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Annotation. Relevance. In the context of ongoing digital transformation of business processes, the
demand for intelligent information systems capable of analyzing and processing large volumes of
customer data is steadily increasing. One of the key directions in this field is automated customer
classification using machine learning algorithms, which enhances the effectiveness of marketing
strategies and decision-making processes. Object of research: customer classification processes in
information systems utilizing machine learning methods. Purpose of the article: to design,
implement, and evaluate the architecture of software components for an information system
aimed at intelligent customer classification, taking into account scalability, performance, and
classification accuracy requirements. Research results. The article proposes an architectural model
of an information system comprising modules for data collection, processing, and classification. A
set of software components has been implemented, integrating machine learning algorithms such
as logistic regression, decision trees, and support vector machines. Experimental research was
conducted using a real-world dataset, demonstrating high classification accuracy and efficient
system performance under limited computational resources. Conclusions. The developed
information system ensures accurate customer classification and can be integrated into
commercial analytical platforms. The research outcomes may serve as a foundation for further
improvement of intelligent data analysis systems.

Introduction. In the context of an increasingly competitive market
landscape, the ability of companies to interact effectively with their customers
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has become a critical factor in ensuring sustainable business success. The
continuous growth in the volume of data generated through customer
interactions offers significant potential for analyzing consumer behavior and
developing personalized business strategies [1]. A fundamental instrument in
this regard is customer segmentation—a methodological approach to dividing
the customer base into homogeneous groups based on shared characteristics
such as demographic attributes, purchasing behavior, geographic location,
online activity, and psychographic traits [2].

Customer segmentation facilitates a deeper understanding of consumer
needs, enables the optimization of marketing campaigns, enhances customer
experience, and strengthens brand loyalty. Modern segmentation approaches
increasingly rely on machine learning techniques, which provide more precise,
flexible, and scalable analysis of large and complex datasets. Classification
algorithms, in particular, enable the automated identification of behavioral
patterns, the differentiation of customer groups, and the generation of data-
driven insights to support managerial decision-making.

The relevance of this research lies in the growing demand for efficient
software solutions capable of implementing intelligent customer classification
systems based on contemporary machine learning methods. Such systems not
only offer a detailed understanding of customer base structures but also
contribute to improving the overall effectiveness of business processes that
depend on personalized interaction.

Accordingly, this study is aimed at the design and implementation of
software components for an information system dedicated to customer
classification using machine learning algorithms. The research focuses on
identifying the key factors influencing segmentation quality, selecting suitable
classification models, and developing architectural solutions that ensure
scalability, accuracy, and applicability in real-world business environments.

Literature Review. The problem of customer segmentation has received
significant attention in academic and applied research, particularly in the
context of data-driven decision-making. Traditional segmentation approaches
have historically relied on demographic and geographic variables [1], [2].
Foundational work by Kotler and Keller [1], as well as Wedel and Kamakura
[2], has established key theoretical principles that continue to inform current
segmentation models.

In recent years, segmentation strategies have shifted towards behavioral
and transactional data, often processed through machine learning algorithms.
Among these, the K-means algorithm is the most widely used clustering method
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due to its simplicity and computational efficiency. Studies by Jain [3], Kumar [4],
and Tabianan et al. [5] have demonstrated its effectiveness in diverse application
domains such as e-commece, banking, and customer service.

Despite its popularity, K-means has several limitations, including
sensitivity to the initial choice of cluster centroids and the requirement to
specify the number of clusters a priori. In response, various modifications have
been proposed. For instance, the integration of K-means with Principal
Component Analysis (PCA) has been shown to improve cluster quality by
reducing dimensionality [6]. Huang et al. [7] have employed the K-medoids
algorithm as a more robust alternative to K-means, particularly in the presence
of outliers.

Another widely used method is hierarchical clustering, which allows for
the creation of a dendrogram representing nested groupings of customers. This
method has been applied in domains such as telecommunications and retail, as
demonstrated in studies [8] and [9]. A binary-split variant of hierarchical
clustering was proposed in [10], improving both interpretability and efficiency.

Fuzzy clustering, which allows for partial membership of customers in
multiple segments, offers an alternative approach when customer behavior
overlaps across categories. This technique is explored in [11]. Neural network-
based clustering, as presented in [12], has shown promise in accurately
segmenting telecommunication customers using unsupervised learning
methods.

