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Introduction

The swift growth of digital technologies has greatly altered the telecommunications sector, leading to heightened competition and elevated customer expectations.
Telecommunications companies now gather extensive amounts of customer data through billing systems, service subscriptions, internet usage, technical support interactions, and contract management. This information offers organizations valuable insights into customer behavior, allowing them to devise strategies that enhance customer satisfaction and boost business performance.
However, the sheer volume and complexity of customer data render manual analysis impractical, underscoring the necessity of data mining techniques to extract significant patterns and aid in business decision-making.
Customer churn stands out as one of the most pressing challenges for telecommunications firms. Churn occurs when customers switch from one provider to another or decide to cancel their contracts altogether. Since acquiring new customers is significantly more costly than keeping existing ones, companies are increasingly turning to predictive analytics to pinpoint customers who are likely to leave. By identifying these customers early on, businesses can deploy targeted retention strategies such as personalized promotions, contract incentives, or enhanced customer support.
Data mining integrates statistical analysis, database technologies, and machine learning algorithms to convert raw customer data into actionable business insights. By employing classification, clustering, association analysis, and prediction techniques, organizations can uncover behavioral trends that may not be readily apparent through conventional reporting methods. Predictive models created from historical customer data allow businesses to forecast future customer behavior with a high level of accuracy, thus enhancing operational efficiency and strategic planning.
This report examines the IBM Telco Customer Churn dataset, which includes details about customer demographics, account information, subscribed services, billing data, and churn status. The dataset consists of 7,043 customer records and 21 variables, offering a thorough representation of customer behavior in a telecommunications context. The report outlines the essential phases of a data mining project, starting with an introduction to data mining concepts, followed by an exploration of the dataset, data preparation for modeling, the application of appropriate classification algorithms, evaluation of model performance, and business recommendations based on the results.
Additionally, the report highlights the significance of data preprocessing in enhancing model accuracy and reviews commonly utilized machine learning algorithms, such as Decision Trees, Logistic Regression, and Random Forests. These methods are assessed using established performance metrics, including accuracy, precision, recall, F1-score, and the Area Under the Receiver Operating Characteristic Curve (AUC). In conclusion, the report discusses the strengths and weaknesses of the analysis and explores potential improvements for future predictive modeling projects.
1.1 Purpose and Practice of Data Mining

Data mining involves uncovering valuable patterns, relationships, trends, and insights from extensive datasets through statistical analysis, artificial intelligence, and machine learning methods [1]. It is one of the concluding phases of the Knowledge Discovery in Databases (KDD) process [3], where raw data is converted into meaningful information that aids in informed decision-making. As organizations continue to produce vast amounts of digital data, data mining has become a crucial tool for extracting valuable insights that might otherwise be concealed within intricate datasets.
In contemporary businesses, data mining facilitates a variety of operational and strategic functions. Organizations employ predictive models to anticipate future events, categorize customer behavior, detect fraudulent activities, identify anomalies, and enhance resource allocation [1]. Unlike traditional reporting systems that mainly summarize past information, data mining empowers businesses to forecast future results and make proactive decisions grounded in statistical evidence [2].
A key application of data mining is customer analytics. By examining demographic traits, purchasing habits, service usage, and customer engagement, organizations can group customers into segments with similar characteristics and create personalized marketing strategies. Customer segmentation boosts marketing effectiveness by enabling businesses to provide targeted promotions, customized products, and tailored communications that cater to individual customer preferences.
Predicting customer churn is a vital application, especially in fiercely competitive sectors like telecommunications, banking, insurance, and online retail. Classification algorithms examine past customer data to pinpoint those who might cancel their services. This allows businesses to take action by providing retention offers, upgrading contracts, or enhancing customer support before they decide to leave. Such proactive measures help to lower customer attrition, boost customer lifetime value, and enhance overall profitability.
Additionally, data mining bolsters decision support systems by equipping managers with objective data for strategic planning. Predictive analytics allow organizations to anticipate demand, assess customer profitability, refine pricing strategies, and allocate resources more efficiently. As a result, data mining has emerged as an essential element of business intelligence, empowering organizations to make quicker, more precise, and data-informed decisions in an increasingly competitive landscape.




