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[bookmark: _Toc236091913]Purpose And Practice of Data Mining.

Data mining consists of techniques employed in the automated discovery of meaningful, non-trivial patterns, correlations, and predictive relationships from large amounts of data, encompassing techniques from machine learning, statistics, and database systems [1]. It goes beyond the simple descriptive reporting and reveals insights that would not be apparent in a descriptive report that could be used to inform evidence-based decision making to answer "why did it happen" and "what is likely to happen next? In retail and e-commerce, it is an integral part of customer analytics, allowing businesses to leverage and extract maximum value from their rapidly expanding piles of transactional, demographic and behavioural data [2].
In the case of churn prediction, data mining can be employed using classification algorithms to identify high-risk customers that will likely end the business relationship [3]. This is essential, as new customers are five to seven times more expensive than existing customers, and a decrease in customer churn can boost profits by 25–95%. It also enables customer segmentation, which involves categorizing customers according to their common characteristics, like spending habits, engagement stage, or even product preferences, that helps in creating marketing, service, and retention strategies [4].
In addition to churn and segmentation, data mining is integral to all aspects of retail from creating personalised product offers and dynamic pricing, through to in-store stock control and fraud prevention [5]. It converts raw information into actionable insights, enabling organizations to move beyond gut feelings and into data-informed strategies, which enhances customer satisfaction, operational efficiency, and sustainable profitability in the fast-paced and challenging environments of today's markets [6].







[bookmark: _Toc236091914]Dataset Description and Exploration

This analysis is conducted on the Online Retail Customer Churn Dataset that has 1,500 customers with 16 attributes that give details about each customer's demographics, their transactions, their engagement behaviour, and a binary target variable that shows whether a customer has churned or not. The key characteristics are summarized in Table:
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Class imbalance is mild with churn rate being 28.7% (431 churned customers).
The age range is from 18 to 82 years, with a mean of 39.4 and normal distribution.
The annual income is right skewed, the mean is £42,800 and the median is £38,500.
The minimum spend is £12 and the maximum is £11,450 with a positive correlation between spend and tenure, and purchase count.
Return count, support contacts, and days since last purchase are negatively correlated with satisfaction scores; days since last purchase is significantly higher for churned customers.
The visualisations of the data (histograms, boxplots, and correlation heatmaps) indicate that churned customers tend to return less, be less satisfied, spend more time between purchases, and be less responsive to promotions. The patterns confirm that the data set is appropriate for classification and segmentation.
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To guarantee the quality of the data and the reliability of the model, the pre-processing stage is crucial according to the CRISP-DM standard process [7]. The initial screening was done in Excel and the transformation in Weka was performed, for all steps.
Handling Missing Values
Categorical (gender) and ordinal (satisfaction score) fields had missing values in them. Since only a small number of entries were not provided for gender, no attempt was made to introduce any bias by filling in missing data with a mode [8]. In the satisfaction scores, missing values were replaced by the median satisfaction score in each group defined by tenure and frequency of purchase because these scores were found to have a significant effect on satisfaction scores. Income was imputed using linear regression with age and total expenditures, thus maintaining relationships among variables instead of replacing with simple central tendency statistics [9]. No samples were deleted to preserve sample representativeness.
Encoding Categorical Variables
All binary variables (such as gender, opt-in-email) were dummy-coded. The four-level Promotion Response attribute was encoded using ordinal mapping (0=Never, 1=Rarely, 2=Often, 3=Always) since the categories have a clear ordered relationship. The data leakage issue was addressed by applying all the transformations to both the training and test sets in the same manner [10].

Class Balancing
The 28.7% churn rate is not severe but is close to that of a typical model and can lead to prediction of majority class (retained customers). Two techniques were used: Synthetic Minority Oversampling Technique (SMOTE) to create synthetic churned customer records and class weight adjustment when training the model. The SMOTE algorithm with k=5 nearest neighbours was chosen as it maintained feature distributions closer to that of random oversampling and under sampling [11].




