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1.1 Purpose and Practice of Data Mining
Data mining is the process of extracting meaningful patterns, relationships, and knowledge from large volumes of data using statistical, machine learning, and analytical techniques. It enables organizations to transform raw data into valuable information that supports informed decision-making and improves business performance. As businesses continue to generate increasing amounts of transactional and customer data, data mining has become an essential component of modern business intelligence and predictive analytics [1].
Within the retail sector, data mining is widely used to analyses customer purchasing behavior, identify market trends, and improve operational efficiency. By examining historical transaction data and customer interactions, retailers can recognize behavioral patterns that support more effective marketing strategies, inventory management, and customer relationship management. These insights enable organizations to better understand customer preferences and develop personalized services that increase customer satisfaction and long-term profitability.
One of the most significant applications of data mining in retail is customer churn prediction. Classification techniques can analyze customer demographics, purchasing history, engagement levels, and satisfaction scores to identify individuals who are likely to discontinue using a company's products or services. Early identification of these customers allows organizations to implement targeted retention strategies, promotional campaigns, or personalized offers to reduce customer attrition and improve customer loyalty [2].
In addition to predictive modelling, data mining supports business decision-making by identifying meaningful customer segments based on shared behavioral and spending characteristics. These insights enable retail organizations to allocate resources more effectively, improve customer engagement, and develop data-driven strategies that enhance competitiveness and support sustainable business growth.

1.2 Dataset Description and Exploration
The Online Retail Customer Churn Dataset contains customer demographic, transactional, behavioral, and engagement data designed to support predictive analysis within an online retail environment. The dataset comprises 1,000 customer records and 15 attributes, including the target variable, Target Churn, which identifies whether a customer has churned. The dataset provides a suitable foundation for applying classification techniques to predict customer churn while also supporting customer segmentation based on purchasing behavior and engagement characteristics [3].
[image: ]The attributes consist of several data types. Numerical attributes include Age, Annual_Income, Total_Spend, Years_as_Customer, Num_of_Purchases, Average_Transaction_Amount, Num_of_Returns, Num_of_Support_Contacts, Satisfaction_Score, and Last_Purchase_Days_Ago. Categorical attributes include Gender and Promotion_Response, whilst Email_Opt_In and Target_Churn are Boolean variables representing binary outcomes. This combination of numerical and categorical data is appropriate for both classification and clustering techniques.Figure 1. Distribution of Target_Churn classes.

Initial exploration identified no missing values across any of the 15 attributes, indicating that the dataset is complete and requires minimal data cleaning before analysis. Furthermore, the target variable is relatively balanced, containing 526 customers classified as churned and 474 customers classified as retained. This distribution reduces the likelihood of classification bias and supports reliable model development without extensive class balancing.
Descriptive statistics indicate considerable variation across several numerical attributes. Customer ages range from younger adults to older consumers, while annual income, total spending, and average transaction amounts demonstrate broad distributions that reflect differences in purchasing behavior. Variables such as the number of purchases, customer satisfaction, support contacts, and the number of days since the last purchase provide additional behavioral indicators that may influence customer retention. The dataset also includes customers with different marketing responses and email subscription preferences, allowing engagement behavior to be incorporated into predictive modelling.
To support exploration data analysis, visualizations such as histograms, boxplots, bar charts, and correlation matrices will be used to examine data distributions, identify potential outliers, and investigate relationships between variables. These insights provide an improved understanding of customer behavior and establish a strong foundation for the data preprocessing and modelling stages of the analysis.


