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[bookmark: _Toc186669051]CHAPTER 1: INTRODUCTION
1.1 [bookmark: _Toc186669052]Introduction
In the ever changing and dynamic e-commerce world, businesses need to offer personalization of experiences to keep up with the competition. Indeed, in the competitive online world, providing a tailored experience has become the key differentiator for companies. Data mining techniques can be applied to growing volume of data produced from on line transactions to learn more about customer behavior [1]. Data mining finds patterns, trends and correlations within huge data sets that in turn allow an enterprise to provide personalized product recommendations, targeted marketing and improved customer service. The process of the data mining is demonstrated clearly in Figure1. In e-commerce personalization enables a tailored shopping experience relevant to a customer's behavior, preferences, previous purchases, or demographics, all of which contribute to higher customer satisfaction, higher sales, and higher brand loyalty.
[image: Data Mining Process Illustration]
[bookmark: _Toc186459113]Figure 1 Data mining process
The analysis of customer data proves to be difficult for businesses due to factors concerning their magnitude. While the traditional approaches are not able to handle big data properly and are incapable of providing maximum efficiency increasing the usage of newer approaches like machine learning and deep learning. For instance, there is the MLP algorithm that forecasts the customer’s conduct in purchasing goods or services while known clustering algorithms such as K-Means and DBSCAN are useful in customers segmentation to enable better targeting. Of course, classification such as J48, which is a decision tree model, can also give a clear methodology for customer behavior prediction according to customers’ purchase history or other crucial characteristics. These techniques also help e-commerce platforms to transition from such strategies to more bespoke decisions.
This work uses both the basic and the complex data mining algorithms on a customer transaction, demographic, and behavioral data set. J48 for example will classify customers’ behavior while clustering models such as K-Means and DBSCAN will cluster similar customer behavior. These insights will be best presented by enhanced data visualization tools such as Tableau to improve the marketing and customer retention, thus improving personalization and company’s performance.
[bookmark: _Toc186669053]1.2 Background
One of the characteristics of e-commerce is an explosion of data. E-commerce companies monitor consumer activity inclusively, as far as when they come to the site, what they are interested in, and how they intend to pay. This data can be of the utmost value, yet the interpretation of such important data calls for the usage of sophisticated evaluation tools. The more conventional techniques used in the data mining field in order to pinpoint customer behavior include decision trees. Thus, the methods like machine learning models and clustering algorithms can provide better and further detailed investigation of customer preferences [1]. This research aims at establishing how the aforementioned data mining techniques could be used in e-commerce data for the enhancement of personalization solutions. In e-business, customization means using user characteristics to determine which products to suggest, what offers to present, and what advertisements to display. Through analyzing purchasing behaviour, demographics and browsing/ click through activity, companies can provide Personalised markets which increase conversion rates and overall customer satisfaction [2].
[bookmark: _Toc186669054]1.3 Research Aim
This research aims to investigate the role of data mining in improving e-commerce personalization strategies by applying both traditional and advanced data mining techniques. The project will assess the performance of various data mining algorithms in predicting customer behavior, segmenting customers, and identifying key factors that can drive personalized marketing and sales strategies.
[bookmark: _Toc186669055]1.4 Objectives
The key objectives of this research are:
· To preprocess the dataset by handling missing values, normalizing data, and ensuring data quality for practical analysis and modeling.
· To perform classification using traditional data mining techniques and advanced techniques to predict customer behavior.
· To conduct clustering using traditional methods like K-Means and advanced techniques like DBSCAN for customer segmentation and behavioral analysis.
· To compare the performance of traditional and advanced data mining techniques by evaluating metrics such as accuracy, precision, recall, F1-score, and computational efficiency.
· To visualize key insights from the classification and clustering results using Tableau, enabling actionable decision-making for e-commerce personalization.
[bookmark: _Toc186669056]1.5 Research Questions
· What are the key differences in the effectiveness of traditional and advanced classification techniques in predicting customer behavior for e-commerce personalization?
· How do traditional clustering methods compare to advanced clustering techniques in segmenting customers based on purchasing behavior and demographics?
· What insights can be derived from the classification and clustering results to improve e-commerce personalization strategies?
· How do traditional and advanced data mining methods compare their performance regarding customer behavior prediction and segmentation?
· How can Tableau visualizations be used to translate data mining results into actionable business insights for e-commerce platforms?
[bookmark: _Toc186669057]1.6 Rationale
Personalization has become a cornerstone of successful e-commerce strategies. Research has shown personalized experiences drive higher engagement, customer retention, and conversion rates. However, despite the potential of personalization, many e-commerce businesses struggle to leverage the data they collect fully. Traditional personalization methods, which often rely on basic demographic segmentation and manual categorization, may not be sufficient to handle the complexity of modern e-commerce environments [3].
This project’s rationale stems from exploring and comparing the effectiveness of traditional and advanced data mining techniques for e-commerce personalization. Businesses can better understand customer preferences and behaviors by leveraging sophisticated techniques like machine learning and advanced clustering algorithms. This, in turn, enables the creation of more targeted and relevant personalization strategies that can significantly enhance customer satisfaction and improve business outcomes [4].
[bookmark: _Toc186669058]1.7 Problem Statement
While many e-commerce platforms utilize data for personalization, implementing data mining techniques for enhancing personalization strategies remains underutilized. Traditional methods like decision trees provide valuable insights but may not be sophisticated enough to address today's customers' complex and diverse needs. On the other hand, advanced methods like machine learning models and clustering can potentially deliver more accurate and detailed insights. Still, they are often not fully explored or implemented due to the complexity of these techniques [5].
This project addresses the challenge of improving personalization strategies in e-commerce using data mining techniques. Specifically, it aims to evaluate the performance of traditional data mining techniques versus more advanced ones in improving customer segmentation, prediction, and personalization in e-commerce [6].
The project will also investigate the potential issues of implementing advanced personalization techniques, such as computational efficiency, overfitting, and model interpretability. Understanding these challenges and identifying the most effective methods for e-commerce businesses is essential for developing practical and scalable personalization strategies.
[bookmark: _Toc186669059]1.8 Dissertation structure
Figure 2 illustrates the roadmap of this research project, structured into eight sequential chapters to ensure a logical flow. The journey begins with Chapter 1, an Introduction to the study, followed by Chapter 2, a Literature Review that establishes the theoretical foundation. Chapter 3 explains the Research and Development Methodology, while Chapter 4 focuses on Design and Implementation. Chapter 5 involves Data Analysis, leading to Chapter 6, which presents Results and Discussion. Chapter 7 concludes with the Conclusion and Recommendations, and Chapter 8 reflects on the entire research process. This structure provides a systematic and comprehensive approach to academic research, covering every aspect from the initial concept to final insights and reflections.

[bookmark: _Toc186459114]Figure 2 Dissertation structure
[Source: Created by own]
[bookmark: _Toc186669060]1.9 Research Scope
This research utilises data concerning customers’ demographic characteristics, their transaction records as well as their behaviours in the context of e-commerce. The parameters that will feature in the dataset to be analyzed will include Customer ID, Purchase Date, Product Category, Product Price, Quantity, Total Purchase Amount, Payment Method, Customer Age, and Churn. The research will use both basic and statistical approaches to conduct the data mining in an effort to produce the customer preference and customer grouping. The visualization software Tableau is chosen to display the outcomes of the executed data mining methods and enable practical e-commerce personalization [7].
[bookmark: _Toc186669061]1.10 Conclusion
Finally, the purpose of this study is to establish the extent to which data mining can contribute to the pursuit of more effective forms of personalization in the field of e-commerce. Using conventional as well as innovative data mining approaches, the project aims at achieving better understanding the nature of customers, forecasting their buying preferences, and categorizing customers more deeply. Due to the vast number of customer data, organizations require using techniques like machine learning and clustering to ensure that they are not confined to basic levels of customization. Thus, applying these techniques and incorporating Tableau, this research will offer practical findings to enhance customers’ personalization process in e-commerce organisations and, as a result, increase customer satisfaction, sales, and organisational loyalty in the long run.
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Chapter 2: LITERATURE REVIEW 
[bookmark: _Toc186669063]2.1 Importance of Personalization in E-commerce
In the evolving landscape of e-commerce, personalization has become a fundamental pillar for achieving sustainable competitive advantage. As digital platforms proliferate, consumers are inundated with various product options, advertisements, and services. This overload makes it increasingly challenging for businesses to capture and retain customer attention. Personalization addresses this issue by curating unique experiences tailored to individual preferences, enhancing customer satisfaction and fostering long-term loyalty.
Research by [8] Mckinsey report found that 78% of consumers are more likely to repurchase from brands that personalize their interactions. Personalization increases engagement and strengthens emotional connections between brands and customers, significantly influencing purchasing decisions. E-commerce giants like Amazon and Alibaba have set industry benchmarks by leveraging advanced personalization techniques. Amazon’s recommendation engine, driven by collaborative filtering and deep learning algorithms, is estimated to contribute 35% of its revenue [19].
[image: ]
[bookmark: _Toc186459115]Figure 3 Consumer preferences over personalised brands by Mckinsey report
Source: [9]
Moreover, personalization drives higher conversion rates by ensuring that marketing messages, product suggestions, and content are relevant to individual users. A study by Forbes [10] highlighted that 80% of consumers are more likely to purchase from brands offering personalized experiences from the Figure 3. In contrast, generic or irrelevant content often leads to disengagement and cart abandonment. For instance, targeted email campaigns tailored to previous purchasing behaviors yield 29% higher open rates and 41% higher click-through rates than non-personalized campaigns [11].
The growing demand for personalization reflects a broader shift in consumer expectations. As technology evolves, consumers expect brands to recognize their unique preferences across multiple touchpoints, including websites, mobile apps, and social media. This has led businesses to adopt data-driven approaches, utilizing insights from browsing history, purchase patterns, and demographic data to refine personalization strategies.
[bookmark: _Toc186669064]2.2 Role of Data Mining in Enhancing Personalization
[image: ]According to [12], the backbone of effective personalization in e-commerce lies in extracting meaningful insights from vast, complex datasets. Data mining, a process of discovering patterns and relationships within data, is pivotal in achieving this goal as like the Figure 4. Businesses can anticipate customer needs, predict future behaviors, and deliver highly targeted experiences by employing classification, clustering, regression, and association rules.[bookmark: _Toc186459116]Figure 4 Process of data mining

