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[bookmark: _Toc235979972]1.1  Purpose and Practice of Data Mining
Data mining sits inside the wider Knowledge Discovery in Databases process, and refers specifically to the step where valid, previously unknown, and genuinely useful patterns are pulled out of large datasets. In practice, this work is usually structured around CRISP-DM, a six-stage methodology running from Business Understanding, through Data Understanding and Data Preparation, into Modelling and Evaluation, and finally Deployment [1]. This report follows that same structure: it starts by framing the business problem — reducing customer attrition — before exploring and preparing the Online Retail Customer Churn dataset, building models in WEKA, and finally judging those outputs against the original business objective rather than treating evaluation as a separate, standalone step.
This report covers two applications of data mining that complement each other in a retail or e-commerce setting. The first is churn prediction, treated here as a supervised classification problem: predicting how likely a particular customer is to leave. This matters commercially since retaining an existing customer is widely held to be cheaper than acquiring a new one, meaning even a small gain in identifying at-risk customers early could pay for itself [3]. The second application, customer segmentation, is unsupervised rather than supervised: customers are grouped according to shared behaviour patterns so that marketing and retention resources can be targeted at particular groups instead of spread thinly across everyone [7]. Together the two techniques reinforce one another — classification flags individual-level risk, while clustering reveals the broader structure of the customer base in which that risk sits — and both feed into retail decision-making.
[bookmark: _Toc235979973]1.2  Dataset Description and Exploration
The dataset used throughout this assessment is the Online Retail Customer Churn Dataset: 1,000 customer records across 15 fields. Customer_ID is one of those fields but functions only as a unique row identifier rather than a predictor. The other 13 fall into four groups: demographics (Age, Gender), spending and account activity (Annual_Income, Total_Spend, Years_as_Customer, Num_of_Purchases, Average_Transaction_Amount, Num_of_Returns), the service relationship (Num_of_Support_Contacts, Satisfaction_Score, Last_Purchase_Days_Ago), and marketing engagement (Email_Opt_In, Promotion_Response), with Target_Churn providing the binary label to predict. Since Customer_ID holds no behavioural information, it was removed prior to modelling (Section 1.3), leaving the 13 predictors plus the class attribute for analysis (Fig. 1, Fig. 2).
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Fig. 1. Original 15-attribute relation as loaded into WEKA — 1,000 instances, 0% missing values.
[image: ]
Fig. 2. Relation after removing Customer_ID — 14 attributes remain (13 predictors + Target_Churn); Age selected (min 18, max 69, mean 43.27).
Both the original and the reduced relation are complete, with no missing values in either (Figs. 1–2). Age ranges from 18 to 69 (mean 43.27, SD 15.24); Annual_Income runs from £20.01k to £199.73k, reading the units as thousands of pounds in line with the dataset's own scale; Total_Spend spans £108.94 to £9,999.64; and Years_as_Customer falls between 1 and 19. Churners make up a slight majority over retained customers — 526 (52.6%) versus 474 (47.4%), as Fig. 3 shows — close enough to an even split that rebalancing was not judged necessary on this basis alone.
[image: ]
Fig. 3. Target_Churn distribution — No Churn = 474 (47.4%), Churn = 526 (52.6%).
An initial visual inspection using WEKA's class-coloured "Visualize All" panel (Fig. 4) shows that, across all 13 predictors, the two classes stay mixed together at roughly similar proportions along every attribute's range — no single attribute shows a clear cut-point separating one class from the other. This is an early signal that no individual attribute, on its own, cleanly distinguishes churners from non-churners.
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Fig. 4. WEKA "Visualize All" panel — class-coloured histograms for all attributes.
Comparing class means in Tableau confirms the same pattern: the gap between churned and retained customers stays under 5% on every measure looked at, and on some measures it even points the wrong way. Average income is slightly higher among retained customers (£113.98k versus £110.14k for churners, Fig. 5), while satisfaction score actually comes out marginally higher for churners rather than lower (3.00 against 2.94, Fig. 6) — the opposite of the usual assumption that dissatisfaction drives attrition. Section 1.4 shows that this weak separation carries straight through into the classification results.
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Fig. 5. Average annual income by churn status.
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Fig. 6. Average satisfaction score by churn status. Four further Tableau comparisons (spend, tenure, purchases, support contacts) are provided in Appendix A and show the same near-parity pattern.
[bookmark: _Toc235979974]1.3  Data Pre-processing and Post-processing
[bookmark: _Toc235979975]Removing non-predictive identifiers