Feature Selection & Engineering

Based on initial correlation analysis and the feature selection algorithm InfoGainAttributeEval using Weka, eight features were deemed to be of high impact: days since last purchase, satisfaction score, number of returns, number of support contacts, and tenure, number of purchases, response to promotions, and amount spent. The attributes with low information were removed to minimize noise and enhance the generalisation of the model: gender and income. Two new features were added: Average Monthly Spend (total spend / tenure) and Return Rate (returns / purchases) which were better at capturing behaviour patterns than raw counts were.

Post-processing

The probability thresholds were changed from the default of 0.5 to 0.38 after the models were trained to optimize recall for the minority churn class because it is riskier to miss a churner than to incorrectly classify a retainer as churner. The outputs were calibrated with isotonic regression to ensure that the predicted probabilities corresponded to real-world probabilities, and the output of feature importance scores were used to interpret which factors had the greatest impact on churn risk.
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Algorithm Selection & Justification
For churn prediction, three commonly used classification methods were chosen because of their effectiveness with tabular business data and interpretability:
Decision Tree (J48): Generates fully interpretable rules that can be shared with non-technical users, a good choice for finding patterns that can be acted upon.
Random Forest: Multi-decision tree learning approach that avoids overfitting and enhances accuracy for mixed feature-type data sets.
Logistic Regression: Defines clear-cut probabilistic connections between predictors and outcome, where coefficients measure the effect of each feature.
To guarantee robustness of the results and not rely on any specific train/test split, all models were evaluated with 10-fold cross-validation. The selection of evaluation metrics was made based on the business priorities:
Accuracy: Percentage of correct predictions.
Precision: Percentage of churners that churned, avoiding the loss of the retention resources.
Recall: Percentage of actual churners correctly predicted (minimises lost at risk customers).
F1-Score: Mean of precision and recall.
AUC-ROC: Overall performance in distinguishing between classes at all thresholds.









Waka results and analysis 


	Model
	Accuracy
	Precision
	Recall
	F1-score
	AUC

	J48 Decision tree
	86.2%
	0.81
	0.74
	0.77
	0.89

	Logistic regression
	84.7%
	0.78
	0.71
	0.74
	0.87

	Random forest 
	91.5%
	0.89
	0.83
	0.86
	095



The model with the highest overall accuracy was the Random Forest model, which achieved an accuracy of 91.5%, an AUC of 0.95 and correctly identified 83% of all churned customers, which shows a very good discriminatory power. The J48 decision tree yielded a black-box decision rule structure: If customer return rate>20%, and satisfaction score<=2, and customer >90 days since last purchase, then there is 78% chance of churning. Logistic regression showed that the two factors that best predicted were days since last purchase (odds ratio 4.2) and satisfaction score (odds ratio 3.7).
Through segmentation analysis based on K-Means clustering four customer segments were identified:
Low Churn Risk, High spend, High engagement, Loyal high value.
At-Risk Lapsed: Customers who either purge or forget to buy and dissatisfaction is low (67% churn rate) and have long periods between purchases.
Price-Sensitive Occasional: 28% of customers have moderate churn risk and only respond to deep discounts.
Customers are uncertain and new, have mixed behavior, high return rates and uncertain loyalty.
As shown in these results, both classification and clustering provide complementary information: classification can determine who will churn while segmentation is able to explain why and how groups differ.
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Based on the research, the following recommendations are made to retail management teams:
Focus on At-Risk Lapsed Customers: Set up automated notifications for customers that have not been active for 60+ days, offering customized re-engagement incentives like discount codes or free delivery. Reach out to customers who have the lowest satisfaction ratings (those who are less than 3) in a proactive way to fix the problems before they leave.
Tighten Return + Support Process: Minimize returns and minimize support calls are great predictors of churn. Look at product descriptions and pictures to minimize mismatched expectations and simplify the return process to improve satisfaction. Get support teams trained to recognize and escalate accounts where there is a pattern of dissatisfaction.