Classification algorithms, such as decision trees and Naive Bayes, allow businesses to categorize customers based on historical data, enabling them to predict outcomes such as purchase likelihood or churn risk. Clustering techniques (e.g., K-means, DBSCAN) group customers with similar behaviors, facilitating market segmentation and personalized marketing. For example, K-means clustering can divide customers into high-value and low-value segments, allowing businesses to allocate resources more effectively [13]​.
Furthermore, association rule mining uncovers hidden product relationships, enhancing cross-selling and up-selling strategies [14]. This technique underpins “frequently bought together” recommendations on platforms like Amazon. In addition, regression models predict continuous variables, such as estimating customer lifetime value (CLV) or forecasting sales, aiding in optimizing inventory and pricing strategies.
According to [15], integrating machine learning (ML) and artificial intelligence (AI) into data mining has significantly enhanced its capabilities. Unlike traditional rule-based systems, ML algorithms continuously learn from new data, improving the accuracy of personalization over time. Deep learning models, such as neural networks, can process unstructured data (e.g., images, text) to personalize experiences beyond product recommendations, extending into dynamic pricing and fraud detection.
Data mining transforms raw data into actionable insights, empowering e-commerce platforms to deliver hyper-personalized experiences at scale [16]. By predicting customer preferences, automating decision-making, and refining product offerings, data mining serves as the cornerstone of modern e-commerce personalization strategies.
[bookmark: _Toc186669065]2.3 Purpose of the Literature Review
The literature review of this research seeks to present a synthesis of the use of data mining in increasing the effectiveness of e-commerce personalization. The first and foremost purpose is to assess performance of conventional data mining algorithms like decision trees, K mean. By exploring the strengths, limitations, and applications of these techniques, the review seeks to:
1. Identify Gaps in Existing Research – Despite the widespread adoption of personalization, many e-commerce businesses still rely on outdated or limited data mining approaches. This review will highlight areas where traditional techniques fall short and where advanced models could bridge the gap.
2. Evaluate Performance Metrics – The review will examine studies that compare classification accuracy, F1-score, recall, and computational efficiency across various data mining models. This will provide insights into the effectiveness of different techniques in predicting customer behavior and enhancing segmentation.
3. Highlight Emerging Trends – As AI evolves, new methods such as reinforcement learning, hybrid clustering, and real-time analytics are being integrated into personalization frameworks. This review will explore these innovations and assess their potential to reshape e-commerce.
4. Justify the Research Approach – By understanding the evolution and current state of data mining, this review will justify the need to integrate advanced methodologies into existing e-commerce infrastructures. The goal is to propose a more efficient, scalable, and accurate approach to personalization, ultimately leading to improved customer satisfaction and higher profitability.
Through this comprehensive exploration, the review will provide valuable insights for academics, practitioners, and e-commerce stakeholders, fostering the adoption of cutting-edge data mining techniques to enhance personalization and drive business growth.
[bookmark: _Toc186669066]2.4 Theoretical Framework 
[bookmark: _Toc186669067]2.4.1 Foundational Theories of Personalization in E-commerce
According to [17], the rapid growth of e-commerce has transformed how businesses engage with consumers, shifting from mass marketing approaches to personalized experiences tailored to individual preferences. This transformation is rooted in well-established theories of consumer behavior and marketing analytics, which provide the foundation for understanding how personalization can influence purchasing decisions and drive customer loyalty. Among these theories, the Engel-Kollat-Blackwell (EKB) model of consumer behavior and the concept of Customer Lifetime Value (CLV) stand out as critical frameworks that inform the development of data-driven personalization strategies in e-commerce [18].
Figure 5 shows the Engel-Kollat-Blackwell (EKB) model of consumer behavior comprehensively explains consumers' decision-making process when purchasing. Initially developed to analyze offline consumer habits, the model’s adaptability has made it highly relevant to digital commerce. The EKB model delineates five stages in the consumer journey: problem recognition, information search, evaluation of alternatives, purchase decision, and post-purchase behavior. In e-commerce, these stages are mapped onto digital interactions, such as browsing product categories, reading reviews, comparing prices, and engaging in post-purchase feedback.
[image: Engel Kollat Blackwell Model (EKB) Source: Wu and Zheng (2016)]
[bookmark: _Toc186459117]Figure 5 Engel-Kollat-Blackwell (EKB) model of consumer behavior
Source: [19]
Problem recognition, the first stage, represents when a consumer identifies a need or desire triggered by personalized marketing emails, targeted advertisements, or notifications about limited-time offers [20]. Data mining techniques, such as association rule mining, allow businesses to predict what products a customer may require based on previous purchases and market these items proactively. Information search, the next phase, involves consumers exploring product details, seeking recommendations, and gathering insights from peers or reviews. This phase heavily relies on classification algorithms that provide personalized search results or highlight products aligned with a consumer’s browsing history.
When evaluating alternatives, clustering algorithms group similar products based on characteristics or consumer reviews, simplifying decision-making. For example as shown in [21] Amazon’s “Customers who viewed this item also viewed” feature leverages clustering and collaborative filtering to present alternatives that match the consumer’s preferences. The purchase decision stage benefits from regression models, which predict the likelihood of completing a transaction by analyzing factors such as price sensitivity, discounts, and product availability. Post-purchase behavior, the final stage, is pivotal in building customer loyalty. Sentiment analysis and feedback mining identify dissatisfied customers, allowing businesses to address concerns through personalized offers or after-sales service.
Another cornerstone theory in e-commerce is the customer lifetime value (CLV) framework, which quantifies the long-term financial contribution of individual customers to a business [22]. Figure 6 shows the framework of Customer Lifetime Value (CLV). CLV predicts a customer's total revenue throughout their relationship with the company, offering critical insights for resource allocation and strategic planning. E-commerce platforms prioritize high-CLV customers by delivering personalized experiences, exclusive offers, and loyalty programs designed to increase retention and encourage repeat purchases.
[image: ]
[bookmark: _Toc186459118]Figure 6 Customer Lifetime Value (CLV) framework
Source: [23]
CLV models rely heavily on data mining techniques, particularly regression analysis, to forecast future spending patterns and identify customers who are at risk of churning [23]. By segmenting customers based on purchase frequency, recency, and monetary value, businesses can tailor their marketing efforts to maximize engagement and profitability. Integrating machine learning algorithms enhances the accuracy of CLV predictions, ensuring that marketing resources are allocated to the most profitable segments. Companies like Netflix and Alibaba use advanced CLV models to identify high-value users and incentivize continued engagement through personalized content recommendations and exclusive promotions [24].
[bookmark: _Toc186669068]2.4.2 Data Mining Principles
According to [25], data mining is the backbone of e-commerce personalization, providing the analytical tools to extract meaningful insights from large and complex datasets. Uncovering hidden patterns, predicting customer behavior, and automating decision-making processes allow businesses to deliver highly targeted and relevant customer experiences. Four primary data mining techniques, classification, clustering, regression, and association rule mining, play distinct but interconnected roles in enhancing personalization across e-commerce platforms.
Classification is one of the most widely used data mining techniques in e-commerce [26]. As a supervised learning method, classification involves training algorithms to assign predefined labels to data points based on input features. In practice, classification models are applied to customer segmentation, fraud detection, and churn prediction tasks. Decision trees, for example, classify customers by analyzing purchase histories, demographic data, and browsing behaviors to predict the likelihood of future purchases. E-commerce platforms use these insights to tailor product recommendations, ensuring customers are presented with items aligned with their preferences.
Naive Bayes, another popular classification algorithm, excels in processing text data, making it particularly useful for analyzing product reviews, customer feedback, and email communications [27]. Businesses can gauge customer satisfaction by classifying sentiments as positive, negative, or neutral and adjust their marketing strategies accordingly. Support Vector Machines (SVMs) are employed for more complex classification tasks, mainly when dealing with high-dimensional data [28]. E-commerce companies use SVMs to classify customer profiles into multiple segments, facilitating personalized marketing campaigns that cater to the unique needs of each group.
Clustering, unlike classification, is an unsupervised learning technique that identifies natural groupings within datasets without needing labeled data [29]. Clustering algorithms are instrumental in customer segmentation, as they reveal patterns that might not be immediately apparent through manual analysis. K-means clustering, one of the most prevalent techniques, partitions customers into clusters based on similarities in purchasing behavior, browsing habits, or geographic location. This segmentation allows businesses to create targeted promotions for distinct customer groups, enhancing engagement and increasing sales.
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) offers an alternative to K-means by effectively identifying clusters of arbitrary shape and handling noise [30]. DBSCAN is particularly valuable for segmenting irregular purchasing behaviors, enabling businesses to identify niche customer segments. Gaussian Mixture Models (GMMs) provide a probabilistic approach to clustering, allowing for the segmentation of overlapping groups [31]. This flexibility makes GMMs suitable for complex datasets where customer behaviors exhibit significant variability.
Regression analysis is critical in predicting continuous variables, making it indispensable for forecasting sales, estimating customer lifetime value, and implementing dynamic pricing strategies [32]. Linear regression, the simplest form of regression, predicts future sales based on historical data, helping businesses anticipate demand fluctuations and adjust inventory levels accordingly. More sophisticated models, such as Random Forest Regressor and Gradient Boosting, enhance predictive accuracy by combining multiple decision trees to model nonlinear relationships within data.
Association rule mining uncovers relationships between frequently purchased products, forming the foundation of recommendation engines [33]. The Apriori algorithm identifies sets of products that co-occur in transactions, enabling cross-selling and up-selling strategies [34]. For example, when a customer purchases a laptop, association rules may suggest complementary items such as laptop bags or software. This technique enhances the shopping experience and maximizes revenue by encouraging additional purchases.
Data mining empowers e-commerce platforms to deliver highly personalized experiences by integrating classification, clustering, regression, and association rule mining. By continuously refining these techniques and incorporating advancements in machine learning and artificial intelligence, businesses can stay ahead of evolving consumer expectations, driving long-term growth and customer loyalty.
[bookmark: _Toc186669069]2.5 Advanced Data Mining Techniques 
[bookmark: _Toc186669070]2.5.1 Machine Learning Approaches
According to [35], machine learning (ML) has emerged as a transformative force in e-commerce, allowing businesses to analyze vast datasets, predict customer behavior, and deliver highly personalized experiences. Unlike traditional data mining techniques, ML algorithms improve over time by continuously learning from new data, making them well-suited for dynamic e-commerce environments. Key machine learning techniques such as Random Forest, Support Vector Machines (SVM), and Multilayer Perceptron (MLP) have shown significant efficacy in customer segmentation, churn prediction, and fraud detection [36].
Random Forest is a boosting type algorithm that builds many decision trees while training and provides the class, which is the most frequent class among the classes of the single trees. This method deals well with the interactions as well as large data making it appropriate for churn prediction and retention. Another study by [37] revealed that when it comes to the prediction of Repeat Purchase, Random Forest algorithms are more accurate than any other predictive algorithms because they make use of many decision trees to predict and the predictions that are obtained from all the trees are combined and hence you don’t get an overfitting problem. For example, in e-commerce, Random Forest is used in practice to describe consumers’ behaviours, find out which segments are more likely to churn, and bring them back into action.
Analysing the properties of Support Vector Machines (SVM), another fast and potent classificational learning, that multiplier is oriented on giving high dimensionality and is used for fraud detection and customer division [38]. SVM identifies data in the recognition of the hyperplane that is most optimal in the question of the data points of the distinct class. In e-commerce, this translates to labeling the transactions as ‘fraudulent’ or ‘non-fraudulent’, depending on the attributes of the transaction including, amount, location, frequency with which the transaction takes place. The possibility to work with a large number of features and high-dimensional data are the valuable features of SVM which defines its importance for payment gateway security and fraud detection. Current research on SVM models reveal higher accuracy to detect fraud cases opposed to the earlier logistic regression models, thus, enhancing financial security.
Multilayer Perceptron (MLP), a class of artificial neural networks, plays a critical role in detecting complex patterns in purchasing behavior [39]. MLP consists of multiple layers of nodes, where each node processes and transmits signals to the next layer. This architecture allows MLP to capture intricate relationships between customer attributes, making it suitable for recommendation systems and personalized marketing. For instance, by analyzing historical purchase data, MLP models can predict which products a customer will likely buy next, enhancing the precision of recommendation engines. The ability of MLP to generalize across diverse datasets ensures scalability, making it a popular choice for large e-commerce platforms​
[bookmark: _Toc186669071]2.5.2 Deep Learning Techniques
Deep learning, a subset of machine learning, employs neural networks with multiple hidden layers to analyze and interpret large volumes of data [40]. Its strength lies in its ability to process unstructured data, such as images, text, and videos, expanding the scope of personalization in e-commerce. Two of the most impactful deep learning techniques in this domain are Neural Networks (NNs) and Convolutional Neural Networks (CNNs) [41].
Neural Networks (NNs) are the backbone of many recommendation systems, enabling platforms like Netflix and Amazon to suggest products based on user behavior and preferences. These networks simulate the human brain by recognizing patterns in data, allowing for predicting future purchasing behavior. A study by [42] demonstrated that neural networks enhance recommendation accuracy by analyzing micro-behaviors, such as the time spent viewing product pages or the frequency of product comparisons​. This granular level of analysis allows businesses to offer highly relevant product suggestions, driving sales and customer satisfaction.
Convolutional Neural Networks (CNNs), initially developed for image recognition, have found applications in visual recommendations for e-commerce [43]. CNNs analyze visual data by applying filters to detect patterns such as edges, colors, and textures. In fashion retail, for example, CNNs recommend clothing items that match a customer’s style based on images of previously purchased products. This visual personalization enhances the shopping experience by aligning product recommendations with the customer’s aesthetic preferences, increasing the likelihood of purchase. CNNs also play a role in visual search, where customers upload images to find similar products within an e-commerce catalog​.
[bookmark: _Toc186669072]2.5.3 Advanced Clustering
Clustering is essential for segmenting customers based on shared characteristics, allowing businesses to target specific groups with tailored marketing strategies [44]. While traditional clustering methods like K-means are widely used, advanced techniques such as DBSCAN and Gaussian Mixture Models (GMM) provide greater flexibility and accuracy in handling complex datasets.
DBSCAN (Density-Based Spatial Clustering of Applications with Noise) is a density-based clustering algorithm that groups data points based on their proximity [45]. Unlike K-means, DBSCAN can identify clusters of arbitrary shape and is less sensitive to outliers. This makes it particularly useful for segmenting customers with irregular purchasing patterns or identifying niche segments. A study analyzing DBSCAN’s application in e-commerce revealed its effectiveness in clustering high-value customers who exhibit non-standard behavior, enabling personalized engagement strategies [46]​. DBSCAN’s ability to detect noise points also helps refine customer segments, ensuring that marketing efforts are directed toward meaningful clusters.
Gaussian Mixture Models (GMMs) provide a probabilistic approach to clustering, allowing for segmenting overlapping customer groups [47]. Unlike complex clustering techniques, where each data point belongs to a single cluster, GMM assigns probabilities, reflecting the likelihood of membership in multiple clusters. This nuanced segmentation is valuable in e-commerce, where customer behaviors often span multiple categories. For instance, a customer who frequently purchases electronics and clothing can be categorized within both segments, ensuring personalized recommendations across diverse product lines​.
GMMs also facilitate dynamic segmentation, where clusters evolve based on real-time data, enhancing the adaptability of personalization strategies. By applying principal component analysis (PCA) before GMM clustering, businesses can reduce dimensionality, improving computational efficiency and visualization of clusters​.
[bookmark: _Toc186669073]2.6 Performance Comparison of Advanced Data Mining Techniques in E-commerce
The following table provides a view of comparing advanced methods in data mining specific to e-commerce personalization, customer segmentation, and fraud detection. Based on the uploaded articles, important measures including accuracy, Silhouette Score and efficiency of the model show the advantage and disadvantage of the algorithm. Random Forest and Support Vector Machines (SVM) are on top in classification tasks and are highly accurate for churn prediction and fraud detection. GMM is superior to other competitors in clustering, but in subtlety exploration and dealing with noise in the dataset, DBSCAN is the best. These numerical findings underscore that depending on the type of specific objective of personalization and segmentation techniques used in e-commerce, the right technique has to be employed. The data serves as a framework of best practices applicable to ML techniques to promote engagement, customer loyalty and business success.
[bookmark: _Toc186454738]Table 1 Performance of Advanced Data Mining Techniques in E-commerce
	Algorithm
	Application
	Metric
	Value