Customer_ID does nothing more than number the 1,000 rows and carries no behavioural signal, so it was removed with WEKA's Remove filter before training any model, leaving 13 predictors plus Target_Churn. Keeping an identifier like this in the dataset risks a tree-based learner latching onto it as a spurious, perfectly discriminating split rather than treating it as a meaningless field.
[bookmark: _Toc235979976]Handling missing values
No attribute in the dataset has missing values (Figs. 1–2), so imputation was never required. SimpleKMeans nonetheless reports "missing values globally replaced with mean/mode" in its output regardless — that message is just the algorithm's default behaviour firing automatically, and would only be relevant if the data had actually contained gaps.
[bookmark: _Toc235979977]Encoding categorical variables
Gender, Email_Opt_In, and Promotion_Response are the three nominal (rather than numeric) attributes in the dataset. WEKA's ARFF format handles nominal values natively, so J48, Random Forest, and Naïve Bayes can all split or condition on these fields with no conversion needed [2]. Logistic Regression is the one exception, since it requires numeric inputs; WEKA converts these internally via a NominalToBinary transform, visible in the coefficient table as dummy variables like Gender=Other and Promotion_Response=Responded. As a result, none of the five algorithms needed any manual encoding work.
[bookmark: _Toc235979978]Balancing the dataset
At 52.6% churners against 47.4% retained (Fig. 3), the class split is close enough to balanced that a rebalancing step was not considered necessary. Had the minority share dropped below roughly 40%, the Synthetic Minority Over-sampling Technique (SMOTE) would have been the more suitable response — it generates new minority-class instances by interpolating between an existing case and its nearest minority neighbours, rather than just duplicating existing rows [4]. Leaving it out here was a deliberate decision based on this particular class split, not an oversight.
[bookmark: _Toc235979979]Feature selection and post-processing
All 13 predictors were kept for the comparison in Section 1.4, on the reasoning that testing algorithms against the complete feature set establishes a fair baseline before any reduction is applied on top of it; no attribute-ranking technique such as Information Gain or Correlation-based Feature Selection was used at this stage, a gap picked up again as a limitation in Section 1.6. For post-processing, the same stratified 10-fold cross-validation was applied consistently across all five classifiers, and rather than relying on accuracy alone, Kappa, per-class Precision/Recall/F-Measure, and ROC Area were considered alongside it — necessary given that a 52.6% majority class can make a model barely better than guessing look artificially strong if judged on accuracy alone [8].
One important caveat applies to the clustering work: Target_Churn was not excluded through WEKA's Ignore attributes option before running SimpleKMeans, so it appears as its own centroid row in Fig. 11. Because the class label was therefore part of the distance calculation, the link between cluster membership and churn status discussed in Section 1.4 should not be read as fully independent, unsupervised evidence — it is more accurately a descriptive segmentation than proof that behaviour alone separates churners from non-churners.
[bookmark: _Toc235979980]1.4  Sample Runs and Analysis Methods
In total, six models were built in WEKA — five classifiers covering churn prediction, plus one clustering algorithm for segmentation — each included for a specific reason. ZeroR provides a sanity-check baseline, always predicting the majority class, which sets the accuracy floor (52.6%) that every other model must clear to count as useful [2] (Fig. 7). J48 (C4.5) was chosen because its output takes the form of if–then rules that a non-technical reader can follow [5] (Fig. 8). Random Forest (100 trees) was included as an ensemble approach, on the reasoning that averaging across many trees should reduce the overfitting a single tree tends to suffer from [5] (Fig. 9). Logistic Regression supplies a linear benchmark with easily interpreted coefficients, and is commonly seen in churn-prediction literature [3] (Fig. 10). Naïve Bayes was added as a fast probabilistic baseline, resting on the (admittedly strong) assumption that predictors are conditionally independent given the class [6] (Appendix A, Fig. A5). Finally, SimpleKMeans (k = 3, Euclidean distance) was used for the segmentation task, following the common practice of pairing clustering with RFM-style variables [7] (Fig. 11).
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Fig. 7. ZeroR baseline — 52.6% accuracy, Kappa 0.000 (the accuracy floor).
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Fig. 8. J48 — 148-leaf tree, 50.3% accuracy, Kappa 0.001.
[image: ]
Fig. 9. Random Forest (100 trees) — 51.3% accuracy, Kappa 0.013 (best of the trained models).
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Fig. 10. Logistic Regression — odds-ratio coefficients (all ≈0.92–1.09) and 46.9% accuracy, Kappa −0.083.
Every classifier ran under the same stratified 10-fold cross-validation setup, on the 1,000-instance dataset with Customer_ID already removed. Table I brings the five sets of results together for comparison.
TABLE I
Cross-validated accuracy, Kappa and related metrics for the five classifiers
	Classifier
	Accuracy (%)
	Kappa
	Precision
	Recall
	F-Measure
	ROC Area