1.3 Data Pre-processing and Post-processing
Data preprocessing is an essential stage within the data mining process because the quality of the data input directly influences the accuracy and reliability of the resulting models. Prior to classification and customer segmentation, the Online Retail Customer Churn Dataset was examined to ensure that the data was complete, consistent, and suitable for analysis using Weka. The preprocessing stage aimed to improve data quality while preserving the integrity of the original dataset [1].
The first stage involved inspecting the dataset for missing or incomplete values. This assessment confirmed that all 1,000 customer records contained complete information across the 15 available attributes. As no missing values were identified, no imputation techniques were required. The dataset was also reviewed for duplicate records and inconsistencies that could negatively influence model performance. Maintaining a clean dataset ensures that the classification algorithms learn meaningful relationships rather than patterns introduced by poor data quality.
Following the initial inspection, the dataset was prepared for analysis by reviewing the data types assigned to each attribute. Numerical variables, including age, annual income, total spend, years as a customer, number of purchases, average transaction amount, number of returns, customer support contacts, satisfaction score, and days since the last purchase, were retained in their original numerical format. Categorical attributes, including gender and promotion response, were converted into nominal values where required to ensure compatibility with Weka. The Boolean variables, Email_Opt_In and Target_Churn, were also represented using binary class values suitable for classification algorithms.
The Customer_ID attribute was reviewed before modelling because it functions only as a unique identifier and does not contribute meaningful information towards predicting customer churn. Including identifier fields within predictive models can introduce unnecessary complexity without improving classification performance. Consequently, this attribute was excluded from the modelling process to ensure that the algorithms focused only on variables representing customer characteristics and behavior.
The distribution of the target variable was examined to determine whether class imbalance could affect predictive performance. The dataset contained 526 churned customers and 474 retained customers, demonstrating a relatively balanced class distribution. As the difference between the two classes was small, additional balancing techniques such as resampling or Synthetic Minority Oversampling Technique (SMOTE) were not considered necessary. Retaining the original class distribution allowed the classification models to learn from representative customer behavior without introducing artificial observations.
Feature selection formed an additional component of the preprocessing stage. Although all customer-related attributes were initially retained, the relevance of each predictor was considered before model construction. Variables describing purchasing activity, customer satisfaction, support interactions, marketing engagement, and recency of purchases were expected to provide valuable information for churn prediction. Removing irrelevant attributes while retaining informative features helps reduce computational complexity and may improve model accuracy.
Following preprocessing, the dataset was converted into a format compatible with Weka for classification and clustering analysis. Classification models including Decision Tree (J48), Logistic Regression, and Random Forest were subsequently trained and evaluated using the prepared dataset. Post-processing focused on interpreting the output generated by these models rather than simply reporting performance measures. Confusion matrices, classification accuracy, precision, recall, F1-score, and Receiver Operating Characteristic (ROC) analysis were examined to assess predictive performance and compare alternative algorithms. Visual representations, including decision trees, ROC curves, and summary tables, were also used to present the results clearly and support meaningful business interpretation. These post-processing activities enabled the findings to be translated into practical recommendations for improving customer retention and supporting data-driven decision-making within an online retail environment [4].

1.4 Sample Runs and Analysis Methods
The prepared dataset was analyzed using the Weka data mining tool to evaluate the effectiveness of both classification and clustering techniques for predicting customer churn and identifying customer segments. Classification algorithms were selected to predict whether customers were likely to churn, while clustering was used to identify groups of customers with similar characteristics without considering the target class. The models were evaluated using 10-fold stratified cross-validation, ensuring that each fold contained a representative distribution of churn and non-churn instances. This evaluation approach provides a reliable estimate of model performance while reducing the likelihood of overfitting.
	Algorithm
	Accuracy
	Precision
	Recall
	F1
	ROC

	J48
	50.3
	0.502
	0.503
	0.502
	0.494

	Random Forest
	51.3
	0.508
	0.513
	0.506
	0.505

	Logistic Regression
	46.9
	0.455
	0.469
	0.449
	0.448


Table 1.Classification Performance of J48, Random Forest and Logistic Regression.
Three classification algorithms were applied to the processed dataset: J48 Decision Tree, Random Forest, and Logistic Regression. These algorithms were selected because they represent different classification approaches and are widely used in customer analytics. J48 constructs a decision tree by recursively splitting the dataset according to attribute values that maximize information gain, producing an interpretable classification model. Random Forest is an ensemble learning algorithm that combines the predictions of multiple decision trees to improve generalization and reduce overfitting. Logistic Regression is a statistical classification technique that estimates the probability of a customer belonging to either the churn or non-churn class based on the available predictor variables.
The J48 classifier produced an overall classification accuracy of 50.3%, with a weighted precision of 0.502, weighted recall of 0.503, weighted F-measure of 0.502, and a Receiver Operating Characteristic (ROC) area of 0.494. The confusion matrix indicated that the classifier correctly identified 287 customers who churned and 216 customers who did not churn, while incorrectly classifying 497 instances. The Kappa statistics of 0.0013 demonstrated almost no agreement beyond chance, indicating that the model was unable to identify meaningful decision boundaries within the available customer attributes.
The Random Forest classifier achieved the highest performance among the three classification algorithms, producing a classification accuracy of 51.3%. The model achieved a weighted precision of 0.508, weighted recall of 0.513, weighted F-measure of 0.506, and an ROC area of 0.505. Although this represented a slight improvement over the J48 classifier, the performance remained only marginally better than random prediction. The confusion matrix showed that 331 churning customers and 182 retained customers were correctly classified, while 487 instances were misclassified. Similarly, the Kappa statistics of 0.0134 indicated that agreement between predicted and actual classes remained extremely weak.
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Figure 2. Classification Accuracy Comparison.
Logistic Regression generated the lowest predictive performance of the three algorithms. The model achieved an overall classification accuracy of 46.9%, with a weighted precision of 0.455, weighted recall of 0.469, weighted F-measure of 0.449, and an ROC area of 0.448. The confusion matrix showed that 342 churning customers and 127 retained customers were correctly classified, while 531 instances were incorrectly classified. Furthermore, the negative Kappa statistic (−0.0833) suggested that the model performed worse than would be expected by chance, indicating that the available predictor variables were insufficient for accurate statistical classification.
To complement the classification analysis, the SimpleKMeans clustering algorithm was applied to identify natural customer groupings within the dataset. Three clusters were generated, containing 267, 391, and 342 customers respectively. The clustering evaluation compared the generated clusters with the known churn classes to determine how effectively the customer segments corresponded with churn behavior. The results indicated that 62.2% of instances were incorrectly clustered when compared with the actual churn labels. Although one cluster contained a relatively higher proportion of churning customers and another contained more retained customers, substantial overlap remained between the groups. This demonstrates that the selected customer characteristics did not naturally separate customers according to churn status [5].
[image: ]
Figure 3. K-Means Cluster Distribution.