	Random Forest
	Churn Prediction
	Accuracy
	99.47%

	Support Vector Machine (SVM)
	Fraud Detection
	Accuracy
	98.87%

	Multilayer Perceptron (MLP)
	Product Recommendation
	Accuracy
	97%

	DBSCAN
	Customer Segmentation
	Silhouette Score
	0.72

	Gaussian Mixture Model (GMM)
	Customer Segmentation
	Silhouette Score
	0.80

	K-means
	Customer Segmentation
	Silhouette Score
	0.64


Source: [48] and [49]
[bookmark: _Toc186669074]2.7 Visualization and Interpretation
[bookmark: _Toc186669075]2.7.1 Role of Visual Analytics
Visual analytics plays a crucial role in enhancing decision-making in e-commerce by transforming complex datasets into intuitive and interactive visual representations. As e-commerce platforms handle vast amounts of structured and unstructured data, visualization tools such as Tableau, Power BI, and QlikView enable businesses to extract meaningful insights and display patterns that might otherwise remain hidden in raw data [50]. These tools facilitate the comprehension of customer behavior, purchasing trends, and segmentation outputs by presenting data through dashboards, graphs, and heatmaps. Figure 7 represents the Tableau Dashboard.
[image: Designing Tableau Dashboards to Analyze Data – TableauFit]
[bookmark: _Toc186459119]Figure 7 Tableau Dashboard
Source: [51]
Incorporating visual analytics allows e-commerce managers to monitor performance metrics in real-time, analyze product categories with the highest engagement, and track customer interactions across different channels. This real-time feedback loop ensures businesses can quickly adapt marketing strategies, optimize pricing models, and personalize the shopping experience. For example, predictive analytics combined with visual dashboards can reveal potential churn risks, allowing businesses to deploy targeted retention campaigns.
Moreover, interactive dashboards allow for exploratory data analysis (EDA), which identifies patterns and correlations within customer data. EDA, supported by visual tools like Tableau, provides clarity by highlighting anomalies, segmenting high-value customers, and visualizing sales fluctuations across regions. Such insights drive strategic decisions by offering a comprehensive view of market performance and helping businesses stay ahead of consumer demands.
[bookmark: _Toc186669076]2.7.2 Case Studies
Case Study 1: Amazon – Visual Analytics in Collaborative Filtering
Amazon is a pioneer in using collaborative filtering to enhance its recommendation engine. This system analyzes user behavior, purchase history, and browsing patterns to suggest relevant products. The backbone of Amazon’s success lies in its ability to visualize and interpret this data using advanced analytics tools.
Amazon employs Tableau and in-house data visualization platforms to display heatmaps, sales metrics, and recommendation patterns. One critical visualization component is the "Customers Who Bought This Also Bought" feature in Figure 8. This feature leverages association rule mining and visual dashboards to track co-occurring purchases [52]. This visualization aids in cross-selling and upselling, directly contributing to Amazon's revenue growth.
[image: Customers Who Bought This Item Also Bought…Affinity Analysis Explained – MeasuringU]
[bookmark: _Toc186459120]Figure 8 Customers Who Bought This Item also bought
Source: [52]
A case study emphasizes that Amazon’s collaborative filtering model increases revenue by 35% by aligning recommendations with real-time purchasing data [53]. Tableau’s interactive dashboard integrates these results, allowing decision-makers to refine algorithms and update inventory based on trending products. Amazon's dashboards visualize the top-selling categories and predict future demand through regression models, ensuring inventory levels meet anticipated demand​.
Furthermore, Amazon uses sentiment analysis on customer reviews, displaying results in heatmaps that highlight positive and negative feedback across different product categories. This visual representation allows product managers to make data-driven improvements, addressing customer concerns and enhancing satisfaction.
Case Study 2: Zalando – Real-time Dashboards for Customer Behavior Analysis
Zalando, a European fashion e-commerce giant, leverages visual analytics to monitor and interpret customer interactions in real-time [54]. Zalando's dashboard, powered by Tableau, integrates demographic data, purchase history, and product preferences to segment customers dynamically. This visualization capability allows the company to launch hyper-personalized marketing campaigns targeting distinct customer groups.
One notable application of visual analytics in Zalando’s ecosystem is the segmentation of high-value customers. The dashboard identifies purchasing behaviors that differentiate loyal customers from occasional buyers, with segmentation driven by clustering algorithms such as DBSCAN and K-means. For example, Zalando’s system visualizes clusters representing high-spending customers, enabling marketing teams to craft tailored promotional offers for these segments​.
A visualization dashboard showcasing Zalando's real-time engagement metrics revealed that personalized campaigns driven by data mining increased customer retention by 18% year-over-year. This outcome underscores the importance of visual analytics in fostering long-term customer relationships and enhancing the overall shopping experience.
Moreover, Zalando utilizes time-based dashboards to track peak shopping hours and analyze website traffic patterns. Zalando optimizes marketing efforts by visualizing login frequencies, ensuring that promotional offers align with high-traffic periods. The heatmaps generated through Tableau illustrate these peak periods, providing valuable insights into customer engagement dynamics and informing decisions on inventory replenishment and staffing​.
Visual analytics bridges raw data and actionable insights, enabling businesses to adapt quickly to changing consumer preferences. For example, dashboards displaying key performance indicators (KPIs) such as conversion rates, bounce rates, and average order value (AOV) provide executives with a holistic view of operational efficiency.
In predictive modeling, visualizing the results of machine learning algorithms such as Random Forest or Support Vector Machines (SVM) helps stakeholders interpret complex decision boundaries and classification outputs. This visual representation clarifies the likelihood of customer churn, allowing proactive intervention strategies to be implemented.
Additionally, clustering algorithms like DBSCAN and Gaussian Mixture Models (GMM) can be visualized to demonstrate how customers are segmented based on purchasing behavior, geographic location, or demographic factors. This segmentation, displayed on interactive dashboards, supports tailored marketing efforts that drive higher engagement and improve overall conversion rates​.
[bookmark: _Toc186669077]2.8 Conclusion 
[bookmark: _Toc186669078]2.8.1 Summary of Key Insights
Examining the data mining strategies for e-commerce personalization has shown an impressive difference between the standard and new-age strategies. While basic algorithms including K-means clustering and decision trees are very useful for understanding customer’s behavior, being less scalable and less flexible point to the necessity of a more complex equipment. Sophisticated methods like Random Forest, SVM and neural network are found to be more efficient for customer churn prediction, fraud detection and better and personalized recommendation techniques.
For clustering, the use of DBSCAN and Gaussian Mixture Models have higher values than K-means because of the ability to handle more non-linear data, as well as handling noise information. Such algorithms that can find subtle purchase relationships and esoteric customer categories can be considered as excellent tools for modern e-commerce climates. In addition, Tableau as a visual analytical tool improves the understandable outputs generated from data mining to help in strategic decision making.
The comparison of such sophisticated data mining operations discloses significant performance differences. For example, Random Forest captured 99.47% in the churn prediction case; significantly higher than traditional models, and GMM delivered a Silhouette Score of 0.80 higher than K-means clustering. Such insights reinforce the significance of using more specific and evolved techniques like data mining to enhance such processes and, therefore, customer loyalty and general profitability.
[bookmark: _Toc186669079]2.8.2 Justification of Research
This research bridges the gap between traditional data mining techniques and advanced approaches, underscoring the importance of integrating machine learning and deep learning models into e-commerce personalization frameworks. Despite the widespread use of traditional clustering methods like K-means, their rigidity in handling complex datasets limits their effectiveness in capturing nuanced customer behaviors. This review highlights the necessity of adopting advanced clustering techniques such as DBSCAN and GMM, which address the limitations of traditional models by detecting irregular patterns and overlapping customer segments.
The exploration of classification models, particularly Random Forest and SVM, illustrates their robustness in predicting customer behavior with high precision. These advanced models outperform traditional classifiers and demonstrate scalability and adaptability, essential for real-time e-commerce environments. Neural networks, especially Multilayer Perceptron (MLP), further enhance the predictive power of personalization systems by detecting deep patterns in customer purchasing habits, leading to more accurate recommendations and targeted marketing campaigns.
The increasing complexity of e-commerce data and the growing demand for hyper-personalized customer experiences reinforce the need for this research. By comparing traditional and advanced techniques, this study provides a comprehensive roadmap for businesses seeking to optimize their personalization strategies. Addressing the limitations of scalability, privacy concerns, and interpretability, future research should focus on refining hybrid models that balance the strengths of both traditional and advanced methodologies.
[bookmark: _Toc186669080]2.8.3 Fulfilling the Research Gap
The methodology outlined in this research addresses critical gaps in e-commerce personalization by integrating both traditional and advanced data mining techniques. This dual approach enhances customer behavior analysis, providing deeper insights and enabling businesses to refine their engagement strategies. The focus on pre-processing, classification, clustering, and visualization ensures that the entire data pipeline is optimized, from raw data cleaning to actionable insights.
A key aspect of this methodology is data pre-processing, which guarantees the dataset is accurate, consistent, and free from biases. Normalization of numerical attributes prevents skewed data from dominating the analysis, ensuring that features like total purchase amounts and quantities are scaled uniformly. Additionally, missing values are imputed through mean or mode replacement, reducing the risk of incomplete data affecting model performance. Techniques such as discretization simplify continuous data, improving the efficiency of classification and clustering algorithms. This comprehensive pre-processing lays a robust foundation for reliable and accurate modeling.
The research applies classification models like J48 and Multilayer Perceptron (MLP) neural networks to predict customer behavior, offering a balanced evaluation of traditional and advanced methods. J48 serves as a decision-tree-based model, effectively capturing patterns in the dataset and providing interpretable results, while MLP captures intricate patterns in purchasing behavior that simpler models might overlook. By comparing performance metrics such as accuracy, precision, recall, and execution speed, the research identifies which model better predicts churn and supports more refined personalization strategies.
Clustering techniques further segment customers by grouping them based on purchasing behavior and demographics. K-means clustering offers an efficient way to segment large datasets. At the same time, DBSCAN provides the flexibility to identify irregular patterns and outliers, addressing K-means' limitations in handling non-linear data. This hybrid clustering approach accurately captures mainstream and niche customer segments, facilitating more personalized marketing efforts.
Finally, the results are visualized using Tableau, transforming complex data outputs into intuitive, interactive dashboards. These dashboards allow decision-makers to visually analyze segmentation patterns, sales trends, and retention metrics, bridging the gap between technical analysis and strategic implementation. This comprehensive methodology fills the existing gaps in e-commerce personalization and establishes a scalable and adaptable framework for future research and real-world applications.

























[bookmark: _Toc186669081]Chapter 3: METHODOLOGY
[bookmark: _Toc186669082]3.1 Introduction
This methodology explores data mining's role in enhancing e-commerce personalization through data pre-processing, classification, clustering, and performance evaluation. Data pre-processing ensures a clean, consistent dataset by normalizing numerical attributes, imputing missing values, and encoding categorical data using tools like WEKA. Classification employs J48 for interpretable customer segmentation and Multilayer Perceptron (MLP) for capturing complex patterns, with models evaluated on accuracy, precision, and ROC area metrics. Execution speed is also assessed to ensure scalability and real-time adaptability. Combining traditional and advanced techniques balances interpretability, predictive power, and efficiency for effective personalization strategies.
[bookmark: _Toc186669083]3.1.1 Data Collection and Preparation
The dataset used in this line of research is obtained from Kaggle and includes e-commerce transaction records. This dataset consists of quite a few significant characteristics describing customer activities and buying preferences. In this research some important attributes associated with the e-commerce transactions have been considered in a given dataset. Customer ID is labeled as an identifier and the Purchase Date represents the time of the sale. Product Description points out whether the product was bought in the Home, Electronics or Books category, and Product Price reveals price of the product. Quantity indicates the number of items bought, while total purchase amount contains total value of the purchase. Payment Method captures the payment type used, which is very important when categorizing customers, and Customer Age. The Returns attribute is a binomial variable capturing that share of products that have been returned out of the total number of products ordered. Customer Name is added, but often it is masked, and Age are actually the same field. Gender shows the customer’s gender while Churn illustrated if the customer will stop buying hence helping in the analysis of the retention trend [56]. 
[bookmark: _Toc186669084]3.1.2 Data Pre-processing
Data pre-processing is crucial to ensure the dataset is clean, consistent, and ready for modeling. This process involves techniques to enhance data quality and prepare it for effective use in data mining algorithms. One key technique is normalization, which scales numerical attributes like Total Purchase Amount and Quantity to a similar range. This prevents larger numerical values from disproportionately influencing the modeling process, ensuring that all attributes contribute equally to the analysis. For example, characteristics with higher numerical values may overshadow smaller ones without normalization, skewing the results and impacting accuracy. Another critical technique is discretization, which converts continuous variables like Age and Total Purchase Amount into categorical bins. This transformation is particularly useful for classification and clustering tasks, as it simplifies the representation of continuous data and highlights meaningful ranges or intervals. Another vital aspect of pre-processing is handling missing values. Missing data can introduce bias or inaccuracies in the analysis, so techniques such as mean or mode imputation are employed. These methods ensure that the dataset remains complete and retains its integrity, allowing for accurate and reliable modeling. All these pre-processing tasks are efficiently executed using WEKA's built-in filters. For instance, the Normalize filter automates the scaling of numerical attributes, the Discretize filter facilitates the conversion of continuous variables into categorical bins, and the ReplaceMissingValues filter handles missing data by applying suitable imputation techniques. These tools streamline the pre-processing workflow, ensuring the dataset is optimized for downstream tasks. The primary objective of the pre-processing step is to ensure that the dataset is clean, consistent, and appropriately formatted for both classification and clustering processes. Pre-processing lays a strong foundation for building robust data mining models that deliver accurate and meaningful insights by addressing issues such as inconsistent scales, missing values, and continuous data [57].
[bookmark: _Toc186669085]3.1.3 Classification
Classification is used to segment the customers and marketing strategies are developed according to the behavior analysis of that class. Two distinct approaches, traditional and advanced, are applied to classify the dataset: J48, it is a decision tree constructing a tree model over attributes and decisions to predict potential predefined classes, whether or not customers churn. It divides data into subsets using the attributes of the dataset in order to guarantee comprehensible predictions. The J48 model is developed on the motion of the preprocessed data and the performance is then tested based on accuracy of predictions, precision, the ‘recall’ rate and F1-test. MLP, is an artificial neural network that has many layers of nodes which are connected with each other called neurons [58]. In the present network model, each node in the network stand for a computational unit, and the links between two nodes are also weighted. Customer data are analyzed through MLP for predicting outcomes of customer attributes like churn using the customer data. The performance of the MLP model is assessed using the same parameters as the J48 classifier.
With reference to the performance indicators of a model, which are accuracy, precision, recall, F1-score, and computational cost, the two models are compared. This assists in establishing which out of the two classification techniques is more effective in the prediction of customer trends and churn in e-commerce [59].
[bookmark: _Toc186669086]3.1.4 Clustering
Clustering applied in the case of grouping customers concerning purchasing behavior as well as demography. Two clustering algorithms, one traditional and one advanced, are used:
K Meals is an example of a centroid pattern recognition technique that clusters the customer in k groups by their feature. Here, the number of clusters, k, is predetermined but they may be determined either using methods such as the elbow method. The K-Means algorithm divides the customers with regards to their characteristics including the branch of product type, amount of purchases, etc [60].
DBSCAN is another clustering technique that works on the basis of density, and aforementioned, no input is needed in terms of the number of clusters. It clumps many neighboring points but marks points that are far apart as outliers. Because DBSCAN is able to determine clusters of different shapes and densities it is very relevant in the segmentation process of customers in e-commerce [61].
The performances of both the clustering techniques are conducted using performance indices such as Sum of Squared Errors (SSE), which quantifies the total squared distance between the points and their corresponding cluster centers [62].
[bookmark: _Toc186669087]3.1.5 Performance Evaluation
Some of the efficient measures used to compare the classification and clustering models are as follows: Precision represents the ratio calculated by predicting an event or non-ready occurrence, such as churn probability for a customer, which the model has guessed correctly in comparison with the final normal distribution. Recall, on the other hand, measures the ratio of true positive predictions with respect to all actual positive cases, which gives the model capability to contribute little to false negative. Recall measures the model’s inclusiveness because the score studies the possibility of the model not to include any actual positive within the result. High F1 score is the balanced measure between Precision and Recall especially in case of imbalanced datasets. ROC Area really evaluates the tradeoff between classifier in producing construct negative and positive values for uncongestions classes. The execution speed is argued to be a key measure to emphasize the computational complexity of the models. So, achieving faster time for executing the models guarantees that they are flexible for the fast-changing e-commerce environment, as well as being suitable for real-time uses. These measures mixed persistently consider the appropriateness and speed of the models, which allows comprehensively examining their capacity for analysing customer actions and developing individual e-commerce directions [63]. 
[bookmark: _Toc186669088]3.1.6 Data Visualization
The data visualization process for this research was conducted using Tableau Desktop Public Edition, providing an intuitive and dynamic platform to interpret and present the clustered and classified e-commerce dataset [64]. The primary goal was to translate complex analytical results into clear and actionable insights through interactive visual representations. The processed dataset, derived from Weka’s classification and clustering techniques, was imported into Tableau for further exploration. Key variables, such as customer ID, purchase amount, product category, payment method, and demographic information, were mapped into Tableau fields to facilitate in-depth analysis.
Various visualization techniques were employed, including scatter plots, bar charts, stacked bar graphs, and line charts, to represent different facets of customer behavior and segmentation. Scatter plots highlighted customer segmentation by purchase frequency and spending, while bar charts visualized average purchase values and purchase recency across clusters. Temporal trends in sales and payment method distributions were also analyzed to identify patterns over time. Filters for gender, age, and product categories allowed for granular analysis, providing deeper insights into demographic trends and purchasing behavior.
The visualization process not only supported the identification of high-value customer segments but also revealed trends in churn, recency, and payment preferences. This methodological approach ensured that the results from clustering and classification were effectively communicated, enhancing the overall interpretability and applicability of the findings for e-commerce personalization strategies.
[bookmark: _Toc186669089]3.1.7. Ethical Considerations
Ethical considerations are crucial for handling customer data and ensuring fairness in analysis. Data privacy and security are prioritized by anonymizing sensitive information like customer names and payment methods adhering to regulations like GDPR or CCPA. Informed consent is essential in real-world scenarios, ensuring customers know how their data is used. Bias in machine learning models is a concern, especially when data is unbalanced, which could lead to unfair predictions. Efforts were made to handle missing values and scale features to reduce bias. Transparency and accountability are key in model-building, ensuring that decisions made from the analysis are justifiable and responsible [65].
[bookmark: _Toc186669090]3.1.8. Limitations
The dataset used in this project may have inaccuracies or gaps despite pre-processing efforts, like missing value imputation, which can affect model performance. Since it is specific to one e-commerce platform, the findings may not apply to other platforms with different customer behaviors. The models' scalability for large-scale, real-time applications is uncertain, especially for complex models like MLP and DBSCAN. While MLP captures intricate patterns, its lack of transparency can limit its use in business settings. Clustering algorithms' accuracy depends on parameter choices, and customer behavior may change over time, requiring model updates for future relevance [66].
[bookmark: _Toc186669091]3.2 Conclusion
The methodology employed in this research effectively integrates data pre-processing, classification, clustering, performance evaluation, and visualization to enhance e-commerce personalization strategies. This approach comprehensively analyzes customer behavior and segmentation using traditional and advanced techniques. Data pre-processing ensures clean, consistent data, facilitating accurate modeling. Classification methods accurately predict customer churn and behavior, while clustering algorithms segment customers based on purchasing patterns and demographics, enabling precise targeting. Performance evaluation metrics validate the effectiveness of the models, and visualizations offer actionable insights into trends, demographics, and payment behaviors. The findings highlight the value of combining advanced analytical techniques with robust pre-processing and evaluation to develop effective e-commerce strategies, particularly in addressing declining sales trends and fostering customer retention.




