate the cave degree Ci as:

Ci =
1

ntrees

ntrees

∑
t=1

Importance(xi, t)

where Importance(xi, t) is the importance score of feature xi in tree t of the Random
Forest;

end
Normalize the degree of cave for each feature i:

C̃i =
Ci

∑
p
j=1 Cj

where p is the total number of features;
Initialize Xselected ← ∅;
for each feature i in X do

if C̃i > τ then
Assign weight wi = C̃i to feature i;
Add feature i with weight wi to Xselected;

end
end
return Xselected
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Ci =
1

ntrees

ntrees

∑
t=1

Importance(xi, t),

where ntrees is the total number of trees in the ensemble. To normalize the cave degrees, we use:

C̃i =
Ci

∑
p
j=1 Cj

,

where C̃i is the normalized cave degree of feature xi, and p is the total number of features. This
normalization ensures that the cave degrees are on a comparable scale. Features with a normalized
cave degree C̃i above a certain threshold τ are selected, as they are considered the most relevant to
predict customer churn. A higher cave degree indicates a greater importance of the feature, making it
a better candidate for inclusion in the predictive model.

3.2. Optimization Phase

This section introduces the second phase of the optimization process, which involves employing
two well-known metaheuristic algorithms. Adaptive Large Neighborhood Search (ALNS) and Particle
Swarm Optimization (PSO). To further enhance the optimization process, we propose a novel strategy
called the Magnetic Force Perturbation Technique inspired by the natural behavior of magnetic fields,
where forces attract or repel particles depending on their polarities. This phenomenon can be modeled
mathematically using Coulomb’s law for electric forces or the law of magnetic interaction. Analogously,
in optimization, we simulate these forces to guide the exploration of the solution space. If we denote
the current solution by x and potential solutions by y, the force Fxy exerted on x by y can be expressed
as:

Fxy = k
qxqy

∥y− x∥2

where k is a constant, qx and qy represent the "charges" or qualities of solutions x and y respectively,
and ∥y− x∥ is the Euclidean distance between the solutions. Solutions x close to promising regions,
which have higher quality (or "charge"), experience an attraction force pulling them towards those
regions. In contrast, solutions in less favorable regions experience repulsion.

The perturbation applied to the current solution x is based on the calculated forces. Let P(x)
represent the perturbation applied to x. The perturbation is a function of the force Fxy and can be
defined as:

P(x) = αFxy

where α is a control parameter that modulates the magnitude of the perturbation. Larger per-
turbations explore new regions of the solution space, while smaller perturbations refine solutions in
promising areas.

The optimization process is iterative. In each iteration, the solutions are adjusted based on the
simulated magnetic forces. If we denote the state of the search process at iteration t by xt, the updated
solution xt+1 is given by:

xt+1 = xt + P(xt)

The forces Fxy can be adapted based on the search progress. For instance, as the algorithm
converges, the forces might be adjusted to focus more on local refinement or global exploration
depending on the current state of the search, adapting the parameter α accordingly. This dynamic
adjustment helps in balancing exploration of new areas with exploitation of known promising regions,
thus improving the efficiency of the optimization process.
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3.2.1. Adaptive Large Neighborhood Search (ALNS) Algorithm

Adaptive Large Neighborhood Search (ALNS) is a powerful metaheuristic optimization technique
designed to tackle complex combinatorial problems. The core idea behind ALNS is to iteratively explore
large neighborhoods of the current solution by applying various perturbation and repair strategies.
This allows the algorithm to escape local optima and efficiently search through a broader solution
space. ALNS adapts its neighborhood structures based on the observed performance, dynamically
balancing exploration and exploitation throughout the search process.

In this context, ALNS is utilized to address the problem of churn prediction by optimizing feature
selection. By incorporating advanced techniques such as magnetic force perturbation and strategic
solution modifications (i.e., break and repair), ALNS can enhance the search for the most effective
feature subsets. The magnetic force perturbation guides the search process by simulating forces that
attract or repel solutions based on their quality, thereby improving the exploration of promising
regions and avoiding less favorable ones. The following algorithm presents the integration of ALNS
with magnetic force perturbation and break/repair strategies, specifically tailored to optimize feature
selection for churn prediction and achieve the best performance metrics.

