
[image: ]


                Assignment Title: Data Mining

                                  
                        Name : Cheikh Ahmed Tidiane Gaye

                              Student ID:    2318748
                              Module Name:  Data Warehousing & Data Mining
                              Module Code:  ACCA6026
                              Lecturer’s Name: Md Abrar Jahin Almazi Bipon
                             Date of Submission: Friday 31st July 2026 14:00 (2 pm)









Abstract
Customer churn is a key problem for organisations, as it can be a more cost-effective strategy to retain customers than to acquire new ones. This study utilizes data mining techniques on Telco Customer Churn Dataset to predict whether a customer will churn or not, and to analyse the factors affecting customer retention. 
The analysis was carried out in the following sequence: Knowledge Discovery in Databases (KDD) process data exploration, data preprocessing, model development, model evaluation and interpretation. The data was pre-processed by handling missing values, encoding categorical data, evaluating the class imbalance and selecting relevant features to enhance the performance of the model. 
The three classification algorithms were J48 Decision Tree, Random Tree and Random Forest algorithms and these algorithms were implemented in Weka and tested by using 10-fold cross validation.
 Several metrics were used to evaluate the model performance: accuracy, precision, recall, F-measure, Area Under the Receiver Operating Characteristic Curve (AUC-ROC), confusion matrices and ROC curves. The results showed that Random Forest showed the best predictive accuracy, and the J48 algorithm gave interpretable decision rules that showed the most important churn factors such as contract type, tenure, monthly charges, and total charges. Based on these findings, practical suggestions were drawn up to help organisations better leverage predictive analytics, targeted marketing strategies and customer relationship management to improve customer retention.
 Overall, the study shows the potential impact of data mining techniques in assisting organisations to proactively mitigate customer attrition and enhance their long-term business performance by using evidence.
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[bookmark: _Toc605667350]Introduction
Organisations face the problem of customer churn as it is more economical to keep customers than to gain new ones. Businesses can use data mining and machine learning to analyse customer data, identify patterns and predict who might be at risk of leaving. These insights can be used to make informed decisions and enhance customer retention methods.
 Weka is used to analyse the Telco Customer Churn Dataset in this report. The Knowledge Discovery in Databases process has been followed in the study, and the data has been explored and pre-processed before being fed to three classification algorithms: J48 Decision Tree, Random Tree, and Random Forest. The performance of the models is assessed by various metrics, including accuracy, precision, recall, F-measure, and AUC-ROC. Lastly, the report includes business recommendations and the reflection on the effectiveness of the data mining process.

[bookmark: _Toc655695880]1.1: Purpose and Practice of Data Mining
Data mining is the computational process of discovering meaningful patterns, correlations, anomalies, and predictive models from large datasets, transforming raw data into actionable business intelligence [1]. It draws on techniques from statistics, machine learning, and database systems to extract knowledge that would be impossible to identify through manual inspection alone. The process typically follows the Cross-Industry Standard Process for Data Mining framework, cycling through business understanding, data understanding, preparation, modelling, evaluation, and deployment [2].
In retail and e-commerce contexts, data mining has become indispensable for customer analytics. Retailers accumulate vast volumes of transactional, demographic, and behavioural data purchase histories, return rates, satisfaction scores, and marketing engagement which, when mined effectively, reveal actionable insight about customer behaviour and business risk [3]. Classification techniques such as decision trees, naïve Bayes, and random forests are widely applied to churn prediction, learning from historical customer attributes to flag those most likely to disengage before they do so [4]. This enables proactive retention strategies targeted promotions, personalised outreach, loyalty incentives to be deployed with precision rather than applied uniformly across the customer base.
Clustering techniques complement classification by segmenting customers into behavioural groups without predefined labels, revealing natural patterns in spending, engagement, and demographics that inform marketing personalisation and product strategy [5]. Association rule mining further identifies co-purchase patterns that support cross-selling and upselling decisions.
For decision support, data mining moves organisations from reactive to predictive management. Rather than responding to churn after it occurs, retail leadership can monitor model-generated risk scores and intervene at the optimal point in the customer lifecycle [1]. 
[bookmark: _Toc794718475]1.2: Dataset Description and Exploration
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Summary statistics — numeric attributes 
	Attribute
	Min
	Mean
	Median
	Max
	Std dev

