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Abstract

This study presents a comparative analysis of five Machine Learning (ML) classification algorithms, namely Logistic
Regression (LR), Support Vector Machine (SVM), Random Forest (RF), XGBoost, and Gradient Boosting Classifier
(GBC), for predicting customer responses to marketing campaigns. The main challenge in this task is the highly imbalanced
distribution of customer response data, which may cause biased model predictions. Therefore, this study evaluates model
performance using precision, recall, and F1-score metrics to provide a more reliable assessment. Experiments were
conducted using the Customer Personality Analysis dataset obtained from Kaggle. The results show that ensemble-based
algorithms achieved more consistent performance than individual classifiers. XGBoost obtained the highest F1-score of
84.85% with an 80:20 data split, followed by Random Forest with 84.72%. In contrast, SVM showed lower stability, with
its F1-score decreasing from 83.59% to 78.66% on the 90:10 data split. This study provides empirical evidence on the
effectiveness of ensemble learning approaches, particularly XGBoost, in handling the complexity of customer behavior
and supporting more targeted, data-driven marketing strategies.
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1. INTRODUCTION

Global digital transformation has triggered a fundamental paradigm shift in marketing. Companies are
no longer using traditional mass marketing methods, but are shifting to a more personalized and data-driven
approach. In today's business ecosystem, data generated by customer interactions (Big Data) has become a
highly valuable strategic asset, requiring companies to significantly enhance their analytical capabilities to
remain competitive. The cornerstone of today's marketing strategy is efficient Customer Relationship
Management (CRM). The primary goal of CRM is to optimize customer lifetime value by gaining a deep
understanding of each individual's profile. Consumer profiles, which include demographic information,
transaction records, and psychological traits, serve as the basis for developing effective marketing strategies
[2], [3]- Recent industry reports indicate that organizations are increasingly adopting artificial intelligence (Al)
and predictive analytics to enhance customer engagement, personalize marketing, and optimize campaign
effectiveness. These data-driven approaches enable organizations to analyze customer behavior patterns,
improve decision-making processes, and allocate marketing resources more efficiently [4].

Despite the abundance of available information, many companies still face inefficiencies due to
unsegmented marketing practices. Strategies that are not tailored to individuals often lead to significant budget
waste and increase the likelihood of customer burnout, as promotions do not align with their interests or needs
[5]. The inability to transform raw data into accurate predictive analysis is a major obstacle in identifying the
most promising market segments. The technical challenges are further complicated by the fact that customer
response behavior data is typically characterized by a highly imbalanced class distribution [6], [7], [8]. The
proportion of customers who respond positively to a campaign is usually much lower than that of those who
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decline, causing machine learning models to become biased toward the majority class [9]. This condition may
lead to misleading evaluation results because models can achieve high accuracy by primarily predicting the
majority class while failing to identify potential customers from the minority class.

When faced with imbalanced data, model evaluation requires performance metrics beyond accuracy.
The goal is to reduce false positives (sending expensive promotions to non-respondents) and false negatives
(failing to identify potential buyers). Therefore, metrics such as precision, recall, and F1-score are more suitable
for evaluating marketing response prediction because they provide a more balanced assessment of minority-
class classification performance, particularly when dealing with imbalanced datasets [10], [11]. To address
these prediction challenges, Machine Learning (ML) with Supervised Learning methods provides a robust
framework. Supervised Learning algorithms are designed to understand the mapping from input characteristics
(customer profiles) to target variables (response or non-response). The application of ML enables the
automation of customer classification, eliminating subjective heuristic assumptions [12]. Preliminary studies
often favor simple, linear models. Logistic Regression [13], for example, offers a simple, interpretable
probability model. On the other hand, Support Vector Machine (SVM) [14], [15], [16], [17] is renowned for
its ability to identify optimal hyperplanes that separate classes, even in high-dimensional feature spaces,
making it a powerful choice for complex customer data.

However, individual models often fail to capture complex nonlinear interactions in customer data,
particularly in imbalanced datasets. Therefore, focus has shifted to ensemble approaches. Random Forest (RF)
[18], [19], which uses bagging to reduce variance and overfitting, has shown highly stable results. In contrast,
boosting methods, including Gradient Boosting Classifier (GBC) [20] and XGBoost [7], work sequentially to
correct errors from previous prediction models, often resulting in better classification performance, particularly
when evaluated using imbalance-sensitive metrics such as precision, recall, and F1-score.