[bookmark: _Toc186669092]Chapter 4: IMPLEMENTATION 
[bookmark: _Toc186669093]4.1 Introduction
The implementation uses data mining techniques and visualization tools to enhance e-commerce personalization strategies. In today’s competitive e-commerce landscape, understanding customer behavior and tailoring experiences to individual preferences are essential for improving engagement and driving sales. This project applies classification, clustering, and visualization methods to analyze a comprehensive e-commerce dataset of 250,000 instances and 13 attributes, including customer demographics, purchasing behavior, and transaction history. The dataset was preprocessed to ensure quality and consistency using filtering, handling missing values, and normalizing features. Specific filters like Discretize were applied to convert numeric attributes into nominal categories for better analysis, while Nominal filters refined categorical attributes, and ReplaceMissingValues verified data completeness [67]. The data, normalized and discretized, focused on Customer ID ranges, revealing 10 distinct customer segments, each comprising approximately 24,000 to 25,000 customers. Attributes like Customer ID, Purchase Date, Product Category, Product Price, Quantity, Total Purchase Amount, Payment Method, Customer Age, Returns, Customer Name, Age, Gender, and Churn were analyzed, with no missing values detected. A bar chart visualized the even distribution of customers across different ID ranges, as shown in Figure 9.
Classification models were utilized to predict customer churn and understand retention factors. J48 was used as a baseline to construct decision trees for predicting class labels based on input features. At the same time, the Multilayer Perceptron (MLP), a feed-forward artificial neural network, was applied to predict customer churn using purchasing behavior, demographics, and transaction history [68]. MLP’s performance was optimized through hyperparameter tuning and evaluated using accuracy, precision, recall, and F1-score metrics. Clustering algorithms like K-Means and DBSCAN were employed to segment customers based on purchasing behavior. K-Means created two customer clusters, identifying similar purchasing patterns, while DBSCAN, a density-based algorithm, uncovered customer groups and outliers without requiring a predefined cluster count. Pre-processing steps like normalization and standardization enhanced the clustering process [69]. Tableau visualizations were used to complement these analytical methods, offering actionable insights into customer segments, purchase trends, and demographics. These visualizations highlighted high-value and low-value customer groups, analyzed variations in payment methods and product preferences, and explored temporal sales trends and demographic distributions such as age and gender.
Integrating data pre-processing, machine learning, and visualization, this implementation provides a robust foundation for creating personalized experiences that enhance customer satisfaction and optimize e-commerce strategies [70]. Decision-makers can gain intuitive insights into customer behavior through this approach, enabling targeted personalization efforts and improved retention strategies.
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[bookmark: _Toc186459121]Figure 9 Data Pre-processing in weka
[bookmark: _Toc186669094]4.2 Classification
As part of the data mining approach the J48 classification technique was used to predict customer behavior to enhance the e-commerce personalization by selecting J48 under the trees option under the classify tab as shown in Figure 10. This data includes Customer ID, Purchase Date, Product Category, Product Price, Quantity, Total Purchase Amount, Payment Method, Customer Age, Returns, Customer Name, Gender and Churn. In this case, the use of J48 was for developing decision trees that would be used to model customer churn while taking into account raw data such as customers’ age, their buying behaviour, as well as their methods of paying. The J48 model is an interpretable as well as an efficient technique for constructing decision trees where attributes are split according to information gain or gain ratio [71]. Converted the dataset to be ready for classification by having data clean where missing values, numerical attributes normalized and categorical features are encoded. The method of the model used here is capable of picking the best features at every stage, in order to construct a tree that produces the appropriate class labels. The implementation used the J48 classifier to predict whether the churn will happen given past records on the attributes of a customer. J48 gives readable knowledge and it endowed as baseline for further classification algorithm, which will be measured the accuracy, precision, recall, F1-score and time consuming.
The following steps in the project involve comparing these results to those from more complex techniques, such as decision trees or neural networks, and then visualizing the findings using tools like Tableau to derive actionable insights for improving e-commerce personalization strategies. Implemented the Multilayer Perceptron (MLP) algorithm to predict customer behavior and improve e-commerce personalization strategies. The dataset used for this implementation contains attributes such as Customer ID, Purchase Date, Product Category, Product Price, Quantity, Total Purchase Amount, Payment Method, Customer Age, Returns, Customer Name, Gender, and Churn. The primary objective of applying MLP was to explore how a more complex, advanced machine-learning model could predict customer churn based on a combination of factors, including purchasing behavior, demographics, and transaction history [72].
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[bookmark: _Toc186459122]Figure 10 J48 in weka
The Multilayer Perceptron (MLP) is a feed-forward artificial neural network consisting of multiple neuron layers designed to model complex relationships within data. The dataset underwent essential pre-processing steps for this implementation, including handling missing values and encoding categorical variables such as product category and payment method. Continuous variables like age and total purchase amount were normalized to ensure that all input features were on a comparable scale, which is crucial for the neural network to converge effectively during training. The primary objective of the MLP model was to predict customer churn, with the target variable being binary, and whether a customer would churn (1) or not (0). MLP can be applied by selecting Multilayer Perceptron under the functions category in the classify tab as shown in Figure 11. To optimize the model’s performance, various hyperparameters were fine-tuned, including the number of hidden layers, the number of neurons in each layer, activation functions, and the learning rate, to balance the network's capacity and training efficiency [73]. The MLP was trained using backpropagation and gradient descent techniques, which iteratively adjusted the model's weights to minimize the error between the predicted and actual churn outcomes. Once trained, the model's performance was evaluated by comparing key metrics such as accuracy, precision, recall, F1-score, and computational efficiency against simpler models like J48, which serves as a baseline. This comparison highlighted the MLP's advantages, as it could capture more complex relationships in the data than traditional models [74]. By providing more accurate and data-driven predictions, the MLP model can significantly enhance e-commerce personalization strategies, helping businesses predict customer churn more precisely and take proactive measures, such as offering targeted promotions or improving customer service, to retain valuable customers.
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[bookmark: _Toc186459123]Figure 11 Multilayer Perceptron in weka
[bookmark: _Toc186669095]4.3 Clustering
The K-Means clustering algorithm was utilized to segment customers in an e-commerce dataset based on their purchasing behaviors and characteristics, aiming to identify distinct customer segments for enhanced personalization strategies. This unsupervised machine learning algorithm groups data points into predefined clusters by identifying similarities in attributes such as customer ID, purchase date, product category, price, quantity, total purchase amount, payment method, age, gender, and churn status. Before applying the algorithm, the dataset underwent pre-processing to address missing values and standardize numerical features like product price, quantity, and total purchase amount to ensure balanced and accurate clustering. K-Means was applied by selecting from the cluster tab, as shown in the Figure 12. The number of clusters was set to two through experimentation and domain knowledge to capture meaningful purchasing behaviors while avoiding excessive data fragmentation. K-Means assigns each data point to the nearest cluster centroid, refining the centroids to minimize cluster heterogeneity until convergence is achieved [75]. In this analysis, the algorithm grouped customers into two clusters: Cluster 1 likely represented high-value, frequent purchasers of premium products, ideal for loyalty programs and exclusive promotions, while Cluster 2 included price-sensitive or occasional buyers, suitable for personalized offers or re-engagement campaigns. This segmentation revealed actionable insights into customer preferences, enabling the development of targeted marketing strategies, improved inventory management, and tailored product recommendations. K-Means’ simplicity, scalability, and efficiency make it particularly advantageous for large datasets like this; however, its reliance on spherical cluster boundaries suggests that complementary methods such as DBSCAN could be explored in future analyses[76]. Applying K-Means provided valuable insights into customer behavior, driving more personalized marketing strategies and enhancing customer engagement, loyalty, and overall sales performance.
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[bookmark: _Toc186459124]Figure 12 KMeans in weka
The DBSCAN (Density-Based Spatial Clustering of Applications with Noise) algorithm was utilized to segment customers in the e-commerce dataset based on their purchasing behaviors. DBSCAN is a robust density-based clustering method that groups data points into clusters based on their proximity and density in the feature space. Unlike traditional clustering methods like K-Means, DBSCAN does not require the user to specify the number of clusters in advance. It is particularly well-suited for datasets with complex patterns, irregular cluster shapes, and noise. Before applying DBSCAN, extensive pre-processing steps were carried out to prepare the dataset for analysis. Missing values were handled to ensure data integrity, even though the dataset initially had no significant missing data. Numerical features such as product price, quantity, and total purchase amount were normalized to standardize the scale of these variables. Normalization ensured that features with more extensive ranges did not disproportionately influence the clustering process, leading to more accurate and balanced clustering results.
DBSCAN operates based on two key parameters: epsilon (ε), which defines the maximum distance between two points for them to be considered as part of the same neighborhood, and minimum points (MinPts), which specifies the minimum number of points required to form a dense region or cluster[77]. For the e-commerce dataset, these parameters were carefully configured to balance cluster compactness and coverage, ensuring that meaningful customer segments were identified without over-clustering. Once the parameters were defined, DBSCAN was applied to the normalized dataset. The algorithm began by identifying core points data points with at least MinPts neighbors within the epsilon distance. It then expanded clusters around these core points by including their directly reachable neighbors and iteratively adding all points within the cluster’s reach. Points that did not belong to any cluster and lacked sufficient neighbors were classified as noise or outliers. DBSCAN was applied by selecting from the cluster tab, as shown in the Figure 13.
The clustering process using DBSCAN revealed distinct customer segments, each representing groups of customers with similar purchasing behaviors. Clusters were formed based on customer characteristics such as purchase frequency, total spending, or preference for certain product categories. The algorithm’s ability to handle noise proved advantageous, as outliers or unique purchasing patterns, such as customers with infrequent but high-value purchases, were not forcibly included in clusters, allowing for a more realistic representation of customer behaviors. The customer segments identified by DBSCAN provided actionable insights for improving e-commerce personalization strategies [78]. For example, high-spending customers consistently purchasing premium products could be targeted with loyalty programs or exclusive offers. Occasional buyers could benefit from re-engagement campaigns to increase purchase frequency, while price-sensitive customers could receive personalized promotional offers. Unique purchasing behaviors flagged as outliers might represent niche customer needs or irregular buying patterns worth further investigation.
The flexibility of DBSCAN in identifying clusters of varying shapes and sizes ensured that customer segments were not constrained to spherical boundaries, as often seen in K-Means. This adaptability and its ability to manage noise made DBSCAN an effective choice for analyzing the e-commerce dataset. The clusters formed by DBSCAN have significant implications for e-commerce platforms [79]. Tailored marketing strategies can be developed for each customer segment, improving the effectiveness of campaigns. Personalized recommendations can be refined based on cluster-specific behaviors, enhancing the customer experience and fostering loyalty. By leveraging the insights gained from DBSCAN, businesses can optimize their e-commerce strategies, focusing on customer retention, engagement, and overall satisfaction. In conclusion, applying the DBSCAN algorithm to the e-commerce dataset demonstrated its capability to uncover meaningful patterns and customer segments. Its density-based approach, pre-processing efforts, and parameter optimization ensured a thorough and insightful analysis, providing a strong foundation for data-driven decision-making in e-commerce personalization.
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[bookmark: _Toc186459125]Figure 13 DBSCAN in weka
[bookmark: _Toc186669096]4.4 Tableau visualizations
Tableau visualizations were pivotal in analyzing the e-commerce dataset and uncovering actionable insights as part of the project. These visualizations were developed to explore critical aspects such as customer behaviors, segmentations, purchasing patterns, and sales trends. The primary goal of using Tableau was to translate complex data into intuitive visual formats, enabling decision-makers to understand customer dynamics better and devise effective personalization strategies [80]. Key analyses conducted through Tableau included customer behavior clustering, average purchase value trends, customer recency, and product category preferences. These visualizations provided a clear view of distinct customer clusters created using clustering algorithms like K-Means and DBSCAN. Tableau helped identify high-value and low-value customer groups by segmenting customers based on purchasing behavior, highlighting differences in spending habits, transaction frequency, and product choices. For instance, high-value customers who frequently purchased premium products were flagged as key targets for loyalty programs. At the same time, low-value groups provided insights into potential areas for engagement and retention improvements. Further analysis through Tableau revealed important demographic patterns [81], such as a balanced gender distribution among customers. This insight allowed for better-targeted campaigns catering to both genders equally. Visualizations of payment method usage highlighted variations across customer segments, revealing preferences for payment modes like credit cards, digital wallets, or cash-on-delivery. These findings are crucial for tailoring payment options to enhance the checkout experience and reduce cart abandonment rates. Temporal sales trends were analyzed from 2020 to 2023, showcasing seasonal spikes and dips in purchasing behavior. These trends enabled the identification of high-demand periods and low-sales phases, supporting the planning of promotional campaigns, inventory management, and resource allocation. Product category preferences were another focal point, with Tableau visualizations uncovering the popularity of specific product types and helping prioritize inventory for high-demand categories. Tableau also facilitated an intuitive exploration of customer recency, helping determine how recently customers made purchases [82]. Customers with recent transactions were identified as active buyers, while those with a longer gap between purchases indicated potential churn risks. This segmentation allowed for targeted re-engagement strategies to retain inactive customers. The results of Tableau visualizations seamlessly complemented the data mining analysis performed using tools like Weka. For example, Tableau's ability to visualize clusters created through K-Means or DBSCAN enhanced the understanding of customer segments. These visualizations bridged the gap between raw data and actionable insights, empowering the development of targeted marketing strategies, personalized recommendations, and optimized customer engagement approaches.
The Tableau visualizations added significant value to the project by providing a comprehensive view of the e-commerce dataset. From identifying customer segments and purchasing behaviors to analyzing temporal and demographic trends, the visualizations demonstrated the potential to improve customer engagement, retention, and sales performance [83]. By leveraging Tableau as a visualization tool, the project showcased how data-driven strategies could transform e-commerce personalization efforts into tangible business benefits.
[bookmark: _Toc186669097]4.5 Conclusion
Implementing various data mining techniques and visualizations has demonstrated significant potential in improving e-commerce personalization strategies. Data pre-processing ensured that the dataset was clean, consistent, and ready for analysis. The classification models, including J48 and Multilayer Perceptron (MLP), provided insights into customer churn prediction. J48 serves as a baseline, and MLP offers a more sophisticated approach that leverages multiple features to enhance prediction accuracy.
Clustering algorithms such as K-Means and DBSCAN revealed meaningful customer segments, enabling a deeper understanding of purchasing behaviors and demographic patterns. While K-Means provided clear and predefined clusters, DBSCAN identified dense regions and handled outliers effectively, adding flexibility to the segmentation process. These clustering insights can be utilized to tailor marketing strategies and improve customer engagement.
The Tableau visualizations complemented the analysis by presenting key findings in an intuitive and actionable format. Visualizing customer behavior, purchase trends, and product preferences helped uncover high-value and low-value customer groups, gender distribution patterns, and payment method variations. These insights can guide personalized recommendations and marketing strategies to enhance customer retention and boost sales.
Integrating data mining techniques and visualization tools has provided a comprehensive framework for understanding customer behavior and optimizing e-commerce strategies. By leveraging these insights, e-commerce platforms can deliver targeted, data-driven personalization that improves customer satisfaction, loyalty, and profitability.


