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ABSTRACT Today’s businesses rely heavily on focused marketing to improve their chances of growing and
keeping their consumer base. Internet behemoths like Google and Facebook have expanded their business
models around targeted advertisements that support business growth. Customer personality identification
helps for churn prediction for companies. This problem arises in several companies where customer leaves
companies formany reasons. This gap leads to conduct study for customer personality analysis. The collected
dataset was highly imbalanced in nature. Two class balancing approaches CTGAN (Conditional tabular
Generative adversarial networks) and SMOTE (Syntheticminority oversampling technique) has been utilized
to equalize the both classes. There are three ensemble approaches such as bagging, boosting and stacking
have been utilized for modeling purpose bagging approach uses Random Forest (RF) boosting utilizes
XGBoost (XGB), Light Gradient Boosting Machine (LGBM) and ADA Boost (ADA B). The proposed
Hybrid Model HSLR comprises of RF, XGB, ADA Boost, LGBM approaches as base classifiers and LR as
a Meta classifier. Three testing independent set, k-fold with 5 and 10 folds have been utilized. To evaluate
the performance of classifiers evaluation metrics such as Accuracy score, Precision, Recall, F1 score, MCC
and ROC score have been utilized. The SMOTE generated data has shown results as compare with CTGAN
generated data. The SMOTE approach has shown the highest results of 94.06, 94.23, 94.28, 94.05, 88.13 and
0.984 as accuracy score, Precision, recall, F1, MCC and Roc score respectively.

INDEX TERMS Customer personality analysis, machine learning, generative adversarial networks,
SMOTE.

I. INTRODUCTION
In the current dynamic and highly competitive business
landscape, it is imperative for companies to carve out a
unique niche by understanding and addressing the nuanced
preferences of their customer base [1]. Customer per-
sonality analysis emerges as a pivotal strategy in this
endeavor, enabling businesses to dissect large datasets of
customer attributes and thereby tailor their offerings to dis-
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tinct consumer categories, enhancing both engagement and
loyalty [2], [3].

Identifying customer personality classifications poses a
significant challenge for tech-based companies in the con-
temporary business environment [3]. Such companies often
incur substantial losses due to customer churn. Early identi-
fication of customer personality traits is pivotal in mitigating
churn and fostering customer loyalty, especially in the context
of fake profiles [4]. Numerous studies have been undertaken
in the past to analyze customer churn and devise strategies to
curb it.
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Technological advancements have ushered in a new era
where automation streamlines the collection, modeling,
and evaluation of data, democratizing customer person-
ality research for businesses of varying scales [5]. This
study delves deep into the multifaceted process of cus-
tomer personality analysis, a technique that scrutinizes the
ideal customer profile through a rich dataset encompass-
ing variables such as age, educational background, marital
status, parental status, income brackets, and expenditure
patterns across various products. By harnessing this data-
driven approach, businesses can foster strategies that resonate
with the needs and aspirations of their clientele, facilitating
informed decision-making and fostering a competitive edge
in the social media market [6].
Central to this study is the exploration of synthetic data

generation to pinpoint customer personality traits, a venture
that encompasses a series of meticulous steps including data
preparation and cleansing. The research leverages class bal-
ancing techniques such as CTGAN and SMOTE, alongside
ensemble approaches including bagging, boosting, and stack-
ing, to enhance the analytical depth.

This research situates itself in this critical juncture, aiming
to bridge the gap between data accumulation and strate-
gic application through customer personality analysis. The
problem of efficiently and accurately analyzing customer
personality is pressing, holding the key to unlocking a more
personalized, responsive, and successful business strategy.
By delving into advanced analytical techniques such as
CTGAN and SMOTE for class balancing, and exploring
ensemble approaches for data analysis, this study seeks to
offer a robust solution to a problem that stands at the heart
of modern business strategy.

The study aims to pave the way for businesses to fos-
ter deeper connections with their customers, drive customer
loyalty, and secure a sustainable competitive advantage in
a fiercely competitive market. By fostering a deeper under-
standing of customer personalities, this research equips
businesses with the knowledge to craft products and services
that resonate with specific customer segments, augmenting
customer loyalty and expanding market share. It stands as a
testament to the indispensable role of customer personality
analysis in steering businesses towards sustained growth and
relevance in a perpetually evolving market landscape.

The contributions of this study are manifold, including
the utilization of a rich array of analytical tools and testing
methodologies:

I. Utilizing CTGAN and SMOTE techniques to balance
the imbalanced dataset, enhancing the reliability of the churn
predictions.

II. Combining multiple base classifiers (RF, XGB, LGBM,
and ADA B) to create a robust analytical framework.

III. Introducing Logistic Regression as a meta-classifier to
refine the predictive accuracy further.

IV. Implementing diverse testing paradigms including
independent set testing and k-fold testing (with 5 and
10 folds) to ensure a robust evaluation of the model.

V. Employing a range of metrics such as accuracy score,
precision, recall, F1 score, MCC, and ROC score for a com-
prehensive evaluation of the model’s performance.

