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Abstract : —In today’s data-driven world, businesses rely on customer segmentation to enhance decision-making and marketing
strategies. This study provides a comparative analysis of various clustering algorithms—K-Means, DBSCAN, Hierarchical Clustering,
Gaussian Mixture Model (GMM), Agglomerative Clustering, and BIRCH—to evaluate their effectiveness in customer segmentation
using the Mall Customer Segmentation Dataset. The dataset includes customer demographic and spending behavior attributes,
enabling an in-depth evaluation of how different clustering techniques group customers based on similarity. Our analysis examines the
strengths and limitations of each method, particularly in handling varying cluster densities, noisy data, and cluster interpretability.
The findings offer businesses and decision-makers data-driven insights into choosing the most suitable algorithm for customer
segmentation. This study contributes to the field by presenting a comprehensive comparison of clustering approaches on a single
dataset, offering practical implications for businesses looking to optimize their marketing and customer engagement strategies.

Index Terms - Customer Segmentation, Clustering techniques, K-Means, DBSCAN, Hierarchical Clustering, GMM, BIRCH, Retail
Analytics.

INTRODUCTION

In today’s data-driven world, businesses must deeply understand customer behavior to remain competitive. The rapid expansion of
digital platforms and e-commerce has resulted in vast amounts of customer data, making customer segmentation an essential strategy
for companies looking to enhance decision-making, optimize marketing strategies, and improve customer engagement. Clustering
algorithms have emerged as powerful tools for analyzing customer data, allowing businesses to group customers based on behavioral
similarities, purchasing patterns, and demographic attributes [1]. Customer segmentation is widely applied across industries,
particularly in retail and e-commerce, where businesses lever age Big Data Analytics (BDA) and Business Intelligence (BI) to extract
meaningful insights [2]. Using unsupervised machine learning techniques, companies can uncover hidden patterns within their
customer base and develop targeted marketing campaigns, personalized recommendations, and customer retention strategies. Various
clustering techniques exist for customer segmentation, each offering distinct advantages and challenges. K Means clustering, one of
the most widely used techniques, efficiently groups data based on similarity but struggles with irregularly shaped clusters. DBSCAN
(Density-Based Spatial Clustering of Applications with Noise) excels in detecting clusters of arbitrary shapes and handling noise but
requires careful parameter tuning. Hierarchical clustering creates a tree like structure that enables deeper analysis of customer
relationships but is computationally expensive for large datasets. Additionally, advanced models such as the Gaussian Mixture Model
(GMM) and BIRCH (Balanced Iterative Reducing and Clustering using Hierarchies) have gained traction for their ability to handle
complex and large-scale datasets. This research paper presents a comparative analysis of multiple clustering algorithms applied to a
single dataset—the Mall Customer Segmentation Dataset. The dataset consists of customer demographics and spending behavior,
allowing an in-depth evaluation of how different clustering techniques group customers based on similarity. Unlike previous studies
that applied clustering techniques to multiple datasets, this research focuses on a single dataset to ensure a controlled and
comprehensive comparison. Through this analysis, we aim to provide data-driven in-sights into the performance of various clustering
algorithms in customer segmentation. By understanding the strengths and weaknesses of each method, businesses can make informed
decisions about selecting the most suitable clustering technique for segmenting customers effectively.
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LITERATURE REVIEW

Clustering algorithms play a crucial role in customer seg mentation, enabling businesses to categorize customers into meaningful
groups based on their behavior, preferences, and purchasing patterns. These algorithms are widely used in industries such as retail,
marketing, and business intelligence (BI) to optimize decision-making, targeted marketing, and personalized customer engagement.
This section reviews prior research on clustering techniques, focusing on their application in customer segmentation and evaluating
their comparative effectiveness [2].

A. Customer Segmentation in Retail and Business Intelligence Customer segmentation is a fundamental strategy for businesses to
enhance customer engagement and retention. Various studies have explored clustering algorithms for grouping customers based on
demographic attributes, spending behavior, and transactional data. The ability to segment customers effectively allows businesses to
develop personalized marketing strategies, loyalty programs, and data-driven decision-making frameworks. In the retail industry, Big
Data (BD) and Business Intelligence (Bl) have revolutionized customer segmentation techniques. Studies have shown that
personalized shopping experiences and targeted service operations are more influential in retaining customers than pricing strategies
alone. Research integrating clustering techniques with Bl frameworks has demonstrated their potential in optimizing customer
engagement, predictive analytics, and business strategy planning. A study by Jin and Kim highlighted how clustering algorithms
improve operational efficiency by converting raw customer data into actionable insights. They emphasized that integrating clustering
models with BI tools reduces the trial and-error approach in marketing, making data-driven strategies more effective. Similarly, the
application of clustering in customer segmentation has advanced targeted marketing and demand forecasting [1].