In line with the development of machine learning approaches in marketing analytics, recent studies have
demonstrated the ability of these techniques to extract customer insights and support data-driven marketing
decisions [23]. El-Hajj and Pavlova [1] developed a customer response prediction model for marketing
campaigns using a Decision Tree approach. The study evaluated model performance using accuracy, precision,
recall, and F1-score and demonstrated that resampling techniques improved the model's ability to handle class
imbalance. However, the study focused on a single classification algorithm, limiting comparison with other
machine learning approaches.

Gulter and Cevher [21] compared several classification algorithms, including Random Forest, Gradient
Boosting, Logistic Regression, Support Vector Classifier, and Decision Tree, using data from digital marketing
campaigns. The models were evaluated using accuracy, precision, recall, F1-score, and confusion matrix
analysis, with Gradient Boosting achieving the highest prediction performance. Similarly, Lin [12] evaluated
SVM, XGBoost, CatBoost, and BPANN for consumer behavior prediction using the Online Shoppers
Purchasing Intention Dataset. The results showed that XGBoost and CatBoost achieved strong predictive
performance, as measured by F1-score and ROC-AUC.

Furthermore, Boozary et al. [28] conducted a comparative analysis of Logistic Regression, KNN,
Random Forest, Gradient Boosting, and XGBoost for customer retention prediction using a
telecommunications dataset. The study found that ensemble models achieved superior performance across
accuracy, precision, recall, and F1-score. Chen et al. [25] also demonstrated the effectiveness of XGBoost
compared with Random Forest for churn prediction using precision and recall metrics. However, these studies
mainly focused on churn prediction or customer retention rather than on predicting marketing campaign
response.

Based on previous studies, machine learning algorithms have demonstrated promising capabilities in
customer analytics and marketing prediction. However, existing studies still lack a comprehensive evaluation
of individual and ensemble classifiers under the same experimental setting. Many previous studies evaluate
only a limited number of algorithms, rely mainly on accuracy metrics, or do not examine model robustness
across different data-partitioning scenarios. Therefore, a direct comparison between individual classifiers (LR
and SVM) and ensemble-based approaches (RF, XGBoost, and GBC) remains necessary, particularly for
imbalanced customer response datasets.

Thus, this study specifically proposes a comparative analysis of five classification algorithms (Logistic
Regression, SVM, Random Forest, XGBoost, and Gradient Boosting Classifier). This study aims to empirically
evaluate the performance of algorithms for recognizing patterns in customer profile data using precision, recall,
and F1-score across different data split configurations. The research provides empirical insights into selecting
reliable machine learning models for predicting marketing campaign responses under imbalanced data
conditions.

2. MATERIAL AND METHOD

The research methodology was designed to provide a systematic framework for data preparation, model
development, evaluation, and comparison of machine learning algorithms. The stages consist of data collection,
preprocessing, data partitioning, model training, and performance evaluation, as illustrated in Figure 1.
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Figure 1. Research Methodology

2.1  Data Collecting

The data in this study is drawn from the Customer Personality Analysis dataset obtained from Kaggle.
The dataset consists of 2,240 customer records with numerical and categorical attributes, including customer
demographic, behavioral, and purchase-related information. The target variable represents customer responses
to marketing campaigns. The dataset presents an imbalanced class distribution, with non-responsive customers
outnumbering responsive customers. Therefore, this study evaluates model performance using precision, recall,
and F1-score to provide a more balanced assessment than accuracy alone. The class distribution of the dataset
is presented in Table 1.