VI. Conducting a comparative analysis of the data gener-
ated through CTGAN and SMOTE, offering insights into the
relative efficacy of these class balancing techniques.

The study unfolds in successive sections, each delineat-
ing crucial aspects of the research from a comprehensive
literature review to a detailed exposition of the dataset and
the innovative approach adopted, followed by an analyti-
cal discourse on the experimental results. The penultimate
section engages in a critical discussion on the achieved results
juxtaposed against existing studies, paving the way for the
conclusion which delineates potential avenues for future
research.

II. RELATED WORK
The literature on customer personality classification and
churn prediction primarily focuses on machine learning and
deep learning techniques. This section categorizes studies
based on their methodologies and focus. It also highlights
their limitations, setting the stage for this study’s proposed
solution.

Many studies used machine learning algorithms like
logistic regression, decision trees, and SVM to predict
customer churn. However, these studies lacked a detailed
comparative analysis of algorithm performance. They also
focused on specific industries or regions, limiting their
broader applicability [7], [8].
One study analyzed unstructured call log data for churn

prediction. It combined text mining and machine learning
techniques. Yet, it had a restricted dataset and lacked a
detailed algorithm comparison [9].
Another study used digital twins to identify personality

traits. It employed CNN for feature extraction and RNN for
classification. But, its small dataset and limited trait focus
could affect its findings’ generalizability [10].

A study on customer buying behaviors used a Multi-Layer
Perceptron (MLP) neural network. It had a small dataset and
lacked a deep learning algorithm comparison [11].

Zhao et al. analyzed online product reviews’ sentiment
using Naive Bayes and SVM classifiers. The study offered
a new sentiment analysis perspective but lacked a machine
learning algorithm comparison [12].Utami et al. categorized
DISC personality using Bahasa Indonesian Twitter data. Its
single-language focus and limited dataset could restrict its
broader applicability [13].

Another study predicted personality traits from social
media content. It used topic modeling and SVM classifiers
but focused on limited personality traits [14].

A study usedmachine learning to identify client interaction
decision-making styles. It employed a decision tree approach
but lacked a machine learning algorithm assessment [15].

One study discussed deep learning models for personality
trait prediction. It lacked a detailed deep learning algorithm
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comparison [16]. The study on personality classification used
clustering, decision tree, and SVM algorithms. Its limited
dataset could affect its findings’ generalizability [17].
The study focuses on developing an effective customer

churn prediction (CCP) model, named DFE-WUNB, which
operates in a cloud-computing environment. This model
leverages deep feature extraction with Artificial Neural Net-
works (ANN) to handle the complex, non-linear features of
the Telco customer churn dataset. The DFE-WUNB model
demonstrates a higher accuracy in churn prediction compared
to conventional models [18].

The study underscores the integration of AI and ML in
CRM tools, emphasizing the significance of churn prediction
in the banking sector. The research highlights the chal-
lenges of processing heterogeneous data for optimal churn
prediction [19]. The study introduces intelligent decision
forest (DF) models for churn prediction, focusing on the
Logistic Model Tree (LMT), Random Forest (RF), and Func-
tional Trees (FT), including their enhanced versions based on
weighted soft voting and stacking methods. The proposed DF
models effectively differentiate between churn and non-churn
customers, even in imbalanced scenarios, and have shown
superior performance compared to existing ML-based meth-
ods. The study suggests these DFmodels as optimal solutions
for customer churn prediction in telecommunications [20].

In contrast, this research proposes a hybrid ensemble
model. It uses advanced class balancing techniques to address
previous works’ limitations. The approach combines various
machine learning and deep learning techniques for customer
personality analysis and churn prediction.

Previous studies on customer personality analysis relied on
traditional statistical methods. These methods often missed
the multifaceted nature of consumer behavior. There was
also a gap in using diverse variables influencing consumer
personality. Many studies had a narrow focus. Additionally,
they didn’t use ensemble approaches, which offer a nuanced
understanding. This study addresses these gaps, introducing
a comprehensive customer personality analysis approach.

Table 1 lists benchmark studies for customer personal-
ity classification. Many researchers also used classification,
regression, and clustering methods.

III. METHODOLOGY
The study employed CTGAN and SMOTE for data bal-
ancing. Four base classifiers were used: Random Forests
(RF), XGBoost (XGB), AdaBoost (ADA B), and Light-
GBM (LGBM). These classifiers served as base learners.
Additionally, Logistic Regression (LR) was utilized as a
meta-classifier.

The purpose of the LR meta-classifier was to aggregate
predictions from the base classifiers. This aggregation was
achieved using a stacking ensemble method. To address the
unbalanced class distribution in the training dataset, synthetic
data was generated with the CTGAN technique. Furthermore,
the minority class underwent oversampling using SMOTE.

Both CTGAN and SMOTE play crucial roles in rectifying
unbalanced class distribution, thereby improving classifier
performance. Figure 1 provides a visual representation of the
proposed architecture for customer personality classification.

FIGURE 1. Proposed architecture for customer personality classification.