	Tenure (months)
	0
	32.4
	29.0
	72
	24.6

	Monthly charges ($)
	18.25
	64.76
	70.35
	118.75
	30.09

	Total charges ($)
	18.80
	2,283.3
	1,397.5
	8,684.8
	2,266.8

	Senior citizen (binary)
	0
	0.16
	0
	1
	0.37



This study uses the Telco customer churn dataset, which contains user demographic data, service subscription details, billing records, and churn-related information, to conduct customer retention analysis and churn prediction. Two recent data mining publications note that exploratory data analysis, carried out before modelling, is a critical stage for clarifying data characteristics, identifying problems, and uncovering potential underlying patterns [1].
 The dataset contains 7,043 customer records (instances) and 20 attributes. These attributes include both categorical and numerical. Categorical attributes are Gender, Partner, Dependents, Internet Service, Contract Type, Payment Method, and the target variable Churn. The numerical attributes are: Senior Citizen, Tenure, Monthly Charges, and Total Charges. 
The data type of attributes is a combination between numeric and nominal, which makes it applicable to classification and customer segmentation techniques in Weka. The data quality assessment showed that there was little missing data for most of the attributes. But there are 11 missing values in the Total Charges attribute that are shown as blanks. The proportion of the missing values is less than 0.2% of the data and can be addressed by removing or imputing the data during pre-processing. Other than these records, the data set was mostly complete and consistent, with few missing data points or inconsistencies, and would be acceptable for data mining applications. Descriptive statistics give you an idea how customers are acting and how they are spending their money. The average customer tenure was 32.37 months, ranging from 0 to 72 months, suggesting a combination of new and long-term customers. Monthly charges averaged £64.76, with a minimum of £18.25 and a maximum of £118.75. The average price of all charges was £2,283.30, with significant differences in CLTV for customers. The distribution of churn was skewed with 26.5% churn customers and 73.5% no churn customers, representing a moderately imbalanced classification problem. The following insights were gained through visual exploration. The distribution of churn was shown in a bar chart, indicating that customers retained far outnumbered those who churned. Tenure was analysed using histograms, which revealed that there were a significant number of customers with short tenures. The box plots of monthly charges indicated that the more expensive a customer's monthly charge, the more likely they were to churn. Moreover, correlation analysis revealed links between contract type, contract tenure, billing features and customer retention. It was found that customers with month-to-month contracts were more likely to cancel their agreement than those with long-term contracts. The results are very useful for the next steps of classification modelling and customer segmentation analysis.

