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[bookmark: _Toc237352776][bookmark: _Toc237418186]Introduction
Retail businesses lose customers every single day, and in most cases they don’t see it coming until it is too late. In this paper, we address this problem using data mining. Classification is performed on the Online Retail Customer Churn Dataset to predict which customers will churn, and clustering is performed to identify different customer groups. All modelling is done in Weka 3.8.7, and supporting visualisations are produced in Tableau.

The report consists of six sections. In Section 1.1, we discuss how data mining is used to solve this problem. The dataset is described in Section 1.2. The pre-processing steps are described in Section 1.3. Section 1.4 describes the classifier and clustering runs, with a complete analysis. Section 1.5 translates the findings into practical recommendations for the management. A reflection on the analysis, what worked and what could be improved, is given in Section 1.6.

[bookmark: _Toc237352777][bookmark: _Toc237418187]1.1 Purpose and Practice of Data Mining
This report implements data mining to solve two problems in the retail business. 1. Predicting customers likely to churn 2. Customer segmentation into groups with different characteristics. The work is based on CRISP-DM (Cross Industry Standard Process for Data Mining), a six-step framework consisting of business understanding, data understanding, data preparation, modelling, evaluation, and deployment [7]. It is the most widely used process model for data mining projects in academia and industry [7].

Churn prediction is a classification task. A classifier is trained on historical data, including buying patterns, satisfaction scores, and how recently a customer bought, and then used to flag customers most likely to leave. The business case for this is simple. It’s much cheaper to retain an existing customer than to acquire a new one. Some studies estimate the difference to be 5 to 7 times the cost [2]. It is more affordable and more efficient to contact at-risk customers early on before they are lost.

The customer segmentation is based on clustering, which is a method of grouping customers based on similarity of their attributes without a pre-defined target [8]. Classification asks, “Who is going to churn?”, whereas clustering asks, “What types of customers do we actually have in the data?” That question is valuable in and of itself in a store. Even if a predictive model can’t tell you exactly who is going to leave, you can still target a retention campaign to the right group if you know which segments have the highest churn rate.

Classification and clustering deal with different aspects of the same problem. The results obtained from both are applied in the business recommendations in Section 1.5.

[bookmark: _Toc237352778][bookmark: _Toc237418188]1.2 Dataset Description and Exploration
The dataset used is the Online Retail Customer Churn Dataset from Kaggle [4]. It has 1000 rows and 15 attributes including customer demographics, transaction history and engagement behaviour. As can be seen in Figure 1, Weka reported zero missing values for all attributes on load. This is worth noting since missing data is common in real-world datasets and having none here means that no imputation step was required before modelling [1].
[image: ]
Figure 1: Weka Preprocess tab displaying the Online Retail Customer Churn Dataset with 1,000 instances and 15 attributes, showing Target_Churn selected as the class attribute with zero missing values recorded.
The 15 attributes are 11 numerical attributes (age, annual income, total spend, years as a customer, number of purchases, average transaction amount, number of returns, number of support contacts, satisfaction score, days since last purchase). The other four are only in name. These are gender (Male, Female, or Other), email opt-in status, promotion response behaviour, and the class variable Target_Churn. Track # of returns & support contacts. Multiple returns or calls to support are a good sign that the customer is unhappy before they formally leave. Customer_ID was dropped before any modelling since it is a row identifier and has no predictive power.