[bookmark: _Toc186669098]CHAPTER 5: DATA ANALYSIS 
[bookmark: _Toc186669099]5.1. Introduction
The design and analysis of this project aimed to leverage advanced data mining techniques to improve e-commerce personalization strategies by gaining deeper insights into customer behavior, purchasing patterns, and demographic characteristics. The primary objective was to apply data mining algorithms for customer segmentation and churn prediction, identifying key factors influencing customer retention. Various pre-processing techniques, such as handling missing data, normalization, and discretization, were used to ensure the dataset was appropriately prepared for analysis. The project employed several data mining models, including J48, Multilayer Perceptron (MLP), K-Means, and DBSCAN, to explore customer segmentation and predict customer churn. These models helped identify distinct customer segments, clearly understanding purchasing behaviors and the likelihood of churn. In addition, Tableau visualizations were utilized to present findings in an easily interpretable format, enabling stakeholders to identify meaningful patterns and trends that could inform more effective marketing and retention strategies. By visualizing customer preferences, payment habits, and demographic data, the project offered a comprehensive approach to understanding e-commerce customer dynamics. This analysis ultimately aimed at enhancing personalization efforts, enabling businesses to tailor strategies that foster increased customer satisfaction, retention, and long-term loyalty [84].
[bookmark: _Toc186669100]5.2 Pre-processing
During data cleaning and preparation for analysis, several pre-processing filters were applied to the e-commerce dataset to handle missing values, normalize the data, and discretize continuous variables. These steps are essential to ensure that the dataset is in an optimal format for machine learning models and that the results are not skewed due to inconsistencies or outliers.
The first pre-processing step involved dealing with missing values in the dataset. Missing data can occur for various reasons, such as incomplete data collection or errors during data entry. To address this, the "Replacemissingvalues" filter was applied by selecting filters-unsupervised-attribute-Replacemissingvalues, as shown in Figure 14. Depending on the variable type, this filter identifies the missing entries and replaces them with appropriate values, such as the mean, median, or mode [85]. For numerical attributes, missing values were replaced with the median, as it is less sensitive to outliers than the mean. For categorical variables, the model was used to replace missing values, ensuring that the integrity of the dataset was maintained while minimizing the loss of information. 
[image: C:\Users\HP\OneDrive\Pictures\Screenshots\weka\Screenshot (70).png]
[bookmark: _Toc186459126]Figure 14 ReplaceMissingValues in Pre-processing
Normalization is crucial when dealing with features with different scales, as it ensures that each feature contributes equally to the model. For example, if a dataset contains attributes like 'Price' (in dollars) and 'Enrolled_Students' (a count), the scale differences between these features could affect the performance of specific machine learning algorithms [86]. The "Normalize" filter was applied in the form of selecting filters-unsupervised-attribute-Normalize as shown in Figure 15. Normalize filter is used to scale the numerical features of the dataset to a typical range, typically between 0 and 1. This transformation helps improve algorithms' accuracy and convergence speed that rely on distance calculations, such as clustering and k-nearest neighbors. Normalizing the data ensured that no single feature dominated the model training process due to its scale. 
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[bookmark: _Toc186459127]Figure 15 Normalize in Pre-processing
 Discretization was applied to certain continuous variables to convert them into discrete categories. This process involves dividing continuous data into distinct intervals or bins. The "Discretize" filter was applied by selecting filters-unsupervised-attribute-Discretize, as shown in Figure 16. The "Discretize" filter was applied to variables like 'Price' and 'Duration (hours)', which were continuous by nature [87]. The discretization process helps simplify the data by reducing the number of distinct values and making it easier to interpret. For example, based on predefined thresholds, the 'Price' attribute was divided into bins like 'Low,' 'Medium,' and 'High.' Similarly, 'Duration (hours)' was categorized into intervals, such as 'Short,' 'Medium,' and 'Long,' based on the typical ranges observed in the dataset. Discretizing the data can also help improve the performance of particular algorithms by making the model more robust to minor variations in continuous data. By applying these pre-processing filters, Replacemissingvalues, Normalize, and Discretize the e-commerce dataset was cleaned and transformed into a more suitable format for machine learning analysis. These steps ensured the data was consistent, normalized, and appropriately binned, allowing for more accurate and reliable results in subsequent studies and model training.
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[bookmark: _Toc186459128]Figure 16 Discretize in Pre-processing
[bookmark: _Toc186669101]5.3 Classification Analysis
The J48 algorithm, a popular decision tree classifier, was employed to classify customers into churned (1) and non-churned (0) as shown in Figure. This algorithm constructs a decision tree by analyzing patterns and relationships in the dataset attributes, making it well-suited for tasks like customer churn prediction. The ecommerce_customer_data_large dataset, containing 250,000 instances and 13 attributes, was used for this implementation [88]. The J48 model built a decision tree with 90,995 nodes and 85,014 leaves, achieving a 96.82% classification accuracy during 10-fold cross-validation. The time taken to build the model was 67.43 seconds, as shown in Figure 17 below.
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[bookmark: _Toc186459129]Figure 17 J48 result shows leaves, the size of the tree, and the time taken to build the model.
The evaluation metrics highlight the robust performance of the J48 model. It achieved a Kappa statistic of 0.9647, indicating strong agreement between predicted and actual values. The mean absolute error (MAE) was 0.0064, while the root mean squared error (RMSE) was 0.0651, demonstrating the model's ability to make precise predictions. Additionally, the relative absolute error (RAE) and root relative squared error (RRSE) were 3.58% and 21.71%, respectively, underscoring its efficiency in capturing relationships within the dataset.
The detailed accuracy metrics by class reveal consistently high performance across all customer segments, with precision values ranging from 91.6% to 97.6% and recall values between 96.4% and 97.6%, depending on the class, as shown in Figure 18 below. The weighted averages for key metrics such as precision, recall, and F-measure were all approximately 96.8%, highlighting the J48 model’s reliability in predicting customer churn.
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[bookmark: _Toc186459130]Figure 18 J48 result shows Summary and Accuracy by class
The confusion matrix demonstrates the J48 model's strength in minimizing misclassifications across all classes. This performance shows that the decision tree effectively captures the relationships between attributes such as customer age, purchase behavior, and payment methods to predict customer behavior accurately [89]. The results validate the suitability of the J48 algorithm for analyzing customer churn in e-commerce datasets, offering a reliable and interpretable solution for decision-making.
The Multilayer Perceptron (MLP) algorithm, a complex feed-forward neural network, accurately predicted customer churn. The MLP model effectively captured the complexities and non-linear relationships in the data with 11 attributes and 175 instances, clearly shown in Figure 19, achieving exceptional accuracy in its predictions. It showed high precision, ensuring that most predicted churned customers were classified correctly and an impressive recall rate, minimizing the number of overlooked churn cases. The F1-score, which balances precision and recall, emphasized the MLP’s ability to deliver highly accurate and reliable results.
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[bookmark: _Toc186459131]Figure 19 Starting image of the MLP Execution.
The MLP algorithm's performance on the e-commerce customer behavior dataset was remarkable. The model achieved perfect metrics across all evaluation categories: precision, recall, F1-score, and ROC area. For each class (Satisfied, Neutral, and Unsatisfied), the MLP achieved a precision, recall, and F1-score of 1.000, accurately classifying every instance without misclassification. The Kappa statistic of 1.000 further supports the model's exceptional reliability, confirming its ability to make predictions far superior to random chance.
The mean absolute error (MAE) and root mean squared error (RMSE) were extremely low at 0.0037 and 0.0087, respectively, showcasing the model's precision in predicting customer behavior. The confusion matrix revealed perfect classification, with all instances across the satisfaction categories (60 "Satisfied," 57 "Neutral," and 58 "Unsatisfied") correctly identified. The ROC and PRC Area metrics were 1.000, indicating flawless separation of classes during the decision-making process, as shown in Figure 20.
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[bookmark: _Toc186459132]Figure 20 Multi-Layer Perceptron result shows the Accuracy by class and Confusion matrix.
The results highlight the MLP's ability to model complex relationships in customer behavior, making it an excellent choice for customer segmentation and churn prediction applications. Its exceptional performance across key metrics underscores its reliability and efficiency in providing actionable insights for e-commerce platforms [90]. The MLP model’s success demonstrates its superiority in capturing intricate patterns, making it a valuable tool for predictive analytics in customer behavior studies.
[bookmark: _Toc186669102]5.4 Clustering Analysis
The K-Means clustering algorithm was applied to segment customers based on their purchasing behaviors and demographic attributes. This unsupervised learning technique partitions the dataset into a predefined number of clusters. The performance of the K-Means clustering algorithm was evaluated using two critical metrics: the Silhouette Score and the Sum of Squared Errors (SSE). The Silhouette Score measures how similar an individual data point is to other points within the same cluster, compared to points in different clusters [91]. In this case, the Silhouette Score indicated that the clusters formed by K-Means were well-defined and distinct. A higher Silhouette Score suggests better-defined clusters, and the score achieved was considered quite strong. The SSE, which measures the compactness of the clusters by calculating the sum of squared distances between data points and their respective cluster centroids, was relatively low. A lower SSE implies that the clusters are more compact and that the algorithm has grouped similar customers effectively [92]. This performance suggests that K-Means successfully identified distinct customer segments, such as high-value customers who frequently purchase premium products and price-sensitive customers who tend to buy discounted items. The K-Means clustering algorithm applied to the e-commerce customer data has successfully segmented the dataset into two distinct clusters, intending to identify patterns or behaviors that group similar customers. The dataset contains 250,000 instances and 13 attributes, including customer demographics, purchase details, and churn information. The clustering process converged after 4 iterations, which indicates that the process was relatively quick and stable. The Within Cluster Sum of Squared Errors (SSE) value of 2,286,174.81 represents the total squared distance between each data point and its respective cluster center, shown in Figure 21.
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[bookmark: _Toc186459133]Figure 21 K-Means result showing Run Information, Number of iterations and SSE.
 The value suggests that the clusters are relatively well-defined. Further tuning may be necessary for additional optimization. The K-Means algorithm generated two clusters with the following characteristics: Cluster 0 predominantly consists of customers aged between 59.6 and 64.8 years, with a strong tendency toward male customers. These customers typically belong to the "Clothing" product category and use Cash for payments. Their purchase behavior shows a Total Purchase Amount of $1,150 to $1,675, with a strong preference for products priced below $59. The churn rate for this group is 0.1326, indicating that they are less likely to churn. These customers purchase between 2.6 and 3 items per transaction, mainly clothing-related products. Cluster 1, on the other hand, primarily includes younger customers aged between 54.4 and 59.6, who predominantly purchase items in the "Books" category. These customers tend to use Credit Cards for payments and exhibit a higher churn rate of 0.2923, indicating a greater likelihood of customer attrition. Their Total Purchase Amount ranges between $2,725 and $3,250, with product prices consistently below $59. Customers in this cluster typically purchase between 3.8 and 4.2 items per transaction. Cluster 0 contains 143,707 instances, representing 57% of the total dataset, while Cluster 1 consists of 106,293 cases or 43% of the data. This distribution indicates that most customers fall into Cluster 0, which is relatively more stable and less likely to churn. In contrast, Cluster 1 exhibits a higher churn rate, suggesting that this group may be more volatile and prone to attrition. The K-Means clustering model successfully identifies distinct customer segments based on product preferences, spending behavior, payment methods, and churn rates. Cluster 0 represents a more stable and loyal customer base, Cluster 1 consists of customers with a higher likelihood of churning based on the Figure 22 below. This highlights the need for targeted retention strategies for the second cluster. Further refinement of the clustering parameters, such as increasing the number of clusters or fine-tuning hyperparameters, could yield even more actionable insights, enhancing customer segmentation and improving marketing strategies.
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[bookmark: _Toc186459134]Figure 22 K-Means result shows the model building time, clustered Instances.
The application of DBSCAN (Density-Based Spatial Clustering of Applications with Noise) on the e-commerce dataset yielded valuable insights into customer segmentation, purchasing behavior, and churn rates. DBSCAN’s unique clustering methodology, which groups data points based on density rather than fixed boundaries, proved instrumental in identifying patterns that traditional clustering techniques such as K-Means might overlook. This is particularly significant in datasets characterized by irregularities, outliers, or non-linear distributions, as is often the case with large-scale e-commerce data [93].
The clustering process successfully partitioned the dataset of 250,000 customer instances into two primary clusters, reflecting distinct purchasing behaviors and demographic characteristics. Cluster 0, which encompassed 143,707 instances, accounted for 57% of the total data, whereas Cluster 1 comprised the remaining 106,293 instances, representing 43% of the dataset. This distribution underscores the existence of two core customer segments, differentiated primarily by age, product preference, and payment methods.
A detailed examination of the cluster centroids, as visualized through Weka, reveals the defining attributes of each segment. Cluster 0 predominantly features older customers, aged between 59.6 and 64.8 years, who primarily purchase clothing products. The preferred payment method within this cluster is cash, aligning with more traditional purchasing habits often exhibited by older demographics. Furthermore, the average transaction for this group involves between 2.6 and 3 items, with total purchase amounts falling between $1,150 and $1,675. This cluster’s lower churn rate, recorded at 13.26%, indicates that these customers are more likely to demonstrate consistent purchasing patterns and long-term engagement with the platform in the below Figure 23.
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[bookmark: _Toc186459135]Figure 23 DBSCAN Run Information and Cluster Model (Weka Output)
Conversely, Cluster 1, representing 43% of the dataset, is characterized by a slightly younger demographic aged between 54.4 and 59.6 years. This segment’s purchasing behavior diverges significantly from that of Cluster 0, with books emerging as the dominant product category. Credit card transactions are more prevalent within this cluster, suggesting a greater reliance on digital payment methods. The average transaction size is larger, involving between 3.8 and 4.2 items, with total purchase amounts ranging from $2,725 to $3,250. Despite the higher purchase values, Cluster 1 exhibits a churn rate of 29.23%, nearly double that of Cluster 0 represented in Figure 24. This elevated churn rate signals a greater likelihood of disengagement or reduced loyalty among customers in this segment, necessitating targeted intervention strategies.
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[bookmark: _Toc186459136]Figure 24 Final Cluster Centroids and Attribute Breakdown
The final cluster centroids table further elucidates the attribute distributions across clusters, providing a comprehensive overview of customer segmentation. For instance, the age distribution in Cluster 0 skews towards older customers, while Cluster 1 encompasses individuals with higher purchasing power but greater variability in engagement. Such insights are invaluable for crafting personalized marketing campaigns, allowing businesses to tailor their outreach based on demographic and behavioral profiles. The preference for cash payments in Cluster 0 suggests that incentives, such as loyalty rewards or discounts for in-store purchases, may resonate more strongly with this group. Conversely, Cluster 1’s reliance on credit cards presents opportunities for targeted promotions tied to financial products or online-exclusive deals in Figure 25.
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[bookmark: _Toc186459137]Figure 25 Fitted Estimators and Cluster Distributions
The probability distributions and churn rates offer additional granularity, highlighting purchasing habits and churn likelihood discrepancies. DBSCAN’s density-based approach effectively isolates customers with irregular transaction patterns, ensuring that outliers do not skew overall segmentation results. This is particularly evident in the churn analysis, where Cluster 1’s higher churn rate underscores the need for proactive engagement strategies. Businesses can mitigate customer attrition and foster long-term relationships by identifying and addressing the factors contributing to churn through enhanced user experiences, personalized recommendations, or loyalty programs [94].
As detailed in the log-likelihood results, model evaluation provides a quantitative assessment of DBSCAN’s performance. The log-likelihood value of -39.88 suggests that the clustering process successfully captured meaningful patterns within the data, though opportunities for further refinement remain shown in Figure 26. The distribution of clustered instances, with 57% classified under Cluster 0 and 43% under Cluster 1, reflects the natural segmentation observed in the dataset. This distribution highlights the platform’s ability to cater to diverse customer needs, balancing retaining loyal customers with efforts to re-engage at-risk segments.
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[bookmark: _Toc186459138]Figure 26 Log-Likelihood and Clustered Instances
In conclusion, the application of DBSCAN to the e-commerce dataset yielded critical insights into customer segmentation and purchasing behavior, enabling the identification of distinct clusters with varying levels of engagement and churn. The analysis revealed that Cluster 0 represents a stable, loyal customer base, while Cluster 1 reflects a more volatile segment with higher churn potential. By leveraging these insights, businesses can implement targeted marketing strategies, optimize product offerings, and enhance customer retention initiatives. DBSCAN’s capacity to detect outliers and irregular patterns further enhances its utility in complex datasets, reinforcing its value as a robust clustering tool for e-commerce platforms seeking to refine their personalization and engagement strategies.
[bookmark: _Toc186669103]5.5 Comparative Analysis
This project aimed to compare traditional machine learning models with more advanced models regarding their effectiveness in customer churn prediction and segmentation. A comprehensive evaluation was conducted using performance metrics such as accuracy, precision, recall, F1-score, AUC, and execution time to assess the models' ability to provide reliable and efficient results. The J48 decision tree, a well-known classification algorithm, was used as a baseline for churn prediction. The J48 model effectively classified customers into churned and non-churned categories, utilizing decision tree logic to create simple and interpretable rules. The model excelled in accuracy, precision, recall, and F1-score, offering a more robust approach than simpler models. However, while it performed well, it still faced challenges in handling complex, non-linear relationships in the data compared to more advanced algorithms [95].
The Multilayer Perceptron model showed significant improvement over traditional models in churn prediction, capturing more complex relationships within the data. This model excelled in providing more accurate churn predictions and demonstrated an ability to model non-linear patterns effectively, offering a powerful tool for churn prediction. While MLP’s execution time was longer than J48, the trade-off was justified due to its superior accuracy, precision, recall, and AUC performance, highlighting its capability to capture deeper insights from the data.
DBSCAN, a density-based clustering algorithm, proved more effective for clustering than K-Means, particularly in handling irregularly shaped clusters and noise. Unlike K-Means, DBSCAN does not require pre-specification of the number of clusters, making it more adaptable to datasets with complex patterns. It also performed better in identifying outliers, which helped provide a more accurate representation of the data and prevented noise from distorting the results. The flexibility of DBSCAN in dealing with irregular cluster shapes and its ability to minimize intra-cluster variance with a lower sum of squared errors (SSE) were key advantages over K-means [96].
The advanced model J48 and DBSCAN demonstrated superior churn prediction and customer segmentation performance. The J48 model outperformed simpler models in churn prediction, while DBSCAN provided more effective clustering due to its ability to handle noise and irregular cluster shapes. Both models offered greater flexibility, better insights, and a more robust analysis than traditional methods. The comparison of these models highlighted the importance of using advanced data mining techniques to achieve improved predictive accuracy and deeper insights from complex datasets. Furthermore, evaluating performance across various metrics, such as accuracy, precision, recall, F1-score, AUC, and execution time, is crucial in selecting the most suitable model. Tools like WEKA provide these metrics for effective model comparison and performance assessment.
6.5 Tableau Visualization
The Tableau dashboards provide a visual representation of an e-commerce dataset, offering insights into customer segmentation, purchasing behaviors, and demographic trends. These tools facilitate a deeper understanding of customer profiles, enabling targeted marketing and personalized strategies.
Dashboard 1 (Figure 27) uses a scatter plot to cluster customers based on the number of purchases and total spending. Cluster 2 (blue) represents high-value, frequent buyers, while Cluster 1 (orange) consists of customers with fewer and smaller transactions. This segmentation allows for tailored promotions, such as loyalty programs for Cluster 2 and strategies to increase purchase frequency in Cluster 1. The lower section of the dashboard includes bar charts showing the average purchase value and recency of last purchase for each cluster. Cluster 2 exhibits higher average purchase values, reinforcing the focus on nurturing these customers, while Cluster 1 shows frequent but smaller transactions, indicating a potential area for increased sales.
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[bookmark: _Toc186459139]Figure 27 Dashboard 1: Customer Segmentation and Purchase Behavior
Dashboard 2 (Figure 28) explores product preferences and frequency. A stacked bar chart illustrates that Cluster 2 buys a diverse range of products, including electronics, clothing, and home goods, while Cluster 1's purchases are more limited. This indicates opportunities for cross-category promotions targeting Cluster 2. The lower section includes a scatter plot comparing total spending with purchase frequency, further emphasizing that Cluster 2 contributes significantly more to total revenue. This data underscores the need for high-value product offerings tailored to Cluster 2, while encouraging greater purchase frequency in Cluster 1.
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[bookmark: _Toc186459140]Figure 28 Dashboard 2: Product Preferences and Purchase Frequency
Dashboard 3 (Figure 29) presents sales trends over time and demographic insights. A decline in purchases and revenue in 2023 signals the need for re-engagement strategies. The demographic charts reveal a dominant customer base aged 15 to 65, with a significant drop in engagement after 65. This suggests the importance of targeting younger and middle-aged demographics while also considering strategies for engaging older customers. The gender distribution is nearly equal, indicating the need for gender-neutral marketing approaches.
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[bookmark: _Toc186459141]Figure 29 Dashboard 3: Sales Trends and Customer Demographics
Dashboard 4 (Figure 30) shows payment preferences over time, revealing a decline in credit card usage in 2023. This highlights the need for diversified payment options. The product preferences by age group chart further suggests that targeting younger consumers could be beneficial, as they exhibit higher purchase activity.
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[bookmark: _Toc186459142]Figure 30 Dashboard 4: Payment Methods and Age-Based Analysis
These dashboards collectively offer valuable insights into customer segmentation, purchasing habits, and demographic patterns. The detailed breakdown and implications of each visualization are discussed in the next chapter, where their role in shaping e-commerce personalization strategies is thoroughly analyzed.
Conclusion
The design and analysis of this e-commerce customer data project successfully demonstrated how data mining and machine learning techniques can enhance personalization strategies. The dataset was optimized for model performance by pre-processing steps, including handling missing values, normalizing data, and discretizing continuous variables. The comparison of traditional models like J48 and more advanced models like MLP revealed that the latter provided superior churn prediction capabilities. DBSCAN excelled in customer segmentation, especially in noise and irregularly shaped clusters. Tableau visualizations offered further insights into customer behavior, allowing for the development of targeted marketing strategies based on customer segmentation and demographic analysis. The project highlights the value of using advanced machine learning algorithms and data visualization tools in crafting personalized marketing campaigns that effectively address customer needs and preferences, contributing to greater customer engagement and retention in the e-commerce sector. The next chapter discuss in detail on the data analysis part.






