Adjust the content of Engagement for Segments:

Foster Loyalty High Value customers by offering them special benefits, first to see new products, or loyalty points.
Provide customized packages or customizable payment options for Price-Sensitive Occasional purchasers instead of site-wide discounts.
Support and guide New & Uncertain customers upon signing to minimize returns and gain customer trust.
Implement Predictive Modelling in Operations: Score accounts monthly with the churn model and direct the effort of customer retention teams to high-priority cases. Update model every quarter to keep the accuracy of the model with changing customer behavior.
These measures will help minimize avoidable churn, maximize resource use and increase the long-term profitability of customers.
 Reflective Commentary
Overall, the models showed high accuracy, with the Random Forest classifier proving to be the most useful for churn prediction, achieving an accuracy of 91.5% and an AUC of 0.95. The J48 decision tree also provided meaningful interpretable knowledge that is easily communicated to the stakeholders.
Several important features of the work were systematic pre-processing, ensuring data integrity, cross-validation for robustness, and choice of evaluation metrics that met the business requirements. Classification and clustering were used in combination to get understanding but not only modelling. The small size of the data set and the absence of other variables like competition activity or product category are also limitations that would benefit the generalizability of the models. Some minor overfitting may be caused by SMOTE with the balancing step, and a few categorical variables (e.g., promotion response) could be extended to gain more information on the behavior.
If the analysis is to be repeated, larger and more recent datasets with additional contextual attributes would be collected first. I would also run more complex algorithms like Gradient Boosting and compare the output with Weka and Python/R to confirm results. Last, I would perform cost-benefit analysis on the different retention options to determine the financial consequences and only recommend based on statistical and commercial reality.
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The report has looked at how data mining techniques can be applied to an online retailing scenario to analyses customer churn and matched this to the requirements of the Data Warehousing & Data Mining module. The analysis was conducted in accordance with the CRISP-DM process, where the Online Retail Customer Churn Dataset was used to classify which customers were likely to churn and to discover meaningful customer segments.
Data mining has demonstrated its capability in transforming the raw transaction and behavior data into business intelligence for action. The dataset was carefully pre-processed, ensuring its suitability for accurate modelling, by addressing missing values, encoding categorical data, mitigating class imbalance, and creating informative features. Three classification algorithms which were implemented in the Weka program were tested; namely the J48 Decision Tree, the Logistic Regression, and the Random Forest. Random Forest model performed best with 91.5% accuracy, with an AUC-ROC score of 0.95, signifying the model has a great capacity to differentiate between customers likely to churn and those likely to stick. Days since last purchase, satisfaction score, return rate, and frequency of support contacts were the common factors that consistently emerged as key drivers of churn across all models. Further, using complementary K-Means clustering, four segments of customers were identified which have different customer behavior and different churn risks.
The results validate the fact that churn is not arbitrary, but rather can be explained through engagement, satisfaction and transaction patterns. These statistical insights have been translated into practice by making targeted business recommendations, such as prioritizing at-risk customers, optimizing operational processes, and adjusting engagement strategies for specific customer segments. All these can directly lead to the reduction of avoidable loss of customers, efficiency of the resources and productivity improvement for better long-term profitability.
The analysis yielded strong results, but some limitations were raised, including the fact that the data set is relatively small and that other contextual variables (e.g. product category and competitor activity) were not included. Future research may include extending the data set, applying more sophisticated modelling techniques and ultimately, embedding the predictive system into a working operational workflow. Overall, this study proves that data mining provides not only statistical correctness but also practical benefits; it shows that systematic application can help with evidence-based decision making improve customer relationships and strengthen competitive capabilities in the online retail business.
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Attribute Data Type Description Missing Values
Customer ID Numeric Unique identifier 0
Age Numeric Customer age in years 0
Gender Categorical Male/female/other 12
Annual income Numeric Yearly household 27
income(£)
Totalspend Numeric Total lifetime spend (£) 0
Tenure Numeric Years as registered 0
customer
Purchase count Numeric Total number of orders 0
Avg transaction Numeric Average order value (£) | 0
Return count Numeric Total number of product 0
returns
Support contacts Numeric Number of customer 0
service interactions
Satisfaction score | Numeric Rating 1 (low) -5 (high) a1
Days since last Numeric Days since most recent 0
purchase order
Email opt-in Categorical Yes/No 0
Promotion response | Categorical Never/rarely/often/always | 0
churn Binary 0 = retained, 1 = churned | 0




