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Abstract: Understanding customer behaviour has become central to modern marketing, as it helps
organizations identify differences in customer preferences, purchasing habits, and levels of
engagement. As customer data continues to grow, machine learning-based clustering has become a
popular approach for customer segmentation and targeted marketing. However, existing studies vary
considerably in terms of the datasets used, behavioural features selected, preprocessing techniques,
clustering algorithms, and evaluation measures, making it difficult to determine which approaches are
most effective.

This paper presents a comparative analysis of clustering techniques for customer behaviour analysis
and personalized marketing. Existing research on customer segmentation is reviewed to identify the
methods, features, algorithms, and evaluation measures used across different studies. The reported
results are then compared using measures such as the Silhouette Score, Davies-Bouldin Index, and
Calinski-Harabasz Index. The customer segments identified in these studies are examined based on
their behavioural characteristics and potential applications in personalized marketing. The analysis
also discusses the strengths and limitations of different clustering approaches and identifies research
gaps that remain in customer segmentation.

Keywords: Customer Segmentation, Customer Behaviour Analysis, K-Means Clustering, Machine
Learning, RFM Analysis, Personalized Marketing

L. INTRODUCTION

Every transaction, online interaction, and digital touchpoint generates customer data. This data provides insights into
customer preferences, purchasing behaviour, and levels of engagement. When organizations analyse this data
effectively, they gain a clearer understanding of their customer groups and can design marketing strategies that better
suit their needs.

Customer segmentation is the process of grouping customers who share similar characteristics and behaviours. Machine
learning-based clustering techniques are well suited for this task because they can identify groups within data without
requiring predefined labels. K-Means is one of the most commonly used approaches because of its simplicity,
efficiency, and interpretability. Researchers have also explored other approaches, including fuzzy clustering, deep
clustering, and deep learning.

However, directly comparing these studies is difficult because they differ in their datasets, selected features,
preprocessing methods, algorithms, and evaluation measures. Many studies also focus primarily on identifying
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customer segments without clearly showing how these segments can be used to develop personalized marketing

strategies.

This paper reviews and compares existing clustering approaches for customer behaviour analysis and personalized

marketing. It examines the results reported in earlier studies and highlights the research gaps that remain.

II. LITERATURE SURVEY
Previous studies have explored different clustering techniques, customer features, and evaluation measures for
customer segmentation and personalized marketing. Table 1 presents a comparative summary of the selected studies
based on their methodology, clustering or Al techniques, main findings, and evaluation measures.
Table 1. Comparative Analysis of Existing Customer Segmentation Studies
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The literature demonstrates that K-Means is one of the most frequently used methods for customer segmentation
because of its simplicity and interpretability. RFM-based features are also widely used to represent customer
purchasing behaviour.

More advanced approaches have also been investigated. For example, the 2026 Extended RFM and deep learning-based
study reported a Silhouette Score of 0.633 for its proposed approach compared with 0.576 for K-Means. Similarly, the
2021 RFM Ranking study reported an improvement from 0.33 for K-Means and 0.43 for Fuzzy C-Means to 0.49 for its
proposed approach.

The 2025 framework study reported a K-Means Silhouette Score of 0.432619. Other studies focused on identifying an
appropriate number of customer groups, such as four segments in the 2026 digital marketing study.

The literature also shows that some studies extend customer segmentation beyond clustering. For example, Deep
Embedded Clustering, Explainable Al using LIME, association-rule mining, and Customer Lifetime Value analysis
have been combined with segmentation to support more targeted marketing decisions.

