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[bookmark: _Toc236135920]Abstract
In this report predictive analytics are used to examine the Telecom Customer Churn data set to address the question of which customers might build their decisions to cancel their service as well as other patterns in the data that could be aimed at supporting customer holding. It is based on a clear data mining that will include data preprocessing, data understanding, feature extraction, model building and data assessment.   Therefore, organisations are becoming gradually adopting strategies such as data mining and machine learning to address predictive as well as actively make business decisions. In the contemporary telecommunications industry, holding its custom in a highly competitive world is one of the biggest tasks where the expectations of its clients are constantly changing. Customer churn has become a business problem that becomes realsince it is more expensive to lose customers than to retain them.
The performances of each classification model were calculated and analysed in terms of correctness, precision, recall, F1-score, confusion matrix and Receiver Operating Typical (ROC) analysis, as the suitable performance measures. Besides classification, an unsupervised learning technique was performed to find hidden segments of customers and their behavior for customers who churned.
The results indicate that it will be possible to have good classification rate with the machine learning techniques applied to the problem of customer churn and gauge the factors inherent in customer churn. Comparative analysis emphasises the positive and negative aspects of each model and the most appropriate one to predict churn in the dataset. Findings as well provide practical recommendations that can assist the telecommunications companies in promoting customer retention, reducing revenue loss as well as developing customer behaviour-based marketing techniques. In conclusion, the study demonstrates the potential of data mining techniques to aid specially decision making in evidence based decision making and improve business performance in the telephones industry.
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[bookmark: _Toc236135921]1. Introduction
One of the greatest challenges for organisations in the telecommunications sector is customer retention. Technology is well advanced, customers can easily switch between telecommunications companies, service provision has been made much easier, and demand has outstripped this service growth as well (Imani et al., 2025). Consequently, customer churn, or customers who stop using the services of a company or business, is a big concern when companies need to stay profitable and growing through the long haul. The study revealed that customer retention in the strategic a strategic consideration for Telecommunication companies because it is more economical to retain a customer than acquire new customer. With the inception of Data Mining, Machine Learning and Predictive Analytics (PA), organisations now have a myriad of tools available at their fingertips to understand customer behaviour and pattern recognition which may serve as a red flag for Churn. Knowing what to look out for can help businesses intervene to keep customers from defection before they turn to competitors by analysing the vast amount of data that the business has regarding their customers. By using predictive analytics, businesses can turn data into valuable insights, aiding in evidence-based decision-making and the enhancement of business performance.
[bookmark: _Toc236135922]Many classification techniques have been adapted towards customer churn prediction as it can be used to classify a customer into predefined classes such as Churned Customer Class and Non-Churned Customer Class (Kidney et al., 2024). Machine learning algorithms seek trends in historical customer data, and predicts the future using the trend. In addition to the classification techniques, other insights can be offered by unsupervised learning (including clustering techniques) by determining other groups of customers that share similarities and behaviours. By taking a combination of classification with clustering method, the organisations can realise a level of insights on customer behaviours and develop more profound customer retention strategies.
In this experiment we attempt to use data mining method in predicting the churn of a customer based on Telecom Customer Churn dataset. In particular, it develops and tests several classification models to predict customers that are likely to cancel their contracts. Additionally, other patterns and groups of customers are discovered by using the clustering algorithm. A set of performance indicators of the functionality of the models are set and evaluate the outcomes in the context of a business to make strategic decisions.
2. Literature Review
[bookmark: _Toc236135923]2.1 Predictive Analytics in Problems
[bookmark: _Toc236135924]This is applicable in analysing the past and predicting future. It combines both numerical analysis and machine learning and AI technologies to find out the relations and patterns of extensive data sets. Predictive analytics helps businesses make smart decisions, predict customer behaviour, mitigate risks, optimise operations and boost profitability in today's data-rich business landscape. The telecom sector is not an exception as predictive analytics is an actively deployed practice: Telecom companies have considerable data regarding customers as they use their services, possess billing history, belong to the company subscriber base, and engage with the company. Through this information, organisations will be able to anticipate its customers to churn and take the right steps to keep them at the organisation till they do not abandon it.
Majority of the studies and practices implemented by both researchers and practitioners have revolved around customer churn prediction bearing in mind that it is easier and faster to retain a customer compared to acquiring a new customer. Churn prediction is the method of determining the possibility of end-users dropping a service, depending on their past actions and personal attributes. However the Manzoor et al., (2024) customer churn is influenced by a variety of factors, such as customer demographics, fintech details, repayment methods, net attributes, client support interactions, and length of service. Companies that have the ability to identify the high-risk group at an early stage can make an extra effort to give special promotions, superior customer service and/or customer relationships to keep customers and offset missed revenue.
