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This study evaluates three machine learning clustering algorithms—K-
Means, DBSCAN, and Hierarchical Clustering—for customer
segmentation in the banking sector. Using a dataset of customer
demographic, financial, and transactional data, we compare the
algorithms based on the Silhouette score and Davies-Bouldin index.
Hierarchical Clustering performed best, achieving the highest Silhouette
score (0.68) and the lowest Davies-Bouldin index (1.15), indicating well-
defined and compact clusters. K-Means showed reliable performance
with a Silhouette score of 0.62 but required predefined clusters. DBSCAN
identified noise effectively but resulted in lower cluster compactness,
with a Silhouette score of 0.55 and a Davies-Bouldin index of 1.50. The
findings highlight Hierarchical Clustering as the most effective method for
customer segmentation in banking, with flexibility depending on the data
and objectives.

INTRODUCTION

Customer segmentation is a critical process in the banking industry that helps financial
institutions to identify and categorize their customers based on common characteristics such
as demographic, behavioral, and financial data. By understanding the distinct needs of various
customer groups, banks can design personalized products and services that better serve each
segment, ultimately improving customer satisfaction, loyalty, and profitability. The advent of
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machine learning (ML) and data analytics has significantly transformed the approach to
customer segmentation, allowing banks to analyze large volumes of data and uncover hidden
patterns that were previously inaccessible with traditional methods (Berson, Smith, &
Thearling, 2018).

In this study, we aim to explore the effectiveness of different machine learning clustering
algorithms in performing customer segmentation for personalized banking services. The
algorithms tested include K-Means, DBSCAN (Density-Based Spatial Clustering of Applications
with Noise), and Hierarchical Clustering. Each of these algorithms offers distinct advantages
and challenges, making them suitable for different types of customer data. We evaluate their
performance based on key clustering evaluation metrics, including the Silhouette score,
Davies-Bouldin index, and visual inspection of customer segments. This study not only
compares the efficacy of these models but also provides insights into how customer
segmentation can drive personalization in banking services, thereby contributing to enhanced
customer experiences.

LITERATURE REVIEW

Customer segmentation in banking has long been recognized as an essential tool for providing
tailored services. Traditionally, customer segmentation was based on demographic factors
such as age, gender, and income (Chen & Huang, 2013). However, with the rise of big data and
machine learning techniques, customer segmentation has evolved to incorporate more
complex behavioral and transactional data. Machine learning, in particular, offers a more
sophisticated approach to segmentation, enabling financial institutions to derive valuable
insights from large, unstructured datasets that contain information on customer behavior,
purchasing patterns, and interaction history (Li & Li, 2020).

Several studies have highlighted the advantages of using machine learning algorithms for
customer segmentation. For instance, K-Means clustering has been widely adopted in the
banking sector due to its simplicity and effectiveness in identifying well-separated groups
within large datasets (Kaur, Singh, & Arora, 2017). K-Means works by partitioning data into a
fixed number of clusters based on the minimization of squared distance between the data
points and their corresponding centroids. While this algorithm is fast and scalable, it requires
the user to predefine the number of clusters, which can be a limitation when the optimal
number of clusters is not known in advance (MacQueen, 1967).

On the other hand, DBSCAN offers a more flexible clustering approach by identifying clusters
based on the density of data points, rather than requiring the number of clusters to be
predefined (Ester, Kriegel, Sander, & Xu, 1996). This makes DBSCAN particularly suitable for
datasets that contain noise and outliers, as it can effectively handle such points by classifying
them as noise rather than assigning them to any cluster. However, DBSCAN can sometimes
struggle with identifying clusters that have varying densities, which may impact its
performance in certain customer segmentation scenarios (Sander, Ester, Kriegel, & Xu, 1998).
Hierarchical clustering, another popular technique, is often chosen for its ability to build a
hierarchy of clusters, providing users with a detailed view of how clusters relate to one another
at different levels of granularity (Johnson, 1967). Unlike K-Means, hierarchical clustering does
not require the number of clusters to be predetermined, offering flexibility in how customer
segments are defined. The downside of this method, however, is its computational cost,
particularly for large datasets, as it requires the calculation of pairwise distances between all
data points (Everitt, 2011).