B. Comparative Performance of Clustering Algorithms Numerous studies have compared the performance of different clustering
algorithms in customer segmentation, particularly in the retail sector.

» K-Means clustering remains one of the most widely used methods due to its simplicity, computational efficiency, and ability to
handle large datasets. However, its performance depends on data distribution and parameter selection. The Elbow Method, Silhouette
Score, and Davies Bouldin Index (DBI) are commonly used techniques for determining the optimal number of clusters in K-Means
[3].

* DBSCAN (Density-Based Spatial Clustering of Applications with Noise) has been shown to outperform K-Means in detecting
irregular transaction patterns and handling outliers. It is particularly useful in customer segmentation tasks where data distribution is
uneven or contains noise. Research comparing K-Means and DBSCAN has found that DBSCAN is better suited for datasets with
arbitrary shaped clusters and varying densities [4].

« Hierarchical Clustering provides an interpretable tree like representation of customer relationships, making it useful for businesses
seeking a hierarchical segmentation structure. However, it struggles with scalability when applied to large datasets [5].

» Gaussian Mixture Model (GMM) is a probabilistic clustering method that allows for overlapping clusters, making it particularly
useful in customer segmentation tasks where customers belong to multiple behavioral segments. Research suggests that GMM often
achieves higher ac curacy in capturing nuanced segmentation patterns [6].

» BIRCH (Balanced lIterative Reducing and Clustering using Hierarchies) has been used in large-scale retail datasets due to its ability
to incrementally cluster stream ing data. It is computationally efficient, making it a viable option for big data applications in customer
segmentation [7].

* Hybrid clustering approaches, such as combining K Means with DBSCAN, have been proposed to leverage the strengths of both
algorithms. These models aim to enhance clustering performance by combining the efficiency of centroid-based clustering with the
flexibility of density-based methods [8]. A study comparing K-Means, DBSCAN, and GMM found that GMM achieved the highest
silhouette score (0.80) when applied to customer segmentation tasks. These findings under score the importance of selecting clustering
algorithms based on the dataset’s characteristics and business objectives [9].

C. Applications of Clustering in Customer Segmentation Beyond traditional retail segmentation, clustering algorithms have been
applied to various domains, showcasing their versatility:

« DBSCAN in Outlier Detection: DBSCAN has been used for fraud detection and anomaly detection in financial transactions.

* Hierarchical Clustering in Consumer Behavior Analysis: Used to analyze spending habits and categorize loyalty tiers in customer
bases.

* GMM in Predictive Analytics: Applied in personalized marketing campaigns by predicting customer behavior and purchasing trends.
These applications highlight how clustering techniques extend beyond segmentation and contribute to business intelligence, strategic
planning, and consumer behavior analysis.

D. Research Gaps and Future Directions While existing studies provide extensive insights into customer segmentation using clustering
algorithms, some research gaps remain:

» Comparative studies on hybrid clustering models: Most studies focus on individual clustering algorithms, but hybrid models (e.g., K-
Means + DBSCAN, GMM + Hierarchical) remain underexplored.

* Scalability of clustering algorithms for large-scale customer data: Future research should explore distributed clustering techniques
that leverage cloud computing and parallel processing.

« Integration with Al and Deep Learning: There is a growing need to investigate deep learning-based clustering models for handling
high-dimensional customer data with complex patterns. By addressing these gaps, future research can enhance the efficiency and
accuracy of customer segmentation models, leading to more personalized and data-driven business strategies.

METHODOLOGY

In this section, we discuss the clustering techniques applied to customer segmentation using the Mall Customer Segmenta tion
Dataset. The selected algorithms—K-Means, Hierarchical Clustering, DBSCAN, Gaussian Mixture Models (GMM), and BIRCH—
are chosen based on their suitability for different data characteristics such as shape, density, and cluster distri bution. Additionally,
Principal Component Analysis (PCA) is employed for dimensionality reduction to enhance clustering performance.

