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[bookmark: _Toc236220687]1 Purpose and Practice of Data Mining
Data mining is the process of discovering meaningful patterns, relationships, and knowledge from large datasets by applying statistical methods, machine learning algorithms, and database techniques. It forms a key stage of the Knowledge Discovery in Databases (KDD) process, transforming raw data into valuable information that supports organisational decision-making. Businesses across different industries use data mining to improve operational efficiency, understand customer behaviour, detect fraud, forecast trends, and optimise marketing strategies.
In the retail and e-commerce sector, data mining plays a critical role in customer analytics by enabling organisations to understand purchasing behaviour, identify valuable customer segments, and predict future actions. One of its most important applications is customer churn prediction, which aims to identify customers who are likely to stop purchasing from a business. By analysing historical transaction records, demographic information, customer engagement, and satisfaction levels, predictive models can estimate the probability of churn before it occurs. This enables organisations to implement proactive retention strategies, such as personalised promotions, loyalty programmes, or targeted customer support, thereby reducing customer loss and improving long-term profitability.
In addition to predictive modelling, data mining techniques such as clustering allow retailers to identify groups of customers with similar characteristics, purchasing patterns, or levels of engagement. These customer segments provide valuable insights that support personalised marketing campaigns, product recommendations, and strategic business planning.
In this project, classification algorithms are applied to predict customer churn, while clustering techniques are used to identify customer segments. The findings provide data-driven insights that support managerial decision-making and help retailers improve customer retention and overall business performance [1],[2],[8].

[bookmark: _Toc236220688]2 Dataset Description and Exploration
The Online Retail Customer Churn Dataset contains demographic, transactional and behavioural information collected to support customer churn prediction in an online retail environment. The dataset consists of 1,000 customer records and 15 attributes. The target variable, Target_Churn, identifies whether a customer has churned or remained active, making the dataset suitable for supervised classification.
The dataset includes both numerical and categorical attributes. Numerical variables 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 variables include Gender, Email_Opt_In, Promotion_Response, and Target_Churn. Customer_ID is used only as a unique identifier [1],[6],[7]. 



Figure 1 shows the dataset loaded into Weka Explorer.
[image: ]Inspection of the dataset in Weka confirmed that no missing values were present, meaning all 1,000 records were complete and no imputation or data cleaning was required before analysis.
Table 1 summarises the descriptive statistics of four key numerical attributes.
	Attribute

	Minimum
	Maximum
	Mean
	Standard Deviation

	Age
	18
	69
	43.267
	15.242

	Annual income
	20.01
	199.73
	111.963
	52.844

	Total spend
	108.94
	9999.64
	5080.793
	2862.123

	Satisfaction Score
	1
	5
	2.974
	1.392



The statistics show substantial variation in Total Spend, while the Satisfaction Score is concentrated on a scale from one to five with an average of 2.97, indicating a moderate overall level of customer satisfaction.
To further explore the dataset, Tableau was used to create visualisations of customer characteristics and churn behaviour. Figures 2–7 present the distribution of customer churn and gender, together with comparisons of average age, total spend, satisfaction score and number of purchases according to churn status.

Figure 2. Customer Churn Distribution
[image: ]
Figure 2 shows the distribution of customers according to their churn status. The dataset is relatively balanced between customers who churned and those who remained, making it suitable for building reliable classification models without significant class imbalance.

Figure 3. Customer Gender Distribution
[image: ]
Figure 3 illustrates the gender distribution of customers. The three categories (Female, Male and Other) are represented in similar proportions, indicating that the dataset contains a balanced demographic profile.
Figure 4. Average Age by Customer Churn
[image: ]
Figure 4 compares the average age of churned and retained customers. The results show only a small difference between the two groups, suggesting that age alone is unlikely to be a strong predictor of customer churn.


Figure 5. Average Total Spend by Customer Churn[image: ]
Figure 5 presents the average total spending for churned and retained customers. Churned customers recorded a slightly higher average spend, although the difference is relatively small and should be interpreted alongside other variables.
Figure 6. Average Satisfaction Score by Customer Churn[image: ]
Figure 6 compares the average satisfaction scores of both customer groups. The similarity between the scores indicates that customer satisfaction alone does not clearly explain churn behaviour within this dataset.


Figure 7. Average Number of Purchases by Customer Churn[image: ]
Figure 7 shows the average number of purchases by churn status. Customers who remained active completed slightly more purchases on average, suggesting that purchase frequency may be associated with customer retention.
[bookmark: _Toc236220689]3: Data Pre-processing and Post-processing
[bookmark: _Toc236220690]3.1 Missing Values
Figure 8 
[image: ]Figure 8. Weka Preprocess view showing that the dataset contains no missing values.