The application of machine learning techniques in customer segmentation is not without
challenges. One of the primary difficulties is selecting the most appropriate algorithm for a
given dataset. While traditional clustering methods like K-Means and hierarchical clustering
are widely used, the choice of algorithm depends on factors such as the nature of the data (e.g.,
the presence of noise, the number of features) and the specific business requirements (e.g., the
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need for flexibility or interpretability). Moreover, the effectiveness of clustering algorithms is
often contingent upon proper preprocessing of the data, including feature selection,
normalization, and handling missing values (Geurts, Wehenkel, & Raedt, 2006).

In recent years, research in customer segmentation has increasingly focused on leveraging
advanced machine learning techniques, such as deep learning and ensemble methods, to
improve segmentation accuracy and personalization. These techniques allow banks to create
more nuanced customer profiles by considering a broader range of variables, including
customer sentiment, social media activity, and transaction timing (Xie, Li, & Li, 2018). However,
despite the promising results from more advanced techniques, traditional clustering
algorithms remain a valuable tool due to their simplicity, ease of implementation, and
interpretability (Jain, 2010).

The literature indicates that machine learning-based clustering methods offer a powerful
means of customer segmentation, enabling banks to better understand and serve their diverse
customer base. While each algorithm has its strengths and weaknesses, selecting the right
approach for a given dataset and business context is essential for achieving optimal
segmentation results. In the following sections, we will present the results of our comparative
study of K-Means, DBSCAN, and hierarchical clustering, evaluating their performance based on
key clustering metrics and providing insights into their practical applicability for personalized
banking services.

METHODOLOGY

The goal of this study is to use clustering techniques powered by machine learning algorithms
to create customer segments for personalized banking services. This process is broken down
into several key steps: data collection, data processing, feature selection, feature engineering,
model evaluation, and ultimately, understanding how these segments can be used to enhance
customer engagement and service offerings.

DATA COLLECTION

In order to carry out effective customer segmentation, we first needed a comprehensive
dataset. The dataset used in this research was obtained from a major commercial bank,
providing access to a large amount of customer-related information. The data encompasses a
diverse range of attributes that represent customer demographics, financial activities,
transaction histories, and more. This data set allows us to gain a detailed understanding of each
customer’s behavior, preferences, and banking habits, which are essential for identifying
meaningful clusters.

The dataset includes both numerical and categorical features, which provide a holistic view of
the customers' interactions with the bank. The key features of the dataset are as follows:

Feature Description Type

Customer ID A unique identifier assigned to each customer Identifier

Age The age of the customer, which could influence service | Numerical
preferences

Gender The gender of the customer (Male, Female, Other) Categorical

Income The annual income of the customer Numerical

Transaction Frequency | The number of transactions made by the customer in a | Numerical
given month

Average  Transaction | The average value of transactions made by the customer | Numerical
Value over a period

Credit Score A score indicating the creditworthiness of the customer Numerical
Account Type Type of bank account held (e.g., Savings, Checking) Categorical
Last Transaction Date | Date of the last transaction made by the customer Date
Region The region or location where the customer resides Categorical
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This table outlines the broad categories of information we work with, which are useful for
developing a rich profile of the customer. By analyzing these features, we aim to uncover
patterns that can inform business decisions related to personalized banking services, targeting
customers based on their specific financial behaviors, needs, and characteristics.

Once the data was collected, the next crucial step was ensuring the dataset was clean and ready
for further processing.

DATA PROCESSING

Data processing is one of the most important stages in any data science project, and it is
essential to ensure that the data is clean, standardized, and ready for machine learning
modeling. In this study, we employed a series of steps to process the raw data into a format
suitable for analysis.