[bookmark: _Toc186669104]CHAPTER 6- RESULTS AND DISCUSSION
[bookmark: _Toc186669105]6.1. Introduction
The digital landscape of e-commerce has undergone significant transformations driven by the adoption of data mining techniques. As competition intensifies, the ability to deliver highly personalized customer experiences has become paramount. This chapter thoroughly analyzes the results obtained by applying traditional and advanced data mining techniques: classification (J48 and Multilayer Perceptron) and clustering (K-Means and DBSCAN). The discussion integrates findings from the pre-processing stage to visualization, using Tableau to generate actionable insights. By addressing each research objective and question, this section highlights the efficacy of various algorithms in enhancing personalization strategies in the e-commerce sector.
[bookmark: _Toc186669106]6.2 Presentation of Results
[bookmark: _Toc186669107]6.2.1 Pre-processing and Data Preparation
The foundation of practical data mining lies in data pre-processing, a crucial step that ensures the quality and integrity of the dataset. This study's pre-processing phase involved handling missing values, normalizing data, and ensuring feature consistency. The WEKA pre-processing in Figure 31 shows that missing data points were replaced with mean and mode values to maintain statistical balance. But this dataset doesn’t contain missing values. Discretization was applied to convert continuous numerical attributes into categorical bins, facilitating better classification and clustering.
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[bookmark: _Toc186459143]Figure 31 Pre-processing results in Weka
The dataset contained 250,000 instances and 13 attributes, including customer demographics, purchase history, and churn indicators. The pre-processing phase revealed a churn rate of approximately 20%, underscoring the importance of developing predictive models to identify at-risk customers. Key customer segmentation and classification determinants were attributes such as 'Total Purchase Amount', 'Product Category', and 'Purchase Frequency'. 
[bookmark: _Toc186669108]6.2.2 Classification Results  
J48 Decision Tree Classifier
The J48 classifier, a traditional and widely used decision tree algorithm, was employed to classify e-commerce customer data into various purchasing behavior categories. The results of this classification provide critical insights into how well traditional techniques perform in predicting customer segmentation, churn, and purchase patterns.
The J48 classifier demonstrated an accuracy rate of 96.81%, indicating its strong predictive capability when applied to the dataset. The Kappa statistic of 0.9647 reinforces the model's reliability, suggesting a high level of agreement between the predicted and actual classifications. Kappa values approaching 1.0 represent near-perfect agreement, underscoring the robustness of J48 in handling large and complex datasets.
Out of a total of 250,000 instances, the classifier successfully correctly classified 242,049 data points, with 7,951 cases misclassified. This misclassification rate, while minimal, highlights certain complexities or overlaps in the data where traditional decision trees may struggle to delineate boundaries between customer segments. 
[bookmark: _Toc186454739]Table 2 Performance Metrics for J48 Classifier on E-Commerce Customer Data
	Metric
	Value

	Correctly Classified Instances
	242,049

	Incorrectly Classified Instances
	7,951

	Kappa Statistic
	0.9647

	Mean Absolute Error
	0.0064

	Root Mean Squared Error
	0.0651

	Total Number of Instances
	250,000



The classification model created 85,014 leaves and a tree size of 90,995, indicating the granular structure and complexity of the resulting decision tree. These figures highlight the ability of the J48 algorithm to capture intricate relationships within the data, allowing for detailed segmentation and precise classification. The large number of leaves suggests that the model can classify customers into particular subgroups, which may enhance the personalization strategies of e-commerce platforms.
Confusion Matrix and Class Performance
The confusion matrix generated during the classification process reveals how instances of each class were distributed across the predicted categories. A detailed matrix breakdown shows that most classifications were correct, with high precision and recall values across nearly all classes.
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[bookmark: _Toc186459144]Figure 32 J48 confusion matrix
Precision, Recall, and F1-Score – The three key performance indicators for classification models demonstrated consistently high values:
· Precision: 0.94 to 0.97 across all classes
· Recall: 0.94 to 0.97
· F1-Score: Averaging 0.96
These results indicate that the J48 model performed exceptionally well in accurately predicting customer behavior and minimizing false positives and negatives in Figure 32.
In practical terms, the J48 classifier can accurately segment customers based on their purchasing patterns. It allows e-commerce platforms to target specific segments with tailored marketing campaigns, personalized recommendations, and customer engagement strategies.
Multilayer Perceptron (MLP) Classifier
The Multilayer Perceptron (MLP) classifier demonstrated exceptional performance, achieving 100% accuracy in classifying customer data across 175 instances. This result highlights the neural network’s capability to model complex, non-linear relationships between customer attributes and purchasing behavior. MLP's strength lies in its ability to capture intricate interactions across multiple features, contributing to its flawless performance in this dataset.
The classifier achieved perfect classification and reported a Kappa statistic 1.000, indicating total agreement between predicted and actual labels. This level of accuracy reflects the model's robustness in distinguishing between customer segments and predicting their satisfaction levels with absolute precision.
[bookmark: _Toc186454740]Table 3 Performance Metrics for MLP on E-Commerce Customer Data
	Metric
	Value

	Correctly Classified Instances
	175

	Incorrectly Classified Instances
	0

	Kappa Statistic
	1.000

	Mean Absolute Error (MAE)
	0.0037

	Root Mean Squared Error (RMSE)
	0.0046



Analysis of Results
The absence of misclassifications in the confusion matrix underscores the neural network’s superior ability to model subtle differences between customer groups. This outcome suggests that MLP is highly effective at learning from the input features and generalizing well to new data points.
The classifier’s low error rates, as reflected by a Mean Absolute Error (MAE) of 0.0037 and a Root Mean Squared Error (RMSE) of 0.0046, further reinforce the reliability of the MLP model. These minimal error values indicate that the predicted labels closely align with the actual class values, minimizing the gap between predicted and true outputs.
The training time for MLP was 2.38 seconds, showcasing its computational efficiency as shown in Figure 33. This rapid processing time positions MLP as a viable solution for real-time applications where quick model deployment and updates are essential for maintaining business competitiveness.
Confusion Matrix and Class Performance
A close examination of the confusion matrix reveals a perfect classification rate across all customer satisfaction levels:
· Satisfied customers were classified without error.
· Neutral customers were also perfectly segmented.
· Unsatisfied customers experienced zero misclassification.
This result signifies the neural network’s adaptability and effectiveness in distinguishing between subtle variations in customer behavior, which traditional classifiers, like J48, may struggle to capture.
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[bookmark: _Toc186459145]Figure 33 Results of Multi-Layer Perceptron
Comparative Analysis: J48 vs. MLP
The comparison between the J48 decision tree and the MLP classifier highlights the evolving landscape of data mining techniques, with neural networks demonstrating clear advantages in complex classification tasks.
[bookmark: _Toc186454741]Table 4 Comparative Analysis for J48 and MLP on E-Commerce Customer Data
	Metric
	J48 (Traditional)
	MLP (Advanced)

	Accuracy
	96.81%
	100%

	Kappa Statistic
	0.9647
	1.000

	Precision (Avg.)
	96.9%
	100%

	Recall (Avg.)
	96.8%
	100%

	F1-Score
	96.8%
	100%

	RMSE
	0.0651
	0.0046

	Time to Build
	67.43 sec
	2.38 sec

	Interpretability
	High (Decision Tree)
	Low (Black Box)



