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[bookmark: _Toc236777982]ABSTRACT
Customer churn prediction has become an important area for organisations, as it enables them to identify customers who may leave and take steps to improve retention. This report examines churn patterns using the Telco Customer Churn dataset, which contains 7,043 customer records. The analysis was carried out in Weka, beginning with the removal of the customer ID attribute and the use of the InfoGainAttributeEval method for feature selection. Three classification models — J48, Random Tree and Random Forest — were assessed through 10‑fold cross‑validation. Their performance was compared using accuracy, precision, recall, F‑measure, ROC Area and confusion matrices. The results showed that Random Forest delivered the strongest overall performance, achieving an accuracy of 78.66%, followed by J48, while Random Tree produced the lowest accuracy. The findings also indicated that contract type, tenure and monthly charges were among the most influential factors linked to customer churn. Overall, the study highlights how machine learning techniques can offer meaningful insights into customer behaviour and support organisations in making informed decisions to strengthen retention through targeted intervention strategies.
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[bookmark: _Toc236777983]INTRODUCTION
Businesses collect large amounts of customer data every day, but this information is only valuable if it can be used to support better decision-making. This report explores how data mining techniques can be used to predict customer churn using the Telco Customer Churn dataset. The analysis includes data exploration, preparation, classification modelling and evaluation using Weka. The findings are used to identify the most effective prediction model and provide practical recommendations to help organisations improve customer retention and decision-making.
[bookmark: _Toc236777984]1.1 PURPOSE AND PRACTICE OF DATA MINING
[bookmark: OLE_LINK9]Data mining involves exploring large datasets to uncover useful patterns, relationships and trends that are not immediately obvious. Instead of only storing information, organisations use data mining to turn data into practical insights that support better decision‑making. By combining statistical methods, machine learning techniques and analytical tools, businesses can understand customer behaviour, predict future outcomes and improve overall performance [1].
As organisations gather increasing amounts of customer information, data mining has become a key part of business intelligence and customer relationship management. Industries such as retail, telecommunications, banking and e‑commerce analyse customer transactions, service usage and digital interactions to understand needs, spending habits and engagement levels. This allows managers to rely on evidence from historical data rather than assumptions when making strategic decisions or designing services that better meet customer expectations [2].
Customer analytics is one of the most valuable uses of data mining. By examining customer characteristics, spending patterns and service behaviour, organisations can identify groups of customers with similar preferences. This supports personalised products, targeted marketing campaigns and tailored customer support, helping improve satisfaction while using resources more efficiently [3], [4].
In this project, data mining was applied to the Telco Customer Churn dataset to identify the main factors that influenced churn and to build models that predicted when customers may leave. The review also explored customer behaviour through visualisation and segmentation based on engagement, spending and service use. These insights helped to strengthen retention planning and decision making, supported by careful data preparation and thorough model evaluation [1].
[bookmark: _Toc236777985]1.2 DATASET DESCRIPTION AND EXPLORATION
[bookmark: OLE_LINK3]The Telco Customer Churn dataset was selected because it offered practical customer information that helped to explore the factors influencing churn within the telecommunications industry. Conducting exploratory data analysis was an essential early step, as it provided an understanding of the dataset’s structure, quality and overall characteristics before any modelling was carried out. This stage strengthened the reliability of later classification results by ensuring the data were well understood and appropriately prepared [1], [7].
The dataset contained 7,043 customer records and 20 predictor attributes, with Churn used as the target variable after removing the CustomerID field, which did not contribute to prediction. The features covered demographic details, account information, subscribed services and billing behaviour. Most variables were categorical, while tenure, MonthlyCharges and TotalCharges were numerical and described customer duration and spending patterns. Table 1 summarised the main features of the dataset.
After importing the dataset into Weka Explorer, an initial review was carried out to check its structure and suitability for analysis. This included examining attribute types, identifying missing values, reviewing the class distribution and confirming that the dataset was complete enough for modelling. The exploration revealed 11 missing values in the TotalCharges attribute, representing less than 0.2% of all records. Because this number was very small, no additional preprocessing was applied, although this remained a limitation, as addressing missing values can sometimes improve model performance [7]. No duplicate entries were found.
Table 2 summary statistics showed that customer tenure ranged from 0 to 72 months, with an average of around 32 months. Monthly charges varied between 18.25 and 118.75, while total charges ranged from 18.80 to 8,684.80, highlighting substantial differences in customer spending. Figure 1 also indicated that 5,174 customers (73.5%) stayed with the company, while 1,869 customers (26.5%) churned, resulting in a reasonably imbalanced dataset.
Further exploration suggested that customers on month‑to‑month contracts were more inclined to leave than those on longer agreements. Higher monthly charges also appeared linked to increased churn, while customers with longer tenure tended to remain. These early patterns helped guide the later modelling work and matched with previous studies identifying contract type, tenure and service usage as key churn predictors [5], [6].

