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1.1 Purpose and Practice of Data Mining
In this work, I used data mining to examine customer behaviour in an online retail dataset. My two aims were to predict customer churn and to identify groups of customers with similar behaviour. Data mining is useful because it helps organisations find patterns in large datasets and turn those patterns into information for decision-making. [1] [2]
For churn prediction, I treated Target_Churn as the class variable. A useful churn model can help a retailer identify customers who may leave before the relationship is lost. The business can then focus retention activity on those customers, for example by improving support, offering suitable promotions or contacting inactive customers. Churn prediction is widely used because retaining an existing customer can be more efficient than continuously replacing lost customers. [11] [12]
I also used clustering to explore customer segments. Unlike classification, clustering does not begin with a known target. It groups customers according to similarities in variables such as income, spending, purchase frequency, satisfaction and marketing response. These segments can support different marketing strategies for high-value, engaged or less-satisfied customers. [8]
I followed a practical data-mining process: I explored the dataset, checked its quality, removed an identifier, selected the class variable, tested three classification algorithms and then applied k-means clustering. Weka was used for the main data-mining tasks because it provides preprocessing, classification, clustering and evaluation tools in one interface. [3] [4]
1.2 Dataset Description and Exploration
The Online Retail Customer Churn Dataset contains 1,000 customer records and 15 original attributes. The target variable is Target_Churn, which records whether each customer churned. The dataset combines demographic, financial, behavioural and engagement information, making it suitable for both churn prediction and customer segmentation.
	Attribute
	Type
	Description

	Customer_ID
	Identifier
	Unique customer number

	Age
	Numeric
	Customer age

	Gender
	Categorical
	Customer gender

	Annual_Income
	Numeric
	Yearly income

	Total_Spend
	Numeric
	Total amount spent

	Years_as_Customer
	Numeric
	Length of customer relationship

	Num_of_Purchases
	Numeric
	Number of purchases

	Average_Transaction_Amount
	Numeric
	Average spend per transaction

	Num_of_Returns
	Numeric
	Number of returns

	Num_of_Support_Contacts
	Numeric
	Support contacts

	Satisfaction_Score
	Numeric/ordinal
	Rating from 1 to 5

	Last_Purchase_Days_Ago
	Numeric
	Days since last purchase

	Email_Opt_In
	Categorical
	Marketing email preference

	Promotion_Response
	Categorical
	Response to promotions

	Target_Churn
	Class
	Churn outcome


Table 1. Summary of dataset attributes
I found no missing values, so I did not need to delete records or replace missing data. The churn classes were also fairly balanced: 526 customers had churned and 474 had not. This was useful because a strongly unbalanced target could make accuracy misleading and could cause a model to favour the majority class. [9] [10]
The average customer age was about 43 years, and ages ranged from 18 to 69. Average total spend was approximately 5,080.79, average purchase count was about 49, and average satisfaction was 2.97 out of 5. The average time since the last purchase was about 183 days. These variables were relevant because spending, frequency, satisfaction and inactivity may be connected to churn.
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Figure 1. Customer churn distribution.
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Figure 2. Gender distribution.
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Figure 3. Promotion response distribution.
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Figure 4. Satisfaction score distribution.


The charts show that churn and gender were both distributed quite evenly. Promotion responses were mixed, with unsubscribed customers forming the largest category. Satisfaction scores were spread across all five levels, although score 3 was the most common. Overall, the exploration did not reveal a single obvious variable that clearly separated churned and retained customers.
1.3 Data Pre-processing and Post-processing
I opened the corrected ARFF file in Weka Explorer. Weka displayed 1,000 instances and 15 attributes, with Target_Churn selected as the class. I checked the attribute information in the Preprocess tab and confirmed that the data had loaded correctly and that the attributes did not contain missing values.
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Figure 5. Dataset loaded in the Weka Preprocess tab.
I removed Customer_ID before modelling because it was a unique identifier rather than a meaningful customer characteristic. Including an identifier could allow a model to form meaningless splits based on customer numbers. After removing it, the working dataset contained 14 attributes. I then saved the cleaned dataset as an ARFF file so that the same prepared version could be used for every model.
I did not apply missing-value replacement because no values were missing. I also did not apply oversampling, undersampling or SMOTE because the class distribution was close to balanced. Weka handled the nominal variables directly, so I did not manually convert Gender, Email_Opt_In, Promotion_Response or Target_Churn into numbers. [4] [10]
Feature selection and engineering: I removed Customer_ID because it contained a unique value for each customer and did not describe customer behaviour. I kept the remaining attributes because they represented demographic, financial, purchasing, satisfaction and engagement information that could be relevant to churn. I did not create new features during this analysis because the original attributes were suitable for the selected Weka algorithms. However, future work could create features such as return rate, support-contact rate and recent spending behaviour to test whether they improve prediction.
For post-processing, I recorded the accuracy, Kappa statistic, precision, recall, F-measure, ROC area and confusion matrix from each classifier. I compared the models using the same 10-fold cross-validation setting. I also examined the k-means centroids, cluster sizes and scatter plot to describe the customer segments. Using the same evaluation method made the classifier comparison fairer. [9] [10]
1.4 Sample Runs and Analysis Methods
1.4.1 Classification setup
I tested J48, Logistic Regression and Random Forest. J48 was chosen because a decision tree is easy to interpret and can represent non-linear rules. Logistic Regression provided a statistical baseline for a binary target. Random Forest was selected because it combines many decision trees and can model more complex relationships while reducing the instability of one tree. [5] [6] [7]
I evaluated all three classifiers with 10-fold cross-validation. In this method, Weka divided the records into ten parts, trained on nine parts and tested on the remaining part, repeating the process ten times. This gives a more dependable estimate than measuring performance on the same data used for training. [9] [13]
1.4.2 J48
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Figure 6. J48 results using 10-fold cross-validation.
J48 correctly classified 502 customers, giving an accuracy of 50.2%. Its weighted precision was 0.501, recall was 0.502, F-measure was 0.501 and ROC area was 0.493. The Kappa statistic was -0.0004. These values show that the decision tree performed close to random guessing and found little useful separation between the two churn classes.
1.4.3 Logistic Regression
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Figure 7. Logistic Regression results using 10-fold cross-validation.
Logistic Regression correctly classified 469 customers, producing the lowest accuracy at 46.9%. Its weighted precision was 0.455, recall was 0.469, F-measure was 0.449 and ROC area was 0.448. The negative Kappa value of -0.0833 also showed that the model did not provide useful agreement beyond chance.
1.4.4 Random Forest
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Figure 8. Random Forest results using 10-fold cross-validation.
Random Forest correctly classified 509 customers and achieved the highest accuracy, although it was only 50.9%. Weighted precision was 0.505, recall was 0.509, F-measure was 0.505 and ROC area was 0.489. Its Kappa statistic was 0.008. Therefore, Random Forest was the strongest of the three models by accuracy, but its performance was still too weak for reliable business prediction.
	Model
	Accuracy
	Precision
	Recall
	F-measure
	ROC area