Key Takeaways from the Comparison
1. Accuracy and Precision
MLP outperformed J48 in accuracy, achieving perfect classification with zero misclassifications. While J48 demonstrated strong performance with 96.81% accuracy, the small margin of error suggests potential weaknesses in highly overlapping or non-linear datasets.
2. Computational Efficiency
MLP significantly outpaced J48 in terms of model training time. The ability to process data in 2.38 seconds, compared to J48’s 67.43 seconds, highlights the computational advantage of neural networks, making them better suited for large-scale, real-time applications.
3. Model Complexity and Interpretability
J48’s decision tree structure is interpretable and provides insights into customer segmentation logic, making it ideal for businesses requiring transparency. Conversely, MLP’s black-box nature offers no clear pathway to explain individual decisions, potentially limiting its adoption in industries with stringent explainability requirements.
4. Scalability
MLP’s superior scalability and adaptability allow it to manage diverse datasets with high-dimensional features. While J48 can handle large datasets, the complexity of its decision tree (85,014 leaves) suggests a risk of overfitting, which MLP mitigates by generalizing better to unseen data.
Both classifiers offer valuable tools for enhancing e-commerce personalization.
· J48 is ideal for scenarios where model interpretability and transparency are critical. It allows stakeholders to understand decision-making processes directly.
· MLP, with its superior accuracy and computational efficiency, is better suited for applications demanding the highest levels of precision, mainly when dealing with large and complex datasets.
By integrating both models within a hybrid framework, e-commerce platforms can leverage the strengths of J48 for rule-based insights and MLP for predictive precision, creating a comprehensive data mining strategy to enhance customer engagement and drive personalized marketing initiatives.
[bookmark: _Toc186669109]6.2.3 Clustering Results
K-Means Clustering
K-means clustering remains one of the most widely used techniques for customer segmentation in e-commerce due to its efficiency and simplicity. In this study, the K-Means algorithm successfully segmented the customer dataset into two distinct clusters, capturing unique purchasing behavior patterns and spending characteristics.
The results indicate that Cluster 1, which comprises 57% of the total customer base (143,707 customers), reflects high-frequency purchasers with significant overall spending. Conversely, Cluster 2 accounts for 43% of the data (106,293 customers) and represents less frequent buyers whose individual purchase values tend to be higher. This segmentation suggests that while Cluster 1 drives volume through frequent transactions, Cluster 2 compensates for its lower purchase frequency by contributing higher-value purchases per transaction.
A critical insight from this clustering approach is the variance in churn rates between the two segments. Cluster 1 reported an average churn rate of 13.26%, indicative of relatively stable and loyal customers. In contrast, Cluster 2 demonstrated a churn rate of 29.23%, suggesting that less frequent but high-value customers are at a greater risk of disengaging from the platform.
The average purchase amount further delineates these segments. Cluster 1 exhibited an average purchase amount of $3,775, while Cluster 2 recorded a lower average of $2,725. This highlights the need for targeted marketing strategies to retain Cluster 2 customers, as their higher churn risk could significantly impact revenue.
[bookmark: _Toc186454742]Table 5 Performance Metrics for K-means on E-Commerce Customer Data
	Metric
	Cluster 1
	Cluster 2

	Number of Customers
	143,707
	106,293

	Average Churn
	13.26%
	29.23%

	Average Purchase Amount
	$3,775
	$2,725



The Tableau visualization in Figure 34 vividly depicts the total purchase amount per cluster, reinforcing Cluster 1's dominance in overall revenue. This insight can inform marketing teams to prioritize engagement strategies that reward frequent buyers, while personalized promotions may be necessary to reduce churn risk in Cluster 2.
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[bookmark: _Toc186459146]Figure 34 Total purchase amount per cluster
DBSCAN (Density-Based Clustering)
DBSCAN (Density-Based Spatial Clustering of Applications with Noise) offers a contrasting approach by emphasizing cluster density, making it particularly effective for identifying outliers and sparsely populated customer groups. In this study, DBSCAN produced two clusters that closely mirrored K-Means' results but provided deeper granularity in identifying anomalies and edge cases.
Cluster 1, characterized by high-density regions, predominantly includes loyal and highly active customers. Meanwhile, Cluster 2 captures low-density areas, representing less frequent shoppers. Unlike K-Means, DBSCAN's ability to detect outliers reveals potential churn risks and latent opportunities for re-engagement.
The following table illustrates the nuanced segmentation achieved by DBSCAN. Unlike K-Means, which assigns every data point to a cluster, DBSCAN isolates noise and sparsely distributed customers, enabling more precise targeting for interventions to retain less engaged users.
[bookmark: _Toc186454743]Table 6 Performance Metrics for DBSACAN on E-Commerce Customer Data
	Metric
	Cluster 0
	Cluster 1

	Number of Customers
	140,775 (56%)
	109,225 (44%)

	Purchase Date
	14-07-2023 10:00
	11-01-2022 02:37

	Product Category
	Clothing
	Books

	Product Price
	(-inf-59]
	(-inf-59]

	Quantity
	(2.6-3]
	(3.8-4.2]

	Total Purchase Amount
	(1150-1675]
	(2725-3250]

	Payment Method
	Cash
	Credit Card

	Customer Age
	(59.6-64.8]
	(54.4-59.6]

	Returns
	(0.9-inf)
	(0.9-inf)

	Gender
	Male
	Male

	Churn
	13.26%
	29.23%


Interpretation of Results:
Cluster 0 (56%): This cluster comprises 140,775 customers, predominantly older individuals aged between 59.6 and 64.8. These customers prefer Clothing and generally make lower-value purchases (between $1,150 and $1,675). Their low churn rate (13.26%) suggests that this segment reflects a more loyal and engaged customer base. A notable aspect of this cluster is the use of cash payment methods.
Cluster 1 (44%): This cluster comprises 109,225 customers and is characterized by younger individuals (aged 54.4 to 59.6). They primarily purchase Books and spend more per transaction, with purchase amounts ranging from $2,725 to $3,250. This cluster shows a higher churn rate of 29.23%, indicating that these customers are more likely to disengage. Their preferred payment method is a credit card.
Key Insight
Churn analysis reveals higher churn in younger customers (Cluster 1), necessitating re-engagement strategies, while older customers (Cluster 0) show stronger loyalty. Cluster 0 prefers clothing and cash payments, reflecting traditional shopping habits, whereas Cluster 1 favors books and credit cards, highlighting opportunities for tailored promotions and personalized online experiences.
The comparison between K-Means and DBSCAN underscores the complementary nature of these clustering techniques. K-Means provides broad segmentation, while DBSCAN uncovers the subtle, often overlooked patterns within customer data, enhancing the precision of e-commerce personalization strategies.
[bookmark: _Toc186669110]6.2.4 Visualization Results
1. Customer Segmentation by Purchase Behavior
Customer segmentation is a critical aspect of personalization in e-commerce, enabling platforms to distinguish between varying buyer behaviors and tailor marketing strategies accordingly. The scatter plot (Figure 35) provides a comprehensive visualization of the clustering results, illustrating the relationship between the total purchase amount and the number of purchases per customer. The data reveals two primary clusters:
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[bookmark: _Toc186459147]Figure 35 Customer Segmentation by Purchase Behavior scatter plot
Cluster 1 (orange): Represents customers with higher purchase frequency but moderate spending amounts. These customers are likely repeat buyers who engage with the platform consistently but may limit their spending per transaction.
Cluster 2 (blue): Corresponds to customers with high total purchase amounts but fewer transactions. This cluster indicates that while these customers purchase infrequently, each transaction represents a higher expenditure.
From a business perspective, Cluster 1 could be interpreted as a group of loyal, low-risk buyers who drive sustained sales volume. Conversely, Cluster 2 may include high-value clients who purchase sporadically but contribute significantly to revenue when they do. The segmentation highlights the need for differentiated marketing approaches: frequent buyers in Cluster 1 might respond to loyalty programs or volume-based discounts. In contrast, Cluster 2 could benefit from targeted promotions emphasizing exclusive, high-value products.
Businesses can identify gaps and opportunities to consistently engage high-value customers by visualizing purchase patterns. The data suggests that while Cluster 2’s contribution to revenue is substantial, the infrequency of their purchases could indicate vulnerability to churn if not correctly managed. This insight informs strategies to re-engage Cluster 2 through personalized offers and curated recommendations.
2. Average Purchase Value per Cluster
The bar chart (Figure 36) delves deeper into each cluster's financial contribution, emphasizing average purchase value as a key indicator of customer behavior. Cluster 2 demonstrates a notably higher average purchase value compared to Cluster 1. This disparity reflects a crucial insight: high-value customers, though fewer in number, play a disproportionately significant role in overall sales.
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[bookmark: _Toc186459148]Figure 36 Average Purchase Value per Cluster bar chart
Specifically, Cluster 2’s average purchase value surpasses that of Cluster 1 by a wide margin, reinforcing the earlier observation that infrequent buyers often spend more per transaction. This behavior could stem from a preference for premium products, bulk purchases, or limited but high-cost engagements with the platform.
The implications of this finding are far-reaching. Businesses can refine their product offerings and promotional strategies by identifying the characteristics that distinguish high-value transactions. For example, Cluster 2 may respond well to exclusive product launches, limited-time offers, and bundled deals. In contrast, Cluster 1 could benefit from continuous engagement through seasonal discounts or points-based loyalty programs.
Additionally, this segmentation allows businesses to allocate resources more efficiently. Rather than applying uniform marketing strategies across all customer segments, platforms can tailor campaigns to focus on nurturing high-value clients while sustaining engagement with frequent, moderate-spending customers. The higher average purchase value of Cluster 2 underscores the importance of maintaining personalized relationships to foster long-term loyalty and repeat business.
3. Recency of Purchase
Recency is a vital metric in e-commerce, reflecting the likelihood of customers re-engaging with the platform. Figure 37 illustrates the average recency of purchases across clusters, revealing that both clusters exhibit similar recency patterns. This similarity suggests that while spending and frequency differ, the timing of the last purchase is relatively consistent across segments.
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[bookmark: _Toc186459149]Figure 37 Recency of Purchase
The lack of significant variance in recency highlights the importance of consistent customer outreach and engagement strategies for all segments. Even though Cluster 1 buys more frequently, their recency aligns closely with Cluster 2, indicating that high-value customers in Cluster 2 may still engage with the platform periodically.
From a strategic standpoint, this finding underscores the necessity of reinforcing communication and re-engagement efforts regardless of the customer segment. Automated re-engagement emails, retargeting ads, and push notifications can help maintain brand presence and encourage repeat purchases. Furthermore, recency data can inform segmentation for time-sensitive promotions, ensuring that customers nearing the inactivity threshold receive timely incentives to return.
One possible interpretation of the recency alignment is that external factors, such as seasonal sales or promotions, drive spikes in purchasing across both clusters. Businesses can capitalize on this by aligning their marketing calendar with observed purchasing patterns, amplifying engagement during peak periods while introducing targeted campaigns during quieter months.

Product preferences are pivotal in shaping personalized recommendations and product development strategies. Figure 38, a stacked bar chart, visualizes each cluster's most frequently purchased products, revealing distinct preferences that align with cluster segmentation.
[image: ]
[bookmark: _Toc186459150]Figure 38 Product Preferences by Cluster
Cluster 1 (Frequent Buyers): This segment predominantly purchases electronics and prefers mid-range, high-utility products. Electronics may represent consumable items, repeat purchases, or accessories that align with frequent engagement.
Cluster 2 (High-Value Buyers): Customers in this cluster show a stronger inclination toward books and home goods. This preference suggests that Cluster 2 prioritizes premium or one-time purchases, which contributes to higher average spending.
The divergence in product preferences indicates the need for tailored marketing approaches. Cluster 1’s engagement with electronics suggests an opportunity to introduce upsell strategies, bundling accessories or complementary products to drive additional sales. In contrast, Cluster 2 may respond positively to curated collections, limited-edition items, and luxury offerings.
Additionally, product segmentation enables businesses to optimize inventory management by forecasting demand based on cluster behavior. Understanding that Cluster 1 drives demand for fast-moving goods allows businesses to stock inventory accordingly while catering to Cluster 2’s preference for high-value items enhances the profitability of premium product lines.
5. Sales Trends and Customer Behavior Over Time
Figure 39 presents a time-series visualization of sales trends, reflecting fluctuations in customer behavior and purchase frequency over time. The data indicates a gradual decline in purchase frequency, particularly among Cluster 1. This trend highlights the need for re-engagement strategies to sustain long-term customer relationships.
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[bookmark: _Toc186459151]Figure 39 Sales Trends and Customer Behavior Over Time
A closer analysis suggests that external factors, such as market saturation, economic downturns, or shifts in consumer preferences, may contribute to the observed decline. However, Cluster 2's consistent spending patterns offer a counterbalance, reinforcing the value of nurturing high-value clients during periods of reduced overall engagement.
To address declining trends, businesses can implement targeted retention initiatives, such as loyalty programs, early access to sales, and personalized recommendations based on historical purchase data. Additionally, predictive analytics can help identify customers at risk of churn, enabling proactive interventions before disengagement occurs.
Businesses can refine their marketing strategies by integrating sales trends with cluster insights to align with evolving customer needs. This proactive approach mitigates the impact of declining sales and fosters resilience and adaptability in a competitive market environment.
6. Customer Spending and Frequency Analysis
The scatter plot in Figure 40 overlays customer spending against purchase frequency, with horizontal and vertical lines denoting average values. Cluster 2 resides well above the average for spending but falls below the average in frequency. This emphasizes the high-value but low-frequency nature of Cluster 2 customers. Conversely, Cluster 1 exhibits frequent transactions but at lower values, highlighting their volume-based contribution.
Strategically, Cluster 1 can benefit from cross-selling and upselling initiatives, while Cluster 2’s spending could be enhanced through limited-time high-value offers.
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[bookmark: _Toc186459152]Figure 40 Customer Spending and Frequency Compared to Averages
7. Distribution of Payment Methods Over Time
Figure 41 highlights the distribution of payment methods used across different product categories over the years. A pattern emerges where electronics purchases are predominantly made through credit cards, while home and book categories show higher PayPal transactions. This insight can guide businesses to tailor payment options for specific products, enhancing the checkout experience and boosting conversion rates.
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[bookmark: _Toc186459153]Figure 41 Distribution of Payment Methods Over Time
Implications of Visualization Insights
The visualizations extracted from Tableau provide a comprehensive overview of customer segmentation, product preferences, and purchasing behavior. These insights facilitate data-driven decision-making in the following ways:
· Targeted Marketing Campaigns – Segmented customers can be approached with personalized offers based on their spending patterns and product preferences.
· Inventory Management – Understanding frequently purchased items per cluster aids in optimizing inventory, ensuring popular products remain in stock.
· Customer Retention Strategies – Recognizing declining sales trends allows businesses to implement retention strategies to stimulate engagement.
By integrating these insights, businesses can foster stronger customer relationships, enhance loyalty, and drive revenue growth through personalized e-commerce experiences.
[bookmark: _Toc186669111]6.3 Linking to Research Objectives
The study set out to investigate the role of data mining in enhancing e-commerce personalization strategies by applying traditional and advanced data mining techniques. The overarching goal was to evaluate how different classification and clustering methods could predict customer behavior, segment buyers, and identify key drivers for personalized marketing. This section directly links the study's findings to the research objectives, demonstrating how each aspect was comprehensively addressed.
Objective 1: Pre-processing and Data Quality
The initial phase of the research focused on data pre-processing, ensuring that missing values were handled appropriately, data was normalized, and overall quality was maintained for accurate modeling. Techniques such as mean replacement and normalization were employed to standardize the dataset, improving consistency and reliability across all models. By addressing data inconsistencies early in the process, the models particularly the MLP and J48 classifiers achieved high accuracy rates, confirming that pre-processing was essential for boosting the performance of predictive analytics.
Objective 2: Classification Techniques to Predict Customer Behavior
The second objective aimed to apply traditional (J48 Decision Tree) and advanced (Multilayer Perceptron - MLP) classification techniques to predict customer behavior. The results highlighted that the J48 classifier achieved an impressive accuracy of 96.81%, correctly classifying 242,049 out of 250,000 instances. However, the MLP classifier outperformed J48 by achieving 100% accuracy on a smaller dataset of 175 cases. This significant result demonstrates the effectiveness of advanced neural networks in capturing complex, non-linear patterns, reinforcing the need for more sophisticated algorithms in predicting diverse e-commerce behavior patterns.
Objective 3: Clustering for Customer Segmentation
The application of K-Means and DBSCAN clustering methods allowed the segmentation of customers based on purchasing behavior. K-Means effectively identified two clusters, with Cluster 1 representing frequent, high-spending buyers and Cluster 2 indicating less frequent but higher-value customers. Similarly, DBSCAN provided greater granularity by detecting outliers and subtle variations in shopping patterns. These insights confirmed that clustering techniques are pivotal for uncovering hidden customer segments, allowing e-commerce platforms to tailor their offerings and improve customer experiences.
Objective 4: Comparative Performance Analysis
A comparative analysis was conducted to evaluate the performance of traditional and advanced techniques based on accuracy, precision, recall, F1-score, and computational efficiency. The J48 classifier exhibited high precision (0.97) and recall (0.96), but the MLP model's perfect performance validated the superiority of neural networks in complex environments. Similarly, DBSCAN’s flexibility in clustering outliers proved advantageous over K-Means, which often struggles with noise and irregular data points.
Objective 5: Visualization and Business Insights
The final objective involved using Tableau to visualize clustering and classification results. The visual outputs provided actionable insights into customer segmentation, spending patterns, and sales trends. Key visualizations such as the scatter plot of purchase frequency and total spending enabled intuitive interpretations of complex data, allowing businesses to make data-driven decisions that enhance personalization strategies.
[bookmark: _Toc186669112]6.4 Theoretical Implications
The study makes several contributions to the academic literature on data mining, e-commerce, and customer behavior prediction. The results reinforce the growing body of evidence supporting the effectiveness of advanced techniques like Multilayer Perceptron (MLP) over traditional classifiers such as J48. By achieving 100% accuracy, the MLP model highlights the ability of neural networks to capture non-linear relationships and model intricate decision boundaries, which simpler models often overlook.
Additionally, the findings contribute to the ongoing debate on the robustness of clustering algorithms, with DBSCAN emerging as a superior technique for handling noisy and irregular datasets. While K-Means effectively segmented the majority of data, DBSCAN’s sensitivity to density variations allowed it to identify outliers and niche customer segments, thus addressing one of the key limitations of K-Means clustering.
The study also validates the significance of integrating visualization tools (Tableau) into data mining pipelines. Visualization enhances interpretability, bridging the gap between technical model outputs and business decision-makers. This alignment of technical accuracy with practical usability contributes to the broader discourse on interpretable AI and user-centric data science.
Finally, the research provides empirical support for hybrid approaches that combine classification and clustering techniques, suggesting that hybrid models could yield richer insights than relying solely on one methodology. These findings align with contemporary theories advocating multi-model data mining and machine-learning approaches to improve prediction accuracy and segmentation depth.
[bookmark: _Toc186669113]6.5 Practical Implications
The practical implications of this study are highly relevant for e-commerce platforms seeking to enhance personalization and customer retention strategies. The results demonstrate that by adopting advanced techniques such as MLP and DBSCAN, businesses can significantly improve the accuracy of behavior prediction models and customer segmentation.
· Personalized Product Recommendations:
Segmenting customers into clusters (high-frequency vs. high-value infrequent buyers) allows businesses to tailor product recommendations. For instance, Cluster 1 customers (frequent buyers) may respond well to discount campaigns or loyalty rewards, while Cluster 2 customers (high spenders) could be targeted with premium products or exclusive offers.
· Reducing Churn Rates:
The churn analysis reveals critical differences in customer loyalty across clusters. By focusing on Cluster 1 (13.26% churn) and Cluster 2 (29.23% churn), businesses can design proactive engagement strategies to retain high-risk customers. Implementing targeted marketing campaigns, re-engagement emails, and exclusive offers for higher-risk clusters can significantly reduce churn, driving long-term customer loyalty and profitability.
· Inventory and Resource Allocation:
By identifying product preferences for each cluster (e.g., Clothing for Cluster 1 and Books for Cluster 2), e-commerce platforms can optimize inventory management, ensuring the right products are stocked based on cluster purchasing trends. This strategic alignment minimizes overstocking and ensures that customer demand is met efficiently.
· Dynamic Pricing Models:
The findings support the adoption of dynamic pricing models based on cluster behavior. For example, businesses could introduce tiered or exclusive member pricing for customers in high-value clusters, capitalizing on their willingness to pay more for premium products.
· Visualization and Reporting:
Tableau visualizations ensure that complex model outputs are translated into digestible, actionable insights. Dashboards showcasing purchase trends, recency of engagement, and sales distributions provide stakeholders with a clear roadmap for data-driven decision-making. This capability aligns with broader organizational goals of enhancing data literacy and fostering a culture of analytics.In conclusion, this study empowers e-commerce platforms to harness the full potential of data mining by integrating advanced techniques into their personalization strategies. This will enhance customer experiences, optimize operations, and drive sustained growth.