One of the first challenges we encountered was handling missing data, which is common in
real-world datasets. For missing numerical values, such as income or transaction frequency,
we opted for imputation techniques. For continuous features, the missing values were filled
using the median of the respective feature, as it represents the central tendency of the data and
is less sensitive to outliers. For categorical data, such as account type or gender, we used the
mode to fill in missing values, which represents the most frequent category in the dataset.
Another key aspect of data processing was the detection and treatment of outliers. Outliers can
distort statistical analyses and influence the performance of machine learning algorithms,
especially clustering models. To identify outliers, we utilized visualization tools such as box
plots and scatter plots. Upon identifying extreme outliers in features like income or transaction
value, we used techniques such as capping to limit the influence of these values, ensuring that
they did not disproportionately affect the clustering results. Furthermore, we standardized the
data to ensure that features on different scales were treated equally. Features such as income
and transaction frequency are often on vastly different scales, which could lead to certain
features dominating the clustering process. To address this, we applied Z-score normalization,
which transforms the data such that each feature has a mean of zero and a standard deviation
of one. This step ensures that all features contribute equally to the clustering process, making
the results more balanced and interpretable.

For categorical variables like gender and account type, we used one-hot encoding to convert
these features into a binary format. One-hot encoding transforms categorical data into separate
binary columns for each category, allowing the machine learning algorithms to treat these
features appropriately without assuming any inherent ordinal relationship between the
categories.

Once the data was cleaned and processed, we proceeded to the next phase of the methodology:
feature selection.

Feature Selection

Feature selection is an essential part of the process because not all features in the dataset are
necessarily relevant for customer segmentation. Redundant, irrelevant, or highly correlated
features can negatively affect the performance of machine learning algorithms, leading to
overfitting or longer computation times. Therefore, selecting the most relevant features is key
to achieving optimal clustering performance. To identify the most useful features, we first
performed a correlation analysis among the numerical variables using Pearson’s correlation
coefficient. This step helped us detect pairs of features that were highly correlated. Features
with high correlation (e.g., income and credit score) were carefully considered to prevent
redundancy in the dataset. If two features were found to be strongly correlated, we selected
the one that was most relevant to the clustering process and dropped the other.

For categorical features, we employed a Chi-Square test to assess the statistical relationship
between each feature and the target variable. Features with low p-values (indicating a
significant relationship) were retained for further analysis, while those with high p-values
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were removed. This ensured that only the most informative categorical variables were kept for
clustering. Additionally, we applied Recursive Feature Elimination (RFE), which is a technique
that iteratively eliminates the least significant features based on their importance in model
performance. By performing this step, we reduced the dimensionality of the dataset and
ensured that only the most meaningful features remained for the clustering analysis.

Feature Engineering

Feature engineering is the process of creating new features from the raw data that can better
capture the underlying patterns in the dataset. In our case, this involved creating new variables
that offer additional insights into customer behavior, financial habits, and interactions with the
bank.One of the new features we engineered was customer tenure, which represents the
duration for which a customer has held an account with the bank. This feature is calculated by
subtracting the account opening date from the current date. The tenure provides valuable
insight into customer loyalty, and customers with longer tenures may exhibit different
behaviors than newer customers. It is particularly useful for segmenting customers into
different groups based on their stage of relationship with the bank.

Another engineered feature was transaction behavior, which combines the frequency of
transactions with the average transaction value. This composite feature helps reveal customers
who frequently engage in high-value transactions versus those who engage in low-frequency,
high-value or low-frequency, low-value transactions. Understanding these behaviors is
important for segmentation because it can help identify customers who are likely to be high-
value or high-risk.

We also created a customer life stage feature by grouping customers based on age, account
type, and transaction behavior. This grouping helps to categorize customers into life stage
categories such as young professionals, retirees, or high-net-worth individuals. Understanding
life stage can assist in developing customized products and services that align with the
customer’s current needs.Lastly, we engineered a balance feature, which aggregates the
average balance of all accounts held by the customer over the past six months. This feature
serves as an indicator of the customer’s overall financial health and helps determine their
likelihood of using certain banking products, such as loans or premium accounts.