Table 1. Class Distribution of Customer Response Dataset

Class Samples Percentage
Non-response (0) 1,906 85.09%
Response (1) 334 14.91%

2.2 Data Preprocessing

Once data collection is complete, the next step is to prepare the data for analysis with machine learning
models. This preprocessing stage includes filling in missing data, removing duplicates, checking for
inconsistencies, cleaning the data, and correcting any detected errors [4]. In this study, the data used were
organized and had no missing values, so no further cleaning was required. Data transformation was performed
by removing irrelevant attributes and converting categorical data to a numeric format. Categorical variables
were encoded as numerical values to enable processing by machine learning algorithms. Numerical features
were maintained in their original format, while irrelevant identifiers that did not contribute to prediction were
removed. The preprocessing stage was performed consistently before model training to ensure comparable
evaluation among all algorithms.

2.3 Hold Out Validation

The hold-out method divides the data into two parts: training data and testing data. The training data is
used to design the model, while the testing data is used to evaluate the performance of the model generated
from the training data. However, this method has a weakness: the evaluation results can vary significantly
depending on how the data is split into training and testing sets [19]. In this study, two data partitioning
configurations were evaluated: 80:20 and 90:10 training-testing splits. The training data was used to construct
the classification models, while the testing data was used to evaluate their generalization performance.

2.4  Validation Procedure
Each algorithm was trained and evaluated using the same data partition configurations to ensure a
consistent comparison. The performance of each model was measured using precision, recall, and F1-score.
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The model with the highest F1-score across different split configurations was considered the best-performing
classifier.

2.5  Algorithm Parameter

To ensure a fair comparison among the machine learning algorithms, each model was implemented
using predefined parameter configurations. The parameter settings used for each classifier are presented in
Table 2.

Table 2. Algorithm Parameter Configuration

Algorithm Parameter
Logistic Regression max_iter=1000, random_state=42
Random Forest n_estimators=100, random_state=42
SVM kernel=RBF, C=1.0
XGBoost n_estimators=100, learning_rate=0.1, max_depth=3, random_state=42
GBC n_estimators=100, learning_rate=0.1, random_state=42

2.6 Customer Personality Dataset

Consumer personality, from a customer behavior perspective, encompasses specific traits,
characteristics, and ways of thinking, feeling, and acting that influence how individuals interact with the
marketplace. It encompasses both enduring qualities and situational factors that influence consumer
preferences, decision-making processes, and brand choices. Companies can use this understanding of customer
characteristics to tailor marketing strategies, create tailored brand experiences, and design appropriate
communication approaches. Personality traits significantly influence how consumers make choices,
communicate with brands, and express their interest [5].

2.7  Confusion Matrix
A confusion matrix is a table that details how test data are classified as accurate or inaccurate. An
example of a confusion matrix for a two-category classification is shown in Figure 2 [8].

Predicted Class
1 (Positive) 0 (Negative)
1 (Positive) TP, " FN .
(True Positive) (False Negative)
Actual
Class 5 N
0 ti
(Qegztiye) (False Positive) (True Negative)

Figure 2. Confusion matrix

The confusion matrix formula for calculating accuracy, precision, and recall uses Equations (1), (2), (3), and

(4) [20].

accuracy = —+ N Q)
y= Total
.. TP

recision = 2

p TP+FP )
TP

recall = 3)

TP+FN
F1 — score = 2 x Precision x Recall (4)

Precision+Recall

2.8 Logistic Regression

Logistic Regression is a machine learning algorithm used to measure the relationship between one or
more independent variables (features) and a categorical dependent variable. Unlike linear regression, which
predicts continuous values, Logistic Regression is used to estimate classes, usually binary (0 or 1), such as
spam and non-spam, positive and negative, or agree and disagree. Logistic Regression estimates the probability
that an input belongs to a particular class using the sigmoid function, which maps the output to the range (0,
1). This probability value is then compared with a threshold (typically 0.5) to determine the category.

In Natural Language Processing (NLP), Logistic Regression is often used for text classification, such
as news theme classification, sentiment analysis, and spam detection, using numerical features generated by
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methods like Bag-of-Words or TF-IDF [10]. For two-class classification, the Logistic Regression model is
formulated as in equation 5.

z= Bo+ Bixg +Baxz + -+ BpXp = WX (5)

Where: z is Linear score (linear combination of features); x = [x; X, ...,X,] is the input features; and w =

2.9 Random Forest

Random Forest, an ensemble method known for its reliability in handling large datasets and for reducing
overfitting through random feature selection, was first introduced by Ho (1995) and further developed by
Breiman (2001) [15], [16]. Random Forest effectively handles high-dimensional data and is well-suited to
complex applications such as landslide vulnerability prediction and health condition classification [15]. The
formula used in the Random Forest method is given by equation 5.