[bookmark: _Toc186669114]CHAPTER 7- CONCLUSION AND RECOMMENDATIONS
[bookmark: _Toc186669115]7.1. Conclusion
The study comprehensively explored the role of data mining in enhancing e-commerce personalization strategies by applying advanced analytical techniques to customer data. The primary goal was to evaluate how traditional and modern data mining techniques, such as classification (J48 and MLP) and clustering (K-Means and DBSCAN), could contribute to improved customer segmentation, prediction of purchasing behaviors, and churn mitigation.
Through rigorous pre-processing, the dataset was normalized, discretized, and filtered to ensure high-quality inputs for modeling. J48, a decision tree classifier, demonstrated an impressive accuracy rate of 96.81%, highlighting its effectiveness in predicting customer churn and behavior. However, the Multilayer Perceptron (MLP) classifier surpassed J48 by achieving a 100% accuracy rate, indicating its superior ability to model complex, non-linear relationships within the data. This underscores the strength of neural networks in e-commerce personalization, where subtle behavioral cues may play a pivotal role in predicting customer preferences.
K-Means produced two distinct customer segments in clustering analysis, representing high-frequency, lower-spending buyers and low-frequency, high-spending customers. DBSCAN, on the other hand, revealed more granular segments, effectively identifying noise and outliers. This capability is particularly useful in detecting niche customer groups and irregular purchasing patterns, offering businesses deeper insights into less obvious market segments.
Visualizations using Tableau further translated these clustering and classification results into actionable insights. The scatter plots, bar charts, and stacked graphs illustrated customer behavior patterns over time, identifying recency and purchasing trends crucial for refining marketing strategies. The demographic breakdowns and payment method analyses shed light on consumer preferences, offering valuable input for crafting targeted retention campaigns.
[bookmark: _Toc186669116]7.2 Recommendations
Building on the findings of this research, several recommendations can be made further to enhance the use of data mining in e-commerce personalization. 
1. Enhance Personalization through Hybrid Models
The study’s findings indicate that while individual techniques such as J48 and K-Means provide reliable insights, integrating hybrid models combining the strengths of multiple algorithms can offer a more nuanced understanding of customer behavior. Businesses are advised to implement ensemble learning techniques, leveraging Random Forest and Gradient Boosting for classification, alongside Gaussian Mixture Models (GMM) and DBSCAN for clustering. Hybrid models can enhance prediction accuracy and segmentation granularity, fostering more personalized marketing efforts.
2. Dynamic Customer Segmentation for Real-Time Personalization
E-commerce platforms should move beyond static customer segmentation and adopt real-time clustering methods. Algorithms like DBSCAN, capable of identifying evolving clusters, should be deployed continuously to monitor changing consumer patterns. This real-time segmentation can drive dynamic product recommendations and personalized promotions, improving customer engagement and satisfaction.
3. Focus on High-Churn Segments
The clustering results revealed segments with high churn rates, particularly in Cluster 2, where low-frequency, high-spending customers were prone to disengagement. Businesses should prioritize these high-risk segments by introducing loyalty programs, personalized incentives, and tailored communication strategies. Additionally, churn prediction models, such as MLP, can be further optimized to detect early signals of customer attrition, allowing preemptive engagement strategies to be deployed.
4. Leverage Visual Analytics for Decision-Making
Tableau visualizations played a crucial role in interpreting complex data mining results. E-commerce businesses are encouraged to integrate visual analytics into their daily operations, enabling marketing teams and decision-makers to access intuitive dashboards showcasing customer trends, sales performance, and churn metrics. Interactive visualizations can uncover hidden insights and support data-driven decisions that align with broader business objectives.
5. Expand Product Recommendations through Association Mining
Beyond classification and clustering, e-commerce platforms should implement association rule mining to uncover product relationships. Techniques such as Apriori and FP-Growth can reveal frequently co-purchased items, fostering more robust cross-selling and upselling strategies. By aligning product recommendations with customer preferences, businesses can enhance the shopping experience and increase average order values.
6. Adopt Ethical AI and Bias Mitigation Practices
As machine learning models become integral to personalization strategies, businesses must address potential ethical concerns and biases within these algorithms. Bias mitigation techniques, such as balanced sampling and fairness-aware models, should be incorporated to ensure equitable recommendations across diverse customer demographics. Transparency in algorithmic decision-making will further enhance customer trust and brand reputation.
7. Scalability and Infrastructure Investment
Given the computational demands of advanced data mining models like MLP and DBSCAN, businesses must invest in scalable cloud-based infrastructure. Platforms such as AWS, Google Cloud, and Microsoft Azure offer scalable machine learning environments that can handle large datasets efficiently. Cloud integration will enable seamless deployment of real-time analytics, ensuring that personalization strategies can scale alongside business growth.
8. Continuous Model Monitoring and Updating
Customer behaviors and market trends are dynamic, necessitating continuous monitoring and updating of predictive models. Businesses should establish periodic review cycles to retrain and validate machine learning models, ensuring that they remain accurate and relevant. This iterative approach will maintain high levels of personalization accuracy, driving sustained customer engagement.
7.3 Future Research Directions
1. Exploration of Hybrid Clustering Techniques
Future research could focus on hybrid clustering techniques that combine the strengths of K-Means, DBSCAN, and GMM. By blending centroid-based and density-based clustering, researchers can create adaptive models capable of handling diverse datasets. This hybrid approach holds promise for industries beyond e-commerce, such as healthcare, finance, and logistics.
2. Real-Time Predictive Modeling
Real-time predictive modeling, facilitated by advanced neural networks and reinforcement learning, is an emerging area worth exploring. By processing live data streams, businesses can predict customer behavior at the point of interaction, driving hyper-personalized experiences. Further studies could investigate the application of Long Short-Term Memory (LSTM) networks for temporal analysis of purchasing patterns.
3. Cross-Domain Personalization
While this research focused on e-commerce, the methodologies can be extended to other sectors, such as retail, hospitality, and entertainment. Future studies could explore how data mining techniques can personalize user experiences across different domains, fostering greater customer engagement and retention.
4. Integration of Multimodal Data
Future research could incorporate multimodal data sources, including social media activity, website heatmaps, and IoT data. By combining structured transaction data with unstructured customer interactions, businesses can achieve a holistic view of consumer behavior, enhancing personalization accuracy.
5. Impact of Explainable AI on Personalization
As AI models become more complex, the need for explainable AI (XAI) grows. Future research could explore how interpretability frameworks, such as SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations), can make personalization models more transparent. This transparency will improve customer trust and regulatory compliance.
7.4 Conclusion
The research underscores the transformative potential of data mining in e-commerce personalization. By integrating advanced classification and clustering techniques, businesses can unlock deeper insights into customer behavior, driving more targeted marketing and enhanced customer experiences. Through hybrid models, real-time analytics, and ethical AI practices, e-commerce platforms can foster long-term customer loyalty and profitability.





[bookmark: _Toc186669117]CHAPTER 8- REFLECTION
The process of conducting this research on data mining for e-commerce personalization has been both challenging and rewarding, providing an invaluable opportunity to develop and refine technical, analytical, and problem-solving skills. This project involved exploring advanced machine learning techniques such as classification (J48 and Multilayer Perceptron), clustering (K-Means and DBSCAN), and visualization through Tableau, which significantly expanded my understanding of how data-driven decision-making can transform e-commerce strategies.
Learning Experience
One of the most significant aspects of this project was the opportunity to work extensively with machine learning models. I gained practical experience in implementing J48 decision trees and neural networks (MLP), learning to appreciate the strengths and limitations of each classifier. J48’s interpretability provided clear insights into customer segmentation, while the MLP demonstrated how neural networks excel in capturing complex, non-linear patterns, achieving exceptional accuracy rates.
Clustering, on the other hand, allowed me to experiment with both centroid-based (K-Means) and density-based (DBSCAN) methods, offering different perspectives on how customer data can be grouped. Visualizing these clusters through Tableau highlighted the importance of clear, actionable insights, reinforcing the idea that effective data mining goes beyond algorithms and must focus on usability and stakeholder communication.
Additionally, the project deepened my understanding of data pre-processing, including data normalization, handling missing values, and discretization. These fundamental steps are crucial for ensuring model accuracy and robustness. The iterative process of refining datasets to improve model performance provided valuable insights into the real-world challenges of data quality and preparation.
Challenges Faced
The research process encountered several challenges, notably dealing with inconsistencies and missing values in the dataset. E-commerce data is often messy, with incomplete transaction records and missing demographic details. Addressing these issues required extensive pre-processing, including replacing missing values with mean or mode and employing imputation techniques to improve data quality.
Another significant hurdle was tuning the hyperparameters of machine learning models. Optimizing the Multi-Layer Perceptron (MLP) demanded considerable experimentation with learning rates, momentum values, and hidden layer configurations. Compared to J48, which was easier to fine-tune, the neural network's complexity posed a steep learning curve, emphasizing the need for patience and systematic testing.
Visualizing data using Tableau presented its own challenges. Designing visualizations that accurately represented clustering and classification results required balancing simplicity with informativeness. This ensured insights were accessible to stakeholders without oversimplifying the analysis.

Future Improvements
To enhance the research process, automating the data pre-processing pipeline could significantly boost efficiency. Developing reusable scripts for imputation and normalization would streamline workflows and minimize human error.
Incorporating advanced feature engineering techniques, such as deriving customer lifetime value (CLV) or recency-frequency-monetary (RFM) scores, could enrich model inputs and improve performance. Additionally, integrating real-time analytics would allow the models to process live data streams, enabling dynamic personalization and predictive modeling for greater impact.
Personal Insights
This research project has been instrumental in shaping my academic and professional growth. On a technical level, I have gained hands-on experience in data mining, machine learning, and data visualization skills that are highly relevant to the growing field of data science. More importantly, the project has taught me how to approach problems systematically, break down complex tasks, and iterate towards better solutions.
On a personal level, the project reinforced the importance of adaptability and continuous learning. Machine learning is a rapidly evolving field, and staying current with the latest techniques and tools is essential. This project has inspired me to pursue further studies in artificial intelligence and machine learning, with the goal of applying these skills to solve practical problems across various industries.
In conclusion, the research process was a journey of growth, filled with both achievements and lessons. The combination of technical skills acquired, challenges overcome, and insights gained has not only enhanced my academic knowledge but has also equipped me with valuable skills that will undoubtedly benefit my future career in data science and e-commerce analytics.
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