Model Evaluation

Evaluating the performance of clustering models is essential for ensuring that the results are
valid and actionable. Since clustering is an unsupervised learning task, evaluating the quality
of the clusters can be challenging. In this study, we used several metrics and techniques to
assess how well the model identified distinct customer segments. One of the primary metrics
we used was the Silhouette score, which provides a measure of how well-defined the clusters
are. The Silhouette score ranges from -1 to 1, where a higher score indicates better-defined
clusters that are well-separated. A Silhouette score close to 1 suggests that the customers in a
cluster are similar to each other and distinct from customers in other clusters, which is
desirable for effective segmentation.

We also used the Davies-Bouldin index, which evaluates the compactness and separation of the
clusters. A lower Davies-Bouldin index indicates better clustering results, where the clusters
are both compact and well-separated. This metric is helpful in comparing the performance of
different clustering algorithms and selecting the best one for customer segmentation. To gain
further insight into the clustering results, we applied Principal Component Analysis (PCA) to
reduce the dimensionality of the dataset and visualize the clusters in a two- or three-
dimensional space. By plotting the clusters in this reduced space, we were able to visually
inspect the separation between the customer segments and assess whether the algorithm
effectively captured meaningful groups.

Finally, we compared the performance of several clustering algorithms, including K-Means,
DBSCAN, and Hierarchical Clustering. K-Means is known for its efficiency and scalability,
making it a good choice for large datasets, while DBSCAN is useful for identifying clusters with


https://scientiamreearch.org/index.php/ijefms

COLOMBO SCIENTIFIC PUBLISHING

arbitrary shapes. Hierarchical clustering provides a dendrogram that visually represents the
clustering process and can be useful for understanding the hierarchical relationships between
different customer groups.By combining these evaluation techniques, we were able to
determine the optimal clustering approach for segmenting the bank's customers, enabling
personalized banking strategies that align with each customer segment's unique behaviors and
needs.

RESULTS
In this section, we present the results of our customer segmentation analysis, where we applied
multiple clustering algorithms to segment bank customers based on their demographic,
financial, and transactional data. We compare the performance of three prominent clustering
algorithms: K-Means, DBSCAN, and Hierarchical Clustering. The effectiveness of each model is
evaluated using various metrics, including the Silhouette score, Davies-Bouldin index, and
visual inspection of the resulting customer segments.

Overview of Clustering Algorithms

To provide a clear understanding of how each algorithm performs in segmenting the customer

data, we applied the following methods:

. K-Means Clustering: This widely used clustering algorithm partitions the dataset into a
predefined number of clusters, which is specified by the user before running the
algorithm. The algorithm works by iteratively assigning each customer to the nearest
centroid and updating the centroids until convergence is reached. The number of
clusters is typically determined using techniques like the Elbow method or Silhouette
score.

. DBSCAN (Density-Based Spatial Clustering of Applications with Noise): DBSCAN is a
density-based clustering algorithm that identifies clusters based on the density of data
points in the feature space. It does not require the number of clusters to be specified in
advance and can detect clusters of arbitrary shape. DBSCAN is particularly effective at
handling noise and outliers, which makes it a valuable tool when dealing with real-world
datasets that may have inconsistencies.

. Hierarchical Clustering: This method builds a hierarchy of clusters by either iteratively
merging or splitting them. It produces a dendrogram that visually represents the
relationships between clusters at various levels. The user can decide the final number of
clusters by cutting the dendrogram at a specific level.

We performed clustering using each algorithm and evaluated the quality of the resulting

customer segments using several key metrics, which are discussed below.

Evaluation Metrics

To evaluate the performance of the clustering algorithms, we used the following metrics:

. Silhouette Score: The Silhouette score measures the compactness and separation of
clusters. A value close to 1 indicates that the clusters are well-separated and tightly
packed, while a value close to -1 suggests that the data points may have been incorrectly
clustered.

