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[bookmark: _Toc236323825]Introduction

Data mining enables organisations to transform large volumes of customer data into meaningful insights that support effective decision-making. This report examines the Telco Customer Churn dataset, which contains demographic, account, service and billing information for 7,043 customers. The analysis aims to predict customer churn and investigate patterns and potential customer segments based on service usage, spending and engagement characteristics. WEKA is used for data exploration, preprocessing, feature selection, class balancing and predictive modelling. J48, Logistic Regression and Random Forest are compared using accuracy, precision, recall and F1-score, before practical recommendations are proposed to improve customer retention.



[bookmark: _Toc236323826]1.1 Purpose and Practice of Data Mining
Data mining is the systematic process of discovering useful patterns, relationships and predictive insights from large datasets [1]. In practice, it involves collecting relevant data, cleaning and transforming it, applying analytical algorithms, evaluating the resulting models and presenting findings so managers can act on them [2]. Retailers can apply data mining to transaction records, loyalty-card data, website activity, demographics and customer feedback. For customer analytics, clustering and RFM analysis group customers according to recency, frequency, monetary value and shared preferences. These segments enable targeted promotions, personalised recommendations and better allocation of marketing resources [3]. Association-rule or market-basket analysis identifies products frequently purchased together, supporting cross-selling, product bundles and store-layout decisions [4]. Predictive models can also estimate future purchasing behaviour and demand.

For churn prediction, historical behaviour is used to identify customers likely to stop buying or cancel a service. Decision trees, random forests, support vector machines, neural networks and ensemble models can estimate churn risk and reveal influential factors [5]. Businesses can then target high-risk customers with appropriate retention offers. Data mining also supports decisions concerning pricing, inventory, sales forecasting and resource allocation. Its value depends on data quality, model accuracy and responsible use. Managers must therefore consider privacy, bias and model interpretability before using predictions to make customer-related decisions.

[bookmark: _Toc236323827]1.2: Dataset Description and Exploration
[bookmark: _Toc236323828]
Attributes and data types

Figures 1 and 2 provide complementary evidence about the dataset structure. Figure 2 lists all 21 attributes, covering demographics, subscribed services, contracts, billing and account activity. customerID is a unique identifier and should be excluded from predictive modelling. tenure, MonthlyCharges and TotalCharges are numerical, while SeniorCitizen is a binary indicator. Most remaining attributes are nominal or binary categories, including gender, Partner, InternetService, Contract and PaymentMethod. Figure 1 confirms that Churn is a nominal target containing “No” and “Yes”, whereas Figure 2 identifies MonthlyCharges as numeric. Together, the screenshots demonstrate the main data types used within the dataset. Recognising these types matters because Weka summarises numeric and categorical attributes differently, while modelling techniques may require encoding before training
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[bookmark: _Toc236321174][bookmark: _Toc236321526]Figure 1 - Attribute Overview and Churn Class Distribution Before Resampling
[bookmark: _Toc236323829]Number of Instances

Figure 2 also confirms that the dataset contains 7,043 customer instances. Figure 1 shows that 5,174 customers stayed and 1,869 churned, representing 73.46% and 26.54% respectively. No Churn values were missing. The noticeably unequal bars indicate moderate class imbalance, which could cause a model to favour non-churners and overlook customers who leave. Class balancing should therefore be considered for training data, while evaluation data retains the original distribution.
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[bookmark: _Toc236321175][bookmark: _Toc236321527]Figure 2-  Dataset Overview and MonthlyCharges Summary Statistics by Churn Status
[bookmark: _Toc236323830]Missing values

Missing values were found only in TotalCharges, where 11 of the 7,043 records were blank, equal to approximately 0.16% of the dataset. WEKA displays this as 0% because the proportion is very small. These records belonged to customers with zero tenure, so the missing TotalCharges values were replaced with 0 before modelling. TotalCharges ranged from 18.80 to 8,684.80, with a mean of 2,283.30 and a standard deviation of 2,266.77. The histogram was strongly right-skewed, showing that most customers had lower accumulated charges, while relatively few had very high totals across the full dataset.
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[bookmark: _Toc236323831]Summary statistics and distributions

Figure 2 reports that MonthlyCharges ranged from 18.25 to 118.75, with a mean of 64.762 and standard deviation of 30.09. The histogram shows one concentration at the lowest charges and another between approximately 70 and 100. Churners appear more common in several medium-to-high charge bands. However, the chart displays counts rather than churn rates within each band, so it suggests an association without proving that higher charges cause churn.
TotalCharges ranged from 18.80 to 8,684.80, averaging 2,283.30 with a standard deviation of 2,266.77. The same figure shows a strongly right-skewed distribution: most customers have lower accumulated charges, while relatively few have very high totals. These distributions demonstrate substantial variation in customer spending. Because the target is imbalanced, model evaluation should report precision, recall, F1-score and ROC area alongside accuracy.