The dataset was examined in Weka to assess its quality. The Preprocess tool was used to inspect each attribute individually for missing values. All fifteen attributes reported 0% missing values, indicating that the dataset was complete and required no imputation or data cleaning. As a result, every customer record could be retained for analysis, reducing the risk of introducing bias through data replacement techniques and ensuring that the original information was preserved for model training [8] .
















[bookmark: _Toc236220691]3.2 Encoding Categorical Variables
Figure 9. Nominal values of the Gender attribute displayed in Weka.
[image: ]
The dataset contains several categorical attributes, including Gender, Email_Opt_In, Promotion_Response, and the target variable Target_Churn. These attributes were stored as nominal values and were recognised automatically by Weka. Therefore, no additional manual encoding, such as one-hot encoding or label encoding, was required before classification. Numerical attributes, including Age, Annual_Income, Total_Spend, and Satisfaction_Score, were already stored in an appropriate numeric format. Maintaining the original data representation simplified the preprocessing stage while ensuring compatibility with Weka's classification algorithms.
[bookmark: _Toc236220692]3.3 Dataset Balancing
[image: ]
Figure 10. Class distribution of the Target_Churn attribute.
The class distribution was analysed to determine whether the dataset required balancing before model training. The Target_Churn attribute contained 526 churned customers (True) and 474 retained customers (False). This represents a relatively balanced distribution, with only a small difference between the two classes. Since neither class was heavily underrepresented, no balancing techniques such as oversampling, undersampling, or SMOTE were applied. Retaining the original class distribution allowed the classification models to learn from authentic customer behaviour without artificially modifying the dataset.

[bookmark: _Toc236220693]3.4 Feature Selection
[image: ]
Figure 11. Attribute ranking produced using InfoGainAttributeEval and Ranker in Weka.
Feature selection was performed to evaluate the predictive importance of each attribute before building the classification models. Initially, the Customer_ID attribute was removed because it serves only as a unique identifier and does not contribute meaningful information for predicting customer churn. Retaining such an attribute could unnecessarily increase model complexity without improving predictive performance.
The remaining attributes were evaluated using Weka's Select Attributes function with the InfoGainAttributeEval evaluator and the Ranker search method. Information Gain measures how much information each attribute provides about the target class. The ranking indicated that Gender, Promotion_Response, and Email_Opt_In provided the highest information gain among the available variables. Although the differences between attributes were relatively small, no predictor was considered completely irrelevant. Therefore, all remaining attributes were retained for the classification stage to maximise the information available to the machine learning algorithms .

[bookmark: _Toc236220694]3.5 Post-processing
Following model development, post-processing techniques were used to interpret and present the classification results. Performance metrics such as accuracy, precision, recall, F1-score, and the confusion matrix were used to evaluate the predictive performance of each classifier. These metrics provide a comprehensive assessment by measuring both the overall prediction accuracy and the model's ability to correctly identify churned customers. In addition, Tableau was used to create visualisations that supported the interpretation of customer characteristics and churn behaviour. These visualisations improved the presentation of the results and helped identify trends that complemented the numerical evaluation of the machine learning models [1],[6],[7].

[bookmark: _Toc236220695]4. Sample Runs and Analysis Methods
[bookmark: _Toc236220696]4.1 Classification Approach
In this study, three supervised machine learning algorithms available in Weka Explorer were selected to predict customer churn: J48 Decision Tree, Logistic Regression, and Random Forest. These algorithms were chosen because they represent different classification approaches and are widely used in customer churn prediction research.
To ensure a fair comparison, each classifier was evaluated using 10-fold cross-validation. This method divides the dataset into ten equal subsets. During each iteration, nine subsets are used for training while the remaining subset is used for testing. The process is repeated ten times, and the average performance is reported. Cross-validation reduces the risk of overfitting and provides a more reliable estimate of model performance than a single train-test split [2],[4],[5],[6].
[image: ]
Figure 12. J48 Decision Tree classification results in Weka.
The J48 Decision Tree algorithm was selected because it produces an interpretable classification model by creating decision rules based on customer attributes. Decision trees are widely used in business analytics because the resulting model is easy to understand and explain.
The model achieved an overall classification accuracy of 49.8%. The weighted precision, recall and F-measure were all close to 0.50, while the ROC Area was 0.492. These results indicate that the model performed only slightly better than random guessing, suggesting that the available customer attributes do not clearly separate churned and retained customers.

[image: ]Figure 13. Logistic Regression classification results in Weka.
Logistic Regression was chosen because it is a widely used statistical classification technique for binary prediction problems such as customer churn. It estimates the probability that each customer belongs to the churn or non-churn class.
The model achieved an overall accuracy of 49.4%, with a weighted precision of 0.485, recall of 0.494, and ROC Area of 0.461. The performance was similar to the Decision Tree model, indicating that the relationship between the predictor variables and customer churn is not strongly linear.