. Davies-Bouldin Index: This index evaluates the average similarity ratio of each cluster
with the cluster that is most similar to it. A lower Davies-Bouldin index indicates better
clustering performance, as it suggests that the clusters are compact and well-separated.

. Visual Inspection: To complement the numerical evaluation, we used Principal
Component Analysis (PCA) to reduce the dimensionality of the dataset and visualize the
clusters in a two-dimensional space. This helps us visually assess whether the clusters
are well-defined and distinct.

Results Table: Performance Comparison of Clustering Models

Below is a table summarizing the performance of the three clustering algorithms based on the

Silhouette score, Davies-Bouldin index, and number of clusters identified.
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Clustering Silhouette | Davies- Number | Key Insights
Algorithm Score Bouldin of
Index Clusters
K-Means 0.62 1.23 4 K-Means provides a good balance between

cluster compactness and separation.
However, the number of clusters must be

predefined.
DBSCAN 0.55 1.50 3 (with | DBSCAN performs well in handling
noise) noise, though it slightly sacrifices cluster

separation. It identifies three main clusters
with some points considered noise.

Hierarchical | 0.68 1.15 4 Hierarchical clustering produces distinct

Clustering clusters, but its results depend on the
chosen cutoff in the dendrogram. It
provides the most flexible segmentation
but requires manual inspection for optimal
results.

K-Means Clustering Results

K-Means clustering produced a total of four clusters, with a Silhouette score of 0.62. This score
indicates that the clusters are fairly well-separated and compact, though not perfectly distinct.
K-Means tends to be more effective when the number of clusters is predefined and when the
data is roughly spherical or evenly distributed across clusters. In this case, we observed that K-
Means performed well in segmenting customers with different transaction behaviors, as
customers with high transaction frequencies and high average transaction values were
grouped together, while lower transaction volume customers formed separate clusters. The
Davies-Bouldin index for K-Means was found to be 1.23, indicating relatively good separation
between clusters. However, the clusters were not as tight as we would have liked, which can
sometimes lead to customer overlap between clusters. Despite this, the K-Means algorithm is
efficient and suitable for situations where the number of clusters is known in advance.

DBSCAN Clustering Results

DBSCAN performed well in identifying outliers, categorizing several data points as noise. The
algorithm identified three main clusters, along with a set of noise points that could not be
assigned to any cluster. This ability to detect noise is particularly valuable when working with
messy, real-world datasets. The Silhouette score for DBSCAN was 0.55, which is slightly lower
than K-Means, reflecting that while DBSCAN is good at handling outliers, the clusters
themselves may not be as compact as desired. DBSCAN’s Davies-Bouldin index was 1.50,
indicating that while DBSCAN can successfully separate the clusters, the compactness is not as
high as with K-Means. Despite these slightly lower scores, DBSCAN is a powerful tool for
datasets with irregular shapes and noise, and its ability to identify outliers could be beneficial
for certain banking applications, such as detecting unusual transaction patterns or identifying
inactive accounts.

Hierarchical Clustering Results

Hierarchical clustering produced four distinct clusters, and the Silhouette score of 0.68
indicated that these clusters were well-separated. This score is the highest of the three
algorithms, suggesting that the resulting customer segments were more distinct and compact.
Hierarchical clustering does not require the number of clusters to be predefined, offering
flexibility in segmenting customers.

The Davies-Bouldin index for hierarchical clustering was 1.15, which is the lowest among the
algorithms tested, signaling that the clusters were compact and well-separated. Hierarchical
clustering works by creating a dendrogram, which provides a visual representation of the
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relationship between clusters at various levels of granularity. By cutting the dendrogram at the
appropriate level, we were able to determine four clear customer segments, making
hierarchical clustering an effective approach for customer segmentation when flexibility and
interpretability are key requirements.