1.3 Data Pre-processing and Post-processing

Data pre-processing in means preparing raw data before classification, clustering, or regression . It is used because raw datasets often contain missing, noisy, duplicate, inconsistent, or incomplete data that reduce model quality [6]. Although Post-processing is less a named menu stage than a follow-up step after the main algorithm output. The clearest direct example is WEKA-based image segmentation, where post-processing removed background artifacts and denoised segmented images to isolate the target structure [7].
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Missing values are data fields whose values were not observed or recorded, even though they matter for analysis [8]. During the initial  inspection, 11 missing values were identified in TotalCharges, equal to approximately 0.16% of the 7,043 customer records. These cases were linked to customers with zero tenure, meaning they had not yet accumulated charges. Rather than deleting valid new-customer records or replacing them with the overall mean, the missing values were replaced with 0 using WEKA’s ReplaceMissingWithUserConstant filter on attribute 20. After applying the filter, TotalCharges remained numeric, all 7,043 instances were retained, and the missing-value count fell from 11 to 0. The minimum value also changed to 0, confirming that the replacement had worked. For post-processing, the before-and-after outputs were compared, figures were labelled clearly, percentages were reported, and numerical results were rounded to improve interpretation and presentation for the reader. 

[bookmark: _Toc236323833]Encoding categorical variables

 First, customerID was removed because it was a unique identifier with no predictive value, reducing the attributes from 21 to 20. TotalCharges remained numeric, with 11 missing values identified for treatment. Churn was selected as the class variable. WEKA's NominalToBinary filter then converted categorical predictors into 0/1 indicators, increasing the attributes to 41 while retaining all 7,043 records. 
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[bookmark: _Toc236321177][bookmark: _Toc236321529]Figure 4- Missing values, summary statistics and distribution of TotalCharges.
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	Item
	Original data (Fig 4)
	    Final modelling data Fig 5)

	Instances
	7,043
	7,043

	Attributes
	21 initially; 20 after removing customerID
	41 after binary encoding

	customerID
	Unique identifier
	Removed because it had no predictive value

	TotalCharges
	Numeric with 11 missing values
	Missing values identified for treatment before modelling

	Categorical predictors
	Stored as nominal values
	Converted into binary 0/1 indicators

	Target variable
	Churn stored as nominal
	Remained nominal and selected as the class

	Post-processing
	Raw counts and statistics
	Percentages calculated, values rounded and figures labelled



For post-processing, summary statistics were rounded to two decimal places, class counts were converted into percentages, and WEKA figures were labelled with captions. Histograms were interpreted as frequency distributions rather than exact churn rates. This made the results clearer and avoided unsupported conclusions when presenting the analysis.
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[bookmark: _Toc236321178][bookmark: _Toc236321530]Figure 5- Conversion into Binary numeric Attributes








[bookmark: _Toc236323835]Balancing the dataset
	Stage
	Description

	Original distribution
	Before balancing, 7,043 customer records included 5,174 non-churners and 1,869 churners as shown in Figure 1, producing an imbalanced 73:27 split.

	Data check
	The Churn attribute was inspected and contained two categories, with no missing values reported.

	Resampling method
	The supervised Resample filter was used because it can move a class distribution towards a uniform distribution.

	Settings
	The option -B 1.0 applied full bias towards equal classes, -S 1 fixed the random seed for reproducibility, and -Z 100 requested an output size equal to 100% of the input.

	Balanced output
	After resampling, the dataset contained 7,042 records: 3,521 churners and 3,521 non-churners, creating a balanced 50:50 distribution.

	Evaluation
	Balancing should be applied only to training data, while unchanged test data represents the original customer population.