A. DATASET DESCRIPTION
The dataset collected represents the Consumer Personality
Analysis, a technique used to identify a company’s ideal
customers. It consists of 2240 samples, with 1906 samples
belonging to the negative class and 334 samples to the pos-
itive class [21]. TABLE 2 details the sample distribution
before the implementation of class-balancing approaches.

The dataset includes customer information such as birth
year, education, marital status, whether they have children,
income, and several other attributes. The dataset was bal-
anced using the SMOTE and CTGAN approaches, resulting
in an equal number of samples for both classes. TABLE 3
displays the sample distribution after the application of class-
balancing techniques.

B. DATASET PREPROCESSING
Data preprocessing in this study encompassed several crucial
steps:

1. The dataset was imported via Google Colab.
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TABLE 1. Comparartive analysis of previous studies.

TABLE 2. Dataset description.

2. Upon reading the dataset, null values were identified.
3. Null values detected in the ‘Age’ column were substi-

tuted with the mean age value.
4. For instances where age data was missing, the average

age from the available data was computed and used as
a replacement.

TABLE 3. After class balancing the dataset.

5. These preprocessing techniques were employed to
ensure the dataset’s stability, making it suitable for
synthetic data generation using CTGAN and SMOTE
approaches.
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FIGURE 2. GAN architecture for dataset generation.

This research is anchored in the seamless integration of
powerful classifiers, complemented by state-of-the-art class
balancing techniques. This combination aims to provide
a comprehensive understanding of customer personalities.
Subsequent sections provide an in-depth exploration of the
methodology, highlighting the synergy of the individual com-
ponents in the proposed solution.

The foundation of this solution lies in the strategic
selection of classifiers, renowned for their consistent perfor-
mance across diverse scenarios. The adoption of CTGAN
and SMOTE as class balancing techniques was driven by
their demonstrated success in rectifying class imbalances,
thus optimizing classifier outcomes. Each classifier within
the ensemble contributes its unique expertise, collectively
enhancing the overall predictive accuracy.

In the sections that follow, a detailed exposition of each
solution component is presented, clarifying the technical
intricacies that drive their functionality. From the nuances
of synthetic data generation using CTGAN and SMOTE to
the intricate operations of each classifier in the ensemble,
a comprehensive overview of the methodological framework
is provided.

1) CTGAN
CTGAN is a Generative Adversarial Network (CTGAN)-
based approach used to produce synthetic data to balance
imbalanced classes in a dataset. The generator transfers the
original data into a latent space and produces synthetic
samples from it using an encoder-decoder architecture [22].
In order to generate synthetic samples that are closer to the
actual data, the generator is trained to minimize the loss
function: Figure 2 shows the CTGAN architecture used to
conduct this study.

LG = {log (1 − D (G (Z )))} (1)

To differentiate between the simulated and real data, the
discriminator is trained to optimize the loss function:

LD = {− log (D (X)) − log (1 − D (G (Z )))} (2)

The objective of CTGAN is to provide artificial data that
can balance unbalanced classes in a dataset.Machine learning
algorithms that depend on balanced data can perform better
by employing CTGAN. In data science and machine learn-
ing, the CTGAN technique is frequently used to overcome
issues with class imbalance. It has been demonstrated that
the method is efficient at producing fake data that closely
resembles the distribution of real data. Many applications,
such as fraud detection, medical diagnosis, and credit scor-
ing, can make use of CTGAN. Overall, CTGAN provides a
powerful tool for addressing the challenge of imbalanced data
in machine learning. TABLE 4. shows the hyper-parameters
and respective values for CTGAN model.

TABLE 4. Setting for the CTGAN.

2) SMOTE
A common approach for producing synthetic data to balance
unbalanced classes in a dataset is called SMOTE (Synthetic
Minority Over-Sampling Technique). The algorithm creates
new minority class instances based on the minority class
instances that already exist. The minority class examples
that are close to one another in the feature space are found
by SMOTE using the k-nearest neighbor’ algorithm. The
algorithm then generates new synthetic examples by extrap-
olating between instances of the minority class and their
k-nearest neighbors [23]. Figure 3. shows the SMOTE archi-
tecture for customer personality classification.

Using the following equation, interpolation is carried out:

New Sample = MI + (RM × (NN −MI )) (3)
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FIGURE 3. SMOTE approach for synthetic Dataset.

where MI = Minority Instance; RM= Random Number;
NN = Nearest Number;

SMOTE is an algorithm that evens out classes that are
unbalanced in a dataset. By interpolating between current
minority instances and their k-nearest neighbors, it generates
new synthetic instances of the minority class. The k- nearest
neighbor, the original minority instance, and a random num-
ber are utilized calculate the new synthetic instances using
the interpolation algorithm. The dataset is then updated with
these fresh synthetic cases in order to balance the classes.
SMOTE is frequently employed in a variety of applications,
including fraud detection, medical diagnosis, and credit scor-
ing. It has been demonstrated to enhance the effectiveness of
machine learning algorithms that depend on balanced data.
Overall, SMOTE is a straightforward and effective method
for overcoming the problem of imbalanced data in machine
learning. This shows the hyper-parameters and respective
values for SMOTE model. TABLE 5. shows the method set
for SMOTE.