TABLE 1. SUMMARY OF THE TELCO CUSTOMER CHURN DATASET
	FEATURES
	DESCRIPTION

	Dataset
	Telco Customer Churn

	Number of Instances
	7043

	Number of Attributes
	20

	Target Variable
	Churn

	Target Classes
	Yes, No

	Attribute Types
	Categorical, Numerical

	Numerical Attributes
	Tenure, MonthlyCharges, TotalCharges

	Missing Values
	11 in TotalCharges (removed during preprocessing)

	Duplicate Records
	None found



TABLE 2.  SUMMARY STATISTICS FOR THE NUMERICAL ATTRIBUTES
	ATTRIBUTE
	MEAN
	MINIMUM
	MAXIMUM
	DATA TYPE

	TENURE
	32.37
	0
	72
	Numeric

	MONTHLYCHARGES
	64.76 
	18.25
	118.75
	Numeric

	TOTALCHARGES
	2283.30
	18.80
	8684.80
	Numeric
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Figure 1: Weka Explorer showing the Telco Customer Churn dataset with 7,043 instances and 20 attributes after removing the customerID field.

[bookmark: OLE_LINK4][bookmark: _Toc236777986]1.3 DATA PRE-PROCESSING AND POST-PROCESSING
Before developing the classification models, the Telco Customer Churn dataset was prepared to ensure it was suitable for analysis in Weka. The original dataset contained 7,043 customer records and 21 attributes. The CustomerID attribute was removed because it only identified individual customers and does not help predict churn. Removing identifier fields is a common preprocessing step, as they do not improve model performance and may introduce unnecessary information into the analysis [1].

[bookmark: _Toc236777987]HANDLING MISSING VALUES
[bookmark: OLE_LINK11]The dataset was checked for missing values before model development. This identified 11 missing values in the TotalCharges attribute, which represented less than 0.2% of all records. Because the number of missing values was very small, no action was taken to remove or replace them, and the dataset was analysed in its original form. Although techniques such as deleting incomplete records or imputing missing values are commonly used during data preparation, they were not considered necessary for this study due to the limited number of missing entries. However, it is recognised that handling missing values can sometimes improve model performance and may be explored in future work [7].

[bookmark: _Toc236777988]ENCODING CATEGORICAL VARIABLES
The dataset contained several categorical attributes, including Contract, InternetService, PaymentMethod and OnlineSecurity. These variables did not require manual encoding because Weka automatically recognised nominal attributes and processed them directly when building classification models. This allowed the original category names to be retained while ensuring consistency across all three classifiers without additional preprocessing [7].

[bookmark: _Toc236777989]BALANCING THE DATASET
The class distribution was checked before building the models. The dataset contained significantly more customers who stayed than those who churned, making it naturally imbalanced. Although techniques like SMOTE or random oversampling are commonly used to balance data, they were not applied here. The original distribution was kept so J48, Random Tree and Random Forest could be evaluated using the same real‑world data. While imbalance can be difficult to identify churned customers, keeping it allowed a fair comparison and reflected real business conditions [7].