III. RESEARCH GAP
The review of existing studies identifies several research gaps in customer behaviour analysis and personalized
marketing.
1. Lack of standardized comparison: Existing studies use different datasets, features, preprocessing methods,
clustering algorithms, and evaluation metrics, making direct comparison difficult.
2. Dependence on RFM-based features: Many studies primarily use Recency, Frequency, and Monetary features
or their extensions. Additional behavioural and demographic attributes may provide broader customer insights.
3. Limited comparative evaluation: Many studies focus on a single clustering algorithm or compare only a few
approaches. A common evaluation framework can provide a clearer understanding of their strengths and
limitations.
4. Limited connection with marketing actions: Several studies identify customer groups without clearly
connecting them to actionable personalized marketing strategies.
Therefore, there is a need for a systematic comparison using a common dataset, consistent preprocessing, and
appropriate clustering evaluation measures, while also considering how customer segments can support personalized
marketing.
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IV. METHODOLOGY
The methodology of this study focuses on systematically reviewing and comparing existing researchon customer
segmentation and personalized marketing. The selected studies are analysed based on their customer features,
preprocessing methods, clustering techniques, Al approaches, findings, and evaluation measures.
1. Study Selection
Relevant studies on customer segmentation, customer behaviour analysis, clustering, and personalized marketing are
selected for comparison.
The selected studies cover different clustering and Al-based approaches.
2. Feature and Methodology Comparison
The customer features and methodologies used in the selected studies are examined.
Particular attention is given to RFM-based features and their extensions.
3. Clustering Technique Comparison
Different clustering approaches, including K-Means, Fuzzy C-Means, GMM, Deep Embedded Clustering, and deep
learning-based methods, are compared.
4. Evaluation Comparison
The evaluation measures reported by the selected studies are analysed.
These include Silhouette Score, Davies-Bouldin Index, Calinski-Harabasz Index, and other measures reported by
individual studies.
5. Comparative Analysis
The reported results, strengths, and limitations of the different approaches are compared.
Since the studies use different datasets, features, preprocessing methods, and evaluation measures, their numerical
results are interpreted within their respective study contexts.
6. Research Gap Identification
The comparison is used to identify limitations and gaps in existing customer segmentation research.
The identified gaps are considered in terms of standardized evaluation, broader customer features, and the connection
between customer segments and personalized marketing strategies.

V. RESULTS AND COMPARATIVE ANALYSIS
The comparison of the selected studies shows that K-Means is widely used for customer segmentation, mainly because
it is simple and easy to interpret. At the same time, researchers have explored other techniques, such as Fuzzy C-
Means, Gaussian Mixture Models (GMM), Deep Embedded Clustering (DEC), and deep learning-based approaches.
Different studies reported different clustering evaluation results. In the 2026 Extended RFM study, the proposed
approach achieved a Silhouette Score of 0.633, while K-Means achieved 0.576. The 2021 RFM Ranking study reported
Silhouette Scores of 0.33 for K-Means, 0.43 for Fuzzy C-Means, and 0.49 for the proposed approach. In addition, the
2025 framework study reported a K-Means Silhouette Score of 0.432619.
However, these reported values should not be treated as a direct ranking of the different approaches because each study
used different datasets, features, preprocessing procedures, and evaluation measures. The comparison suggests that
alternative clustering techniques and broader behavioural features can provide additional opportunities for improving
customer segmentation. It also highlights the need for a common dataset and consistent evaluation framework to make
a fair comparison between different clustering approaches.

VI. DISCUSSION
The reviewed studies indicate that clustering techniques can effectively identify groups of customers with similar
behavioural characteristics.
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K-Means remains a popular approach because of its simplicity, speed, and ease of interpretation. At the same time,
advanced methods such as Fuzzy C-Means, Deep Embedded Clustering, and Deep Learning provide additional
approaches for customer segmentation.

Customer segmentation becomes more useful when combined with techniques such as recommendation systems,
Customer Lifetime Value analysis, and Explainable Al. The main objective is not only to create customer groups but
also to use these groups to support better and more personalized marketing decisions.

VII. CONCLUSION
Customer segmentation helps businesses understand different types of customers. K-Means is widely used because of
its simplicity and ease of interpretation. Advanced techniques such as Fuzzy C-Means and Deep Learning provide
additional approaches for improving customer segmentation. The comparison also highlights the need for consistent
evaluation and broader customer features in customer segmentation research. Effective customer segmentation can
further support personalized marketing strategies by enabling businesses to design more targeted and relevant customer
interactions.

VIII. FUTURE SCOPE
Future work can focus on evaluating different clustering techniques using a common customer dataset and standardized
preprocessing methods. Additional behavioural, demographic, and transaction-based features can also be incorporated
to improve customer segmentation. Advanced approaches such as deep learning, explainable Al, and hybrid clustering
techniques can be explored for more accurate and interpretable customer segments. Future studies can also connect
identified customer segments with real-time recommendation systems and personalized marketing strategies to support
better customer engagement and decision-making.
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