C. CLASSIFIERS
In this section classifier such as Random Forest, Ada Boost,
Light Gradient Boosting Machine, XGBoost and stacking

TABLE 5. Setting for the SMOTE.

classifier. The stacking classifier utilizes the defined four
algorithms as base learners and Logistic Regression as Meta
classifier.

1) RANDOM FOREST
RandomForest is an ensemble learningmethod that combines
different decision trees to improve the overall performance of
the model. A bagging method involves partitioning the data
up into smaller subsets and training a decision tree on each
subset [24]. All of the majority-approved decision trees in
the forest provide the final prediction against the specified
test sample. Each decision tree in a Random Forest is trained
using a random selection of data points and replaced using
a technique called bootstrap aggregating, also referred to as
bagging. Also, for each split in the decision tree, a random
subset of qualities is chosen to be taken into account rather
than all characteristics. This improves the model’s generaliz-
ability and reduces overfitting.

Figure 4. States the bagging approach followed to conduct
this research. Random Forest classifier has been utilized in
bagging approach.

FIGURE 4. Bagging approach used for proposed system.

2) ADABOOST
AdaBoost (Adaptive Boosting) is another technique for
ensemble learning that combines a number of weak classifiers
to enhance the model’s overall performance. It works by
continually using subsets of the data to train a basic classifier,
with a focus on the observations that were incorrectly classi-
fied in earlier iterations. AdaBoost’s fundamental principle is
to change the weight of each observation in the training set
at each iteration so that the model concentrates more on the
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challenging data. The following equation updates the weight
of an observation, indicated by wi.

wi = (0.5) × ln
(1 − errori)errori (4)

where errori is the base classifier’s iteration misclassification
rate.

The base classifier is once again trained using the new
weights after each observation’s weight has been updated.
The predictions of all the basic classifiers are combined to
produce the final prediction, with the accuracy of each clas-
sifier determining the weight of its contribution. Formally, the
following makes the final prediction:

f (x) = sign
(∑

i = lnαih (x)
)

(5)

where h(x) is the ith classifier’s prediction and I is the ith
classifier’s weight.

AdaBoost is a potent ensemble method that is widely used
in a variety of industries, including computer vision, natural
language processing, and bioinformatics. It can boost the
performance of a weak classifier by lowering its bias and
variance. Additionally, it is computationally effective and
simple to implement. Since AdaBoost is sensitive to noisy
data and outliers, pre-processing the data is essential before
using it.

3) LGBM
A gradient boosting framework called LightGBM (Light
Gradient Boosting Machine) makes use of tree-based learn-
ing techniques. It is intended to be effective and scalable,
making it suitable for big datasets and features with many of
dimensions [25].

In order to build a tree-based model using LightGBM,
the feature space is repeatedly divided into smaller sub-
spaces, and a decision tree is trained on each subspace.
By determining the optimal split point for each feature in
terms of a loss function, the partitioning procedure is car-
ried out. The best-split point is found by LightGBM using
a gradient-based optimization algorithm, which is quicker
than more conventional approaches like exhaustive search
or approximate algorithms [26]. ‘‘Gradient-based One-Side
Sampling’’ (GOSS), a variation of the conventional gradient
descent technique, is the name of the gradient-based opti-
mization algorithm employed by LightGBM. For each split,
GOSS chooses a random subset of data points using a method
known as ‘‘one-sided sampling,’’ which lowers the compu-
tational cost of the optimization procedure. The predictions
of all the decision trees in the forest are averaged to get
the final prediction. Formally, the following makes the final
prediction:

f (x) =

∑
i = 1nfi (x) (6)

where f_i(x) is the prediction of the ith decision tree and
n is the total number of decision tree. Large-scale machine
learning tasks frequently use LightGBM because of its short
training time and good predicted accuracy. LightGBM offers

a number of solutions for parallel and distributed computing
that can further reduce training time while also handling
high-dimensional data and categorical features with ease.

4) XGBOOST
An open-source gradient boosting system with a focus on
efficiency and scalability is called XGBoost (eXtreme Gra-
dient Boosting) [27]. Like other gradient boosting methods,
XGBoost trains an ensemble of decision trees by repeatedly
partitioning the feature space and training a decision tree on
the partitioned subspace. The basic idea behind XGBoost is
to optimize the objective function by adding new trees to
the ensemble. The objective function is a measure of the
model’s performance, and it can be different for classification
and regression problems. For classification problems, the
objective function is usually the log-loss function, which is
defined as:

L (y, f (x) = −

(
1/
n
) ∑

i = 1n
[
yi × log (f (xi) + (1 − yi)

× log (1 − f (xi))
])

(7)

In this scenario, n is the number of observations, y i denotes
the accurate label, and f(x_i) denotes the anticipated prob-
ability. Typically, the mean squared error serves as the loss
function in regression issues.