[bookmark: _Toc236777990]FEATURE SELECTION
Feature importance was examined using InfoGainAttributeEval with the Ranker search method in Weka. Figure 2 shows the Weka Select Attributes screen used to rank the attributes.  This approach ranked each attribute based on how much useful information it contributed to predicting customer churn. The highest‑ranked attributes were Contract, Tenure, OnlineSecurity, TechSupport and InternetService, suggesting that these variables provided the most meaningful information for prediction. In contrast, attributes such as Gender, PhoneService and MultipleLines received much lower scores, indicating they had less influence on churn outcomes [6].
Although the ranking showed clear differences in attribute importance, no additional variables were removed. The aim was simply to understand which factors mattered most rather than reduce the dataset. Keeping all attributes ensured each classifier was trained on the same information, allowing a fair comparison. Reviewing feature importance also supported clearer interpretation of the results [5].
[bookmark: OLE_LINK16]
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Figure 2: Weka feature ranking using InfoGainAttributeEval and the Ranker search method.

[bookmark: OLE_LINK10][bookmark: _Toc236777991]POST-PROCESSING
After preprocessing was completed, the dataset was used to build the J48, Random Tree and Random Forest classification models in Weka. Each model was evaluated using 10‑fold cross‑validation to ensure consistent testing conditions. Once the models were generated, their outputs were reviewed using accuracy, precision, recall, F‑measure, ROC Area and confusion matrices. Using multiple evaluation measures provided a more balanced assessment of performance than relying on accuracy alone, especially with imbalanced datasets [5].
The results were then presented in tables and Weka screenshots to compare the strengths and weaknesses of each model, forming the basis for the business recommendations discussed later in the report.

[bookmark: _Toc236777992]1.4 SAMPLE RUNS AND ANALYSIS METHODS
Three classification algorithms were tested in Weka to predict customer churn using the Telco Customer Churn dataset. J48, Random Tree and Random Forest were selected because they are commonly used for classification tasks and have been applied successfully in previous churn studies [1], [5]. To ensure each model was evaluated fairly, 10‑fold cross‑validation was used for all three algorithms. This method divides the dataset into ten parts and repeats the testing process ten times so every record is used for both training and testing. Using the same validation method for each classifier provides a fair comparison and produces more reliable results [1].
Figures 3-5 show the sample runs generated in Weka. Each output includes information about model performance, such as correctly classified instances, evaluation measures and the confusion matrix. These results were compared to determine which classifier performed best on the dataset. Table 3 summarises the performance of the three classification models and shows the differences between the algorithms. 
The first algorithm tested was J48, Weka’s implementation of the C4.5 decision tree. J48 was chosen because it produces clear decision trees that help show which factors influence customer churn. This makes the model useful not only for prediction but also for helping organisations understand why customers leave [5]. As shown in Figure 3, J48 correctly classified 5,493 of the 7,043 records, giving an accuracy of 77.99%. It also achieved a weighted precision of 0.769, recall of 0.780, F‑measure of 0.772 and a ROC Area of 0.758. These results suggest that J48 offered a good balance between accuracy and interpretability.
However, the confusion matrix showed that J48 was better at identifying customers who stayed than those who churned.
The second algorithm tested was Random Tree, shown in Figure 4. It was selected because it builds decision trees quickly and offers a useful comparison with J48. Unlike J48, Random Tree adds more randomness when choosing attributes, which can sometimes lower model accuracy [5]. The model correctly classified 5,128 records, giving an accuracy of 72.81%. Its weighted precision, recall and F‑measure were all around 0.73, with a ROC Area of 0.654. These results showed that Random Tree was less effective at identifying churn.
The confusion matrix shows that Random Tree made more mistakes, especially when predicting churners.
The final algorithm tested was Random Forest, shown in Figure 5. It was included because it combined predictions from many decision trees rather than relying on a single model, which often led to more stable and reliable results while reducing the impact of unusual patterns in the training data [1]. Random Forest correctly classified 5,540 records, achieving the highest accuracy of 78.66%. It also produced the strongest weighted precision, recall, F‑measure and ROC Area of all three classifiers.  Based on these results, Random Forest provided the strongest overall performance for predicting customer churn. The confusion matrix showed it made the fewest mistakes overall, though it still predicted staying customers more accurately than those who churned. 
Overall, all three classifiers predicted customers who stayed (No) more accurately than those who churned (Yes).