H(X) = argmax 3k, = 1 () = ©) (5)

This equation specifies the final prediction H(x) of the Random Forest for input x. The arg max function
determines the class ¢ with the highest number of votes, where h_(k)(x) is the class prediction of the kth tree
k_1, and I(-) is an indicator function that has a value of 1 if the kth tree chooses class c, or 0 otherwise. The
summation is performed for each tree in the forest, and the class with the most votes becomes the final
prediction.

2.10 Support Vector Machine

Support Vector Machine (SVM) is a machine learning method for classification and regression that
utilizes kernel functions to optimize the margin between classes using an appropriate hyperplane. SVM works
effectively on high-dimensional data [11], [12]. SVM determines the best hyperplane that separates the data
classes, defined by the support vectors, thereby increasing the margin and improving the model's generalization
[11]. SVM accuracy results are influenced by the parameters and kernel functions used [21]. SVM is considered
effective at handling difficult classification tasks, especially with high-dimensional data, by using an optimal
hyperplane to enlarge the margin, even when the data is not linearly separable [13], [16]. SVM also offers the
advantage of clear visualization of data separation, making it useful in applications such as pattern recognition
and satellite image classification [13], [14]. Equation 6 describes the SVM formulation for obtaining the
hyperplane with maximum margin [12].

min% Hwll 2y;(w*xys +b) =1 (6)

This SVM equation minimizes the objective function% Il wll 2 to enlarge the margin between classes, where

[lw]] is the norm of the weight vector w that determines the direction of the hyperplane. The constrain
y1(w * X, +b) = 1 guarantees that the data is on the correct side of the hyperplane with a distance of at least
1.

2.11 XGBoost

XGBoost was introduced by Chen and Guestrin as an optimized implementation of gradient boosting
decision trees, designed to improve computational efficiency and predictive performance. XGBoost is a
machine learning library for tree-based classification and prediction tasks. This algorithm allows optimization
that can be 10 times faster than other Gradient Boosting Machines (GBMSs). The accuracy of the classification
results is determined by the applied parameters. Both XGBoost and random forests are algorithms consisting
of several decision trees. However, unlike random forests, which use bagging, XGBoost relies on boosting to
compile its algorithm [6]. XGBoost has been extensively applied in marketing analytics and customer behavior
prediction, demonstrating superior performance on large-scale and imbalanced datasets [22].

2.12 Gradient Boosting Classifier

Gradient Boosting is a machine learning method that uses ensemble techniques. The ensemble approach
combines two machine learning techniques to achieve superior performance compared to a single method. The
goal of ensemble learning is to overcome the weaknesses of a particular classifier by utilizing the strengths of
another classifier. Ensemble learning has been shown to improve classification results. Kang and colleagues
applied ensemble learning with Hidden Markov Models to improve text-based classification results,
demonstrating that the accuracy achieved in this study exceeded that of individual classifiers. Zhang and
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colleagues proposed ensemble learning for sentiment classification, demonstrating that ensemble methods can
integrate predictions from multiple classifiers to achieve better performance, thereby ensuring generalization
and stability in classification results. Based on these results, this study also applied a well-known ensemble
method, namely Gradient Boosting [23].

2.11 Generative Al Declaration

Generative Al tools were used only for language improvement and assistance with manuscript
formatting. The research methodology, data processing, model implementation, result interpretation, and
scientific conclusions were independently conducted and verified by the authors.

3. RESULTS AND DISCUSSION

In this phase, the dataset used in this study was obtained from Kaggle and comprises 2,240 customer
records with 10 attributes related to customer characteristics, purchasing behavior, preferences, and
segmentation for more effective marketing. This dataset is still in its original form and will serve as the basis
for the analysis. The dataset was then prepared through preprocessing steps, including attribute selection and
categorical data transformation. Table 3 outlines the details of each attribute, including its data type and
description, prior to the initial process.