1.2 Dataset Description and Exploration 

The dataset utilized in this research is the IBM Telco Customer Churn dataset [4], which includes data on 7,043 customers from a telecommunications firm. The main goal of this dataset is to pinpoint the factors that affect a customer's decision to stay with the company or to leave. Predicting customer churn is a binary classification challenge, making this dataset ideal for supervised machine learning methods such as Decision Trees, Logistic Regression, Random Forest, and Naïve Bayes.
This dataset comprises 21 attributes, featuring one target variable (Churn) and twenty predictor variables that detail customer demographics, services subscribed to, account information, and billing specifics. Each row corresponds to a distinct customer, while each column represents a particular characteristic that could impact customer behaviour. The variables can be categorized into four primary groups: demographic data, account information, services subscribed, and financial details see Fig 1.
Demographic variables encompass gender, SeniorCitizen status, Partner, and Dependents, offering insights into the customer's personal traits and household structure. Account-related variables include tenure, Contract type, PaperlessBilling status, and PaymentMethod, which illustrate how long customers have been with the company and their account management practices. Service-related variables consist of PhoneService, MultipleLines, InternetService, OnlineSecurity, OnlineBackup, DeviceProtection, TechSupport, StreamingTV, and StreamingMovies. Financial variables include MonthlyCharges and TotalCharges, reflecting customers' ongoing and total spending on telecommunication services. The response variable, Churn, indicates whether the customer has left the company ('Yes') or stayed ('No') see Fig 2.
The dataset comprises both categorical and numerical data types. Most of the variables are categorical, which makes them ideal for classification-based machine learning algorithms after suitable encoding. The numerical variables include tenure, MonthlyCharges, and TotalCharges, while SeniorCitizen is stored as a numerical value but represents a binary categorical feature. This mix of variable types enables predictive models to analyse both behavioural and demographic factors influencing customer churn.
Prior to building predictive models, exploration data analysis (EDA) was performed to gain insights into the data's structure and quality. The first step was to check for any missing values. An initial review revealed that most variables were complete. However, the TotalCharges attribute had a few blank entries [4]. These missing values likely pertain to customers who have recently signed up and thus have not yet accrued total charges. Given that the percentage of missing values was minimal, they could be either removed or substituted with suitable numerical values without significantly impacting the dataset.
Descriptive statistics were computed for the numerical variables to summarize their distributions. The tenure variable ranged from customers who had just joined the company to those who had been with it for several years, indicating a wide variation in customer loyalty. MonthlyCharges also showed a broad range of values, reflecting the differences in service packages and subscription options. TotalCharges displayed even greater variability because it accumulated charges over the customer's entire relationship with the company.
Visual exploration offers deeper insights into customer behaviour. The histogram of tenure revealed that many customers had either very short or very long relationships with the company, indicating the presence of two distinct customer segments: newly acquired customers and long-term loyal subscribers.
The histogram of MonthlyCharges shows significant variation in customer spending, suggesting that customers opt for different combinations of telecommunication services.
Bar charts representing categorical variables reveal several interesting trends. Customers on month-to-month contracts seem to have a higher likelihood of churning compared to those on one-year or two-year contracts. Likewise, customers lacking services like Online Security or Tech Support tend to show increased churn rates. The distribution of the target variable also suggests that there are more non-churn customers than churn customers in the dataset, indicating a moderate class imbalance. While this imbalance is not critical, it should be considered during model development as it may affect classification performance.
Correlation analysis among numerical variables provides additional insights into customer behaviour. MonthlyCharges and TotalCharges exhibit a positive correlation, as customers with higher monthly subscriptions naturally incur larger overall bills. Furthermore, customers with longer tenures typically have higher TotalCharges, reflecting the cumulative nature of long-term service usage. These relationships underscore the significance of account duration and spending behaviour as potential indicators of customer churn.
Overall, the exploratory analysis demonstrates that the dataset is well structured and highly suitable for predictive modelling. It contains a diverse range of customer characteristics with relatively few data quality issues, providing a strong foundation for developing accurate and interpretable customer churn prediction models.
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Figure 1. IBM Telco Customer Churn dataset structure and attribute information displayed in Weka.
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Figure 2. Churn Distribution (Class Imbalance)