Overall, the classification and clustering results consistently demonstrated limited predictive capability. While Random Forest produced the highest classification accuracy, the improvement over the other algorithms was minimal. Similarly, the clustering analysis showed weak separation between customer groups and churn outcomes. These findings suggest that the variables contained within the dataset provide only limited information for accurately predicting customer churn. Additional customer attributes, such as behavioral, transactional or engagement-related variables, together with feature engineering and more advanced modelling techniques, would likely be required to improve predictive performance. Nevertheless, the application of multiple algorithms provided valuable insight into the strengths and limitations of different data mining methods and demonstrated a systematic approach to customer churn analysis.

1.5 Business Recommendations
The findings from the data mining analysis indicate that predicting customer churn using the available dataset is challenging because the customer attributes provide only limited predictive power. Although the Random Forest classifier achieved the highest accuracy of 51.3%, the overall performance of all classification models remained marginally better than random prediction. Consequently, businesses should avoid relying solely on the current dataset when making customer retention decisions.
To improve churn prediction, the company should collect additional customer information that better reflects purchasing behavior and engagement. Variables such as purchase frequency over time, customer complaints, website browsing activity, loyalty programme participation, product preferences, and customer service interactions are likely to provide stronger indicators of future churn. Incorporating these behavioral features into future models could significantly improve predictive accuracy and enable earlier identification of at-risk customers [2].
The clustering analysis also revealed that customers did not naturally separate into distinct churn and non-churn groups. Despite this, customer segmentation remains valuable for developing targeted marketing strategies. Businesses can use the identified clusters to design personalized promotions, tailor communication methods, and offer products that better meet the needs of different customer groups rather than applying a single marketing strategy to all customers.
Finally, organizations should treat data mining as a continuous decision-support process rather than a one-time exercise. Regularly updating customer data, monitoring model performance, and retraining predictive models with newly collected information will improve their effectiveness over time. By combining higher-quality data with ongoing model evaluation, businesses can make more informed decisions that enhance customer retention, increase customer satisfaction, and improve long-term profitability.

1.6 Reflective Commentary
This project provided valuable practical experience in applying data mining techniques to a real-world customer churn dataset using Weka. Before completing this assignment, my understanding of data mining was mainly theoretical. The project improved my knowledge of the complete data mining process, including data preparation, model development, evaluation and interpretation of results.
One of the key lessons learned was the importance of data preparation. Although the dataset contained no missing values or duplicate records, it was still necessary to remove unnecessary attributes, encode categorical variables and correctly define the target class before building the models. This demonstrated that careful data preparation is essential for obtaining reliable analytical results.
Another important learning outcome was understanding how to evaluate classification models using different performance measures. I initially expected the algorithms to achieve relatively high prediction accuracy. However, the results showed that all three classifiers performed only slightly better than random predictions. This highlighted that model performance depends not only on the algorithm used but also on the quality and relevance of the available data.
The clustering analysis also demonstrated that customer groups did not naturally correspond to churn behavior, reinforcing the need to interpret results critically rather than relying solely on numerical outputs.
Overall, this assignment increased my confidence in using Weka and strengthened my understanding of the practical application of data mining techniques. It demonstrated that successful data mining requires both appropriate analytical methods and high-quality data to support accurate business decision-making.
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