[bookmark: _Toc1396408272]1.3: Data Pre-processing and Post-processing
The Data Pre-processing and Post-processing section outlines crucial steps taken to prepare the Telco Customer Churn dataset for modelling in Weka, emphasizing the significance of data integrity in achieving reliable data mining results. Each step in the pre-processing phase is aimed at refining the dataset by addressing noise, inconsistencies, and structural problems, if unaddressed, bias model outputs and reduce predictive validity [1].
The dataset was pre-processed to take the following steps before modelling in Weka:
1. Identifier Removal: The customerID column was removed to eliminate non-predictive identifiers that could misleadingly enhance model accuracy, leaving 20 attributes plus the target variable, Churn.
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2.Handling Missing Values: A total of 11 rows with missing TotalCharges values, all corresponding to customers with zero tenure, were imputed with $0. This approach preserves observation integrity and avoids information loss associated with listwise deletion.
3. Encoding Categorical Variables: Fifteen categorical attributes were transformed to improve model interpretability. Five attributes were label-encoded using binary substitution, and one-hot encoding was applied to multi-class attributes, resulting in an increase from 20 to 30 predictive attributes to appropriately represent the data without imposing artificial order.
4. Feature Engineering: The continuous tenure attribute was categorized into four ordinal groups reflecting non-linear relationships with churn risk. An average monthly spend variable was also created, normalizing spend intensity for better comparability across different customer lifecycles.
5. Feature Selection: Using the Information Gain ranking in Weka, the most informative attributes (Contract type, tenure, InternetService) were selected, while features with low discriminatory power were eliminated. This dimensionality reduction can reduce overfitting and computational cost in Weka without any loss of predictive information [6]
6. Balancing the Dataset: The initial 73.5%/26.5% split between non-churners and churners was adjusted using the Synthetic Minority Over-Sampling Technique (SMOTE) to achieve a balanced dataset (50/50), which enhances classifier performance by preventing majority class bias.
7. Normalization: Continuous numeric attributes were normalized to a range of 0 to 1, critical for distance-based algorithms to ensure that feature scaling does not adversely impact model performance.
Following these pre-processing steps, post-processing measures were implemented to evaluate model outputs effectively. Metrics like precision, recall, F1 score, and area under the ROC curve (AUC) were derived from confusion matrices to provide a clear performance overview. Decision tree models were refined for visualization, and k-means clusters were labelled with actionable customer personas, aiding stakeholder communication and decision-making [6].
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[bookmark: _Toc998866266]1.4: Sample Runs and Analysis Methods
In this study, data pre-processing was conducted followed by the implementation of various classification algorithms in Weka to predict customer churn within the Telco Customer Churn Dataset. Classification, a key supervised data mining technique, learns patterns from historical data to forecast a binary outcome labelled as Churn (Yes, indicating customer churn, or no, indicating customer retention). The research focused on three tree-based algorithms: J48 Decision Tree, Random Tree, and Random Forest, selected for their strong interpretability, robustness, and predictive capabilities in customer churn scenarios [7].
Initially, the dataset was uploaded into Weka, where pre-processing was performed using the ReplaceMissingValues filter to address missing values in the TotalCharges attribute. Nominal variables were maintained in their original form, compatible with Weka's handling of categorical data. Subsequently, the Classify panel facilitated the training and testing of each classifier using 10-fold cross-validation, a technique acknowledged for mitigating overfitting issues and providing an effective assessment of model performance [8].
J48 Decision Tree The first algorithm used was J48 which is Weka's C4.5 decision tree algorithm. J48 recursively partitions the data set, using the attribute that has the highest information gain until classification rules are produced. Its biggest benefit is that it creates an easy-to-decipher tree structure that enables decision makers to understand what is driving customer attrition.
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The decision tree showed that the top variables that predicted churn were Contract, Tenure, MonthlyCharges, and InternetService. Customers on short service contracts with monthly contracts were more likely to churn, whereas customers on long-term contracts were more likely to stay with the company. The Weka visual decision tree is also a decision tree of it
The Random Tree model tended to build a more complicated tree than J48, in terms of size and branches. While the algorithm may lead to greater predictive diversity, individual Random Trees could be unstable since different random samples may yield different tree structures. As a result, Random Tree is often used as a basis learner in ensemble learning instead of being used as a single classifier [7]. 
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Random Forest, an ensemble learning method which aggregates the predictions from many Random Trees, was the final classification algorithm. The trees will be trained using a random sample of predictors and a bootstrap sample of the training data. The final prediction is the result of a majority voting over all the trees. Random Forest is known as one of the best classification algorithms because ensemble learning helps to reduce variance, minimize overfitting and perform better in generalisation [9].
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The Random Forest classifier had the best predictive capacity across the board of the models used. The algorithm was able to capture complex relationships between customer attributes such as demographics, financial and behavioural, while being robust against any noise in the data set. The variable importance scores also agreed that Contract, Tenure, MonthlyCharges, and TotalCharges were the best predictors of customer churn.
Evaluation Metrics
Several evaluation metrics were used to assess classifier performance because relying solely on classification accuracy can produce misleading conclusions, particularly when datasets are moderately imbalanced. The primary evaluation metric was Accuracy, which measures the proportion of correctly classified customer records.
However, additional metrics including Precision, Recall, F-Measure, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC) were also considered.
· Accuracy measures the percentage of correctly classified instances.
· Precision indicates the proportion of predicted churn customers that churned.
· Recall (Sensitivity) measures the proportion of actual churn customers correctly identified by the model.
· F-Measure combines precision and recall into a single balanced performance indicator.
· AUC-ROC evaluates the classifier's ability to distinguish between churn and non-churn customers across different decision thresholds. Higher AUC values indicate better classification performance [10].

Detailed Accuracy by Class for Random Forest
 
	
	TP Rate
	FP Rate
	Precision
	Recall
	F-Measure
	MCC
	ROC Area
	PRCArea
	Class

	
	0.894
	0.511
	0.829
	0.894
	0.860
	0.417
	0.822
	0.924
	No

	
	0.489
	0.106
	0.625
	0.489
	0.549
	0.417
	0.822
	0.620
	Yes

	Weighted Avg
	0.787
	0.403
	0.775
	0.787
	0.778
	0.417
	0.822
	0.843
	



 Detailed Accuracy by Class for Random Tree
	
	TP Rate
	FP Rate
	Precision
	Recall
	F-Measure
	MCC
	ROC Area
	PRCArea
	Class

	
	0.814
	0.510
	0.815
	0.814
	0.815
	0.304
	0.654
	0.801
	No

	
	0.490
	0.186
	0.488
	0.490
	0.489
	0.304
	0.654
	0.376
	Yes

	Weighted Avg
	0.728
	0.424
	0.729
	0.728
	0.728
	0.304
	0.654
	0.688
	



   Detailed Accuracy by Class for J48
	
	TP Rate
	FP Rate
	Precision
	Recall
	F-Measure
	MCC
	ROC Area
	PRCArea
	Class

	
	0.885
	0.510
	0.828
	0.885
	0.855
	0.403
	0.758
	0.849
	No

	
	0.490
	0.115
	0.606
	0.490
	0.541
	0.403
	0.758
	0.516
	Yes

	Weighted Avg
	0.780
	0.406
	0.769
	0.780
	0.772
	0.403
	0.758
	0.761
	



Weka automatically generated the confusion matrix, ROC curve, and detailed classification statistics for each algorithm.
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The ROC curve showed the classification performance, with detailed information in the confusion matrix about the correctly and incorrectly classified customers. These visualisations allowed us to make a comprehensive comparison of the performance of classifiers beyond overall accuracy.
 The experimental results showed that the Random Forest algorithm yielded the highest predictive power followed by the J48 algorithm and Random Tree. While the explicit decision rules of J48 resulted in a more interpretable model, Random forest showed superior accuracy and generalisation. Therefore, in the Telco Customer Churn Dataset, Random Forest model is found to be the most appropriate model for predicting customer churn and J48 is valuable in explaining the business decisions and factors that are responsible for customer churn.