	J48
	50.2%
	0.501
	0.502
	0.501
	0.493

	Logistic Regression
	46.9%
	0.455
	0.469
	0.449
	0.448

	Random Forest
	50.9%
	0.505
	0.509
	0.505
	0.489


Table 2. Comparison of classification results
The results were very close to a 50% baseline. Random Forest ranked first by accuracy, but J48 had the highest ROC area at 0.493; both values were still close to chance. Accuracy alone was not enough, so I also considered precision, recall, F-measure, ROC area and Kappa. All measures led to the same conclusion: the available attributes did not support a strong churn model. [9] [10]
1.4.5 Customer segmentation with SimpleKMeans
I used SimpleKMeans with three clusters to identify customer groups. I excluded Target_Churn from the clustering variables and selected classes-to-clusters evaluation so that Weka could compare the clusters with the known churn labels afterwards. K-means assigns records to the nearest centroid and updates the centroids until the groups stabilise. [8]
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Figure 9. SimpleKMeans centroids for three customer clusters.
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Figure 10. Cluster sizes and classes-to-clusters evaluation.
Cluster 0 contained 267 customers and had the highest average income and total spend. Its typical promotion response was Responded. Cluster 1 was the largest group with 391 customers. It had the highest purchase frequency and average transaction value, but its typical promotion response was Unsubscribed. Cluster 2 contained 342 customers and had the lowest average income, purchase frequency and satisfaction score. These differences provide useful customer profiles even though the groups were not sharply separated.
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Figure 11. Cluster assignments by annual income and total spend.
The scatter plot showed considerable overlap between the three clusters. Weka also reported 62.2% incorrectly clustered instances when clusters were compared with churn classes. I did not treat this as classification accuracy because k-means was created to find customer groups, not to predict Target_Churn. Instead, the result showed that the discovered segments did not closely match churn outcomes.
1.5 Business Recommendations
The retailer should not deploy any of the three classifiers as an automatic churn decision system because their results were close to chance. A model with about 50% accuracy could incorrectly target many customers and may waste retention resources. The company should first improve the dataset by collecting variables that are more directly related to churn, such as website visits, basket abandonment, discount usage, delivery problems, complaint outcomes, payment failures and changes in purchase frequency.
The retailer can still use the three clusters for broad marketing planning. Cluster 0 represents higher-income and higher-spending customers, so the business should focus on loyalty benefits and premium service. Cluster 1 purchases frequently and spends more per transaction but commonly unsubscribes from promotions. The retailer should avoid excessive email marketing and use personalised, lower-frequency communication. Cluster 2 has lower satisfaction and purchase frequency, so it should receive service-recovery activity, relevant value offers and follow-up after support contacts.
I also recommend monitoring satisfaction and inactivity together rather than relying on one variable. Customers with low satisfaction and a long period since their last purchase should be prioritised for human review. Any future model should be tested on new, unseen customer data before operational use, and its errors should be checked regularly to ensure that decisions remain fair and useful.
1.6 Reflective Commentary
This analysis helped me understand the difference between completing a machine-learning process and obtaining a useful model. I successfully prepared the dataset, ran three classifiers with the same validation method, compared several evaluation measures and created three customer segments. Weka made it possible to complete these tasks through one interface and clearly displayed the model outputs.
The strongest part of the work was the consistent method. I removed the identifier, used the same cleaned data and applied 10-fold cross-validation to every classifier. This allowed a fair comparison. I also avoided presenting 62.2% incorrectly clustered instances as classification accuracy, because the purpose of k-means was segmentation rather than churn prediction.
The main limitation was the weak predictive performance. None of the models achieved meaningful accuracy or ROC area, and the cluster plot showed substantial overlap. This suggests that the dataset may contain limited predictive signal, that important churn variables are missing, or that churn may have been generated independently of the available customer attributes. The dataset size of 1,000 records may also limit the stability of more complex patterns.
If I repeated the work, I would collect more detailed behavioural data and create features such as purchase-frequency change, recent spending change, return rate and support-contact rate. I would also test feature selection, parameter tuning and additional algorithms. Finally, I would keep a separate hold-out test set to confirm whether the final model performs well on genuinely unseen data.
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