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Abstract  

This paper provides a thorough study of modeling and analyzing user behavior in online shopping. The research is 

based on simulated interactions involving 40 users with an e-commerce platform while selecting different gaming 

monitors. Key behavioral indicators such as interaction time, specification views, and filter usage were standardized to 

allow for accurate clustering. Using hierarchical cluster analysis with Ward’s method and Euclidean distance, three 

distinct user groups were identified, each demonstrating unique behavioral patterns toward BenQ, Asus, and Xiaomi 

products. Discriminant analysis was utilized to evaluate the classification's effectiveness and to identify the most 

significant variables affecting group differentiation. The findings showed an accuracy, confirming the reliability of the 

clustering method. This research emphasizes the significance of analyzing behavioral data to tailor user experiences, 

improve marketing tactics, and boost digital product usability. The findings offer important insights into how data-driven 

decision-making can enhance adaptive e-commerce solutions. 
 

Intelligent data analysis goes beyond merely generating reports; it serves as a mechanism for continuous 

learning and improvement [1]. This allows organizations to adapt more effectively to changes in user behavior 
and market conditions. Utilizing data mining fosters a culture of data-driven decision-making, which is a 

crucial element for success in today’s competitive environment. 

In a world where data is becoming the new currency, intelligent analysis is crucial for its effective 

utilization. Applying this analysis can transform your understanding of users, leading to improved outcomes 
in your business. 

User behavior refers to the totality of actions, interactions, decisions, and activity patterns exhibited by 

individuals when using a digital product or service. It is not merely a collection of random clicks or views; 
rather, it is a deliberate process that reflects a person’s needs, intentions, interests, habits, and responses to the 

digital environment. 

User behavior is fundamentally shaped by the dynamic interaction between individuals and digital 

systems. Analyzing user behavior is essential for various fields, including human-computer interaction, 
usability engineering, digital marketing, web analytics, and intelligent data analysis. 

The data for this analysis consists of a sample that simulates the interactions of 40 users with an online 

store website as they choose among three different gaming monitors. The proposed approach not only classifies 
current behaviors but also allows for future scalability by adding new product items, such as an MSI monitor. 

This enables the study of user reactions using the developed classification model. 

The following variables that characterize user behavior are essential for our analysis: interaction time, 
depth of study, use of site tools, and the data set contains information about the outcome of the interaction. 

After completing the standardization procedure, all variables were converted to a uniform scale. This 

prevents any individual indicator from dominating the calculations of Euclidean distances in subsequent 

analyses. This uniformity is crucial for the accurate functioning of clustering methods, which rely on the 
distances between objects in multidimensional space.  

Clustering is one of the key stages of analysis, allowing users to be grouped according to similarities in 

their behavior when choosing a product [2, 3]. This approach makes it possible to identify typical scenarios of 
interaction with the website, which can then be used to improve marketing strategies or personalize content. 

To implement cluster analysis in this study, a hierarchical method using Euclidean metrics and Ward's method 

was applied.  
Based on user behavioral variables, a dendrogram was constructed using hierarchical cluster analysis by 

Ward's method and Euclidean distance as a similarity metric. Analysis of the dendrogram structure allowed us 
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to identify three distinct clusters of users who demonstrate similar patterns of interaction with the online store 
interface (fig, 1). 

 

 

Fig. 1. Dendrogram of user clustering using the Ward method 

Cluster 1 – users who interacted more frequently with the BenQ monitor, viewed its specifications, and 

used the price filter (fig. 2). 

Cluster 2 – focused on Asus products and used the specifications filter.  

Cluster 3 – focused on Xiaomi with high specification viewing and time on page values, indicating active 
interest. 

 

Fig. 2. Euclidean Distances between Clusters 

The greater the distance, the more distinct the behavioral patterns of users in the respective groups are. 

According to the results obtained, users in clusters 1 and 2 are most similar in behavior, while cluster 3 is the 

most distant from the rest, indicating its unique behavior pattern associated with a high interest in Xiaomi 
products (fig. 3). 
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Fig. 3. Plot of Means for Each Cluster 

The graph of average values for each of the three clusters (fig. 4) clearly shows differences in user 

behaviour. The most significant differences are observed for the variables Time_Asus, Time_Xiaomi, 

Specs_Views_Asus, and Specs_Views_Xiaomi. In the third cluster, the values of these indicators have the 
highest average values, which indicates the active interest of users in this segment in Asus and Xiaomi models. 

At the same time, the first cluster shows higher values for the Time_BenQ variable and more active use of the 

price filter. 

 

Fig. 4. Analysis of Variance 

The purpose of using discriminant analysis is to evaluate how effectively user classes, defined through 

cluster analysis, can be distinguished based on certain statistical characteristics. These characteristics include 
the average viewing time for different monitor models, the number of views of technical specifications, and 

user activity in applying filters based on price and technical features [6].  

Discriminant analysis will help identify the most significant characteristics for distinguishing between 
clusters 1, 2, and 3 [7]. It will also assess the accuracy of user classification based on these criteria. This 

analysis will enhance our understanding of which behavioral parameters can predict a user's class, which is 

crucial for personalizing marketing strategies and improving the overall user experience.  
The implementation of discriminant analysis will help us determine if the current clusters are effective in 

distinguishing different types of users or if adjustments to the classification criteria are necessary. To achieve 

this, we will utilize data collected from our preliminary cluster analysis, which includes average viewing times 

for monitors of various brands (BenQ, Asus, Xiaomi), the number of views of technical specifications, and 
user activity related to filters based on price and specifications. This information will enable us to assess how 

well the user groups are differentiated and will support further analysis to identify the key features that 

influence product selection. 
The results of the discriminant analysis are shown in fig. 5. 
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Fig. 5. Analysis of variables in the model 

The factor loading matrix shows the correlation between each variable and the discriminant functions 
(fig. 6). 

 
Fig. 6. Factor loadings matrix 

 

The significance of discriminant functions was assessed, variables that most influenced the distribution 

of observations between clusters were identified, and standard and factor coefficients were constructed for 
their interpretation. The resulting classification matrix showed 100% classification accuracy, confirming the 

high homogeneity of the formed clusters.  

The most significant variables for discrimination: Time_Asus, Specs_Views_Asus, 

Specs_Views_Xiaomi, and Filter_Spec_Used. The results confirm the relevance of the behavioural 
characteristics used to divide users. 

The Time_Asus variable has the most positive load on the second function, while Specs_Views_Xiaomi 

has a negative load on both, which allows us to interpret the direction of behavioural change between groups.  
The results of the study confirm: the high quality of clustering and the validity of variable selection; the 

possibility of clear interpretation of online store user clusters; the identification of key behavioral indicators 

that can be used to adapt the interface, personalize recommendations, or target marketing. 
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