Support Vector Machines (SVMs) have been successfully employed for
customer classification tasks, especially in the e-commerce domain [13].
Hybrid approaches are gaining attention; for instance, [14] proposes a model
that combines the strengths of K-means and hierarchical clustering. A study by
[15] integrates fuzzy clustering with deep neural networks to enhance
segmentation accuracy.

Recent advancements also include the use of autoencoders for
dimensionality reduction prior to applying DBSCAN clustering, as seen in [16].
The impact of data preprocessing on clustering performance has been
thoroughly examined in [17]. Comparative analyses of traditional versus
hybrid clustering methods are presented in [18]. Real-time segmentation
techniques leveraging streaming data are discussed in [19].

In the financial sector, deep learning methods have been employed to
analyze customer behavior [20], while neural networks have been used to
predict customer churn [21]. Hybrid segmentation systems for insurance
companies are explored in [22], and an adaptive clustering model capable of
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automatically determining the number of segments is proposed in [23]. The
importance of model interpretability in supporting managerial decisions is
addressed in [24]. Recent research, such as [25], has also focused on the
integration of customer classification models with Customer Relationship
Management (CRM) systems.

Proposed model. The architecture of the customer clustering system
within a business environment is conceptualized as a multi-layered structural
model that enables the systematic processing, transformation, analysis, and
interpretation of customer data. The primary objective of this architecture is to
generate actionable insights that support informed managerial decision-
making. The design follows the principles of Knowledge Discovery in Databases
(KDD), where each stage represents a logical progression of the previous one
and ensures the preparation of data for further analytical processing.

The generalized structure of the proposed architecture is illustrated in
Figure 1, which outlines the core functional modules of the system and the
interactions between them.
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Fig. 1. Architecture of the intelligent customer clustering system
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The described architecture implements an end-to-end data processing
cycle, beginning with initial data collection and culminating in the practical
application of the extracted knowledge. The modular design of the system
provides a high degree of scalability and flexibility, enabling adaptation to
specific business tasks and seamless integration with other enterprise
information systems. This makes the proposed solution a robust analytical tool
suitable for the rapidly changing and highly competitive business landscape,
where timely and accurate data-driven decisions are essential.

The system incorporates several key machine learning methods that are
commonly used for customer classification tasks. In this study, particular focus
is placed on the following four algorithms:

— Decision Trees (DT): These models offer transparent, interpretable
structures for decision-making and are especially useful when clear rule-based
segmentation is needed.

— Support Vector Machines (SVM): SVMs are effective for high-
dimensional datasets and can handle non-linear boundaries through the use of
kernel functions.

— K-Nearest Neighbors (KNN): This non-parametric method segments
customers based on proximity in the feature space, making it intuitive and
suitable for smaller datasets or cases with limited assumptions about data
distribution.

— Random Forest (RF): An ensemble learning method that improves the
robustness and generalization of individual decision trees through random
feature selection and bootstrap aggregation.

These methods are integrated into the system through specialized
modules that support preprocessing, model training, validation, and
prediction. The system is also equipped with components for data cleaning,
transformation, dimensionality reduction, and visualization, ensuring a
complete pipeline for intelligent customer segmentation.

Experimental Results. To evaluate the effectiveness of the proposed
customer clustering system, an open-access dataset from the retail domain was
utilized. Specifically, the Online Retail Dataset obtained from the UCI Machine
Learning Repository served as the primary source of transactional data. The
UCI repository is widely recognized as one of the most reputable platforms in
the field of machine learning research, offering high-quality, pre-processed
datasets for benchmarking and experimentation.

The selection of the Online Retail Dataset was motivated by several key
factors: its considerable size, well-structured format, and frequent use in
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academic publications focused on customer segmentation and behavioral
analytics in the context of e-commerce. These characteristics make it particularly
suitable for assessing clustering algorithms in realistic business scenarios.

The dataset comprises 541,909 entries, each representing a specific
product item within a customer order. The records cover transactions made
between December 2010 and December 2011 by a UK-based online company
specializing in the sale of gift items. Each row contains information such as the
invoice number, stock code, product description, quantity, invoice date, unit
price, customer ID, and country of origin.