Target_Churn is a boolean that indicates whether the customer churned (True) or was retained (False). Looking at the split, we can see that we have 526 customers labelled as True and 474 customers labelled as False, which is a distribution of 52.6% to 47.4% as shown in Figure 2. This is close enough to balanced not to require resampling. If one class is dominant over the other, the classifiers may easily ignore the minority class and still achieve high accuracy, which may lead to misleading results [3]. There is no such risk here at 1.1:1. This distribution is confirmed visually in Figure 3.
[image: ]
Figure 2: The class distribution of the Target_Churn attribute in Weka is 526 customers churned (True), and 474 customers stayed (False), which is 52.6% and 47.4%.
[image: The image is a tableau dashboard displaying a data analysis on customer churn, including columns for customer ID, gender, and other attributes, with various filters and measures.
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Figure 3: Tableau Public bar chart showing the count of churned (True = 526) vs retained (False = 474) customers in the dataset.
Ages ranged from 18 to 69, with a mean of 43.27 (SD = 15.24). Annual income ranged from 20.01 to 199.73, with a mean = 111.96 (SD = 52.84). Both have a wide spread, which is good for clustering, as it means that the customer base is actually varied and not clustered around one demographic.
At this point, satisfaction score is the most important feature. It ranges from 1 to 5 with a mean of 2.97. Figure 4 shows that customers with a score of 1 or 2 sit heavily in the churned group, while customers with higher scores tend to stay. That pattern is before any modelling has taken place. That suggests satisfaction score may be one of the more informative predictors.
[image: The image shows a data visualization table with columns for customer demographics, satisfaction scores, and churn rates, with a sample of 100 customers.
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Figure 4: Weka distribution panel for the Satisfaction_Score attribute. Customers with scores of 1 and 2 are mostly in the churned group (red), while customers with higher scores are more likely to be retained (blue).
[bookmark: _Toc237352779][bookmark: _Toc237418189]1.3 Data Pre-processing and Post-processing
[bookmark: _Toc237352780]Raw data is often not usable. To run any classifier, four preprocessing steps had to be run on the dataset. First, a useless identifier had to be removed; then missing values were checked; later, the categorical columns had to be encoded into numbers; and finally, feature selection had to be run to see whether the attribute set could be trimmed [1].
[bookmark: _Toc237418190]Attribute Removal
Customer_ID is the row number. It contains no predictive information, and if it remains, a classifier could pick up on it and learn patterns that are only true in this dataset [1]. This was removed using the Remove filter in Weka, and reduced the number of attributes from 15 to 14. The updated list of attributes is shown in Figure 5.
[image: The image displays the Weka Explorer interface, featuring a data preprocessing and analysis workflow with a specific dataset, including attributes such as age, annual income, and customer satisfaction, and various statistics for visualization.

AI-generated content may be incorrect.]
Figure 5: The dataset is reduced from 15 to 14 attributes after applying the Remove filter on the Customer_ID before modelling, as shown in the Weka Preprocess tab.
[bookmark: _Toc237352781][bookmark: _Toc237418191]Missing Value Handling
14 variables loaded with 0% missing rate. As a precaution, the ReplaceMissingValues filter was still applied as shown in Figure 6. Even if your original data has no missing values, some Weka filters and classifiers behave unpredictably when they encounter missing values mid-pipeline. Running this filter at the beginning eliminates this risk [1].
[image: The image shows a Weka Explorer interface, displaying various tabs such as 'Preprocess', 'Classify Cluster', 'Associate', and 'Visualize', with a specific focus on a relation named 'online_retail_customer_churn'. It includes statistical information on attributes like 'Age', 'Annual_Income', 'Total_Spend', and 'Target_Churn'.

AI-generated content may be incorrect.]
Figure 6: Weka’s ReplaceMissingValues filter as a pre-processing safety measure. 0% missing rate for all 14 attributes after the filter was run.


[bookmark: _Toc237352782][bookmark: _Toc237418192]Class Balance
The True vs False class split of 52.6% vs 47.4% is balanced enough that no resampling was needed. The point where the imbalance becomes a real problem is typically around a 4:1 ratio, where classifiers start defaulting to the majority class and consequently reporting inflated accuracy [3]. This dataset is nowhere near that at 1.1:1. The original class distribution was preserved.
[bookmark: _Toc237352783][bookmark: _Toc237418193]Categorical Encoding
Three nominal attributes were converted before entering the classifier: Gender, Email_Opt_In and Promotion_Response. Machine learning algorithms work with numbers, not text labels, so each attribute was converted to binary dummy variables using Weka’s NominalToBinary filter [6]. Gender was broken into 3 columns (Male, Female, Other). Email_Opt_In was changed to a single column (Email_Opt_In=False, because True is implied when that equals zero). Promotion_Response was broken into 3 (Responded, Ignored, Unsubscribed). Figure 7 shows the increase in the number of attributes from 14 to 18. The Target_Churn is not encoded as it is the class label.
[image: The image appears to be a user interface of Weka Explorer, a software for data mining. It includes various tabs for preprocessing, classification, clustering, association, and visualization. There are also options for filtering data and selecting attributes. The data includes attributes such as age, gender, annual income, and customer satisfaction score, among others.
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Figure 7: Weka Preprocess tab after the NominalToBinary filter is applied. The number of attributes has increased from 14 to 18 as Gender, Email_Opt_In and Promotion_Response have been converted into binary dummy variables.