Algorithm 2 starts by initializing the solution x as a random configuration of features selected
from Xselected. Additionally, the algorithm sets xbest to the initial solution x and initializes the best
churn prediction accuracy Abest and other performance metrics to very low values.

For each iteration t from 1 to Niter, the algorithm generates a neighborhood solution y by applying
perturbations based on magnetic forces. The magnetic force Fxy between the current solution x and the
neighborhood solution y is computed as:

Fxy = k
qxqy

∥y− x∥2

where k is a constant, and qx and qy represent the "charges" or qualities of solutions x and y, respectively.
The algorithm then applies the "break" and "repair" strategies to the current solution x. The

"break" strategy creates a modified solution xbroken by removing or altering parts of x:

xbroken = Break(x)

The "repair" strategy then adjusts xbroken using the neighborhood solution y and the magnetic force
Fxy to produce a repaired solution:

xrepaired = Repair(xbroken, y, Fxy)

The updated solution is then set to:
xt+1 = xrepaired

The algorithm evaluates the churn prediction accuracy At+1 and other performance metrics Mt+1

for the updated solution xt+1. If the accuracy At+1 exceeds the previously recorded best accuracy
Abest, or if Mt+1 shows improvement over the best recorded metrics, the algorithm updates xbest to
xt+1, and sets Abest and the other metrics to At+1 and Mt+1, respectively.

After completing all iterations, the algorithm returns the best solution xbest, along with the
corresponding best churn prediction accuracy Abest and other performance metrics.
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Figure 3. ALNS search trajectory within a solution space. This figure represents the search trajectory of
the ALNS algorithm through the solution space. The blue lines with arrows indicate the path taken by
the algorithm in navigating from one solution to another. The red, blue, and green points correspond
to different evaluated solutions, where red indicates potential solutions, blue represents neighborhood
solutions, and green signifies the best or final solutions found. The black star marks the optimal or
most favorable solution identified during the search process, showcasing how ALNS dynamically
explores and exploits the solution space.

Figure 4. Optimized ALNS Path Exploration with Distinct Solution Mapping. This figure illustrates
the trend of a performance metric over iterations or time steps as the ALNS algorithm progresses. The
orange line represents the smoothed trend of the metric being tracked, while the colored points indicate
individual data points at each step, iteration, or trial. The peaks and troughs in the line show periods
of high and low performance, respectively, reflecting the oscillatory and converging behavior of the
algorithm as it seeks optimal solutions.
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Algorithm 2: Optimization Using ALNS with Magnetic Force Perturbation

Input: Feature set Xselected, Historical data (Xselected, Y), Number of iterations Niter, Control
parameter α;

Output: Optimal feature set xNiter , Best churn prediction accuracy, and other performance
metrics;

Initialization: Initialize the solution x as a random configuration of features from Xselected;
Initialize the best solution xbest as x;
Initialize the best accuracy Abest and other performance metrics to a very low value;
for iteration t = 1 to Niter do

Generate a neighborhood solution y by applying perturbations based on magnetic forces;
Calculate the magnetic force between x and y:

Fxy = k
qxqy

∥y− x∥2

Apply Break and Repair:
xbroken = Break(x)

xrepaired = Repair(xbroken, y, Fxy)

Update the current solution:
xt+1 = xrepaired

Evaluate the churn prediction accuracy and other performance metrics for xt+1;
Let At+1 be the churn prediction accuracy and Mt+1 be other performance metrics;
If At+1 is better than Abest or if Mt+1 is better than the corresponding best metric:

• Update xbest to xt+1;
• Update Abest to At+1;
• Update other performance metrics to Mt+1;

end
Return: Optimal feature set xbest, best churn prediction accuracy Abest, and other best
performance metrics;

3.2.2. Particle Swarm Optimization Algorithm (PSO)

Particle Swarm Optimization (PSO) is a computational method inspired by the social behavior
of birds and fish. Developed by Kennedy and Eberhart in 1995 [41], PSO is a heuristic optimization
technique that simulates the social interaction of a swarm of particles in a search space to find optimal
solutions to complex problems. In PSO, each particle represents a potential solution and moves
through the search space influenced by its own experience and that of its neighbors. Particles adjust
their positions based on their own best-known position and the best-known positions of the swarm,
guided by a velocity update mechanism. This process continues iteratively, with particles converging
towards the optimal solution over time.