A. K-Means Clustering K-Means is one of the most commonly used clustering algorithms in customer segmentation due to its

IJ]NRD2504030 ‘ International Journal Of Novel Research And Development (www.ijnrd.org)



http://www.ijrti.org/

© 2025 IJNRD | Volume 10, Issue 4 April 2025 | ISSN: 2456-4184 | JNRD.ORG

simplicity, efficiency, and ability to handle large datasets. Thealgorithm follows these steps:

1) Initialize K centroids randomly.

2) Assign each data point to the nearest centroid using Euclidean distance.

3) Update centroids by computing the mean of all points in each cluster.

4) Repeat steps 2 and 3 until centroids no longer change (convergence).

Why K-Means?

* Scalability: Performs well on large datasets.

* Interpretability: Provides clear, well-defined customer segments.

« Limitation: Requires the number of clusters (K) to be predefined and assumes spherical clusters [9].
For this study, Elbow Method and Silhouette Score were used to determine the optimal K value.
B. Hierarchical Clustering

Hierarchical clustering constructs a tree-like structure (dendrogram) representing the nested clusters. It operates using two main
approaches:

1) Agglomerative (Bottom-Up): Each data point starts as its own cluster and merges iteratively.

2) Divisive (Top-Down): All data points start as one cluster and split recursively.

Why Hierarchical Clustering?

* No need to specify K in advance.

* Captures complex, non-spherical clusters.

* Dendrogram visualization helps interpret relationships between customer groups [10].

In this study, Agglomerative Clustering with Ward’s linkage was used, as it minimizes variance within clusters.
C. DBSCAN (Density-Based Spatial Clustering of Applications with Noise)

DBSCAN groups dense data points together while identify ing noise and outliers. It follows these steps:

1) Defines € (epsilon) (neighborhood radius) and MinPts (minimum points required to form a cluster).

2) Identifies core points (points with at least MinPts neigh bors within €).

3) Expands clusters from core points while ignoring noise points.

Why DBSCAN?

+ Handles arbitrary-shaped clusters (unlike K-Means).

» Works well with uneven density distributions (useful for customer segmentation).

» Automatically detects outliers (identifies irregular shopping behavior) [8].

However, DBSCAN requires careful parameter tuning (e and MinPts), which was done using k-distance plots in this study.
D. Gaussian Mixture Model (GMM)

GMMiisaprobabilistic clustering method that assumes data is generated from a mixture of multiple Gaussian distributions. Unlike K-
Means, which strictly assigns points to clusters, GMM assigns probabilities of belonging to multiple clusters.

Why GMM?

* Handles overlapping clusters better than K-Means.

* Probabilistic nature provides a flexible approach for customer segmentation.
« Often achieves higher silhouette scores in customer seg mentation tasks [10].

The number of components in GMM was optimized using the Bayesian Information Criterion (BIC) and Akaike Information Criterion
(AIC).

E. BIRCH (Balanced Iterative Reducing and Clustering using Hierarchies)

BIRCH is designed for large-scale datasets and performs clustering in an incremental, memory-efficient manner. It follows these
steps:

1) Constructs a Cluster Feature (CF) Tree from input data.

2) Applies clustering algorithms to the CF Tree to form final clusters.

3) Refines clusters in multiple passes.

Why BIRCH?

* Handles large datasets efficiently without excessive memory use.

* Performs incremental clustering useful for dynamic customer segmentation [7].

BIRCH was tested with different threshold values to find the optimal clustering configuration.

F. Principal Component Analysis (PCA) for Dimensionality Reduction

To improve clustering performance, PCA was applied as a preprocessing step. PCA transforms the dataset into principal components,
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reducing dimensionality while preserving variance.
Why PCA?

* Reduces noise and redundancy in customer data.

* Improves clustering efficiency and interpretability.

* Minimizes computational complexity, especially for high dimensional customer segmentation tasks [6]. The eigenvalues of the
covariance matrix were computed to retain principal components that capture 95% of the variance.

RESULT

A. Clustering Performance on the Mall Customer Segmentation Dataset

To evaluate the effectiveness of different clustering algorithms, we applied K-Means, DBSCAN, Hierarchical Clustering, Gaussian
Mixture Model (GMM), BIRCH, and a Hybrid Model (K-Means + DBSCAN) to the Mall Customer Seg mentation Dataset. The
dataset contains three main features: Age, Annual Income, and Spending Score. Each algorithm was evaluated using Silhouette Score

and Davies-Bouldin Index (DBI) to measure clustering quality.