[bookmark: _Toc237352784][bookmark: _Toc237418194]Feature Selection
CfsSubsetEval with BestFirst search was run to see if any attributes could be dropped without loss of predictive power. The algorithm tried 81 subsets, and the only subset selected was Age with a merit of 0, as shown in Figure 8. A merit of 0 means there was no linear correlation between the attribute and Target_Churn other than what is explained by other attributes [5].

[image: The image is a screenshot from the Weka Explorer software, displaying various tabs and options for preprocessing, classifying, and selecting attributes for data analysis.
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Figure 8: Weka - CfsSubsetEval with BestFirst search. Only Age is selected, with merit score 0, meaning no meaningful linear correlation between features and Target_Churn.

This one took a little thinking. CfsSubsetEval is a correlation-based method. A merit score of zero typically means either the features have no relationship to the target, or the target was assigned with no statistical dependencies on the features. The second explanation is the one relevant here. This is a synthetic dataset. In artificial data, the churn labels are often created randomly so that a correlation measure can detect no signal.
It is not only Age but all 18 attributes that were kept for modelling. J48 and Random Forest evaluate attributes using information gain and Gini impurity, not linear correlation, so they can still detect non-linear structure that CfsSubsetEval would miss.  Further implications of this result are discussed in Section 1.6.
[bookmark: _Toc237352785][bookmark: _Toc237418195]Post-processing
Post-processing is about understanding the output of the models when they have run. For the classifiers, this means reading the confusion matrices, comparing accuracy, precision, recall, and F-measure for all three algorithms, and looking at the ROC curves to evaluate each model's ability to rank churned customers higher than retained customers. For clustering, this means reading the centroid values of each cluster to describe what kind of customer it represents, before translating these descriptions into the recommendations in Section 1.5.

[bookmark: _Toc237352786][bookmark: _Toc237418196]1.4 Sample Runs and Analysis Methods
For the classification task, we selected three classifiers: J48 Decision Tree, Logistic Regression and Random Forest. They were selected to cover different approaches to the same binary classification problem. J48 builds a comprehensible tree of decision rules that clearly shows the attributes on which the model splits, making it a useful starting point [3]. Logistic Regression fits a linear boundary between the two classes, which is appropriate for a binary target like churn, and gives a clean baseline to compare against [6]. Random Forest builds 100 trees and takes a vote across them, which generally handles overfitting better than a single tree and does well on tabular data with many columns [6]. All three were evaluated using 10-fold stratified cross-validation. In this method, the data is divided into 10 equal parts, and each part is tested in turn; the results are averaged to obtain a more reliable estimate of performance [5].
Throughout, five metrics were used. Accuracy is the proportion of correct predictions. Precision is the number of actual churners we predicted as churners. Recall is the percentage of true churners the model finds. F-measure balances precision and recall into a single figure.  The ROC area evaluates a model's ability to rank churned customers higher than retained customers at every possible threshold. 0.5 is a random classifier; 1.0 is a perfect classifier.
[bookmark: _Toc237352787][bookmark: _Toc237418197]J48 Decision Tree
J48 gave an accuracy of 49.8%, a weighted F-measure of 0.498 and an ROC area of 0.492. Kappa statistic was minus 0.008. Kappa measures agreement beyond chance, where 0 means the model is as good as guessing and negative means it is slightly worse. In the confusion matrix, 279 churners are correctly identified, 247 churners are missed, and 255 retained customers are wrongly classified as churned. Figures 9 and 10 show the results and the resulting tree: it is deep, rooted at Gender, and branches across most of the 18 attributes.  All that complexity was not useful. This is a typical sign of overfitting on noise [3]; the tree memorised the training data but not anything that generalises.
[image: The image shows a screen displaying the results of a J48 decision tree classifier, including statistics like accuracy, precision, recall, and confusion matrix, along with attributes and their values for classification.

AI-generated content may be incorrect.]
Figure 9: Weka J48 Decision Tree classifier 10-fold cross validation 49.8% accuracy, weighted F-measure 0.498, Kappa -0.008, ROC area 0.492.
[image: ]
Figure 10: Decision Tree generated using Weka’s J48 algorithm showing Gender as the root node and branching to a significant depth across 18 attributes.