Table 3. Initial Data

No Attribute Name Data Type Description

1 ID Numerical Customer’s unique identifier

2 Year_Birth Numerical Customer's birth year

3 Education Categorical Education Qualification of the customer

4 Marital_Status Categorical Marital Status of the customer

5 Income Numerical Customer's yearly household income

6 Kidhome Numerical Number of children in the customer's household
7 Teenhome Numerical Number of teenagers in the customer's household
8 Dt_Customer Numerical Date of the customer's enrollment with the company
9 Recency Numerical Number of days since the customer's last purchase
10 MntWines Numerical Amount Spent On Wine

3.1 Data Preprocessing

The first step in machine learning is data preprocessing. At this stage, the data is transformed by
removing irrelevant attributes and converting categorical data into numeric values. The purpose of this data
transformation is to avoid errors during model building and help the model better understand the data. The
attributes removed were ID and birth year, because they were considered irrelevant identifiers and demographic
attributes that could introduce noise into the prediction process. Table 4 shows the dataset that has undergone
preprocessing.

Table 4. Preprocessing Data Result

Income Kidhome Teenhome Complain Z CostContact  Z Revenue
2.216.000.000 2.240.000.000 2.240.000.000 2.240.000.000 2240.0 2240.0
52.247.251.354 0.444196 0.506250 0.009375 3.0 11.0
25.173.076.661 0.538398 0.544538 0.096391 0.0 0.0
1.730.000.000 0.000000 0.000000 0.000000 3.0 11.0
35.303.000.000 0.000000 0.000000 0.000000 3.0 11.0
51.381.500.000 0.000000 0.000000 0.000000 3.0 11.0
68.522.000.000 1.000.000 1.000.000 0.000000 3.0 11.0

666.666.000.000 2.000.000 2.000.000 1.000.000 3.0 11.0

3.2 Logistic Regression
In this study, the classification process was implemented using the Logistic Regression algorithm
model. Table 5 shows the evaluation results for the LR algorithm.

Table 5. LR Performance Evaluation

Split Data Precision Recall F1-Score
80:20 83.45% 85.93% 83.13%
90:10 82.96% 84.82% 82.03%

Table 6 displays the performance assessment of the LR algorithm based on Precision, Recall, and F1
Score for two data proportions, 80:20 and 90:10. With the 80:20 split, the algorithm achieved a Precision of
83.45%, a Recall of 85.93%, and an F1 Score of 83.13%, indicating well-balanced performance. Meanwhile,
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with the 90:10 split, the algorithm achieved a Precision of 82.96%, a Recall of 84.82%, and an F1 Score of
82.03%, slightly lower than the 80:20 split. These results indicate that the 80:20 split provides better
performance due to the larger training data. Figure 3 shows that the F1-score of the LR algorithm with the
80:20 split reached 83.13%, higher than that of the 90:10 split, which achieved 82.03%.

90

88 1

Accuracy (%)
o
o
1

o
r
L

82

80 -

80:20 90:10
Split Ratio

Figure 3. F1-score Performance of Logistic Regression

3.3  Random Forest

In this study, the Random Forest algorithm was used to predict customer responses toward marketing
campaigns based on customer characteristics. Random Forest is ideal for this type of structured customer data
because it can handle many features with varying levels of importance, such as income, age, total spending,
and product choices. Table 6 shows the results of the standard evaluation of the RF algorithm.

Table 6. RF Performance Evaluation

Split Data Precision Recall F1-Score
80:20 84.94% 86.83% 84.72%
90:10 84.20% 85.26% 82.01%

Table 6 displays the performance assessment of the RF algorithm based on Precision, Recall, and F1
Score for two data proportions: 80:20 and 90:10. With the 80:20 split, the algorithm achieved a Precision of
84.94%, a Recall of 86.83%, and an F1 Score of 84.72%, indicating well-balanced performance. Meanwhile,
with the 90:10 split, the algorithm achieved a Precision of 84.20%, a Recall of 85.26%, and an F1 Score of
82.01%, slightly below those of the 80:20 split. These results indicate that the 80:20 split provides better
performance due to the larger training data. Figure 4 shows that the F1-score of the RF algorithm with the
80:20 split reached 84.72%, higher than that of the 90:10 split, which achieved 82.01%.