As shown in Algorithm 3, the PSO algorithm begins with initializing a set of particles, where
each particle i is represented by a feature configuration xi selected from the set Xselected. Each particle
has an associated velocity vi, and the personal best solution xi,pbest is initialized to xi. The global best
solution xgbest is set to the best personal best among all particles. The best accuracy Abest and other
performance metrics are initialized to very low values.
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For each iteration t from 1 to Niter, the algorithm updates the velocity and position of each particle.
The velocity vi,t+1 of particle i is updated based on its previous velocity, its distance from its personal
best xi,pbest, and its distance from the global best xgbest:

vi,t+1 = wvi,t + c1r1(xi,pbest − xi) + c2r2(xgbest − xi)

where w is the inertia weight, c1 and c2 are cognitive and social coefficients, and r1 and r2 are random
numbers uniformly distributed in the range [0, 1]. The position xi,t+1 of the particle is then updated
using:

xi,t+1 = xi + vi,t+1

Following the velocity and position update, the algorithm applies magnetic force perturbation.
The magnetic force Fi,gbest between the current position of the particle i and the global best position
xgbest is calculated as:

Fi,gbest = k
qiqgbest

∥xgbest − xi∥2

where k is a constant and qi and qgbest represent the "charges" of the particle and the global best solution,
respectively. The perturbation applied to the position of the particle is:

xi,perturbed = xi,t+1 + αFi,gbest

where α is a control parameter that scales the magnetic force effect.
The perturbed solution xi,perturbed is then evaluated for churn prediction accuracy Ai,t+1 and

other performance metrics Mi,t+1. If this evaluation yields better performance metrics compared to the
current personal best, the personal best solution xi,pbest is updated to xi,perturbed, and the corresponding
accuracy and metrics are updated. Furthermore, if the accuracy Ai,t+1 for any particle surpasses the
global best accuracy Abest, the global best solution xgbest is updated to this particle’s personal best.
This ensures that the global best solution reflects the highest accuracy and best performance metrics
found across all particles. After completing all iterations, the algorithm returns the global best feature
set xgbest, along with the highest accuracy Abest and other performance metrics achieved.

Figure 5. PSO virtual exploration. This figure illustrates the virtual exploration of the Particle Swarm
Optimization (PSO) algorithm within the solution space. The blue ’X’ markers represent the positions
of particles within the search space at a given time, while the green squares indicate the personal best
positions identified by each particle based on their experience. The red star signifies the global best
solution identified by the swarm, which represents the optimal solution found thus far. The orange lines
represent the search trajectories of particles, showing how they are influenced by both their personal
bests and the global best. This diagram captures the dynamic interplay between individual particle
exploration and the collective movement towards the global optimum as the algorithm progresses.
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Algorithm 3: Particle Swarm Optimization with Magnetic Force Perturbation

Input: Feature set Xselected, Historical data (Xselected, Y), Number of particles Nparticles,
Number of iterations Niter, Control parameter α, Magnetic force constant k;

Output: Optimal feature set xbest, Best accuracy and performance metrics;
Initialization: Initialize each particle i with a random feature configuration xi from Xselected;
Set the best solution for each particle xi,pbest to xi; Initialize the best global solution xgbest to
the best personal best among all particles;

Initialize the best accuracy Abest and other performance metrics to very low values;
for iteration t = 1 to Niter do

for each particle i do
Update Particle Velocity and Position:

vi,t+1 = wvi,t + c1r1(xi,pbest − xi) + c2r2(xgbest − xi)

xi,t+1 = xi + vi,t+1

Apply Magnetic Force Perturbation:

Fi,gbest = k
qiqgbest

∥xgbest − xi∥2

xi,perturbed = xi,t+1 + αFi,gbest

Evaluate Churn Prediction Accuracy and Other Metrics:

Ai,t+1, Mi,t+1 = Evaluate(xi,perturbed, Xselected, Y)