[bookmark: _Toc237352788][bookmark: _Toc237418198]Logistic Regression
The Logistic Regression accuracy is 49.4%, F-measure is 0.479, and ROC area is 0.461. It has the most negative Kappa of the 3, -0.030. From the confusion matrix, the model predicted True (churned) for 670 of 1000 customers. That is not a prediction strategy. It is a bias toward one class. A useful feature is the ROC area under 0.5. This indicates the probability scores of the model are worse than random for ranking the customers by their risk of churn [6].
[image: The image shows a visual representation of the results of a logistic regression model built using Weka, displaying metrics such as accuracy, error rates, and confusion matrix for a classification task.
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Figure 11: Logistic Regression in Weka Result with 10-fold cross-validation: Accuracy 49.4%, F-measure 0.479, Kappa -0.030, ROC area 0.461.
[bookmark: _Toc237352789][bookmark: _Toc237418199]Random Forest
Random Forest (100 trees ): Accuracy 49.9%, F-measure 0.490, ROC area 0.488. Its Kappa is -0.017. It did not find anything that the single J48 tree could not miss regardless of ensemble size. This is expected: if no real relationship exists between any feature and the target label, then adding more trees cannot be expected to build signal where there is none [6].
[image: The image shows a screen with Weka Explorer software open, displaying various options and outputs for a machine learning model, including classifier types, parameters, and performance metrics.
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Figure 12: Weka results of 10-fold cross-validation with Random Forest with 100 trees: accuracy = 49.9%, F-measure = 0.490, Kappa = -0.017, ROC area = 0.488.
[bookmark: _Toc237352790][bookmark: _Toc237418200]Comparison and Critical Analysis
The performance of all three classifiers on the key evaluation metrics is presented in Table 1. J48 performs best with the highest ROC area (0.492) and the Kappa value closest to zero (-0.008). Not much different. The ROC curve in Figure 13 is a straight line along the diagonal - just what a random classifier would give. All three models performed at or below chance on every metric, and this is a consistent finding, not a coincidence. If the churn labels of a synthetic dataset are not statistically dependent on the recorded attributes, then no classification algorithm can learn to predict the churn labels. What’s interesting is that all three models failed in different ways: ruling out the possibility that one of the algorithms was a poor fit, and pointing instead to an issue at the data level.

Table 1. Performance comparison of J48, Logistic Regression and Random Forest classifiers using 10-fold stratified cross-validation on the Online Retail Customer Churn Dataset.
	Metric
	J48 Decision Tree
	Logistic Regression
	Random Forest

	Accuracy
	49.8%
	49.4%
	49.9%

	Weighted Precision
	0.498
	0.485
	0.493

	Weighted Recall
	0.498
	0.494
	0.499

	Weighted F-Measure
	0.498
	0.479
	0.490

	Kappa Statistic
	-0.008
	-0.030
	-0.017

	ROC Area
	0.492
	0.461
	0.488

	Build Time
	0.06s
	0.03s
	0.22s



[image: The image displays a Weka Explorer interface with a RandomForest classifier selected, showing a margin curve plot for a logistic regression model, and a confusion matrix with performance statistics.
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Figure 13: J48 in Weka ROC curve, area under ROC: 0.492. The curve is along the diagonal, which means the classifier is not able to differentiate churned from retained customers at any threshold in a meaningful way.
[bookmark: _Toc237352791][bookmark: _Toc237418201]SimpleKMeans Clustering
All numeric attributes were normalised by the Normalise filter to the range [0,1] before clustering. Without normalisation, attributes with large numeric ranges would dominate the calculation of the Euclidean distance, leading to a bias in the cluster assignments [8]. Then, SimpleKMeans was performed with k=3. Therefore, Cluster 0 had 265 customers (27%), Cluster 1 had 378 customers (38%) and Cluster 2 had 357 customers (36%).
Cluster 2 was mapped to True (churned) against the Target_Churn label and Cluster 1 to False (retained). Cluster 0: no class assignment. However, 618 instances (61.8%) were incorrectly clustered, and within each cluster the churn/retain split is close to 50/50 [9]. The algorithm clustered customers based on the similarity of their attributes, but those clusters are not the ones that actually churned.