920
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80 -

80:20 90:10
Split Ratio

Figure 4. F1-score Performance of Random Forest

3.4 Support Vector Machine (SVM)

Comparative Performance Study of Machine Learning... (Rahimi et al, 2026) 128



ISSN(P): 3032-7466 | ISSN(E): 3032-7474

In this study, the Support Vector Machine (SVM) algorithm was applied to classify customer
responses toward marketing campaigns. The Customer Personality dataset often has overlapping patterns
between classes, for example, customers with the same income level but different spending habits. SVM is
effective in such situations because it focuses on finding the ideal boundaries that most effectively separate
these groups. Table 7 shows the evaluation results for the SVM algorithm.

Table 7. SVM Performance Evaluation

Split Data Precision Recall F1-Score
80:20 82.96% 84.82% 83.59%
90:10 83.83% 83.92% 78.66%

Table 8 displays the performance assessment of the SVM algorithm based on Precision, Recall, and F1
Score for two data proportions, 80:20 and 90:10. In the 80:20 split, the algorithm achieved a Precision of
82.96%, a Recall of 84.82%, and an F1 Score of 83.59%, indicating well-balanced performance. Meanwhile,
in the 90:10 split, the algorithm achieved a Precision of 83.83%, a Recall of 83.92%, and an F1 Score of
78.66%, slightly lower than the 80:20 split. These results indicate that the 80:20 split provides better
performance due to the larger training data. Figure 5 shows that the F1-score of the SVM algorithm with the
80:20 split reached 83.59%, higher than the 90:10 split, which only achieved an F1-score of 78.66%.
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Figure 5. F1-score Performance of Support Vector Machine

3.5 XGBoost

In this study, the XGBoost model was applied to predict customer responses toward marketing
campaigns. XGBoost is particularly effective for this dataset because consumer behavior often involves
complex interactions, such as how income affects spending on luxury goods or how family size affects purchase
frequency. Table 8 shows the evaluation results of the XGBoost algorithm.

Table 8. XGBoost Performance Evaluation

Split Data Precision Recall F1-Score
80:20 84.70% 86.60% 84.85%
90:10 83.63% 85.26% 82.72%

Table 8 displays the performance assessment of the XGBoost algorithm based on Precision, Recall, and
F1 Score for two data proportions, 80:20 and 90:10. With the 80:20 split, the algorithm achieved a Precision
of 84.70%, a Recall of 86.60%, and an F1 Score of 84.85%, indicating well-balanced performance. Meanwhile,
with the 90:10 split, the algorithm achieved a Precision of 83.63%, a Recall of 85.26%, and an F1 Score of
82.72%, which was slightly below that of the 80:20 split. These results indicate that the 80:20 split provides
better performance due to the larger training data. Figure 6 shows that the F1-score of the XGBoost algorithm
with the 80:20 split reached 84.85%, higher than that of the 90:10 split, which achieved only 82.72%.

3.6  Gradient Boosting Classifier

In this study, a Gradient Boosting Classifier is applied to predict customer responses toward marketing
campaigns. Gradient Boosting develops the model in stages, with each stage aiming to correct the errors of the
previous one, making it suitable for datasets with subtle variations in customer behavior. Gradient Boosting
models are effective at capturing complex non-linear relationships by sequentially correcting prediction errors,
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thereby improving generalization performance. Table 9 shows the evaluation results of the GBC algorithm
implementation.

Table 9. GBC Performance Evaluation

Split Data Precision Recall F1-Score
80:20 83.07% 85.71% 82.96%
90:10 85.96% 86.16% 83.10%
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Figure 6. F1-score Performance of XGBoost

Table 9 displays the performance assessment of the GBC algorithm based on Precision, Recall, and F1
Score for two data proportions, 80:20 and 90:10. With the 80:20 split, the algorithm achieved a Precision of
83.07%, a Recall of 85.71%, and an F1 Score of 82.96%, indicating well-balanced performance. Meanwhile,
with the 90:10 split, the algorithm achieved a Precision of 85.96%, a Recall of 86.16%, and an F1 Score of
83.10%, slightly exceeding the results of the 80:20 split. These results indicate that GBC maintained relatively
stable performance across both split configurations, with a slightly higher F1 Score on the 90:10 split. Figure
7 shows the F1-score of the GBC algorithm with the 90:10 split reached 83.10%, higher than the 80:20 split,
which only achieved an F1-score of 82.96%.
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Figure 7. F1-score Performance of Gradient Boosting Classifier