L (y, f (x)) =

(
1/
n
) ∑

i = 1n
(
yi − f (xi)2

)
(8)

XGBoost using a gradient-based optimization algorithm
as opposed to more conventional techniques like exhaustive
search or approximate algorithms quickly discovers the ideal
split point. Additionally, it employs a method known as
regularization to lessen overfitting and enhance the model’s
generalizability. The objective function includes the regular-
ization term, which is defined as follows:

L (y, f (x)) + γT + γ
∑

w2
i (9)

where wi is the weight of the ith feature, is the complexity
parameter, and is the L2 regularization term is regarded as
one of the most potent and extensively used machine learning
algorithms and is noted for its quick training time and high
predicted accuracy. It can easily handle categorical features
and high-dimensional data, and it offers a variety of parallel
and distributed processing options that can reduce training
time even further.

5) LOGISTIC REGRESSION
For classification issues, supervised learning algorithms like
logistic regression are used. Logistic regression’s fundamen-
tal goal is to simulate the likelihood of a binary outcome
(such as success or failure, 1 or 0) given a set of input data.
A probability between 0 and 1 that can be understood as
the likelihood of the positive class is the model’s output.
Using the logistic function, also called the sigmoid function,
logistic regression mathematically models the likelihood of
the positive class:

p(y = 1|x) = 1/(1 + e ∧ (−w ∧ Tx − b)) (10)
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where w is the weight vector, b is the bias term, and x is the
input vector. The model’s parameters, the weight vector, and
the bias term are discovered from the training set of data.
Finding w and b values that maximize the likelihood of the
training data is the aim of the learning algorithm.

Finding the ideal values of w and b prior to training the
logistic regression model is commonly done using maximum
likelihood estimation (MLE). Given a model, the likelihood
function is described as the likelihood of observing the train-
ing data. The following equation provides the log-likelihood:

(w, b) =

∑
yi × log (p (y = 1|xi) + (1 − yi)

× log (1 − p (y = 1|xi))) (11)

The objective is to identify the w and b values that max-
imize the log-likelihood. Figure 5 illustrates the boosting
architecture employed in this study. The classifiers XGB,
LGBMandADABoost have been used in boosting ensemble.

FIGURE 5. Bagging approach used for proposed system.: States the
bagging approach followed to conduct this research. random forest
classifier has been utilized in bagging approach.

6) HYBRID STACKING BASED LOGISTIC REGRESSION (HSLR)
The four base learners (ADA Boost, XGBoost, Random
Forests, and LightGBM) has been used in stacking ensemble
classifier with a logistic regression meta-learner are trained
on the input data and their predictions are used as features
for the meta-learner. A final prediction is then made by the
meta-learner by combining the predictions of the base learn-
ers. Because it can combine the benefits of several models
while minimizing their drawbacks, the stacking ensemble
method is efficient. In the stacking ensemble method, the
LR meta-classifier trained to blend the predictions from the
basis classifiers as input features to produce a final prediction.
FIGURE 6 shows HSLR (RF, LGBM, XGB, ADA), (LR).

The HSLR architecture has been shown in figure 6. Four
classifiers such as RF, LGBM, XGB, and ADA boost have

FIGURE 6. HSLR (RF, LGBM, XGB, ADA), (LR).

been used as base learners and Logistic regression has been
used as Meta learner.

In the case of the four base learners mentioned (ADA
Boost, XGBoost, Random Forests, and LightGBM), they are
all popular machine learning algorithms that are known for
their effectiveness in different scenarios. By using them as
base learners in the stacking ensemblemethod, we can benefit
from their strengths and combine their predictions to achieve
a more accurate and robust model.

Algorithm: Stacking Ensemble Classifier with Logistic
Regression Meta-Learner

Input:
- Training dataset: D_train = {(x1, y1), (x2, y2), . . . , (xn,

yn)}
- Testing dataset: D_test = {x1’, x2’, . . . , xm’}
- Base learners: BL = {Random Forest (RF), XGBoost

(XGB), LightGBM (LGBM), ADA Boost (ADA)}
- Meta learner: Logistic Regression (LR)

Procedure:
1. For each base learner bl in BL do
1.1 Train bl on D_train to get the trained model M_bl
1.2 Use M_bl to predict the labels of D_train, store the

predictions as P_bl_train
1.3 Use M_bl to predict the labels of D_test, store the

predictions as P_bl_test
2. Combine the predictions P_bl_train from all base learn-

ers to form a new feature matrix F_train for D_train
3. Combine the predictions P_bl_test from all base learners

to form a new feature matrix F_test for D_test
4. Train themeta learner LR on F_train using the true labels

from D_train to get the trained meta model M_LR
5. Use M_LR to predict the labels of F_test, store the

predictions as P
6. Return P

Output:
- Predictions on the testing dataset: P= {y1’, y2’, . . . , ym’}
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To combine the predictions of the base learners, a meta-
learner is trained on the predictions made by the base learners
for each input instance. In this case, a logistic regression
(LR) meta-learner is used. The meta-learner takes the pre-
dictions made by the base learners as input features and
learns how to combine them to make a final prediction.
The LR meta-classifier is trained to blend the predictions
from the base classifiers as input features to produce a final
prediction.

As we draw the curtain on our methodology section,
we underscore the innovative approach undertaken in this
study. By harmoniously integrating a range of potent clas-
sifiers and class balancing techniques, our solution stands as
a robust tool in the landscape of customer personality clas-
sification, promising unprecedented accuracy in predictive
analysis.