B. Comparative Analysis

1) K-Means: Performed best in terms of DBI (0.39) and Silhouette Score (0.75), indicating well-separated and compact clusters.
However, it struggled with outliers.

2) DBSCAN: Effectively detected outliers, but had a high DBI score (1.39), indicating less compact clusters. Works well for
arbitrarily shaped clusters but is sensitive to parameter tuning.

3) Hierarchical Clustering: Provided a moderate DBI (0.62) but lacked scalability. Suitable for small datasets where hierarchical
relationships are important.

4) GMM: Excelled in capturing overlapping clusters, with a DBI of 0.80 and Silhouette Score of 0.80, but does not handle
outliers well.

5) BIRCH: Balanced performance with a low DBI (0.42) and high scalability, making it ideal for large datasets. 6) Hybrid Model (K-
Means + DBSCAN): Combined the strengths of both K-Means and DBSCAN, achieving a DBI of 0.45 and a Silhouette Score of 0.72
while effectively detecting outliers and maintaining scalability. The comparative results are illustrated in Fig. 1.

Comparative Performance Analysis
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Fig. I. Comparative Pecformance Analysis

C. Insights and Findings

e K-Means is the most efficient algorithm for well structured customer segmentation, but DBSCAN is better at handling noise and
outliers.

e Hybrid (K-Means + DBSCAN) provides an optimal trade-off between compact clustering and outlier detec tion, making it a strong
candidate for real-world segmen tation tasks.

e The choice of algorithm depends on the dataset’s charac teristics and the business goal: 1) For simple customer segmentation —
Use K-Means 2) For noisy customer data — Use DBSCAN 3) For large datasets — Use BIRCH 4) For overlapping customer groups
— Use GMM 5) For best overall performance — Use Hybrid (K Means + DBSCAN).

CONCLUSION

Customer segmentation plays a crucial role in understand- ing consumer behavior and enhancing targeted marketing strategies. In this
study, we analyzed the performance of six clustering algorithms—K-Means, DBSCAN, Hierarchical Clustering, Gaussian Mixture
Model (GMM), BIRCH, and a Hybrid Model (K-Means + DBSCAN)—on the Mall Customer Segmentation Dataset using Age,
Annual Income, and Spend- ing Score as clustering features.

Key Findings:

1) K-Means performed the best in terms of clustering quality with the lowest Davies-Bouldin Index (DBI = 0.39) and a high
Silhouette Score (0.75). It efficiently grouped customers into distinct clusters but failed to identify outliers.

2) DBSCAN was the most effective in detecting outliers and handling arbitrarily shaped clusters. However, it had the highest DBI
(1.39) and was sensitive to parameter tuning, leading to less compact clusters.

3) Hierarchical Clustering provided interpretable results but lacked scalability, making it impractical for large datasets.

4) GMM excelled in identifying overlapping clusters with a Silhouette Score of 0.80, making it suitable for segment- ing customers
with similar spending patterns. However, it did not effectively handle outliers.

5) BIRCH was efficient for large datasets, balancing com- putational speed and clustering quality, with a DBI of
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0.42 and a Silhouette Score of 0.70.
6) The Hybrid Model (K-Means + DBSCAN) combined the strengths of both algorithms, achieving a DBI of 0.45 and Silhouette
Score of 0.72 while effectively detecting outliers and maintaining scalability.

Implications for Business and Marketing Strategies:
® Businesses with structured customer groups can rely on K-Means for effective segmentation and personalized marketing.

® Companies dealing with irregular customer spending pat- terns and noise in data should prefer DBSCAN or the Hybrid
Model

® Organizations handling large datasets can benefit from BIRCH, while businesses with overlapping customer be- haviors may
prefer GMM.
® A hybrid clustering approach can be an ideal solution for businesses requiring both clear segmentation and outlier detection

Future Work:

e Incorporating additional customer attributes (e.g., pur- chase frequency, transaction history) can improve seg- mentation
accuracy.

e Exploring deep learning-based clustering approaches such as autoencoders and self-organizing maps (SOMs) could enhance the
adaptability of segmentation tech- niques.

e Evaluating clustering models on real-world business datasets will help refine algorithms for practical appli- cations in retail,
finance, and e-commerce industries.

By leveraging the insights from this study, businesses can optimize their customer segmentation strategies, leading tobetter- targeted
marketing campaigns, improved customer en- gagement, and higher revenue generation
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