3.7 Confusion Matrix

The evaluation of five classification algorithms LR, RF, SVM, XGBoost, and GBC was conducted using
a dataset consisting of 2,240 entries with two data split scenarios (80:20 and 90:10). The performance of each
algorithm was summarized using a confusion matrix, which provides information on the number of correctly
classified instances (True Negatives and True Positives) and the number of incorrectly classified instances
(False Positives and False Negatives). Comparative presentation of these results provides a better
understanding of the strengths and weaknesses of each algorithm. Precision, recall, and F1-score are widely
recommended metrics for evaluating classification performance in imbalanced datasets, as they provide a more
reliable assessment than accuracy alone [24]. Figures 8 and 9 present the confusion matrix visualization of the
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best-performing model, while the complete confusion matrix results for all algorithms are summarized in Table
10.

Random Forest Confusion Matrix (80:20 Split) Random Forest Confusion Matrix (90:10 Split)

11

Actual 0
Actual 0

True Label
True Label

?E 1 48 21 % b 30 10
g g
F'redi[lted o Prediéted 1 Predic‘ted o Predic‘ted 1
Predicted Label Predicted Label
Figure 8. Confusion Matrix 80:20 Figure 9. Confusion Matrix 90:10
Table 10. Confusion Matrix

Algoritma Split Data TN TP FP FN
LR 80:20:00 369 16 10 53
90:10:00 179 11 5 29
RFE 80:20:00 368 21 11 48
90:10:00 181 10 3 30
80:20:00 356 24 23 45
SVM 90:10:00 183 5 1 35
80:20:00 365 23 14 46
XGBoost 90:10:00 179 12 5 28
80:20:00 368 16 11 53
GBC 90:10:00 182 11 2 29

The confusion matrix results in Table 10 show the classification performance of Logistic Regression
(LR), Random Forest (RF), Support Vector Machine (SVM), XGBoost, and Gradient Boosting Classifier
(GBC) in 80:20 and 90:10 data split scenarios. In general, algorithms using ensemble approaches such as RF,
XGBoost, and GBC demonstrated more consistent performance, as evidenced by higher True Negative (TN)
and True Positive (TP) values and a relatively low False Positive (FP) rate.

In the 80:20 split, RF and XGBoost achieved an optimal balance between TP and FN, demonstrating a
reliable ability to recognize customer responses while reducing misclassification errors. SVM produced higher
TP values but also recorded more FPs, indicating a tendency to misclassify unresponsive customers as
responsive. Logistic Regression and GBC showed high TN values but relatively high FN rates, indicating that
some positive responses were misclassified. At a 90:10 split, most algorithms showed an increase in False
Negatives, while SVM showed the most significant decrease in detecting positive cases. However, RF,
XGBoost, and GBC remained fairly stable, demonstrating their robustness to variations in data proportions.
Overall, confusion matrix analysis showed that ensemble methods generally demonstrated more stable
performance compared with single classifiers in terms of error control, although reducing False Negatives
remained a challenge across all models.

3.8 Comparative Analysis

The comparative analysis was conducted to evaluate the performance differences among the five
classification algorithms using consistent evaluation metrics. Precision, recall, and F1-score were analyzed
across different data split configurations to determine the most reliable model.