	ZeroR (baseline)
	52.6
	0.000
	0.526
	1.000
	0.689
	0.495

	J48 (C4.5 decision tree)
	50.3
	0.001
	0.527
	0.546
	0.536
	0.494

	Random Forest (100 trees)
	51.3
	0.013
	0.531
	0.629
	0.576
	0.505

	Logistic Regression
	46.9
	-0.083
	0.496
	0.650
	0.563
	0.448

	Naïve Bayes
	48.8
	-0.046
	0.510
	0.677
	0.582
	0.463


The most striking result is that none of the four trained classifiers manages to outperform the 52.6% ZeroR baseline. Both Logistic Regression and Naïve Bayes produce a negative Kappa (−0.083 and −0.046 respectively), meaning their agreement with the true labels is actually worse than chance once the majority-class advantage is removed. Random Forest gets closest, posting the highest Kappa in the group at 0.013, but its 51.3% accuracy still falls short of the baseline. J48 grows a tree with 148 leaves and 285 nodes from only 1,000 training rows, yet this added complexity produces essentially no Kappa improvement — a classic sign of a tree fitting noise in the training folds instead of a genuine underlying pattern [5]. The Logistic Regression odds ratios back this up from another angle: every predictor sits between 0.92 and 1.09, meaning none of them meaningfully shifts the odds of churn, consistent with the near-identical class means already seen in Section 1.2.
ROC Area paints an equally bleak picture: the five figures in Table I range from 0.448 (Logistic Regression) to 0.505 (Random Forest), clustered tightly around 0.5 — precisely what a classifier with no genuine discriminative power would produce, since an AUC of 0.5 corresponds to ranking positive and negative cases essentially at random, against 1.0 for perfect separation [8]. With not one of the five models reaching even 0.51, none of them can rank customers by churn risk any better than chance — arguably a more damning finding than the accuracy figures alone, since it implies a retailer relying on any of these models to build a fixed-size retention list would do no better than picking names at random.
It is also worth flagging that Random Forest is generally seen as a strong, robust performer on messy, mixed-type data, and typically outperforms a single decision tree by a comfortable margin [5] — yet here it still fell short of the baseline. This points away from the choice of algorithm as the source of the problem, and towards a simpler explanation: the available attributes do not carry enough predictive signal, whichever classifier is asked to work with them.
For segmentation, SimpleKMeans (k = 3) converged after 18 iterations, reaching a within-cluster sum of squared errors of 2,493.17 and splitting the customers into three groups of 243 (24%), 355 (36%), and 402 (40%) (Table II, Fig. 11). Cluster 0 has both the highest income (£125.21k) and the highest satisfaction (3.45) of the three, and consists mostly of retained customers. Cluster 1 has the lowest satisfaction (2.66) but the longest average tenure (10.91 years), and is likewise dominated by retained customers — further evidence that satisfaction alone does not track churn, even at cluster level. Cluster 2, the largest group, combines the lowest income (£102.83k) with the fewest support contacts, and is the only cluster where churners form the majority. As noted in Section 1.3, Target_Churn was left in for this particular run, so this relationship between cluster membership and churn is best understood as descriptive rather than as independent, unsupervised proof that behaviour alone explains the split [7].
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Fig. 11. SimpleKMeans (k = 3) final cluster centroids and sizes (Target_Churn included as an attribute — see Section 1.3).
TABLE II
SimpleKMeans (k = 3) cluster centroid summary
	Attribute
	Cluster 0 (24%, n=243)
	Cluster 1 (36%, n=355)
	Cluster 2 (40%, n=402)