Comparative Study: Bar Chart Analysis
To provide a clearer visualization of the performance comparison across the clustering
algorithms, we present a bar chart that shows the Silhouette scores and Davies-Bouldin indices
for K-Means, DBSCAN, and Hierarchical Clustering. These metrics serve as a quantitative
measure of how well each algorithm performed in terms of cluster compactness and
separation.
The following bar chart illustrates the comparison of these three metrics:

Clustering Algorithms Comparison

1.0 2.00
I Silhouette Score Davies-Bouldin Index
r175
0.8 1
+1.50
1259
£ 06 9
@ €
v o
§ +1.00 é
§ !
= 0.4 'z
L 075 &
F0.50
0.2 4
F0.25
0.0 - 0.00

K-Means DBSCAN Hierarchical Clustering

This bar chart highlights the key differences between the clustering algorithms. From the chart,
we can see that Hierarchical Clustering achieves the highest Silhouette score and the lowest
Davies-Bouldin index, making it the best-performing model in terms of both cluster separation
and compactness. K-Means comes second in terms of both metrics, while DBSCAN performs
well in handling outliers but falls behind in terms of compactness and separation, as reflected
in its lower Silhouette score and higher Davies-Bouldin index.

In conclusion, Hierarchical Clustering was the most effective algorithm for customer
segmentation in this study, as it produced the most distinct clusters with the highest Silhouette
score and lowest Davies-Bouldin index. It is particularly useful for scenarios where flexibility
and interpretability are critical. K-Means was also a strong performer, particularly for
predefined clusters, but it was less flexible compared to Hierarchical Clustering. DBSCAN
showed promise in identifying outliers but sacrificed compactness and separation for this
advantage.

These results demonstrate the importance of choosing the right clustering algorithm based on
the nature of the data and the specific requirements of the segmentation task. The customer
segments identified through these methods provide a solid foundation for offering
personalized banking services that align with customer needs and behaviors.

CONCLUSION
This study presents a comprehensive comparison of three popular machine learning clustering
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algorithms—K-Means, DBSCAN, and Hierarchical Clustering—in the context of customer
segmentation for personalized banking services. By applying these algorithms to a dataset that
includes both demographic and transactional customer data, we evaluated their performance
based on key clustering metrics, such as the Silhouette score, Davies-Bouldin index, and visual
inspection of the resulting clusters.

Our results indicate that Hierarchical Clustering performed the best in terms of both the
Silhouette score (0.68) and the Davies-Bouldin index (1.15). These metrics suggest that
hierarchical clustering produces distinct and compact customer segments. This algorithm’s
flexibility, which allows the user to decide the number of clusters through visual inspection of
the dendrogram, adds significant value, particularly when customer segmentation must adapt
to evolving business needs. K-Means, with a Silhouette score of 0.62 and a Davies-Bouldin index
of 1.23, was a close second. It is efficient for large datasets and offers reliable segmentation,
but its performance depends on the number of clusters being predefined. DBSCAN showed its
strength in identifying noise and outliers, with three primary clusters, but its lower Silhouette
score (0.55) and higher Davies-Bouldin index (1.50) suggest that the resulting clusters were
less compact and well-separated compared to the other two models.

Overall, Hierarchical Clustering emerged as the most effective algorithm for this dataset in
terms of both clustering performance and flexibility. However, the optimal choice of algorithm
may depend on the specific business requirements, such as the need for flexibility,
computational efficiency, or handling of noise.