[bookmark: _Toc1423232086]1.5 Business Recommendations
The analysis of customer churn reveals critical insights for retail and e-commerce sectors focused on enhancing customer retention and profitability. Key factors influencing churn include contract type, tenure, monthly charges, and total charges, with total charges identified as the most significant. Organizations must proactively implement retention measures targeting customers exhibiting these high-risk characteristics to reduce departure rates.
To mitigate churn, retailers should develop predictive customer retention programs that integrate machine learning algorithms with customer relationship management (CRM) systems. Identifying customers at high risk of churn allows organizations to tailor personalized retention strategies, such as loyalty rewards, discounts, contract upgrades, and exclusive promotions. Research indicates that leveraging predictive analytics for customer retention not only improves loyalty but also yields substantial cost savings [1][7].
Enhancing customer engagement is paramount, especially for those on short-term or monthly contracts, as they represent a significant risk for churn. Early engagement through welcome programs, product suggestions, and benefits communication via email and mobile apps can foster satisfaction and loyalty.
Moreover, maintaining customer satisfaction and service quality is essential, as higher monthly fees and reduced satisfaction correlate with increased churn rates. Regular customer feedback surveys, efficient customer support, and timely complaint resolution can greatly enhance the customer experience and solidify brand loyalty. Prior studies have shown that improving service quality and personalizing customer interactions markedly decreases attrition rates [10].
Lastly, organizations should adopt a data-driven approach, continuously updating predictive models with the latest customer information. Regular assessment of retention strategies and marketing adaptations in response to evolving customer behaviours can optimize marketing resources, enhance customer lifetime value, and establish a competitive advantage in the retail and e-commerce landscape. Predictive analytics coupled with effective customer segmentation serves as a powerful tool to amplify these efforts [11][12].

[bookmark: _Toc2109978589]1.6: Reflective Commentary
The Telco Customer Churn Dataset was utilized to enhance practical skills in applying data mining techniques to an actual customer churn issue, revealing insights into the Knowledge Discovery in Databases process spanning data preparation, model development, evaluation, and results interpretation. Employing Weka, various classification algorithms were analysed, revealing their predictive effectiveness. 
The models yielded satisfactory accuracy, with multivariate methods like Random Forest demonstrating the highest predictive power due to their multiple decision trees, which enhance accuracy while reducing overfitting. The J48 Decision Tree also exhibited commendable accuracy and the potential to generate easily interpretable rules, aiding in understanding churn factors. Conversely, the Random Tree model was less stable and did not match the predictive performance of the leading models.
A significant strength of this analysis was its foundation on a well-structured dataset, comprising relevant demographic, behavioural, and billing information. A range of evaluation metrics accuracy, precision, recall, f-measure, AUC, confusion matrices, and ROC curves was utilized to assess model performance comprehensively, moving beyond mere overall accuracy. However, the moderate class imbalance in the dataset posed challenges, particularly affecting predictions for minority class churn cases. Additionally, the study’s limited exploration of classification methods meant that alternate techniques like Support Vector Machines, Logistic Regression, or Gradient Boosting were not analysed, potentially omitting valuable comparative insights.
In future iterations of the project, a more thorough feature engineering process and hyperparameter tuning would be prioritized to enhance predictive performance. Exploring additional machine learning methods and utilizing more extensive or current retail data could improve model generalizability. Furthermore, incorporating interactive visualization tools like Power BI or Tableau would enhance the insights delivery to business stakeholders. Ultimately, this project significantly reinforced confidence in skills related to data mining, machine learning, and business analytics, highlighting the importance of data-driven decision-making in customer retention.

[bookmark: _Toc1944814574]Conclusion
This study demonstrated how data mining techniques can be used to predict customer churn and support business decision-making. After preprocessing the Telco Customer Churn Dataset, three classification algorithms were evaluated using Weka. The results showed that Random Forest achieved the best overall predictive performance, while J48 provided clear and interpretable decision rules.
The analysis identified key factors influencing customer churn, including contract type, tenure, monthly charges, and total charges. These findings can help organisations develop targeted customer retention strategies and improve customer relationship management. 
Overall, the study highlights the value of data mining in identifying customer behaviour patterns and supporting evidence-based business decisions.
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