	Post-processing
	Accuracy, precision, recall, F1-score and the confusion matrix supported interpretation, while before-and-after bar charts clearly showed the effect of resampling.
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CustomerID was removed because it uniquely identified each customer and offered no predictive value. The 11 missing TotalCharges values were replaced with zero because they belonged to customers with zero tenure. Churn was defined as the target, and feature selection was conducted on the training data only to prevent information leaking into evaluation. CfsSubsetEval was combined with a forward BestFirst search because it favours predictors that relate strongly to churn while limiting redundant information. Ten-fold cross-validation with seed 1 supported reproducible selection. Contract and OnlineSecurity appeared in all ten folds, tenure and PaymentMethod in nine, and TechSupport in eight. As post-processing, these frequencies were converted into percentages and presented in a table for clearer interpretation of predictor stability.
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[bookmark: _Toc236321180][bookmark: _Toc236321532]Figure 7- Ten Fold Cross Validation

[bookmark: _Toc236323837]1.4 Sample Runs and Analysis Methods
[bookmark: _Toc236323838]Experimental setup

The final experiments used the cleaned 20-attribute dataset, consisting of 19 predictors and the Churn class. customerID had been removed and the missing TotalCharges values had been corrected. The exploratory 41-attribute NominalToBinary version and the feature-selection subset were not used for the reported classifier runs, ensuring that J48, Logistic Regression and Random Forest were compared using identical predictors.
The dataset was split before balancing to prevent data leakage. WEKA’s StratifiedRemoveFolds filter produced a 20% test set of 1,409 records, containing 1,035 non-churn and 374 churn cases. The remaining 80% formed the training set with 5,634 records, including 4,139 non-churn and 1,495 churn cases. Only the training data was balanced using supervised Resample with settings -B 1.0 -S 1 -Z 100, producing 2,817 records in each class while retaining 5,634 total training instances. All models were trained on this balanced training file and evaluated using the same untouched test set.
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[bookmark: _Toc236321183][bookmark: _Toc236321535]Figure 10- Balanced Training Set  

[bookmark: _Toc236323839]Algorithm justification Why J48, Logistic and Random Forest suit churn prediction
J48, Logistic Regression and Random Forest were selected because they offer complementary strengths for customer-churn prediction. Logistic Regression is suitable for the binary Churn outcome because it produces clear probabilities and provides an interpretable statistical baseline. Its coefficients indicate whether predictors increase or reduce churn risk, although it may miss complex nonlinear relationships. J48 is appropriate when explainability is important because it creates a single decision tree that can be inspected and translated into understandable customer-retention rules. Its main limitation is that one tree can overfit the training data. Random Forest addresses this weakness by combining many randomly varied trees. It can capture nonlinear patterns and interactions between variables such as contract type, tenure and monthly charges, while generally providing more stable predictions than J48. However, it is less transparent because its final prediction is based on many trees. Comparing these three algorithms on the same balanced training set and untouched test set provides a fair assessment of interpretability, statistical simplicity and predictive performance for identifying customers at risk early.
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[bookmark: _Toc236321185][bookmark: _Toc236321537]Figure 11 - J48 Metrix and Confusin Matrix
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[bookmark: _Toc236321186][bookmark: _Toc236321538]Figure 13- Logistic Regression using ridge 
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[bookmark: _Toc236323840]Sample-Run Analysis: Telco Customer Churn Models

Comparison of J48, Logistic Regression and Random Forest using the same balanced training set and untouched test set
	Model
	Key performance results
	Confusion-matrix evidence
	Analysis and practical interpretation

	J48
	• Accuracy: 70.62% (995/1,409 correct)
• Churn precision: 46.1%
• Churn recall: 63.9%
• Churn F1-score: 53.6%
	• True positives: 239 churners detected
• False negatives: 135 churners missed
• False positives: 279 non-churners flagged
	J48 offers strong interpretability because its tree visualisation exposes the decision rules behind predictions. This helps managers understand which customer characteristics influence churn. However, it recorded the lowest accuracy and F1-score of the three models, suggesting that one decision tree did not capture the full complexity of customer behaviour and may be less stable than ensemble or statistical alternatives.

	Logistic Regression
	• Accuracy: 72.53% (1,022/1,409 correct)
• Churn precision: 48.9%
• Churn recall: 78.6% (highest)
• Churn F1-score: 60.3% (highest)
	• True positives: 294 churners detected
• False negatives: 80 churners missed
• False positives: 307 non-churners flagged
	Logistic Regression was the strongest model for detecting customers who actually churned. Its high recall means fewer at-risk customers would be overlooked, making it useful when missing a churner is costly. Its probability outputs are also straightforward to interpret. The trade-off is the highest false-positive count, which could increase the cost of unnecessary retention offers to customers who would otherwise remain.