1.3 Data Pre-processing and Post-processing 

Data pre-processing is a crucial step in the data mining process, as the quality of the input data has a direct impact on the effectiveness of predictive models [5]. Machine learning algorithms depend on data that is accurate, consistent, and well-organized to uncover significant patterns. However, real-world datasets often have issues such as missing values, inconsistent formats, duplicate entries, and imbalanced classes [5], all of which can negatively affect model accuracy if not addressed. Thus, prior to implementing any classification algorithms, the IBM Telco Customer Churn dataset was thoroughly reviewed and prepared to ensure its readiness for predictive modelling.
The initial step involved checking the dataset for any missing values and inconsistencies. While the dataset was mostly well-organized, the TotalCharges attribute had a few blank entries see Fig 3. This attribute indicates the total amount charged to a customer over their time with the company. An investigation into these missing values revealed that they were mainly associated with customers who had very short tenures and had recently joined the company, lacking sufficient billing history. Since the number of missing records was minimal compared to the total dataset, these entries could either be eliminated, or the missing values could be filled in using a suitable statistical method. Opting to remove a small number of incomplete records was deemed appropriate, as it reduced the risk of introducing bias while maintaining the overall integrity of the dataset.
After addressing the missing values, we proceeded to check the dataset for any duplicated records. Duplicate entries for customers can arise during data integration, system migrations, or when customers register multiple times. These duplicates can skew statistical summaries and lead machine learning algorithms to overemphasize repeated data points. To ensure each customer was represented only once in the dataset, we utilized the customerID attribute. Since this identifier is merely a unique reference without any predictive value, it was excluded from the model development phase following the duplicate check. By removing non-informative identifiers, we help prevent algorithms from learning irrelevant relationships that could harm predictive accuracy.
The next step was to validate the data types for all attributes. We confirmed that numerical variables, such as tenure, MonthlyCharges, and TotalCharges, were correctly stored in numeric format. Most of the other variables were categorical, featuring values like "Yes", "No", "Male", "Female", and various service categories. Maintaining consistent data formats is crucial, as many machine learning algorithms require numerical inputs. We corrected any inconsistencies in category labels, including spelling errors or extra whitespace, to ensure uniformity across the dataset.
Given that most predictor variables were categorical, it was necessary to use an appropriate encoding technique before implementing certain machine learning algorithms. Binary variables like gender, Partner, Dependents, PaperlessBilling, and Churn were converted into numerical values through label encoding. Meanwhile, variables with multiple categories, such as InternetService, PaymentMethod, and Contract, were transformed using one-hot encoding. This method generates distinct binary variables for each category, preventing algorithms from mistakenly assuming a natural numerical order among categorical values. This transformation is especially crucial for Logistic Regression, as the algorithm needs numerical predictors and could yield misleading results if categorical variables are represented by arbitrary numerical values.
Additionally, feature scaling was considered during the preprocessing stage. The numerical variables in the dataset are measured in various units and ranges. For instance, tenure is expressed in months, while MonthlyCharges and TotalCharges are represented in monetary values. Algorithms that depend on distance calculations, like k-Nearest Neighbours or Support Vector Machines, are sensitive to scale differences. Although Decision Trees and Random Forest algorithms typically do not require feature scaling, Logistic Regression often benefits from standardization, as it enhances optimization during model training. Standardization adjusts numerical variables to have a mean of zero and a standard deviation of one [6], ensuring that all numerical features contribute equally to the model's development.
The dataset was also analysed for outliers through descriptive statistics and boxplots. Outliers are defined as unusually high or low observations that could impact statistical analysis and predictive modelling. In the telecommunications sector, customers with very high monthly bills or lengthy service histories are not necessarily mistakes; they may indicate premium customers with extensive service plans. Therefore, these observations were kept as they represent authentic customer behaviour rather than errors in data entry. Only values that are clearly impossible or inconsistent with the business context would need to be corrected or removed.
Another important aspect during preprocessing was the distribution of the target variable, Churn. Exploratory analysis revealed that the number of customers who stayed with the company was greater than those who left, leading to a moderately imbalanced dataset see Fig 2. While this imbalance was not severe, classification algorithms can become biased towards the majority class, resulting in misleadingly high accuracy while neglecting to identify customers who are genuinely at risk of leaving. To mitigate this issue, balancing techniques like the Synthetic Minority Over-sampling Technique (SMOTE) or random oversampling can be utilized [12] to enhance the representation of churn cases in the training data. These strategies improve the model's capability to identify customers likely to churn and generally boost recall without significantly compromising overall accuracy.
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Figure 3. Missing Values