[image: ]
Figure 3:   J48 classification results using 10-fold cross-validation in Weka.

[image: ]
Figure 4: Random Tree classification results using 10-fold cross-validation in Weka.
[image: ]
Figure 5: Random Forest classification results using 10-fold cross-validation in Weka.


TABLE 3. COMPARISON OF HOW CLASSIFICATION MODELS PERFORMED
	ALGORITHM
	ACCURACY 
	PRECISION
	RECALL
	F MEASURE
	ROC AREA

	J48
	77.99%
	0.769
	0.780
	0.772
	0.758

	Random Tree
	72.81%
	0.729
	0.728
	0.728
	0.654

	Random Forest
	78.66%
	0.787
	0.787
	0.778
	0.822






[bookmark: OLE_LINK18][bookmark: _Toc236777993]EVALUATION METRICS
Multiple evaluation measures were used to compare the three classifiers instead of relying only on accuracy. Table 4 summarises the evaluation measures and formulas.





TABLE 4. EVALUATION METRICS USED TO ASSESS THE CLASSIFICATION MODELS
	METRIC 
	FORMULA
	MEANING

	Accuracy
	(TP+TN) ÷
(TP+TN+FP+FN
	Measures the percentage of correctly classified instances.

	Precision
	TP÷
TP+FP
	Measures how many customers predicted to churn actually churned.

	Recall
	TP÷
TP+FN
	Measures how many customers who churned were accurately identified.

	F-Measure
	2 × PR (Precision × Recall) ÷
Precision + Recall)
	Merges precision and recall into a single balanced score.

	ROC Area (AUC)
	Calculated from the ROC curve
	Measures model's ability to distinguish churners from non-churners; higher is better.

	
	
	



Precision shows how many customers predicted to churn actually left the company. A higher precision means the model makes fewer incorrect churn predictions. Recall measures how many customers who actually churned were correctly identified. A higher recall means fewer churning customers are missed. The F-measure combines precision and recall into a single value, while the Receiver Operating Characteristic Area Under the Curve (ROC AUC) measures how well a model distinguishes between customers who churn (Yes) and those who remain (No). Values closer to 1 indicate stronger performance (Table 5). The confusion matrix shows the number of correct and incorrect predictions [1].
These measures were especially important because the dataset was imbalanced, with 5,174 non-churn and 1,869 churn customers, meaning accuracy alone could give a misleading view of model performance.
Overall, the three sample runs showed clear differences in performance. Random Forest achieved the highest accuracy and Kappa Statistic (0.467), making it the strongest classifier. J48 also performed well and produced an easy-to-understand decision tree, while Random Tree ranked lowest. These results support the use of Random Forest for predicting customer churn.