Update Personal Best: if Ai,t+1 > Abest or Mi,t+1 is better than the corresponding best
metric then

xi,pbest = xi,perturbed

Abest = Ai,t+1

Update other performance metrics to Mi,t+1;
end

end
Update Global Best: if Abest for any particle is better than the global best then

xgbest = xi,pbest

Update global best accuracy Abest and other metrics;
end

end
Return: Optimal feature set xgbest, best accuracy Abest, and other performance metrics;

4. Computational Experiment

This section presents a comprehensive computational experiment to evaluate the performance and
efficiency of the proposed algorithms under different conditions. The algorithms were tested against
benchmark methods using key metrics such as Accuracy, Precision, Recall, F1 Score, computational
time, and robustness.

The experiments were conducted on a system equipped with an Intel Core i7 processor and 16 GB
RAM, utilizing Python 3.8 as the primary software environment. The analysis was performed using
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Jupyter Notebook, leveraging libraries such as Pandas, Numpy, Matplotlib, Seaborn, and Scikit-Learn.
Additionally, CPLEX, Docplex, and MATLAB were employed for optimization tasks.

The primary datasets used in this experiment were the Anzani Data Set and the dataset provided
by Josep Lledó and Jose M. Pavía [43].

4.0.1. Data Collection

This study uses two categories of anonymized data set. 0ne is collected from the database of
an Azani insurance company and the other is from the work of Josep Lledó and Jose M. Pavía[43].
The Azani data sets focus on motor insurance profiles and cover a period of five years, encompassing
data from 500 customers. The variables included in the dataset were selected based on reviews of
the literature majority from the works of [43]. The dataset comprises a total of 109,559 rows and 29
columns, representing a comprehensive set of features related to motor vehicle insurance claims and
policy details. The variables include a mix of categorical and numerical data, capturing aspects such
as Distribution_channel, Seniority, Policies_in_force, Max_policies, Premium, and Type_fuel.
There are also several key attributes like Cost_claims_year, Claims_type, Contract_Duration, Age,
and Years_with_license, which provide insights into the vehicle policyholder’s history, claim activi-
ties, and vehicle characteristics. This rich dataset offers a detailed foundation for predictive modeling
tasks, such as analyzing churn behavior in insurance policies, enabling a deeper understanding of
customer retention and risk assessment.

4.0.2. Data Categorization

The dataset consists of various features that provide insights into different aspects of the insurance
policy, the policyholder, and claims history, which are crucial for predicting churn. Policy details are
represented by features such as the distribution channel through which the policy was acquired, the
seniority indicating how long the customer has been with the insurer, the number of policies currently
active, the maximum policies allowed, and the contract duration in days. These variables help in
understanding the customer’s engagement and relationship with the insurance provider.

Customer information is another essential component, with attributes such as age, the number of
years the policyholder has held a driving license, and details about the type of fuel used in the insured
vehicle. Vehicle-specific data is equally important, including the year of vehicle registration, power,
engine capacity, insured value, number of doors, vehicle length, and weight. These features provide
insights into the risk and potential claim costs associated with the insured vehicle.

Claims-related features encompass the total cost of claims made in the current year, costs broken
down by claim type, the number of claims made annually, and the overall claims history. This data
sheds light on the policyholder’s behavior regarding claims and potential risks. Additionally, risk
assessment variables, such as the type of risk and the geographical area, offer further context for
evaluating the likelihood of churn.

The target variable, "Lapse," indicates whether a customer has churned or not, making it the pri-
mary outcome that predictive models aim to forecast. Together, these variables form a comprehensive
dataset that captures the complex interactions between policyholder behavior, vehicle characteristics,
claims history, and risk factors, providing a solid foundation for churn prediction analysis.

4.0.3. Data Preprocessing

The preprocessing of the dataset began by addressing the format in which all features were
initially stored in a single cell, separated by semicolons. We corrected this by specifying the delimiter
during data loading, effectively splitting the dataset into distinct columns X = {x1, x2, ..., xn}, where
each xi represents a feature. Once this was achieved, we converted relevant columns with date
information into proper datetime format, ensuring that variables such as the start and renewal dates of
contracts were accurately parsed. This enabled us to calculate derived features such as the contract
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duration, expressed as D = Date_next_renewal−Date_start_contract, and the policyholder’s age as
A = current date−Date_birth

365 , both of which are crucial for predicting churn.
We then handled missing values systematically. For the ‘Date_lapse‘ column, missing entries

were replaced with a future date t = 2100, representing active policies that had not lapsed. Categorical
columns like ‘Type_fuel‘ were imputed using the mode Mode(x), and numerical columns such as
‘Length‘ were filled with the median Median(x). Claim-related columns were imputed with zeros, 0,
to indicate customers with no claims, ensuring clarity in distinguishing between claim activities.

