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1.1 [bookmark: _Toc237428946]Purpose and Practice of Data Mining

Data mining uses machine-learning methods to examine large datasets, find patterns and produce information that can support business decisions. In customer relationship management, common methods include classification, clustering and association-rule mining [1]. However, data mining involves more than simply running an algorithm. The business problem must first be understood, the data must be explored and prepared, and the models must be tested. The results must then be explained in a useful way. This process helps organisations use customer data to make better everyday and long-term decisions.
In online retail, customer details, purchase records and behavioural data can show differences in customer value, activity and risk. Classification uses previous customer outcomes to predict whether other customers may leave. Clustering has a different purpose because it groups customers who have similar characteristics without using a known outcome. Churn analysis may also use feature selection, newly created features and different prediction models. However, the meaning of churn must be clearly defined for the particular business [2]. Predicting churn can help retailers identify customers who may leave and respond with suitable retention offers. Useful indicators may include how recently and frequently customers purchased and how much they spent. Precision and recall can then show whether the predictions are reliable enough for practical use [3]. However, managers should not rely only on model predictions. They must also consider customer privacy, possible bias, how easily the results can be explained and whether the proposed actions benefit both the customer and the business.


1.2 [bookmark: _Toc237428947]Dataset Description and Exploration

The Online Retail Customer Churn dataset contains information about customers of an e-commerce business. Each row represents one customer and includes demographic, purchasing and behavioural information. The Target_Churn attribute shows whether the customer left the business. Weka identified 1,000 instances and 15 attributes covering customer characteristics, spending, engagement, satisfaction and responses to promotions.






Table 1. Dataset attributes, Weka data types and descriptions
	Attribute
	Data type
	Description

	Customer_ID
	Numeric
	Unique customer identifier

	Age
	Numeric
	Customer age

	Gender
	Nominal
	Male, Female or Other

	Annual_Income
	Numeric
	Annual income in thousands of US dollars

	Total_Spend
	Numeric
	Total spending during the last year

	Years_as_Customer
	Numeric
	Length of the customer relationship

	Num_of_Purchases
	Numeric
	Purchases made during the last year

	Average_Transaction_Amount
	Numeric
	Average amount spent per transaction

	Num_of_Returns
	Numeric
	Items returned during the last year

	Num_of_Support_Contacts
	Numeric
	Support contacts during the last year

	Satisfaction_Score
	Numeric
	Satisfaction score from 1 to 5

	Last_Purchase_Days_Ago
	Numeric
	Days since the most recent purchase

	Email_Opt_In
	Nominal
	Marketing email consent: True or False

	Promotion_Response
	Nominal
	Responded, Ignored or Unsubscribed

	Target_Churn
	Nominal
	Churn outcome: True or False



The dataset contains 11 numeric and four nominal attributes. Although Weka interpreted Customer_ID as numeric, it is an identifier rather than a behavioural predictor. Target_Churn is the nominal class attribute used to distinguish churned from retained customers.










Table 2. Summary statistics for the numeric predictor attributes
	Attribute
	Minimum
	Maximum
	Mean
	Standard deviation

	Age
	18
	69
	43.27
	15.24

	Annual_Income
	20.01
	199.73
	111.96
	52.84

	Total_Spend
	108.94
	9999.64
	5080.79
	2862.12

	Years_as_Customer
	1
	19
	9.73
	5.54

	Num_of_Purchases
	1
	99
	49.46
	28.54

	Average_Transaction_Amount
	10.46
	499.57
	266.88
	145.87

	Num_of_Returns
	0
	9
	4.61
	2.90

	Num_of_Support_Contacts
	0
	4
	1.93
	1.40

	Satisfaction_Score
	1
	5
	2.97
	1.39

	Last_Purchase_Days_Ago
	1
	364
	182.89
	104.39



Data-quality checks found no missing values in any attribute and no duplicate customer records. The numerical variables covered broad ranges: age varied from 18 to 69 years, annual income from 20.01 to 199.73 thousand US dollars, and yearly spending from 108.94 to 9,999.64. Customers made between one and 99 purchases, while the average time since the most recent purchase was 182.89 days. Mean satisfaction was 2.97 out of five, indicating a broadly neutral overall level.


[image: ]
Figure 1. Weka visualisation of all dataset attribute distributions
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Figure 2. Distribution of the Target_Churn class in Weka
The categorical attributes were reasonably balanced. The Gender attribute included 342 female, 334 male and 324 other customers. A total of 529 customers accepted email marketing, while 471 declined it. For Promotion_Response, 338 customers responded, 301 ignored the promotion and 361 unsubscribed. Target_Churn contained 526 churned customers (52.6%) and 474 retained customers (47.4%), with no missing values. As shown in Figure 2, the difference between the two classes was small. Therefore, class-balancing methods were not required before classification.
The Weka histograms in Figure 1 showed that most numerical values were spread across their available ranges rather than grouped within small areas. The blue and red sections represent churned and retained customers. These colours overlapped considerably for age, income, spending, purchases, returns and satisfaction. This means that no single attribute clearly separated churned customers from retained customers. For this reason, classification algorithms were used to examine whether combinations of attributes could predict churn more successfully. The dataset was also suitable for clustering because it contained information about customer spending, engagement and satisfaction. These variables could help identify groups of customers with similar behaviour. The distributions were quite uniform, so the dataset may not fully represent the less regular customer behaviour found in a real online retail business.