[image: ]Figure 14. Random Forest classification results in Weka.
Random Forest was selected because it combines multiple decision trees into an ensemble model, which generally improves prediction accuracy and reduces overfitting. Random Forest is frequently used in data mining because it performs well with complex datasets containing many variables.
The Random Forest classifier achieved the highest overall accuracy among the three algorithms at 50.4%. The weighted precision was 0.498, recall 0.504, and ROC Area 0.486. Although Random Forest slightly outperformed the other models, the improvement was very small, suggesting that the dataset contains limited predictive information for customer churn.

[bookmark: _Toc236220697]4.2 Evaluation Metrics
Several evaluation metrics were used to compare the performance of the classification models:
· Accuracy measures the percentage of correctly classified customer records. 
· Precision measures the proportion of customers predicted as churn who actually churned. 
· Recall measures the proportion of actual churned customers correctly identified by the model. 
· F-Measure provides a balanced measure of precision and recall. 
· ROC Area (AUC) evaluates the model's ability to distinguish between churned and non-churned customers independently of the classification threshold. 
Using multiple evaluation metrics provides a more comprehensive assessment than relying solely on accuracy, particularly in customer churn prediction where different types of classification errors may have different business impacts.

[bookmark: _Toc236220698]4.3 Comparative Analysis
Table 2 summarises the performance of the three classification algorithms.
	
Algorithm
	
Accuracy
	
Precision
	
Recall
	
ROC Area

	J48 Decision Tree
	49.8%
	0.498
	0.498
	0.492

	Logistic Regression
	49.4%
	0.485
	0.494
	0.461

	Random Forest
	50.4%
	0.498
	0.504
	0.486




Although Random Forest achieved the highest accuracy, the difference between the three algorithms was minimal. All models produced classification accuracies close to 50%, indicating that predicting customer churn is challenging using the available attributes. This suggests that additional predictive features or more advanced modelling techniques may be required to achieve stronger predictive performance.
[bookmark: _Toc236220699]5. Business Recommendations
The results of this study suggest several recommendations for retail managers and e-commerce organisations seeking to improve customer retention.
Firstly, organisations should avoid relying on a single customer attribute when identifying customers at risk of churn. The exploratory analysis showed that variables such as age, spending, and satisfaction score individually provide limited discrimination between customers who churn and those who remain active. Instead, retailers should consider multiple behavioural and demographic factors together when developing customer retention strategies.
Secondly, businesses should collect richer customer data to improve predictive performance. Additional information such as website browsing behaviour, product preferences, purchase frequency over time, customer reviews, and loyalty programme participation could provide more meaningful indicators of future churn and improve the effectiveness of predictive models.
Although Random Forest achieved the highest classification accuracy among the evaluated algorithms, the improvement over Decision Tree and Logistic Regression was minimal. Therefore, organisations should continue experimenting with alternative machine learning techniques, feature engineering, and parameter optimisation to enhance prediction accuracy before deploying a production-ready churn prediction system.
Finally, customer churn prediction should be integrated into business decision-making rather than used as a standalone analytical tool. Predictive models can help identify customers who may require targeted marketing campaigns, personalised promotions, or improved customer support. Combining predictive analytics with business knowledge can enable organisations to take proactive actions that improve customer satisfaction, strengthen customer loyalty, and reduce long-term customer attrition [3].
[bookmark: _Toc236220700]5.1 Reflective Commentary
Completing this customer churn prediction project provided valuable practical experience in applying the Knowledge Discovery in Databases (KDD) process using Weka and Tableau. From data exploration and preprocessing to classification and evaluation, each stage demonstrated the importance of preparing data correctly before building predictive models.
The classification models did not achieve high predictive performance. J48 Decision Tree, Logistic Regression, and Random Forest all produced classification accuracies of approximately 50%, indicating that predicting customer churn using the available attributes was challenging. Although Random Forest achieved the highest accuracy, the improvement over the other algorithms was minimal. This demonstrated that selecting a more advanced algorithm does not always guarantee significantly better results when the dataset contains limited predictive information.
One of the main strengths of the project was the use of multiple data mining techniques to analyse the same dataset. Comparing different algorithms and evaluation metrics provided a better understanding of their strengths and weaknesses. In addition, Tableau was useful for exploring customer behaviour visually before applying machine learning models, while Weka provided an accessible environment for data preprocessing and classification.
The main limitation was the dataset itself. Although it was complete and contained no missing values, the available attributes did not strongly distinguish churned customers from retained customers. As a result, the predictive models were unable to achieve high accuracy.
If this project were repeated, I would investigate additional customer features, perform more extensive feature engineering, and experiment with parameter tuning and alternative machine learning algorithms. These improvements could increase predictive performance and provide more meaningful business insights for customer retention strategies [7].
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