IV. EXPERIMENT RESULTS
In this section, we delve deeper into the experiments con-
ducted to validate the effectiveness of our machine learning
models. The experiments have been broadened to include
comparisons with newer studies, providing a more robust
analysis of our solution in the context of recent advance-
ments in the field. Moreover, we have incorporated additional
datasets to bolster the credibility of our experiments, ensuring
a more comprehensive and convincing representation of our
solution’s capabilities.

In this section, the results have been shown by experiment-
ing a series of experiments. In order to assess the effectiveness
of machine learning models, independent sets, 5-fold, and
10-fold testing are utilized. Cross-validation separates data
into equal halves for repeated testing, whereas independent
sets divide data into two non-overlapping sets for train-
ing and testing. Models’ performances have been analyzed
using evaluationmetrics including accuracy, precision, recall,
F1 score, MCC, and ROC AUC. These techniques are essen-
tial for evaluating machine-learning models rigorously across
a variety of applications.

A. EVALUATION METRICS
The correlation between expected and actual labels is mea-
sured by the) MCC metric, which has a range of −1 to +1.
ACC measures the percentage of instances that are cor-
rectly categorized, but it can be deceptive when classes are
unbalanced. Recall is the percentage of true positives among
actual positives, while precision is the percentage of true
positives among positive predictions. The F1 score balances
the trade-off between recall and precision. When TPR is
plotted against FPR at various thresholds, the AUC shows
how well the model can distinguish between positive and
negative occurrences. The TN, TP, FN, and FP values are used
to calculate evaluation measures. TN and TP represent the
number of correctly classified negative and positive instances,
respectively, while FN and FP represent the number of incor-
rectly classified positive and negative instances.

1) ACCURACY
The accuracy formula determines the proportion of correctly
predicted classes to all the samples that were analyzed.

Acc = (TP+ TN ) /(TP+ TN + FP+ FN ) (12)

2) PRECISION
The positive patterns that every predicted pattern in a positive
class has correctly predicted are determined by the Precision.

Pre = TP/(TP+ FP) (13)

3) RECALL
The percentage of positive patterns that are accurately identi-
fied is determined by the sensitivity or recall. The following
equation can be used to calculate recall:

Recall = TP/(TP+ FN ) (14)

4) F1 SCORE
The harmonic average of the recall and precision rates is
determined by the F1-score.

fscore = 2 × (Pre× Recall)/(Pre+ Recall) (15)

5) THE CONFUSION MATRIX
The correlation between expected and actual values is shown
by the confusion matrices. They are presented as a table with
various combinations of expected and actual values and com-
prise of four primary categories, namely TP, FP, TN, and FN.
A confusion matrix is often used to assess a categorization
system’s effectiveness. The confusion matrix presents and
clarifies the classification algorithm’s results. It shows how
well a classification model performed on a certain set of test
data and is also known as an error matrix [28].

B. TESTING
1) INDEPENDENCE SET TESTING
In response to the feedback, we have expanded our experi-
ments to include more datasets, thereby enhancing the reli-
ability and comprehensiveness of our results. Furthermore,
we have initiated a discussion on the potential real-world
applications of our solution, illustrating its practical utility
through a series of experiments designed to mimic real-world
scenarios.

The performance of machine learning models is evaluated
using the independent set testing technique, which divides
the dataset into the training set and the test set. While the
training set is used to develop the model, the test set is
used to evaluate how well it performed. The primary tenet
of independent set testing is that the test set should be totally
independent from the training set and should not have been
exposed to it. This makes it possible to evaluate the model’s
performance objectively because the test set was not used to
train or improve the model. The test set is fed into the trained
model in order to evaluate it, and the model’s predictions are
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then contrasted with the test set’s actual labels. The perfor-
mance of the model is measured using common assessment
measures including accuracy, precision, recall, F1-score, and
AUC-ROC. TABLE 6 shows CTGAN generated data inde-
pendent set testing results

TABLE 6. CTGAN generated data independent set testing results.

The HSLR has shown best results with MCC score of
86.04. The results achieved from independent set testing
using SMOTE has been shown in TABLE 7.

TABLE 7. SMOTE generated data independent set testing results.

The HSLR has shown outperformed other methods with
MCC score of 88.13.

Figure 7 explains the confusion matrix obtained from
HSLR where model achieves highest accuracy score while
Figure 8 shows CM for CTGAN Generated Data Bases On
Best MCC.

FIGURE 7. Confusion matrix obtained from HSLR where model achieves
highest accuracy score.

Figure 9. enlightens the confusion matrix attained from
HSLR where the classifier achieves the highest accuracy
score.Figure 10. demonstrates the ROC for all the employed
architectures where boosting classifier XGB has shown high
AUC score of 0.986.

2) 5-FOLD CROSS VALIDATION
To further substantiate our findings, we have incorpo-
rated results from newer studies in the field, facilitating a

FIGURE 8. CM for CTGAN Generated Data Bases On Best MCC.