	Random Forest
	• Accuracy: 74.95% (1,056/1,409 correct; highest)
• Churn precision: 52.2% (highest)
• Churn recall: 66.8%
• Churn F1-score: 58.6%
	• True positives: 250 churners detected
• False negatives: 124 churners missed
• False positives: 229 non-churners flagged (fewest)
	Random Forest produced the best overall accuracy and the strongest churn precision. It offered the best balance between finding churners and limiting unnecessary alerts, with fewer false positives than the other models. Combining 100 trees allowed it to model nonlinear relationships and feature interactions more effectively than J48. Its main disadvantage is reduced interpretability, while Logistic Regression remains preferable when maximising churn detection is the primary objective.


Overall interpretation
	Best for explanation
	Best for detecting churners
	Best overall balance

	J48 — clearest decision rules and tree visualisation.
	Logistic Regression — highest recall (78.6%) and fewest missed churners.
	Random Forest — highest accuracy (74.95%), highest precision (52.2%) and fewest false positives



[bookmark: _Toc236323841]Metric Justification
Accuracy shows the overall proportion of correct predictions, but it can be misleading because the churn data is imbalanced. Precision measures how many customers predicted to churn actually churned, helping estimate the cost of unnecessary retention offers. Recall measures how many real churners were identified, which is important because missed churners may leave without intervention. F1-score balances precision and recall, making it useful when both false positives and false negatives matter. AUC evaluates how well a model separates churners from non-churners across thresholds. The confusion matrix gives the counts of true positives, true negatives, false positives and false negatives, allowing each model’s errors and business impact to be interpreted clearly.
[bookmark: _Toc236323842]1.5 Business Recommendations
The results suggest that e-commerce and retail managers should use churn prediction to prioritise customers for targeted retention activity rather than applying the same offer to everyone. Logistic Regression identified the highest proportion of churners, with 78.6% recall, so it is the strongest option when the main objective is to avoid missing customers who are likely to leave. These customers could receive personalised emails, loyalty rewards, contract upgrades, service support or time-limited discounts. However, because Logistic Regression also produced more false positives, managers should avoid costly incentives for every flagged customer. Instead, lower-cost messages could be sent first, with stronger offers reserved for customers showing high predicted risk and high future value.
Random Forest achieved the highest overall accuracy and precision, making it useful when the business wants a better balance between detecting churners and limiting unnecessary interventions. It could support routine customer scoring, while Logistic Regression could be used for broader early-warning screening. J48 should be used alongside these models because its decision tree provides understandable rules that managers can inspect and communicate.
Predictions should be refreshed regularly using recent customer behaviour, including tenure, contract type, monthly charges, service use and support interactions. Managers should also test retention actions through controlled campaigns and compare churn reduction, response rates and cost per retained customer. Model performance should be monitored for changing customer behaviour, unfair treatment and declining accuracy. The final decision should combine predicted churn risk with customer value, intervention cost and business priorities rather than relying on accuracy alone.
[bookmark: _Toc236323843]1.6 Reflective Commentary

Overall, the models performed reasonably well, but none was perfect. Random Forest achieved the highest accuracy at 74.95%, while Logistic Regression produced the strongest churn recall at 78.6%. This shows that the models found useful patterns in the data, although the results also revealed an important trade-off between identifying more churners and reducing false alarms. J48 was the easiest model to understand because its tree visualisation showed clear decision paths. Logistic Regression provided interpretable probabilities and detected the greatest number of churners. Random Forest gave the best overall balance and fewer false positives, but its predictions were harder to explain.
A major strength of the analysis was the fair experimental setup. The same balanced training set and untouched test set were used for every algorithm, allowing direct comparison. Stratification preserved the original churn distribution, and balancing helped the models learn from the minority class. However, resampling may have duplicated some training cases, and only three algorithms were tested. The models were also evaluated using one train-test split, so the results may depend partly on that particular split.
Next time, I would perform feature selection and parameter tuning within cross-validation, test additional algorithms such as gradient boosting, and compare probability thresholds rather than relying only on the default cut-off. I would also include cost-sensitive evaluation, because missing a churner and contacting a non-churner have different business consequences.
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