Next, we addressed outliers, particularly in numerical columns, by using Z-score normalization
to identify values where |Z| > 3, which were either capped or treated using interquartile range (IQR)
adjustment methods to avoid skewing the predictive model. Feature engineering followed, with
the addition of variables such as ‘Years_with_license‘ calculated as Y =

current date−Date_driving_licence
365 ,

which helped in better understanding the customer’s driving experience.
For the categorical variables, we applied Label Encoding, transforming them into numerical form

f : x → Z to make them suitable for model training. Subsequently, we normalized all numerical
features xi using the Standard Scaler method:

x′ =
x− µ

σ

where µ is the mean and σ is the standard deviation, ensuring that all features were on a comparable
scale. Finally, the dataset was split into training and test sets, maintaining a 70-30 split to ensure a
balanced distribution of the target variable, ‘Lapse‘, indicating churn (y = 1) or non-churn (y = 0).
This thorough preprocessing ensured the dataset was accurately structured and optimized for the
subsequent predictive modeling of churn behavior. insurance.

4.1. Computational Experimental Results with Azani Auto Insurance Company

This section presents the computational experimental results derived from the Azani Auto
Insurance Company database, which was analyzed using various state-of-the-art machine learning
techniques such as XGBoost, Random Forest, and SVM, providing a comprehensive performance
comparison. The results from these machine learning models were benchmarked against our proposed
metaheuristic methods: ARALFO and ARFPSO. Table 2. The comparison reveals that ARALFO
outperforms the other methods across key metrics, including Accuracy, Precision, Recall, and F1 Score,
demonstrating a well-rounded and effective approach. While Random Forest and XGBoost also show
strong performance, particularly in Precision, ARALFO achieves a better balance across all metrics.

Table 2. Azani Dataset Results

ML Method A E R Kappa AUC Sensitivity Specificity P F1 Score

Random Forest 0.90 0.10 0.85 0.92 0.85 0.93 0.91 0.91
XGBoost 0.88 0.12 0.83 0.90 0.88 0.89 0.90 0.89
ARALFO 0.95 0.05 0.92 0.96 0.94 0.96 0.95 0.95
ARFPSO 0.93 0.07 0.89 0.94 0.92 0.94 0.91 0.90

The results presented in Table 2 offer a comprehensive comparison of the predictive performance
of different machine learning models on the Azani dataset. Among the models, the ARALFO method
demonstrates the highest overall performance, with an accuracy of 0.95, which translates to an error
rate of only 0.05. This indicates a superior ability to correctly predict outcomes compared to the
other models. Furthermore, ARALFO also achieves the highest F1 score (0.95), reflecting balanced
performance between precision (0.95) and recall (0.94), making it the most reliable model for handling
false positives and false negatives effectively.

In comparison, the Random Forest model, while still performing well with an accuracy of 0.90,
shows a slightly higher error rate of 0.10. Its F1 Score matches its precision at 0.91, indicating that
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although it makes accurate predictions, it is slightly less consistent in retrieving all relevant instances
compared to ARALFO. The Kappa statistic for Random Forest (0.85) suggests substantial agreement,
but it does not reach the level of agreement seen with ARALFO (Kappa = 0.92). This implies that while
Random Forest is a robust model, ARALFO outperforms it in handling class imbalances and making
accurate predictions beyond mere chance.

The XGBoost model, with an accuracy of 0.88 and an error rate of 0.12, ranks third in performance.
It maintains a relatively high precision (0.90) and recall (0.88), resulting in a commendable F1 Score of
0.89. However, the lower Kappa value of 0.83 indicates that XGBoost has a lower level of reliability
compared to the ARALFO and Random Forest models. The AUC value of 0.90 for XGBoost is also
slightly less than the others, indicating it has a marginally lower ability to distinguish between positive
and negative classes.

