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[bookmark: _Toc235646549]                                                                       Introduction  
Customer retention has become an important challenge for many organisations, particularly in industries where customers can easily switch to another service provider. Telecommunications companies collect large amounts of customer data every day, creating opportunities to use data mining techniques to identify patterns in customer behaviour and predict future outcomes. By analysing historical customer information, organisations can make better business decisions and improve customer satisfaction.
This report investigates the use of data mining techniques to predict customer churn using the Telco Customer Churn dataset. The dataset is analysed using the WEKA data mining tool, where different classification algorithms are applied and compared. The report describes the dataset, explains the data pre-processing steps, evaluates the performance of the selected algorithms and provides business recommendations based on the results. Finally, the report reflects on the knowledge and practical skills gained during the completion of the project.
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                            1.1 Purpose and Practice of Data Mining
Data mining is used by organizations to analyses large amounts of data and identify useful patterns, trends and relationships.[1] Instead of only storing information, businesses use data mining to understand customer behavior, predict future outcomes and support better decision-making. It combines techniques from statistics, machine learning and database systems to transform raw data into useful information that can help organizations improve their performance.[1][9]
Retail and service organizations collect customer data every day through sales, subscriptions, online transactions, customer accounts and support services. By analyzing this information, businesses can better understand how customers interact with their products and services. Data mining can identify customer buying habits, measure customer satisfaction and recognize changes in customer behavior over time. This information helps organizations improve marketing strategies, personalize offers and provide services that better meet customer needs.[4]
One of the most common applications of data mining is customer churn prediction. [4][9]Customer churn refers to customers who stop using a company's products or services. Losing existing customers can reduce company revenue and increase the cost of attracting new customers. By analyzing historical customer data, organizations can identify the characteristics that are commonly associated with customers leaving the business. Classification techniques can then be used to predict which customers are more likely to churn, allowing managers to act before this happens by improving customer support, offering personalized promotions or reviewing existing services.[1]
Data mining also supports business decision-making by providing reliable information based on real customer data rather than assumptions.[5] Managers can use the results to improve customer retention, increase customer satisfaction and develop more effective business strategies. In this project, data mining techniques are used to analyses a customer churn dataset and build classification models that help predict whether a customer is likely to leave the company. The findings can support better business decisions and help organizations improve long-term customer relationships.
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                             1.2 Dataset Description and Exploration
The data set used in this project is the Telco Customer Churn Dataset, which contains information about customers of a telecommunications company.[10] The main objective of the dataset is to predict whether a customer is likely to leave the company's services. This makes it suitable for customer churn analysis and classification using data mining techniques.
[image: ]The dataset contains 7,043 customer records and 21 attributes.[10] Each row represents one customer, while each column stores information about the customer's demographic details, subscribed services, account information and churn status. Most of the attributes are categorical, including gender, contract type, payment method, internet service and customer support services. Numerical attributes include SeniorCitizen, tenure, MonthlyCharges and TotalCharges, although the TotalCharges column is stored as text and requires conversion before analysis. The target attribute is Churn, which indicates whether the customer left the company ("Yes") or remained a customer ("No").
[image: ]During the initial exploration, the dataset was checked for missing values and data quality issues. No missing values were found in most attributes. However, 11 records in the TotalCharges column contain blank values, which need to be handled during the data pre-processing stage. Apart from these records, the dataset is complete and suitable for further analysis.
[image: ]Basic descriptive statistics and visualizations help to understand the characteristics of the data before applying classification algorithms. Histograms can be used to examine the distribution of numerical attributes such as tenure and MonthlyCharges, while bar charts can show the number of customers in each contract type or the distribution of the Churn attribute. [1]

These visualizations provide a better understanding of customer behavior and help identify patterns that may influence customer churn. Exploring the dataset before modelling also helps identify potential data quality issues and supports the selection of suitable data mining techniques.
	Property
	Value

	Number of records
	7,043

	Number of attributes
	21

	Target attribute
	Churn

	Missing values
	11 (TotalCharges)

	Categorical attributes
	17

	Numerical attributes
	4
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                        1.3 Data Pre-processing and Post-processing
Before applying any data mining algorithms, it is important to prepare the dataset to improve the quality of the analysis.[1] Data pre-processing helps remove errors, correct inconsistencies and ensures that the dataset is suitable for machine learning. Poor quality data can reduce the accuracy of classification models and produce unreliable results. For this reason, the dataset was explored and prepared before it was imported into WEKA.
The first step was checking the dataset for missing values. During the initial exploration, it was found that the TotalCharges attribute contained 11 missing values. Since this represents only a very small proportion of the dataset, these records can either be removed or replaced using appropriate data cleaning techniques. All other attributes were complete and did not contain missing values.
Another important stage was checking the data types of each attribute. Most of the variables in the dataset are categorical, including gender, contract type, internet service, payment method and customer support options. Numerical attributes such as tenure, MonthlyCharges and TotalCharges were also reviewed to ensure they could be analyzed correctly. The TotalCharges attribute required conversion from text format to a numeric value before further analysis.
The dataset was then prepared for use in WEKA. The original CSV file can be converted into ARFF format, which is the standard file format used by WEKA. During this stage, the attributes and class label were checked to ensure that the target variable (Churn) was correctly recognized as the class attribute for classification. This allows WEKA to train and evaluate predictive models using customer information.[2][3][image: ]
Telco customer churn dataset loaded into WEKA Explorer.
After loading the dataset into WEKA, additional pre-processing techniques can be applied using the built-in filters. Missing values can be replaced using the ReplaceMissingValues filter, while unnecessary attributes such as customerID can be removed because they do not contribute to predicting customer churn. Removing irrelevant attributes helps improve model performance and reduces unnecessary complexity during training.[3][2]
[image: ]
ReplaceMIssingValues filter selected In WEKA.
[image: ]
Dataset after removing the customerID attribute.