2.2 Classification Techniques for Customer Churn Prediction
Imani et al., (2025) say that certain most common supervised machine learning techniques which are employed to predict customer churn are classification-based. Learning patterns of the labelled historical data are achieved by classification algorithms and the new data is classified under the previously established classes. Classes used in churn prediction are usually churners and stayers amid the customers. Supervised learning is based on the previous information which is known to be so that the algorithm will be able to determine the trends between the attributes of customers and customer behaviour that have led to churn. Quality of classification models is determined by other criteria: data quality, choice of the features, class balance and optimisation of the parameters
One of the easiest and most utilized among the classification algorithms is the Logistic Regression, the basis model. One of the models that estimates the effects that the independent variables have on a binary-dependent variable is Logistic Regression, a method that estimates the chance that a customer is a member of the churn class. Hall et al., (2024) it has been shown that Logistic Regression yields good results when the relationships between the variables are not too highly nonlinear and when the data is suitably customized. Another advantage of Logistic Regression is that the coefficient found can be interpreted, which can be useful in understanding the impact of a single feature on the probability of a buyer leaving, and can be pertinent in evaluating what action(s) the company should take.
Decision Tree algorithms are also often used in Churn prediction as they result in easily understood rules and decisions. Decision Trees split the set of data in smaller sets by considering major features at the decision points. With such hierarchical structure, businesses are also able to view the sequencing of conditions leading to customers dropping. Decision tree is able for non-linear relationships and interactions of variables without complex data transformation. 
Ensemble learning approaches are more widely used these days; Random Forest, which is an ensemble of Decision tree, can overcome the limitations of individual. Random Forest is an ensemble of multiple decision trees which are built using different subsets of the training data and the prediction of these different decision trees is combined using maximum voting. This ensemble approach will reduce overfitting and increase prediction accuracy and increase the robustness of the model. Random Forest has been shown to demonstrate high performance consistently when applied to customer churn data because it is effective in modeling complex relationships, is relatively robust to noisy data, and handles missing values. Furthermore, Random Forest delivers feature importance scores which variables have the greatest influence on problems.
[bookmark: _Toc236135925]2.3 Clustering Techniques in Customer Analytics
Classification methods can be used to prediction Customer Churn, but may not always be able to uncover customer segments in the data. Hence Mamun (2024) there is a need to have supervision and un supervision method like clustering. Clustering refers to grouping customers together by their characteristics even though there are no defined classes to group them into. Clustering, unlike classification, can be helpful for understanding the structure of the data, and determine the natural customer segments which might not be obviously discernible. These segments could be helpful in crafting targeted marketing strategies and personalised retention efforts for specific customer segments.
K Means Clustering, being simple in nature and executing fast, is one of the most popular clustering algorithm. Bilal et al., 2023 says that algorithm clustering the customers into these clusters, by a predetermined number of clusters, will minimise the distance of the customers with the predetermined cluster centre. Each cluster contains customers who share similar characteristics useful for addressing them and each cluster contains customers whose behavioural attributes differ. In Customer Churn Analysis, the customers' banking relationship behaviour is identified as a cluster using K-Means clustering, which helps organisations to tailor the approach to the intervention for each cluster.
2.4 Model Evaluation Techniques
As part of predictive analytics, the evaluation of the machine learning models is included, as no single performance measure criteria would be enough to give an overall assessment of the performance quality of the model. Sometimes the accuracy is given, which can give false results particularly if there is a tilted distribution of the classes involved. Therefore, various evaluation metrics such as accuracy, precision, recall, F1-score, confusion matrix and Receiver Operating Characteristic (ROC) analysis are recommended for use by researchers.
The proportion of correct prediction is called accuracy, and the proportion of predicted churn customers that are actually churn customers is called precision. Mamun, (2025) found  recall can be considered to be a measure of how well the model can recognize the actual churners, which is crucial in customer retention scenarios, as failing to correctly identify churners will lead to loss of money for the company. The F1-Score is a combined measure of precision and recall that provides an overall balance of the performance of the model. While the ROC analysis and Area under the Curve (AUC) assess the model's performance at range of different thresholds, the confusion matrix shows specific details regarding to correct and incorrect forecasts.