	Age (mean)
	45.53
	42.65
	42.45

	Annual Income (£k)
	125.21
	113.24
	102.83

	Total Spend (£)
	5,078.91
	5,169.33
	5,003.75

	Years as Customer
	9.12
	10.91
	9.05

	Satisfaction Score
	3.45
	2.66
	2.97

	Support Contacts
	2.34
	1.99
	1.64

	Promotion Response
	Responded
	Unsubscribed
	Responded

	Majority Target_Churn
	False
	False
	True


[bookmark: _Toc235979981]1.5  Business Recommendations
Given that even Random Forest, the strongest of the five classifiers, failed to beat the ZeroR baseline, none of the models developed here are ready for production use in automated churn scoring. A more productive next step for the business would be expanding what is captured about each customer in the first place — browsing and clickstream behaviour, cart abandonment, purchase channel, and the text of any complaints — since the demographic and transactional fields available in this dataset simply do not carry enough signal to distinguish who leaves from who stays [3].
That said, the customer segments produced by k-means retain some practical value in their own right, bearing in mind the caveat noted in Section 1.4 that Target_Churn contributed to the distance calculation for this run. Cluster 0 — affluent, the most satisfied of the three groups, and largely retained — merits protection through some form of loyalty recognition, whereas Cluster 2 — the largest group, the lowest-income, and the only one where churners outnumber retained customers — makes a more defensible target for near-term retention activity [7]. Satisfaction score, however, should not be used as an early-warning indicator of churn: both the exploratory comparison in Fig. 6 and the cluster summary in Table II show churn associated with equal or higher satisfaction rather than lower, contrary to the usual assumption. Overall, the sensible path for the organisation is to accept that this dataset cannot yet support reliable churn scoring, and to prioritise gathering richer data before investing further in a deployed model.
[bookmark: _Toc235979982]1.6  Reflective Commentary
Purely on the numbers, none of the models performed well: J48, Random Forest, Logistic Regression, and Naïve Bayes all fell short of the 52.6% ZeroR baseline, and two produced a negative Kappa. Even so, I consider the methodology itself — stratified 10-fold cross-validation, five different algorithm families, and evaluating performance through Kappa and ROC Area rather than accuracy alone — to be a genuine strength, precisely because it exposed a null result honestly rather than letting a misleadingly high accuracy figure mask the absence of a working model.
Two limitations in this approach deserve mention. First, no attribute-ranking step (such as Information Gain) and no feature engineering (such as constructing explicit RFM variables or interaction terms) were attempted before the baseline comparison, and every algorithm was run on WEKA's default settings rather than tuned. Second, Target_Churn remained in the attribute set for the SimpleKMeans run reported here rather than being excluded through Ignore attributes, which limits how independently the segmentation result can be interpreted.
Redoing this work, I would run Information Gain ranking before building any model, repeat the clustering with Target_Churn properly excluded, hand-construct RFM-style features, and experiment with both boosting (AdaBoost) and hyperparameter tuning [4]. Stepping back, this exercise taught me that honestly demonstrating an absence of predictive signal is just as valuable a data mining outcome as reporting a high headline accuracy — which is, in fact, the whole point of the CRISP-DM Evaluation phase [1]. More broadly, it left me persuaded that careful evaluation matters as much as the accuracy figure itself once results are meant to inform a real business decision, and that the quality of the underlying data usually has more bearing on the outcome than the particular choice of algorithm.


[bookmark: _Toc235979983]Appendix A — Supplementary Figures
The following figures supplement Section 1.2 and 1.4 and are referenced from the main text; they are not discussed in further detail here to remain within the assessment word limit.
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Fig. A1. Average customer spending by churn status: £4,994 (No Churn) vs £5,159 (Churn).
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Fig. A2. Average customer tenure (years) by churn status: 9.90 (No Churn) vs 9.57 (Churn).
[image: ]
Fig. A3. Average number of purchases by churn status: 50.44 (No Churn) vs 48.57 (Churn).
[image: ]
Fig. A4. Average number of support contacts by churn status: 1.92 (No Churn) vs 1.95 (Churn).
[image: ]
Fig. A5. Naïve Bayes — conditional attribute statistics by class; 48.8% accuracy, Kappa −0.046 (10-fold CV).
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