[bookmark: OLE_LINK13]TABLE 5. INTERPRETATION OF ROC AREA (AUC) VALUES
	ROC AREA (AUC)
	 PERFORMANCE CLASSIFIER MEANING

	1.0
	Perfect 

	0.9-0.99
	Excellent 

	0.8-0.89
	Very Good

	0.7-0.79
	Good

	0.6-0.69
	Fair

	0.5
	Just like random guessing



[bookmark: OLE_LINK8][bookmark: _Toc236777994]1.5 BUSINESS RECOMMENDATIONS
The findings from this study show that organisations can use machine learning models to identify customers who may be at risk of leaving before they actually churn. Since the Random Forest classifier achieved the strongest overall performance, organisations may benefit from using similar machine learning approaches to support customer retention strategies [1].
By recognising customers with a high likelihood of churn, companies can offer personalised retention measures such as discounted plans, loyalty rewards or contract renewal incentives. These targeted actions can help reduce customer loss while focusing resources on individuals that are most likely to leave.
The findings also highlighted contract type, tenure and monthly charges as key factors linked to churn. Organisations should actively observe these areas and identify customers whose behaviour change over time. For example, customers on short contracts or those experiencing rising monthly charges may benefit from early support or customised pricing before they decide to switch providers. Addressing these issues proactively can strengthen long‑term customer relationships.
Although Random Forest performed best overall, the confusion matrices showed that predicting churners was more difficult than predicting customers who stayed. This indicates that accuracy alone is not enough when evaluating churn models. Measures such as precision, recall and ROC Area should also be considered to ensure that customers at risk are identified. [7].
Ultimately, combining predictive analytics with targeted customer engagement can help organisations enhance retention, minimise revenue loss and make smarter business decisions.
[bookmark: OLE_LINK19][bookmark: _Toc236777995]1.6 REFLECTIVE COMMENTARY
Completing this analysis provided a clearer understanding of how different machine learning models can be applied to predict customer churn. The overall performance of the models was well with Random Forest achieving the highest accuracy and the most reliable results. Comparing J48, Random Tree and Random Forest also showed the value of using several evaluation measures rather than relying only on accuracy, as this gives a more complete picture of model performance [1].
A key strength of the project was using the same dataset and validation method for all three algorithms, which made the comparison more consistent and fairer. The feature selection process was also useful because it highlighted the most influential factors linked to churn, making the results easier to interpret and more relevant for business decision‑making.
However, there were some limitations. The dataset was imbalanced, with far more customers staying than leaving, which made churn harder to predict. This was reflected in the confusion matrices, where all three models performed better at identifying customers who stayed. Another limitation was relying on Weka’s default settings, meaning performance might have been improved with algorithm parameters adjustments.
If repeated, the project would explore parameter adjustments, test methods for handling class imbalance and include additional algorithms to broaden the comparison and potentially improve churn prediction.
[bookmark: _Toc236777996]CONCLUSION
The findings of this study showed that machine learning can be used effectively to predict customer churn. Although all three models produced useful results, Random Forest achieved the best overall performance. The findings also highlighted the importance of using multiple evaluation measures rather than relying on accuracy alone. Overall, the project demonstrated how data mining techniques can support organisations in understanding customer behaviour and making more informed decisions to improve customer retention.
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Appendix A:  Accuracy Calculations
Calculations showing how the accuracy percentages for J48, Random Tree and Random Forest were obtained. 
Accuracy = (Correct Classified Instances ÷ Total Instances) × 100

Table A1: Accuracy Calculations for J48
	ITEM
	VALUE

	True Negatives (TN)
	4578

	True Positives (TP)
	915

	Correct Classified Instances (TN+TP)
	5493

	Total Instances
	7043

	Accuracy Calculation
	5493÷7043×100

	Accuracy
	77.99%




Table A2. Calculation of Random Tree Accuracy
	ITEM
	VALUE

	True Negative (TN)
	4212

	True Positive (TP)
	916

	Correct Classified Instances (TN+TP)
	5128

	Total Instances
	7043

	Accuracy Calculation
	5128÷7043×100

	Accuracy
	72.8099 or 72.81%




Table A3. Calculation of Random Forest Accuracy
	ITEM
	VALUE

	True Negative (TN)
	4626

	True Positive (TP)
	914

	Correct Classified Instances (TN+TP)
	5540

	Total Instances
	7043

	Accuracy Calculation
	5540÷7043×100

	Accuracy
	78.6597 or 78.66%







Appendix B:
Meaning of Abbreviations used in Table 4.

	ABBREVIATIONS
	MEANING

	TP
	True Positive

	TN
	True Negative

	FP
	False Positive

	FN
	False Negative

	ROC
	Receiving Operating Characteristic

	AUC
	Area Under the Curve

	F-MEASURE
	Harmonic mean of precision and recall




Appendix C
Clarification of ROC Area (AUC) Results

	Classified Algorithm
	ROC Area (AUC)
	Performance Clarification

	Random Tree
	0.822
	Very Good

	J48
	0.758
	Good

	Random Forest
	0.654
	Fair
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