1.3 [bookmark: _Toc237428948]Data Pre-processing and Post-processing
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Figure 3. Dataset before and after removal of Customer_ID in Weka
The dataset was first opened in Weka Explorer to check its quality and confirm that it was suitable for analysis. All 1,000 instances and 15 attributes loaded correctly. Weka showed no missing values, and checks found no duplicate customer records. As a result, there was no need to replace missing values, delete rows or remove duplicates. The values and categories were also checked for possible errors. All values matched the dataset description: customer ages ranged from 18 to 69, satisfaction scores ranged from 1 to 5, and the categorical attributes contained only the expected labels.
Customer_ID was removed before building the models because every customer had a different ID. It identified each record but did not provide useful information about customer behaviour. Keeping this attribute could cause the models to find meaningless patterns that would not apply to other customers. After its removal, the classification dataset contained 14 attributes, including Target_Churn. Weka recognised Gender, Email_Opt_In, Promotion_Response and Target_Churn as nominal attributes. There was no need to convert them into numbers such as Male = 1 and Female = 2. Using such codes could incorrectly suggest that the categories have a numerical order, while Weka can process nominal values directly. The distribution of the classification target was also examined to determine whether class balancing was required. Target_Churn was examined to decide whether the two classes needed balancing. It contained 526 True cases (52.6%) and 474 False cases (47.4%). This was a small difference, so the dataset was considered reasonably balanced. Oversampling, undersampling and SMOTE were not used. This kept the original class distribution and avoided creating or copying customer records unnecessarily. Stratified ten-fold cross-validation was selected so that each fold contained approximately the same proportion of churned and retained customers. Feature selection was tested using Weka’s CfsSubsetEval evaluator with the BestFirst search method. Ten-fold cross-validation with seed 1 was used to check whether the same predictors were selected consistently. Gender appeared in all ten folds, Promotion_Response appeared in four, and Email_Opt_In appeared in one. None of the numerical predictors was selected in any fold. When the full training dataset was evaluated, only Gender was selected, but the merit score was extremely low at 0.001. This was not strong enough evidence to remove the behavioural and spending attributes. Therefore, all 13 meaningful predictors were kept for classification, while only Customer_ID was permanently removed.[image: ]
Figure 4. Feature-selection results using ten-fold cross-validation in Weka

A separate dataset was then prepared for customer clustering. Target_Churn was removed because clustering should create groups from customer characteristics without using a known outcome. The clustering dataset therefore contained 13 demographic, behavioural, engagement and spending attributes. Weka’s Normalize filter was used to change the numerical values to a range from 0 to 1. This prevented attributes with large original values, such as Total_Spend, from having too much influence on the distance calculations. The nominal attributes remained categorical. The completed clustering dataset was saved as retail_churn_clustering_normalized.arff. Finally, Weka’s technical results were presented as tables, figures and written explanations that could be understood by a business audience. Classification performance was summarised using accuracy, precision, recall, F1-score and AUC. The Random Forest output and its confusion matrix were included as an example classification run. For clustering, the SSE values, cluster sizes and centroids were compared. The customer groups were then explained using their main spending, purchasing, satisfaction and engagement characteristics. Weka screenshots and visualisations were included as evidence and to make the results easier to understand.
1.4 [bookmark: _Toc237428949]Sample Runs and Analysis Methods

The classification experiments were completed in Weka [4] using the cleaned dataset. It contained 1,000 instances, 13 predictor attributes and the nominal Target_Churn class. Each classifier was tested using stratified ten-fold cross-validation. This method divided the dataset into ten groups while keeping a similar proportion of churned and retained customers in each group. It provided a more reliable result than testing a model on the same data used to train it.
Several measures were used to compare the classifiers. Accuracy showed the percentage of all predictions that were correct. Precision measured how many customers predicted to churn actually churned, while recall showed how many real churners were correctly identified. The F1-score provided a balance between precision and recall. AUC measured how well each model separated churned customers from retained customers across different prediction thresholds.
ZeroR was used first as a baseline model. It ignored the predictor attributes and predicted every customer as the majority class, which was Target_Churn = True. Because 526 of the 1,000 customers belonged to this class, ZeroR achieved 52.6% accuracy. Its AUC was only 0.495, which showed that it could not reliably separate churned and retained customers. ZeroR provided a useful baseline for deciding whether the more advanced models found meaningful patterns.
Three additional classifiers were tested: J48, Logistic Regression and Random Forest. As shown in Table 3, J48 achieved 50.3% accuracy, while Logistic Regression produced the weakest result at 46.9%. Random Forest was the strongest advanced classifier with 51.3% accuracy, but it still performed below the 52.6% ZeroR baseline. Its AUC of 0.505 was also close to random prediction. These results show that none of the advanced classifiers found a reliable connection between the available predictors and customer churn.