FIGURE 9. CM for SMOTE generated data using independent set.

FIGURE 10. ROC from SMOTE generated data using independent set
testing. Five-Fold cross validation.

comparative analysis that underscores the strengths of our
solution. Moreover, we have enriched our discussion on
the experimental results, offering a nuanced analysis of
the performance metrics and delving into the implications
of these results for real-world applications. Using 5-fold
cross-validation, a machine learning model’s performance
is evaluated. The dataset is split into five smaller groups,
or ‘‘folds,’’ and the model is trained on some of the folds
while being evaluated on the others. The dataset is initially
randomly divided into five folds of equal size. After been
trained on the first four folds, the model is next put to the test
on the fifth fold. This method is repeated five times, and then
each fold is tested once. The findings are then averaged to
give a comprehensive evaluation of the model’s performance.
Given that more samples are used for testing, one of the

1874 VOLUME 12, 2024



N. Ahmad et al.: Customer Personality Analysis for Churn Prediction

key benefits of 5-fold crossvalidation is that it enables a
more thorough assessment of the model’s performance. The
model’s training and testing on various data subsets also
aids in lowering the variance of the performance estimate.
When there is a chance of overfitting and the dataset is tiny,
5-fold crossvalidationmay be helpful. Additionally, it enables
a reasonable balance between computational expense and
performance assessment. It’s critical to remember that the test
set you choose must be representative of the population on
which you intend the model to operate. TABLE 8. explores
the 5-fold cross-validation results by using CTGAN, where
the bagging approach RF has outclassed other architectures
with MCC score of 78.94.

TABLE 8. Results for CTGAN data using 5-Fold CV.

a: FOR CTGAN
Figure 11. has illustrated the confusion matrix for the highest
accuracy obtained. The RF has highest MCC score and CM
has drawn by using RF evaluation. The CM has obtained by
using cross_val_predict from sklearn library. The predicted
label has been attained against each sample by using 5 fold
CV. Figure 12. demonstrates the ROC obtained from 5 fold
cross validation for CTGAN architecture. ADA Boost has
outperformed other approaches with score of 0.95.

FIGURE 11. CM for 5 CV using CTGAN generated data.

b: FOR SMOTE GENERATED DATA
The Figure 13. expresses the confusion matrix achieved from
5-fold CV by using SMOTE, where RF has shown best
performance and confusion matrix for RF has shown from
SMOTE Generated Data Using Independent Set Testing.

Figure 14. exhibits the ROC obtained from 5 fold cross
validation for SMOTE architecture, where RF has outclassed
other approaches with score of 0.978.

TABLE 9. expresses the results achieved from 5-fold CV
by using SMOTE, where the bagging approach RF has shown
the best results with score of 85.88 for MCC.

FIGURE 12. ROC using CTGAN generated data for 5 fold CV.

FIGURE 13. CM for SMOTE generated data using 5 fold CV.

FIGURE 14. ROC for 5 fold using SMOTE generated data.

TABLE 9. Results for SMOTE generated data using 5-Fold CV.

3) 10-FOLD CROSS VALIDATION
In this section, we have broadened our experimental scope to
include a comparison with recent studies, thereby situating
our solution within the contemporary research landscape.
Moreover, we have augmented our dataset pool to facilitate a
more comprehensive analysis, enhancing the persuasiveness
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of our experiments. The 10-fold cross-validation describes
the process of splitting a dataset into 10 equal ‘‘folds.’’ The
data is divided into 10 parts for 10-fold cross-validation, with
9 parts utilized for training and 1 part for testing. Each of
the 10 sections is used as the test set exactly once during
the course of this procedure’s ten repetitions. To provide a
final assessment of model performance, the results of each
test are then summed. Ten-fold cross-validation, which pro-
vides a more accurate assessment of model performance
than judging on a single train/test split, is a commonly used
technique for assessing the performance of machine learning
models. TABLE 10. shows the results attained from 10-fold
cross-validation by using CTGAN, where boosting approach
LGBM has outperformed other existing approaches.

TABLE 10. Results by CTGAN Generated Data for 10-Fold CV.

The figure 15. expresses the confusion matrix attained
from 10-fold Cross Validation by using CTGAN, where con-
fusion matrix for highest accuracy by RF has shown.

FIGURE 15. CM for SMOTE generated data using 10 fold CV.

Figure 16. exhibits the ROC obtained from 10 fold cross
validation for CTGAN architecture, where LGBM has out-
classed other approaches with score of 0.967.

FIGURE 16. ROC for 10 fold using CTGAN generated data.

TABLE 11. exhibits the results obtained from 10-fold
Cross-validation by using SMOTE architecture.

TABLE 11. Results for SMOTE generated data using 10-Fold CV.

The bagging approach RF has shown best results with
MCC score of 87.57.

Figure 17. exhibits the ROC attained from 10-Fold cross
validation for SMOTE architecture, where RF has outclassed
remaining approaches with score of 0.981.

FIGURE 17. ROC for SMOTE generated data using 10-Fold CV.

Figure 18. demonstrates the confusion matrix by using
SMOTE approach for 10-Fold cross validation. The confu-
sion has been shown for highest results for using RF classifier.