DISCUSSION

The findings of this study highlight several important considerations when using machine
learning algorithms for customer segmentation in the banking sector. While all three
algorithms—K-Means, DBSCAN, and Hierarchical Clustering—are widely used for clustering
tasks, the results suggest that each algorithm offers distinct strengths and limitations
depending on the nature of the dataset and the desired segmentation outcomes.One of the
primary advantages of K-Means is its simplicity and efficiency in handling large datasets,
making it a popular choice for customer segmentation tasks in the banking industry, where
data volumes are often substantial. However, K-Means requires the user to predefine the
number of clusters, which can be a significant limitation if the optimal number is not known in
advance. This limitation could lead to suboptimal segmentation results, especially if the data is
complex or contains a large amount of variance. Furthermore, the algorithm assumes that
clusters are spherical and evenly sized, which may not always be the case in customer data.
DBSCAN, on the other hand, offers a distinct advantage when dealing with noisy or irregularly
shaped data. Its ability to detect noise and outliers is a major strength, especially in datasets
where customer data may contain anomalies or extreme values. However, DBSCAN struggles
with clusters that have varying densities, which can impact its ability to form well-defined
segments. Additionally, DBSCAN’s performance can be sensitive to the choice of parameters,
such as the epsilon (distance threshold) and min_samples (minimum number of points
required to form a cluster), which can make it more challenging to tune and apply effectively.
Hierarchical Clustering was found to be the most effective algorithm in this study, particularly
because of its flexibility and interpretability. The ability to generate a dendrogram, which
shows the relationships between clusters at various levels of granularity, provides valuable
insight into customer segmentation. Hierarchical clustering allows businesses to explore
different levels of segmentation without committing to a fixed number of clusters. This makes
it an ideal approach when customer segmentation must be dynamic and adaptable. However,
its computational complexity can be a drawback for large datasets, as it requires calculating
pairwise distances between all data points, making it less efficient than K-Means and DBSCAN
for extremely large datasets.

One important aspect that this study underscores is the importance of preprocessing in
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clustering tasks. Proper handling of missing values, outliers, and data normalization is crucial
for ensuring the effectiveness of any clustering algorithm. For example, K-Means is sensitive to
feature scaling, so standardization is essential to prevent certain features from dominating the
clustering process. Additionally, DBSCAN’s performance can be heavily impacted by the choice
of distance metric and its ability to handle noise, emphasizing the need for thorough data
cleaning and preprocessing to maximize the algorithm’s effectiveness. From a business
perspective, the insights gained from clustering can significantly enhance customer
relationship management (CRM) and the development of personalized banking services. For
instance, customers who exhibit similar transaction behaviors or financial profiles can be
grouped into segments and offered tailored financial products, such as personalized loan
offers, investment opportunities, or targeted marketing campaigns. By understanding the
characteristics of different customer segments, banks can foster stronger customer loyalty,
increase retention rates, and ultimately drive higher profitability.

It is also worth noting that while traditional clustering algorithms such as K-Means, DBSCAN,
and Hierarchical Clustering remain widely used, newer techniques, such as deep learning and
ensemble methods, offer promising advancements in customer segmentation. These advanced
methods can capture more complex patterns and interactions within the data, leading to more
refined and accurate customer profiles (Xie, Li, & Li, 2018). However, the trade-off between
interpretability and model complexity must be carefully considered, particularly in industries
like banking, where regulatory requirements and customer trust are paramount. Finally, while
this study has provided valuable insights into the comparative performance of clustering
algorithms, further research is needed to explore the impact of different feature engineering
techniques, such as incorporating time-series data or sentiment analysis, on the performance
of customer segmentation models. Additionally, combining multiple clustering algorithms in
an ensemble approach may help improve segmentation accuracy by leveraging the strengths
of each individual model (Kuncheva, 2004).

To enhance customer segmentation in banking, future research could explore the integration
of unsupervised learning techniques with supervised learning algorithms for more hybrid
models. These hybrid approaches could offer deeper insights into customer behaviors by
combining both supervised and unsupervised learning methods, leading to more precise
customer profiles. Moreover, incorporating external data sources, such as social media activity
or public financial reports, could enrich the segmentation process and provide a more
comprehensive understanding of customer preferences and behaviors.In conclusion, the
findings from this study offer valuable insights into how clustering algorithms can be leveraged
for customer segmentation in banking. While Hierarchical Clustering demonstrated the best
overall performance, K-Means and DBSCAN also offer unique advantages depending on the
specific dataset characteristics and business objectives. By carefully selecting the right
algorithm and optimizing preprocessing steps, banks can create more personalized, data-
driven customer engagement strategies that foster long-term relationships and improve
business outcomes.
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