Post-processing takes place after the classification algorithms have been executed. The results produced by WEKA are analysed using evaluation measures such as classification accuracy, precision, recall and the confusion matrix. These measures provide information about how well the model predicts customer churn and identify where classification errors occur. Comparing the results from different algorithms helps determine which model provides the best overall performance for the dataset.[2][3]
Overall, data pre-processing and post-processing are important stages of the data mining process. They improve data quality, increase the reliability of the classification models and support more accurate business decisions based on customer churn prediction.
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                             1.4 Sample Runs and Analysis Methods
The classification stage was carried out using WEKA Explorer. Three different classification algorithms were selected to analyses the customer churn dataset: J48 Decision Tree, Naive Bayes and Random Forest. Each algorithm was evaluated using 10-fold cross-validation, which divides the dataset into ten parts and tests the model several times to provide a reliable estimate of its performance. The results were compared using evaluation measures such as classification accuracy, precision, recall, F-measure and the confusion matrix.

 J48 Decision Tree
The first algorithm used was J48 Decision Tree, which creates a decision tree by selecting the attributes that best separate the different classes. Decision trees are widely used because they are easy to understand and can identify relationships between variables. In this project, the J48 classifier was executed using the default settings with 10-fold cross-validation.[7]
[image: ]
J48 Decision Tree classification results using 10-fold cross-validation.

[image: ]
Navie Bayes classification results using 10-fold cross-validation

This shows the results of the Naive Bayes classifier using 10-fold cross-validation in WEKA. The model correctly classified 5,115 out of 7,043 customer records, achieving an overall classification accuracy of 72.63%. The confusion matrix shows that the classifier predicted many customers correctly; however, it also produced a higher number of incorrect predictions compared with the J48 model. Overall, Naive Bayes provided acceptable performance, but its accuracy was lower than the Decision Tree classifier.[8]

[image: ]
Random Forest classification results using 10-fold cross-validation.

This shows the results of the Random Forest classifier using 10-fold cross-validation in WEKA. The model correctly classified 5,545 out of 7,043 customer records, achieving an overall classification accuracy of 78.73%. This was the highest accuracy among the three classification algorithms tested, indicating that Random Forest produced the most reliable predictions for this customer churn dataset.[6]

	Algorithm
	Accuracy
	Correctly Classified
	Incorrectly Classified

	J48
	77.99%
	5,493
	1,550

	Naïve Bayes
	72,63%
	5,115
	1,928

	Random Forest
	78,73%
	5,545
	1,498



This compares the performance of the three classification algorithms. Random Forest achieved the highest classification accuracy (78.73%), followed by J48 (77.99%). Naive Bayes produced the lowest accuracy (72.63%). Based on these results, Random Forest was the most effective model for predicting customer churn in this dataset.

Conclusion
The three classification algorithms produced different levels of performance when predicting customer churn. Random Forest achieved the highest classification accuracy (78.73%), followed by J48 (77.99%), while Naive Bayes achieved the lowest accuracy (72.63%). Although all three models were able to classify customer churn, Random Forest produced the best overall results and the lowest number of incorrect classifications. Based on these findings, Random Forest is the most suitable algorithm for this dataset. The results show that data mining techniques can successfully identify customers who are likely to leave the company and can support better business decisions.[6][7][8]
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                                       1.5 Business Recommendations
The results of the data mining analysis can help the company improve customer retention and reduce customer churn. Since the Random Forest classifier achieved the highest prediction accuracy, it can be used to identify customers who are most likely to leave the company. These customers can then be contacted before they cancel their services.[5]
One recommendation is to provide personalized offers to customers who are identified as being at a high risk of churn. These offers may include discounted service plans, loyalty rewards or contract upgrades that better meet the customers’ needs. Acting before customers decide to leave can improve customer satisfaction and reduce revenue loss.[4]
The company should also continue monitoring customer behavior on a regular basis. By updating the prediction model with new customer data, the business can identify changes in customer behavior and respond more quickly to potential churn. Regular monitoring also helps maintain the accuracy of the prediction model over time.
Finally, the company should use the results of the data mining analysis to support business decision-making. The information produced by the classification models can help managers improve customer service, develop more effective marketing strategies and focus resources on retaining valuable customers. Applying these recommendations can strengthen customer relationships and improve the company's long-term performance.[5][9]

[bookmark: _Toc235646555]                                         1.6 Reflective Commentary
This project gave me a better understanding of how data mining techniques can be used to solve real business problems. Before completing this assignment, I had limited experience with data mining tools and machine learning algorithms. By using WEKA, I learned how to prepare a dataset, apply classification algorithms and evaluate their performance using different evaluation measures.
One of the most challenging parts of the project was the data pre-processing stage. I learned that even small data quality issues, such as missing values or unnecessary attributes, can affect the accuracy of a classification model. Using the WEKA filters helped me understand why data preparation is an important part of the data mining process.
Comparing different classification algorithms also improved my understanding of predictive modelling. I found that each algorithm produced different results, even though they were applied to the same dataset. Random Forest achieved the highest accuracy, while Naive Bayes produced lower accuracy. This showed me that selecting the most suitable algorithm is an important step when analyzing data.
Overall, this assignment improved both my technical knowledge and my practical skills. It gave me confidence in using WEKA and helped me understand how data mining can support business decision-making. In future projects, I would like to explore additional algorithms and experiment with different data preparation techniques to further improve prediction accuracy.
[bookmark: _Toc235646556]
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