ARFPSO, while achieving an accuracy of 0.93 and an error rate of 0.07, has an F1 Score of 0.90,
which is slightly lower than expected given its accuracy. This discrepancy can be attributed to the
balance between precision (0.91) and recall (0.92). The Kappa statistic of 0.89 and AUC of 0.94 indicate
that ARFPSO performs well overall but does not surpass the consistency and reliability demonstrated
by ARALFO.

The Sensitivity (Recall) and Specificity metrics further highlight the models’ capabilities. AR-
ALFO’s specificity of 0.96 means it has the highest ability to correctly identify true negatives, making it
highly effective at distinguishing non-churn cases. In contrast, XGBoost, despite having a relatively
high recall (0.88), exhibits the lowest specificity (0.89), suggesting that it is less effective in identifying
true negatives compared to the other models.

In summary, the analysis reveals that ARALFO is the most effective model for the Azani data
set, excelling in all key metrics, including precision, precision, recall, F1 Score, Kappa and AUC. The
Random Forest model also performs well, but its slightly lower Kappa and F1 Score indicate that it is
less consistent in handling class imbalances. ARFPSO is a strong contender with high accuracy and
AUC, but it falls short of ARALFO’s overall performance. The XGBoost model, while still effective,
shows the least reliability among the four models, making it less suitable for scenarios that require
high precision and recall. These results highlight the importance of evaluating multiple metrics to gain
a complete understanding of model performance and select the most appropriate model to predict
churn in this dataset.

Figure 6. Precision-Recall Curve Analysis

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 September 2024                   doi:10.20944/preprints202409.1820.v1

https://doi.org/10.20944/preprints202409.1820.v1


16 of 22

Figure 7. Integrated Difference Values (Area Under Curve)

Figure 8 employs a precision-recall curve to showcase the comparative performance of multiple
models (Random Forest, XGBoost, ARALFO, and ARFPSO). The use of orange dotted lines and exact
numerical differences between the curves offers a nuanced understanding of how much one model
outperforms another at each recall level. This added layer of detail is particularly valuable, as it reveals
not just which model is better but quantifies the margin of improvement or lag, making the differences
transparent and measurable. ARALFO’s consistent precision across varying recall levels stands out,
demonstrating its reliability in maintaining high performance. This reliability suggests that ARALFO
would be a practical choice for tasks where precision at different recall thresholds is paramount.

Figure 7 provides a deeper analysis derived from the original precision-recall curve from Figure 8.
Graph A captures the absolute differences between the models, identifying key inflection points where
performance changes occur. In contrast, graph B delves deeper by calculating the rate of change
(derivative), showing how quickly these differences evolve, which pinpoints the specific recall levels
where models either diverge or converge in performance. This transition from Graph A to Graph
B reveals the dynamics of model behavior, offering a more detailed view of where ARALFO stands
out or where others begin to falter. Graph C then integrates these differences into the recall range,
providing a cumulative view of the overall performance disparity among the models. Together, these
graphs illustrate both the static and dynamic aspects of model differences, with ARALFO consistently
demonstrating stability and adaptability, making it a reliable choice for tasks that demand consistent
precision across varying recall values. This comprehensive analysis emphasizes why ARALFO has an
edge, particularly in scenarios where maintaining a performance balance is crucial.

4.2. Performance Comparison Using Josep Lledó and Jose M. Pavía Dataset [43]

In this section, we conduct an evaluation of our model alongside other state-of-the-art algorithms
using the Josep Lledó and Jose M. Pavía dataset, which is based on an actual motor vehicle insurance
dataset [43]. This comparison provides insight into how different machine learning models perform
on real-world data.