1.4 Sample Runs and Analysis Methods 

The main goal of this analysis was to create predictive models that can identify customers likely to stop using their telecommunications services. Given that the target variable (Churn) is binary, indicating whether customers stay with the company ("No") or leave ("Yes"), this issue is categorized as a supervised classification task. Various classification algorithms available in Weka were examined to determine their effectiveness for predicting customer churn. The chosen algorithms included J48 Decision Tree, Logistic Regression, and Random Forest, as these techniques are well-known for their success in business analytics and predicting customer behaviour.
Before training the models, the prepared dataset was loaded into Weka Explorer. After preprocessing, the Churn attribute was set as the class variable, while the other customer characteristics acted as predictor variables. To ensure reliable estimates of model performance, 10-fold cross-validation was chosen as the evaluation method see Fig 4. This technique splits the dataset into ten equal-sized subsets. In each iteration, nine subsets are utilized for training, while the remaining subset is reserved for testing. This cycle continues until every subset has been used as the test dataset once. The final performance metrics are derived by averaging the results from all ten iterations. In comparison to a simple train-test split, 10-fold cross-validation offers a more dependable estimate of model performance since every observation is utilized for both training and validation.
The initial algorithm assessed was the J48 Decision Tree, which represents Weka's version of the C4.5 decision tree algorithm [7]. Decision trees are especially effective for predicting customer churn as they produce straightforward and interpretable decision rules that managers can easily grasp without needing advanced statistical expertise. The algorithm systematically splits the dataset into more homogeneous groups by choosing the predictor variable that yields the highest information gain at each decision node. In the IBM Telco Customer Churn dataset, factors like Contract, tenure, MonthlyCharges, and OnlineSecurity are expected to rank high in the tree due to their significant impact on customer retention. For instance, customers with month-to-month contracts and shorter tenures might be identified as high-risk churn customers, while those with long-term contracts and longer tenures are typically predicted to stay with the company. A key benefit of decision trees is their clarity, enabling organizations to comprehend precisely how predictions are made. Nonetheless, individual trees can be prone to overfitting, especially when they become overly complex.
The second algorithm examined was Logistic Regression see Fig.5, which is one of the most utilized statistical classification methods in business analytics. Logistic Regression calculates the likelihood that a customer falls into the churn category [9] by analyzing the connection between the independent variables and the binary outcome. In contrast to decision trees, Logistic Regression presumes a linear relationship between the predictor variables and the log odds of customer churn. While this assumption might limit flexibility in modeling highly intricate relationships, Logistic Regression presents several significant benefits. The regression coefficients offer valuable insights into how each variable affects customer churn. Positive coefficients signify variables that heighten the likelihood of churn, whereas negative coefficients highlight factors linked to customer retention. This degree of interpretability renders Logistic Regression especially useful when managers seek to understand the reasons behind customer churn predictions, rather than just receiving a classification outcome.
The third algorithm chosen was Random Forest, which is an ensemble learning technique [8] that merges the predictions from multiple decision trees to enhance overall classification performance. Rather than depending on a single tree, Random Forest builds hundreds of trees using randomly chosen subsets of both observations and predictor variables. The final classification is made through majority voting among all individual trees. This ensemble method greatly minimizes the risk of overfitting while boosting predictive accuracy and generalization to new data. Random Forest is especially effective for predicting customer churn as it adeptly models intricate interactions between demographic traits, service subscriptions, contract types, and billing details. Additionally, Random Forest automatically computes feature importance scores, allowing analysts to pinpoint the variables that have the most significant impact on churn prediction. Previous studies utilizing the IBM Telco Customer Churn dataset have consistently highlighted Contract, tenure, MonthlyCharges, OnlineSecurity, TechSupport, and PaymentMethod as some of the most influential predictors.
A variety of evaluation metrics were employed to assess the predictive performance of the three classification models [10]. While classification accuracy is the most frequently reported metric, it should not be viewed in isolation since the dataset has a higher number of customers who stay compared to those who churn. A model could achieve relatively high accuracy simply by predicting that most customers will not leave. Consequently, additional performance metrics were analyzed to offer a more comprehensive evaluation.
Precision gauges the percentage of customers predicted to leave who do so. High precision minimizes unnecessary retention efforts aimed at customers who would have stayed without intervention, thus lowering marketing expenses.
Recall, or sensitivity, assesses the percentage of actual churners accurately recognized by the model. In the context of predicting customer churn, recall is crucial because missing customers who truly plan to leave can lead to substantial financial losses.
The F1-score merges precision and recalls into one performance metric by calculating their harmonic meaning. This measure is particularly beneficial when trying to balance the need to accurately identify churners while minimizing false alarms.
Another key performance metric is the Receiver Operating Characteristic (ROC) curve along with the Area Under the Curve (AUC) [11]. The ROC curve depicts the relationship between the true positive rate and the false positive rate at various classification thresholds. The AUC encapsulates the model's capability to differentiate between customers who churn and those who stay. Values approaching 1.0 signify outstanding predictive performance, whereas values near 0.5 indicate that the model is only slightly better than random guessing. Since AUC assesses ranking performance without relying on a specific classification threshold, it offers a thorough evaluation of classifier efficiency.
After evaluating the model, confusion matrices were created for each algorithm. A confusion matrix outlines the counts of true positives, true negatives, false positives, and false negatives, offering valuable insights into the types of classification errors made by each model. From a business standpoint, false negatives tend to be more expensive than false positives because not recognizing customers likely to churn means no retention measures will be implemented. As a result, telecommunications companies typically favor models that enhance recall while ensuring precision remains at an acceptable level.
In summary, the comparative analysis indicates that each algorithm has unique strengths. The J48 Decision Tree delivers highly interpretable decision rules, which are beneficial for managerial decision-making. Logistic Regression provides statistical insights into how customer traits affect churn probability, aiding in evidence-based business decisions. On the other hand, Random Forest is generally anticipated to provide the best predictive performance due to its capability to model intricate relationships and mitigate overfitting through ensemble learning. By evaluating these algorithms with various metrics instead of focusing solely on accuracy, organizations can choose the model that strikes the right balance between predictive performance and business interpretability, ultimately enhancing customer retention strategies.
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Figure 4. Weka classification configuration using Churn as the target variable and 10-fold cross-validation.
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Figure 5. Logistic Regression model coefficients and classification performance.