Table 11. Overall Performance Comparison of Classification Algorithms

Algorithm Split Precision Recall F1-score
Logistic Regression 80:20 83.45% 85.93% 83.13%
Random Forest 80:20 84.94% 86.83% 84.72%
SVM 80:20 82.96% 84.82% 83.59%
XGBoost 80:20 84.70% 86.60% 84.85%
GBC 80:20 83.07% 85.71% 82.96%
Logistic Regression 90:10 82.96% 84.82% 82.03%
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Algorithm Split Precision Recall Fl-score
Random Forest 90:10 84.20% 85.26% 82.01%
SVM 90:10 83.83% 83.92% 78.66%
XGBoost 90:10 83.63% 85.26% 82.72%
GBC 90:10 85.96% 86.16% 83.10%

Comparison of Accuracy for Different Algerithms Across Data Splits

Split Ratio
.94 . 30:20
. 50:10

092

#6.83% BB EL%
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Figure 10. Comparison of Classification Performance Across Different Data Splits

Figure 10 illustrates the comparison of F1-score performance among five machine learning algorithms
under two data split configurations (80:20 and 90:10). In the 80:20 split, XGBoost achieved the highest F1-
score of 84.85%, followed by Random Forest with 84.72%. Meanwhile, in the 90:10 split, the Gradient
Boosting Classifier achieved the highest F1-score of 83.10%. These results indicate that ensemble-based
models generally exhibit more consistent performance than individual classifiers across different data-splitting
configurations.

These findings are consistent with previous studies reporting that ensemble-based algorithms such as
Random Forest and XGBoost generally provide better performance for complex customer behavior prediction
tasks due to their ability to capture nonlinear relationships. However, the performance differences observed in
this study depend on the data partition configuration, indicating that model stability is an important
consideration in selecting a classifier.

3.9. Discussion

The findings indicate that XGBoost demonstrated the best performance among the evaluated algorithms.
XGBoost achieved a maximum F1-score of 84.85% with an 80:20 data split and maintained a consistent F1-
score of 82.72% with a 90:10 split, demonstrating a good balance between Precision and Recall across multiple
data partitions. This indicates that XGBoost achieved competitive performance in this experimental setting,
likely due to its ability to capture nonlinear relationships among customer attributes.

The Random Forest (RF) algorithm also demonstrated competitive and consistent performance, with
F1-scores of 84.72% (80:20) and 82.01% (90:10). The bagging and random feature-extraction strategies help
reduce variance and overfitting, making RF ideal for structured customer data. In contrast, Logistic Regression
and Support Vector Machine (SVM) yielded inferior and unstable results. Logistic Regression achieved F1
scores of 83.13% and 82.03%, while SVM decreased from 83.59% (80:20) to 78.66% (90:10), indicating
sensitivity to data splitting and decreased robustness to imbalanced data. The Gradient Boosting (GBC)
classifier performed well, with F1 scores of 82.96% (80:20) and 83.10% (90:10), demonstrating good
generalization ability through sequential error correction. Overall, these findings indicate that ensemble-based
algorithms, particularly XGBoost, Random Forest, and Gradient Boosting, generally provide more consistent
performance than individual classifiers in predicting marketing campaign responses. Similar findings have
been reported in recent studies, in which ensemble-based classifiers consistently outperform individual models
on customer response and marketing prediction tasks [25].

4. CONCLUSION
This study examines the effectiveness of five machine learning algorithms, Logistic Regression,
Support Vector Machine (SVM), Random Forest, XGBoost, and Gradient Boosting Classifier, in estimating
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responses to marketing campaigns using a customer personality analysis dataset sourced from Kaggle. The
findings indicate that XGBoost performs best, achieving the highest F1-score of 84.85% with an 80:20 data
split, followed by Random Forest at 84.72%. Algorithms that adopt ensemble approaches, such as XGBoost
and Gradient Boosting, have demonstrated better, more consistent classification performance under imbalanced
data conditions in this experimental setting compared with single models such as Logistic Regression and
SVM.

While these algorithms yield positive results, challenges remain in reducing the number of False
Negatives, which can lead to missed customer opportunities. This study highlights the importance of employing
machine learning methods to analyze consumer behavior and enhance the effectiveness of marketing
campaigns. By leveraging more advanced, data-driven techniques, companies can develop more personalized
and efficient marketing strategies, thereby gaining an advantage in an increasingly complex market.

This study has several limitations. The evaluation was conducted using a single dataset obtained from
Kaggle, which may limit the generalizability of the findings to other marketing environments. Future research
should consider external validation using real-world company datasets and explore alternative approaches for
handling imbalanced data, such as advanced resampling techniques, cost-sensitive learning, and hybrid
ensemble methods.
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