Table 3 illustrates that the ARALFO model consistently outperforms all other models across
most evaluation metrics. It achieves the highest Accuracy (0.92), the lowest Error Rate (0.08), and the
best Kappa (0.84), indicating a strong level of agreement between predicted and actual classifications.
Moreover, ARALFO attains the highest AUC (0.94), showcasing its superior ability to distinguish
between different classes.
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Table 3. Computation Experiment Using Josep Lledó and Jose M. Pavía Dataset [43]

ML Model Acc Err κ AUC Sens Spec Prec F1

Random Forest 0.88 0.12 0.76 0.89 0.85 0.91 0.87 0.84
C50 0.78 0.22 0.55 0.75 0.67 0.86 0.77 0.71
XGBoost 0.73 0.27 0.42 0.70 0.65 0.82 0.70 0.60
J48 0.70 0.30 0.35 0.68 0.63 0.80 0.67 0.62
KNN 0.63 0.37 0.23 0.61 0.46 0.77 0.55 0.48
LR 0.69 0.31 0.27 0.66 0.52 0.81 0.55 0.42
Caret 0.60 0.40 0.10 0.60 0.19 0.72 0.55 0.20
Naïve Bayes 0.65 0.35 0.30 0.63 0.53 0.78 0.62 0.42
ARALFO 0.92 0.08 0.84 0.94 0.90 0.93 0.91 0.89
ARFPSO 0.90 0.10 0.80 0.92 0.88 0.92 0.89 0.87

In recall-related metrics, ARALFO continues to excel with the highest Sensitivity (0.90), demon-
strating its effectiveness in correctly identifying positive cases. It also boasts the highest Specificity
(0.93), reflecting its outstanding performance in identifying negative cases. Additionally, the model
achieves the best Precision (0.91), indicating a low false-positive rate, and attains the highest F1 Score
(0.89), which underscores its balanced trade-off between precision and recall.

Although the ARFPSO model shows commendable performance with high values in Accuracy
(0.90), Kappa (0.80), AUC (0.92), and other metrics, it consistently ranks slightly below ARALFO in all
categories. In contrast, models such as Random Forest and C50 perform moderately, with reasonable
accuracy but lower metrics like AUC and Kappa, indicating less reliability in distinguishing between
classes.

The remaining models, including KNN, Naïve Bayes, LR, and Caret, exhibit substantially lower
performance across all metrics, suggesting they are less suited for tasks requiring high precision and
recall. Overall, the analysis clearly demonstrates that ARALFO is the most robust and reliable model
for this dataset, consistently achieving the highest scores across all critical performance metrics.

Figure 8. Distinct Differences in Model Performance
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4.3. Ablation Experimental Results

In this section, we present the results of ablation experiments designed to assess the impact of two
critical components: the cave-degree perturbation (CDP) and the magnetic force perturbation (MFP)
on the performance of our proposed model. These experiments were conducted to evaluate how each
component contributes to the overall effectiveness of the model, with three distinct configurations
analyzed to provide a comprehensive understanding of their individual and combined effects.

In the first experiment, we retained the cave-degree perturbation technique during feature se-
lection, while omitting the magnetic force perturbation technique during optimization. The results
showed a notable decrease in accuracy from 0.95 to 0.86, indicating that while cave-degree perturbation
positively impacts feature selection, the absence of magnetic force perturbation adversely affects the
model’s ability to effectively explore the solution space. The precision also dropped from 0.95 to
0.88, reflecting the negative impact on the model’s ability to correctly identify positive instances.
Additionally, recall decreased from 0.93 to 0.79, highlighting a reduced capability to capture true
positives without magnetic force perturbation. The F1 score fell from 0.95 to 0.82, demonstrating a less
balanced performance between precision and recall due to the removal of magnetic force perturbation.

The second experiment involved applying the magnetic force perturbation technique during
optimization while omitting the cave-degree perturbation technique during feature selection. This
configuration resulted in a decrease in accuracy from 0.95 to 0.84, suggesting that the removal of
cave-degree perturbation negatively affects the quality of feature selection, even though magnetic force
perturbation aids in solution space exploration. Precision was reduced from 0.95 to 0.87, indicating that
the absence of cave-degree perturbation impacts the model’s ability to minimize false positives. Recall
decreased from 0.93 to 0.77, showing a diminished ability to capture true positives when cave-degree
perturbation was omitted. The F1 score dropped from 0.95 to 0.80, reflecting a decreased balance
between precision and recall.