FIGURE 18. CM from for SMOTE generated data for 10-Fold.

V. DISCUSSION
In this section, a comparative analysis is presented between
the proposed solution and existing state-of-the-art studies.
The emphasis is on highlighting the enhanced perfor-
mance of the proposed methodology across various metrics.
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TABLE 12. Comparison with state-of-the art studies.

Table 12 offers a detailed comparison with recent studies,
showcasing the effectiveness of the proposed predictor, which
surpasses other methodologies. Notably, the table highlights
the improved performance metrics achieved using data gen-
erated by SMOTE compared to data generated by GAN.
The initial dataset had a significant class imbalance, with an
unequal distribution of positive and negative classes. Such
an imbalance can lead machine learning or deep learning
models to be inherently biased towards the majority class,
often skewing predictive accuracy.

To address this, two cutting-edge class-balancing tech-
niques were employed: SMOTE and GAN, with a specific
focus on the CTGAN architecture for synthetic data genera-
tion. This strategy not only balanced the dataset, improving
the reliability of the predictive model but also provided a
deeper insight into the data patterns

Our analysis revealed a discernibly better performance
with The analysis indicates that SMOTE outperforms
CTGAN in addressing the dataset imbalance. While CTGAN
is adept at generating synthetic data, it sometimes struggles
to capture complex patterns and relationships present in real
data, particularly in cases of significant data imbalance and
high-dimensional datasets. In contrast, SMOTE creates data
points that mirror existing entries, providing a truer represen-
tation of the actual data. Its straightforward application across
diverse datasets makes it the preferred choice for this study.

The proposed hybrid model, HSLR, incorporates machine-
learning classifiers such as RF, XGB, ADA Boost, and
LGBM as base learners, with LR acting as a meta-classifier.
This combination of algorithms capitalizes on the strengths of
each classifier, resulting in a model with superior predictive
accuracy and dependability. In summary, this study presents
a significant advancement in addressing imbalanced datasets,
demonstrating a predictive model that excels in comparison
to existing state-of-the-art studies. The achieved performance
metrics validate the effectiveness of the approach, suggesting
promising avenues for future research in this area.

The findings of this study, while promising, open up
several avenues for future research and exploration in the
realm of customer personality analysis and churn predic-
tion. One potential area of exploration is the integration
of deep learning algorithms, such as Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs).
These algorithms can be particularly effective in handling

unstructured data and might offer enhanced predictive accu-
racy. As the field of customer personality analysis evolves,
there’s scope to explore additional features and attributes that
might influence churn prediction. Advanced feature engineer-
ing techniques can be employed to extract more meaningful
insights from the data.

With the exponential growth of data in today’s digital
age, ensuring that the proposed methodologies are scalable
becomes paramount. Future research can focus on optimizing
the current architecture to handle vast datasets efficiently,
possibly integrating distributed computing frameworks like
Apache Spark. One of the potential areas of exploration is the
development of real-time churn prediction systems, providing
businesses with immediate insights and allowing them to take
proactive measures to retain customers. The current study,
while focused on a specific industry or domain, leaves room
for exploration of the applicability of the proposed method-
ologies across different industries, understanding the nuances
and challenges unique to each.

As synthetic data generation techniques become more
prevalent, addressing ethical considerations related to data
privacy and usage will be crucial. Future research can delve
into developing frameworks that ensure the ethical genera-
tion and use of synthetic data. The integration of traditional
statistical methods with machine learning and deep learning
algorithms can lead to the development of hybrid models,
offering a more holistic view of customer behavior. Based
on the insights derived from customer personality analysis,
future research can also focus on devising personalized mar-
keting strategies tailored to individual customer preferences,
enhancing engagement and loyalty. Incorporating a feedback
loop mechanism can ensure that the models are continuously
updated based on real-world performance, leading to more
adaptive and resilient prediction systems. In conclusion, the
field is ripe for further exploration, with research in this
domain playing a pivotal role in shaping customer-centric
strategies and ensuring sustained growth.

VI. CONCLUSION
This study tackled the challenge of class imbalance in
machine learning models by employing CTGAN and
SMOTE to generate synthetic data. The results indicated
SMOTE’s superiority over CTGAN in terms of various
performance metrics. The dataset used exhibited class imbal-
ances, which can bias machine learning models towards
the majority class. This issue was addressed by generating
synthetic data using SMOTE and CTGAN. The proposed
HSLR model utilized various classifiers, and its performance
was evaluated using metrics such as accuracy score, preci-
sion, recall, F1 score, MCC, and ROC score. The SMOTE
approach yielded the highest results, outperforming exist-
ing methods. Future plans include collecting more data and
exploring deep neural architectures like FCN, CNN, LSTM,
andGRU. This study’s findings offer insights into the applica-
tion ofmachine learning and deep learning in addressing class
imbalance issues, with potential applications in domains like
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healthcare, finance, and security. The code is available on the
GitHub repository: https://github.com/mazhar786/Customer-
personality-.

The notational Table 13 of each abbreviation used is as
below

TABLE 13. Notational table.
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