Table 3. Classification performance using stratified ten-fold cross-validation
	Classifier
	Accuracy
	Precision
	Recall
	F1-score
	AUC

	ZeroR
	52.6%
	—
	—
	—
	0.495

	J48 
	50.3%
	0.502
	0.503
	0.502
	0.494

	Logistic
	46.9%
	0.455
	0.469
	0.449
	0.448

	Random Forest
	51.3%
	0.508
	0.513
	0.506
	0.505



[image: ]
Figure 5. Random Forest results using stratified ten-fold cross-validation
Clustering was used to examine whether customers formed natural groups without using Target_Churn. Customer_ID was removed because it was only an identifier, while Target_Churn was removed because clustering should not use a known outcome. The numerical attributes were normalised to a range from 0 to 1. This prevented attributes with large original values, such as Total_Spend, from having too much influence on the Euclidean-distance calculations. SimpleKMeans was run using Euclidean distance and seed 10. The fixed seed made the experiment repeatable because Weka could use the same starting conditions in another run.
Sample runs were completed using (k=2), (k=3) and (k=4). As shown in Table 4, the SSE values were 2278.1726, 2166.7444 and 1875.0177 respectively. A lower SSE means that customers are closer to the centre of their assigned cluster. Although SSE usually decreases when more clusters are added, (k=4) was selected because it produced the lowest value among the tested options and created four reasonably balanced groups. These clusters contained 275, 255, 225 and 245 customers.
Table 4.Comparison of SimpleKMeans sample runs
	Number of clusters (k)
	SSE

	2
	2278.1726

	3
	2166.7444

	4
	1875.0177



[image: ]
Figure 6. SimpleKMeans four-cluster centroids and cluster sizes

The centroids were used to understand the main characteristics of each group. Cluster 0 had relatively high income and spending but the lowest satisfaction and fewest support contacts. Cluster 1 included longer-term customers with comparatively high spending and satisfaction. Cluster 2 had lower income and shorter customer relationships but the highest number of support contacts. Cluster 3 combined lower spending with relatively high numbers of purchases, returns and support contacts, together with higher satisfaction.
A visualisation compared Total_Spend with Satisfaction_Score and used different colours for the four clusters. The colours overlapped considerably, showing that these two attributes alone did not clearly separate the groups. The clustering results may still support customer segmentation, but they should not be treated as direct churn predictions because Target_Churn was excluded. Overall, the dataset supported some customer grouping, while the classification results remained close to random prediction. Future analysis could use stronger behavioural attributes, feature selection and model tuning to improve churn prediction.
[image: ]
Figure 7. Four-cluster visualisation of Total_Spend and Satisfaction_Score


1.5 [bookmark: _Toc237428950] Business Recommendations

Retail managers should not use the current models to make automatic decisions about individual customers. Random Forest was the best of the advanced classifiers, but its accuracy of 51.3% was still lower than the 52.6% ZeroR baseline. Its AUC of 0.505 also showed that it was barely better than random prediction at separating churned and retained customers. Using these predictions for customer targeting could therefore waste money on unsuitable promotions or fail to identify customers who are truly at risk. Before introducing a churn-prediction system, the retailer should improve the quality and usefulness of the data it collects.
The business should collect more detailed information about customer behaviour. This could include changes in purchase frequency, website activity, abandoned shopping baskets, complaint results and reactions to earlier retention offers. The four clusters could still be used carefully to create different marketing approaches for customers with different levels of spending, satisfaction and engagement. For example, managers could try personalised discounts, loyalty rewards or satisfaction surveys with small groups and then compare their responses. These actions should begin as controlled trials rather than full campaigns. The retailer should record the results and add them to the dataset. Future models could then learn from more relevant behaviour and support more accurate customer-retention decisions.

[bookmark: _Toc237428951]1.6	Reflective Commentary

This project taught me that using advanced algorithms does not always produce accurate predictions. At first, I expected J48, Logistic Regression and Random Forest to perform much better than ZeroR. Instead, their accuracy and AUC results remained close to random prediction. This suggested that the available attributes did not contain clear enough patterns to predict customer churn reliably. One strength of my analysis was that I tested every classifier using stratified ten-fold cross-validation. This allowed the models to be compared fairly under the same conditions. ZeroR was also useful because it provided a simple baseline for judging the results of the advanced classifiers.
A limitation of the project was the relatively small dataset of 1,000 customers. The available attributes may also have failed to show how customer behaviour changed over time. Clustering was useful for exploring customer groups, but the centroids needed careful interpretation because they did not explain the reasons for each customer’s behaviour. If I repeated the project, I would test different combinations of features, adjust the model settings and add information such as website activity and changes in purchase frequency. I would also test the models using newly collected customer data. Overall, this project improved my understanding of data preparation, fair model comparison and honest interpretation of weak results. I learned that a model should not be recommended for business use simply because it uses an advanced algorithm.
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