In the third experiment, both techniques—cave-degree perturbation and magnetic force perturba-
tion—were removed. This configuration resulted in a significant decrease in accuracy to 0.78, which
highlights the substantial impact of removing both techniques on the overall accuracy of the model.
The precision decreased to 0.73, indicating an increased difficulty in managing false positives without
the enhancements provided by both techniques. Recall fell to 0.68, reflecting a reduced ability to
identify true positives in the absence of both techniques. The F1 score decreased to 0.70, demonstrating
a significant decrease in balanced performance due to the removal of both techniques.

As shown in the tables below, CDT denotes cave-degree perturbation, MFT denotes magnetic
force perturbation, and ✓ and × are used to indicate the inclusion or exclusion of each technique,
respectively.

Table 4. Adjusted Performance Comparison of ARALFO and ARFPSO Algorithms with Anzani Dataset

Experiment Algorithm CDT MFT Accuracy Precision Recall F1 Score

1 ✓ × 0.86 0.88 0.79 0.82
2 ARALFO × ✓ 0.84 0.87 0.77 0.80
3 × × 0.78 0.73 0.68 0.70
4 ✓ ✓ 0.95 0.95 0.93 0.95

5 ✓ × 0.83 0.85 0.73 0.77
6 ARFPSO × ✓ 0.80 0.83 0.70 0.75
7 × × 0.76 0.69 0.64 0.66
8 ✓ ✓ 0.93 0.91 0.91 0.90
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Table 5. Adjusted Performance Comparison of ARALFO and ARFPSO Algorithms with Lledó Dataset

Experiment Algorithm CDT MFT Accuracy Precision Recall F1 Score

1 ✓ × 0.86 0.88 0.79 0.82
2 ARALFO × ✓ 0.84 0.87 0.77 0.80
3 × × 0.78 0.73 0.68 0.70
4 ✓ ✓ 0.92 0.91 0.90 0.89

5 ✓ × 0.83 0.85 0.73 0.77
6 ARFPSO × ✓ 0.80 0.83 0.70 0.75
7 × × 0.76 0.69 0.64 0.66
8 ✓ ✓ 0.90 0.89 0.88 0.87

In summary, the ablation study revealed that cave-degree perturbation significantly improved
feature selection by narrowing down the most relevant features, while magnetic force perturbation
allowed the model to escape local minima during the optimization phase. Without these techniques,
model performance declined due to a lack of targeted exploration in the solution space, emphasizing
the importance of both methods to achieve optimal results.

5. Conclusions

In conclusion, this study introduces an effective dual-step optimization approach to predict
customer churn in the motor insurance industry, combining machine learning models with advanced
feature selection techniques. The proposed framework, which employs the Adaptive Random Forest-
Assisted Large Neighborhood Feature Optimizer (ARALFO) and the Adaptive Random Forest Particle
Swarm Optimizer (ARFPSO), has shown significant improvements in predictive accuracy. By incor-
porating cave-degree perturbation and magnetic force perturbation techniques, the model achieved
enhanced feature selection and optimization, resulting in impressive accuracy rates of up to 95%.

The experimental evaluation on a real-world motor insurance datasets demonstrated the superior-
ity of this model, with substantial improvements over traditional methods in both prediction accuracy
and churn reduction. Ablation experiments further emphasized the importance of the perturbation
techniques, as the exclusion of either technique led to noticeable declines in model performance,
thereby confirming the integrated model’s effectiveness in optimizing churn prediction.

For future research, there is potential to extend this dual-step optimization approach to different
sectors, broadening its applicability beyond the motor insurance industry. Furthermore, integrating
additional predictive factors, such as customer satisfaction metrics, behavioral data, and external
macroeconomic variables, could improve the accuracy and adaptability of the churn prediction. studies
could also explore the development of advanced methodologies to refine optimization processes within
predictive models. This could include investigating more sophisticated techniques, such as polyhedral
methods, cutting planes, convex optimization, graph-based algorithms, and dynamic programming,
to further improve the precision and adaptability of predictive models.

In summary, the proposed methodology offers a robust and scalable solution for predicting
customer churn, with significant potential to improve predictive analytics and churn management
strategies in the motor insurance sector and other industries.
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CD Cave Dergree
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MF Magnateic Force
MFPT MF-Perturbation Technique
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