1.5 Business Recommendations 

The results from the customer churn analysis offer several actionable suggestions that can assist telecommunications companies in enhancing customer retention and boosting long-term profitability. A key factor affecting churn is the type of contract customers have. Those on month-to-month contracts tend to leave more frequently than those with one-year or two-year agreements. Thus, the company should promote longer-term contracts by providing incentives like discounted monthly fees, complimentary service upgrades, or loyalty rewards. By increasing the number of customers on fixed-term contracts, the company can likely decrease churn and enhance revenue stability.
The analysis also indicates that customers with shorter tenures are more prone to leaving the company. This underscores the need to create a positive experience during the initial phases of the customer lifecycle. Implementing welcome programs, personalized onboarding, and proactive customer support in the first few months can boost customer satisfaction and foster long-term loyalty. Consistent communication with new customers can also help in identifying and addressing issues before they result in contract cancellations.
Another suggestion is to enhance the promotion of value-added services like Online Security, Tech Support, and Device Protection. Customers who subscribe to these services typically show higher engagement with the company and may find greater value in their subscriptions. Marketing campaigns that bundle these services with current packages could elevate customer satisfaction and help reduce churn.
Integrating predictive analytics into everyday business practices is essential. By utilizing machine learning models to pinpoint customers at a high risk of churn, managers can better prioritize retention strategies and allocate marketing resources more efficiently. Rather than reaching out to all customers uniformly, businesses can concentrate their efforts on those most likely to depart, enhancing both efficiency and return on investment.
Moreover, it is crucial to continuously monitor customer feedback through satisfaction surveys and evaluations of service quality. By merging predictive analytics with customer insights, organizations can swiftly address emerging challenges, fortify customer relationships, and sustain a competitive edge in the telecommunications sector.







1.6 Reflective Commentary 

This project showcased how data mining techniques can effectively address a real-world business challenge by forecasting customer churn in the telecommunications industry. The IBM Telco Customer Churn dataset offered a realistic and thorough compilation of customer data, making it ideal for implementing various supervised machine learning algorithms and assessing their performance. Throughout the project, it became clear that meticulous data preparation is as crucial as choosing the right predictive models. Cleaning the dataset, addressing missing values, encoding categorical variables, and selecting relevant features all played a significant role in generating reliable and insightful results.
Each of the chosen classification algorithms presented unique benefits. The J48 Decision Tree generated decision rules that were straightforward to understand, making them valuable for managers who want to grasp the factors affecting customer churn. Logistic Regression offered important statistical insights into how customer traits relate to the probability of churn, making it useful for justifying business decisions. Random Forest was anticipated to deliver the best predictive performance due to its capacity to model intricate interactions while minimizing overfitting through ensemble learning. While all three algorithms are suitable for predicting churn, the final model selection ultimately hinges on whether the focus is on predictive accuracy or interpretability as the main business goal.
While the analysis has its strengths, it is important to recognize several limitations. The dataset is limited to a single telecommunications provider, which may not accurately represent customer behavior across various organizations or markets. Furthermore, the analysis was based solely on the variables present in the dataset, excluding external factors like customer satisfaction scores, competitor pricing, or service outage history, all of which could impact customer choices.
If this project were to be conducted again, there could be enhancements such as testing additional machine learning methods like Gradient Boosting or XGBoost, optimizing hyperparameters to boost model performance, and applying feature engineering to develop more insightful predictor variables. Future research might also focus on analyzing more current customer data to see if behavioral trends evolve over time. In summary, the project showcased the practical benefits of data mining in facilitating evidence-based decision-making and underscored the significance of predictive analytics in enhancing customer retention strategies.
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Attributes: 21 Name: TotalCharges

Sum of weights: 7043 Missing: 11 (0%)
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