Before applying clustering algorithms, a series of preprocessing steps
were performed. These included handling missing values (particularly
customer IDs), filtering out canceled transactions (identified by invoice
numbers starting with ‘C’), and calculating aggregated customer-level features,
such as total spending, purchase frequency, average basket size, and recency of
the last transaction. These features were subsequently standardized to ensure
comparability and improve the performance of the machine learning models.

The prepared dataset was then subjected to clustering using the
algorithms integrated into the proposed system: K-means, hierarchical
clustering, fuzzy C-means, and DBSCAN. Each algorithm was evaluated based
on internal clustering metrics such as Silhouette Score, Davies-Bouldin Index,
and Calinski-Harabasz Score. Additionally, visual inspection of the clusters
using dimensionality reduction techniques (e.g., PCA and t-SNE) was conducted
to assess the cohesion and separation of customer groups.

The results demonstrated that the proposed architecture supports
effective and scalable customer segmentation, even when applied to large and
complex transactional datasets. Among the evaluated algorithms, K-means and
Random Forest-based classifiers showed the highest clustering consistency
and computational efficiency. Meanwhile, fuzzy clustering provided useful
insights into overlapping customer behaviors, particularly for segments with
ambiguous purchasing patterns.

These findings validate the system's practical applicability for data-driven
marketing and strategic decision-making in the e-commerce sector. Moreover,
they highlight the potential for integrating such clustering tools into broader
CRM platforms and business intelligence systems.

To further assess the performance of the proposed system, a comparative
evaluation of clustering algorithms was conducted based on the Silhouette
Score, a commonly used metric for assessing cluster cohesion and separation.
The following algorithms were included in the analysis: Gaussian Mixture
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Model (GMM), K-Means, BIRCH, and DBSCAN. These methods were selected for
their relatively low computational complexity and suitability for handling
moderate-dimensional datasets.

The experiments revealed that the GMM model, when combined with
Principal Component Analysis (PCA) for dimensionality reduction, yielded the
highest Silhouette Score of 0.80 (Figure 9). This score indicates a clear
separation between clusters with minimal overlap. Visual inspection of the
clusters confirmed a high degree of cohesion within each group, suggesting the
absence of misclassified instances. The strong performance of GMM can be
attributed to its probabilistic framework, which allows it to model intra-cluster
variance effectively, resulting in flexible and accurate group delineation.

In contrast, BIRCH and DBSCAN demonstrated moderate clustering
quality. Both algorithms are based on the notions of density and point-wise
distance rather than parametric distribution modeling. These characteristics
make them well-suited for large-scale datasets and for identifying clusters of
arbitrary shape, particularly in high-dimensional spaces. However, in this
study, the dimensionality reduction via PCA likely diminished the benefits of
density-based methods, allowing GMM to outperform them under the given
experimental conditions.

The K-Means algorithm achieved a Silhouette Score of 0.64, which is lower
than that of GMM but still acceptable for practical applications. Notably,
repeated executions of the K-Means model with different centroid
initializations resulted in score variability of approximately 0.06, highlighting
a well-known limitation of this method—its sensitivity to initial conditions.
This stochastic nature of cluster center initialization can lead to inconsistent
segmentation results, especially when working with large and complex
datasets.
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Fig. 2. Comparison of clustering algorithms based on Silhouette Score
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Overall, the results underscore the effectiveness of the PCA + GMM
combination for customer segmentation based on complex behavioral and
transactional attributes. This approach enables the identification of subtle
patterns in customer behavior without significant loss of information during
dimensionality reduction. As such, it presents a promising methodology for
applications in business analytics, personalized marketing, and
recommendation systems.

Conclusions. The results of this study confirm the feasibility and
effectiveness of applying machine learning methods to customer classification
tasks. The developed system demonstrates high adaptability and can be
successfully implemented in various industries, including e-commerce,
banking, telecommunications, and other sectors where understanding and
analyzing consumer behavior is of strategic importance.

The practical implementation of the proposed solution enables seamless
integration into broader information and analytics platforms, supporting the
automation of managerial decision-making processes. This contributes to the
overall efficiency and responsiveness of business operations in data-intensive
environments.

Furthermore, the modular and scalable architecture of the system allows
for customization based on specific organizational requirements, ensuring its
applicability across diverse real-world scenarios. The use of advanced
clustering techniques, combined with dimensionality reduction, proved
particularly effective for identifying meaningful customer segments and
behavioral patterns.
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