[image: The image is a screenshot from Weka Explorer, a software tool for data mining, which shows various tabs and options for data preprocessing, classification, clustering, and visualization.
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[image: The image displays a user interface for Weka Explorer, showing a SimpleKMeans clustering result, with various metrics and attributes displayed, such as average transaction amount, number of purchases, and customer satisfaction score.
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Figure 14: Filter normalised before clustering (top) and SimpleKMeans output with k=3 (bottom), with three clusters of 265, 378 and 357 customers, with 61.8% incorrectly clustered against Target_Churn.




[bookmark: _Toc237352792][bookmark: _Toc237418202]1.5 Business Recommendations
The predictive models in this report did not find strong churn signals, but the data exploration in Section 1.2 did. Those findings are actionable enough.
The clearest pattern is the relationship between satisfaction score and churn. For the most part, the churned group were customers who rated their experience a 1 or 2 out of 5. A simple process change would help here. If a customer’s satisfaction rating falls below a 3, trigger a personal follow-up, either a call from the account team or a targeted offer. Study after study has shown that it is much cheaper to retain an existing customer than to acquire a new one, with some estimates suggesting it is between five and seven times cheaper [2]. An easy way to close that gap is to act quickly when you receive a low satisfaction score.
Another metric to watch is days since last purchase. The long-time no-buyers are going off quietly. It takes very little effort to automate a re-engagement message, such as a discount code or a loyalty reward, to any customer that has been inactive for a specified period of time, and it can bring customers back before they have formally disengaged.
Another tell-tale sign is when you keep having to contact support. A customer who calls support 2 or 3 times in a rolling period and still does not have their issue resolved is a churn risk. “If you have a second contact with support, and you don’t wait for a third contact but you have a proactive outreach policy, then the team can fix problems before they get to the point that people leave,” he says.
The three customer segments identified by clustering suggest that a targeted retention strategy would be more beneficial for the business than a one-size-fits-all retention strategy. The most efficient use of the retention budget is to concentrate the most intensive retention effort on the segment most associated with churn [8], rather than distributing resources evenly.

[bookmark: _Toc237352793][bookmark: _Toc237418203]1.6 Reflective Commentary
I was surprised by the results of the classification which I received. The accuracy figures of about 50% and the negative Kappa statistics for all three classifiers are not easy to explain away. It took a little thot to understand why, but the CfsSubsetEval result in Section 1.3 was an early warning sign I should have paid more attention to: a merit score of zero for every attribute except Age meant that no feature had a detectable linear relationship with the churn label. Usually this means that the labels were assigned at random according to the features.
Most likely, this is a synthetic dataset, and the churn labels were generated independently of the recorded attributes. That is a real limitation of working with artificial data, and that is something I would check earlier in a future project. A quick check on the dataset to see if it is synthetic before running any modelling would save time and set more realistic expectations [10].
There's also a procedural thing. Where normalisation was applied before clustering, it was done on the original 15-attribute dataset rather than the fully pre-processed 18-attribute dataset generated after NominalToBinary encoding. The clustering would be more consistent if all transformations were in a single pipeline. To avoid this inconsistency, in future work all the pre-processing steps should be done in sequence before any analysis.
The process itself, however, was intact. Running three classifiers and comparing them on the same metrics gave a clear, honest picture of what this data can and cannot support. A properly documented negative result is not a failed analysis. Knowing why a model does not work is as useful as knowing why it does in data mining.

[bookmark: _Toc237352794][bookmark: _Toc237418204]Conclusion
The CRISP-DM framework was used in this report on the Online Retail Customer Churn Dataset with Weka 3.8.7. After encoding the dataset, which had 1,000 instances and 14 attributes, three classifiers (J48, Logistic Regression and Random Forest) and one clustering algorithm (SimpleKMeans with k=3) were run. None of the classifiers performed better than chance, and the clustering did not result in segments that clearly separate churned from retained customers. Evidence suggests these churn labels are synthetically assigned, not from the recorded attributes. This puts a ceiling on what any model can do with this data.
The more actionable output was obtained from the exploratory analysis in Section 1.2. The churned group has a disproportionate number of 1’s and 2’s in satisfaction. This was observed even before any modelling was done. Section 1.5 takes that finding and turns it into actionable steps a retail management team can implement right now, without the need for a working predictive model to act on.
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