[bookmark: _Toc236135927]2.5 Research Gap and Justification
[bookmark: _Toc236135928]Recent studies have indicated that machine learning techniques are of great help in predicting customer churn as it is compared to traditional statistical techniques. Shahabikargar et al., (2026) however, most of these studies are more interested in enhancing predictive accuracy of the models, little is done in terms of comparing the models and their meaning, or business decision making using the models. Furthermore, the supervised classification usage, when combined with unsupervised clustering is less researched, which is needed to obtain, as much as can be, a full picture of a customer behaviour.
To address this shortcoming, this work proposes several classification algorithms, and integrates with the clustering analysis basing on the Telecom Customer Churn data set. Comparative analyses of different models can also be carried out along with customer segmentation, this will offer more comprehensive insights that will help make more strategic decisions regarding customer retention. These methods are all combined in the workflow enabling telecom providers to be able to better gauge customers in terms of risk and decide suitable retention strategies to use with them supported by evidence.
3. Dataset Description.
[bookmark: _Toc236135929]3.1 Overview of the Dataset
Data used in this study is a Telecom Customer Churn dataset that includes customer information from a telecommunications company (Sikri et al., 2023). This dataset can be used to predict customer churn, with demographic, account, and service usage data along with billing information for every customer. The variable to be predicted is Churn, meaning if the customer has stopped using the company's services. In the field of predictive analytics, the problem of predicting whether a customer will remain a customer of the firm or that they will “churn” has been commonly employed due to its relevance to the business goal of customer retention.
[bookmark: _Toc236135930]There are numerous variables in the data set, which include different aspects of customer behaviour and account characteristics. These factors include demographic ones such as gender, age, marital status, number of dependents, for example, and ones related to the services, Internet service, a telephone service, multiple telephone services, Internet security, online backup, protection of devices, tech support, streaming TV, or streaming movies. Furthermore, it has financial details like month-to-month charges, total charges, means of payment, contract type, duration of contract, and billing preference (Fujo et al., 2022).
3.2 Data Pre-processing
The data was precisely pre-processed in order to guarantee data dazzle and enhance model act prior to the formation of the machines learning models. Data preparation was done in which any missing data where necessary was handled, duplicate records were removed and anomalies verified in the data. Categorical information (e.g. by one-hot encoding or other appropriate schemes) was numerically encoded to allow the machine learning algorithms to operate on it. The quality of the numerical variables was rated and transformations done where it was necessary to improve the quality of the model.
Feature selection was carried out so that only the variables that assist in prediction of the customer churn are selected but not only unnecessary information. After that the dataset features were separated from the target variable (Churn). The data was divided into training and testing data sets to classification algorithms fairly (Miah et al., 2024). The machine learning models were trained using the exercise dataset and evaluated using the testing dataset to see how well they were able to predict customers churn for unseen customers.
The data was well-prepared and served as a strong basis for classification and clustering analysis. The process of ensuring the data was properly preprocessed provided greater consistency, reduced the effects of irrelevant information and also made the overall results of the predictive models built as part of this study more reliable.
[bookmark: _Toc236135931]4. Methodology and Model Implementation
[bookmark: _Toc236135932][image: ]4.1 Research Methodology[bookmark: _Toc236151213]Figure 1: python Library

[bookmark: _Toc236135933]This study is premised on a quantitative study using machine learning in order to predict the churning of the customers. The methodology was carefully designed and it got the goal of the acquisition of raw customer data and transforming it into quality business information in a step-by-step process to prepare data, feature selection, model building and analysis of application. The data was analysed with Python code on the Google Colabs platform and different data science packages were used, such as Pandas, Matplotlib, NumPy, scikit-learn and Seaborn to manipulate data, pretextual data, data visualisation and machine learning. This is a hybrid of both, supervised and unsupervised methods of data mining where multiple organization models of the data set are constructed to predict churn and a processed data set is produced to further analyze in WEKA. A systematic process will enable one to build valid and reproducible models that can be utilized to help in making business decisions.
[image: ]4.2 Data Collection and Pre-processing[bookmark: _Toc236151214]Figure 2: Data Loading

[bookmark: _Toc236135934]Customer's basic demographic data, data pertaining to services subscribed by customers, billing data and customer usage data form the Telecom Customer Churn data set. First, some of the columns that were not relevant to the prediction of the customer churn – e.g., customer identification column were removed. The data set was preprocessed through various steps to improve the quality and suitability of data for machine learning, before creating the model. Symbols indicating missing values, like "NA", "U" or empty strings were replaced by standard missing values. Numerical variables were imputed using median values and the most common data category was used to impute categorical variables. By doing so, we are able to limit the losses of information and assure the integrity of the information we work with. One hot encoding was used to encode categorical variables since machine learning algorithms require a numerical input. This enabled them to transform the categorical attributes to binary attributes, but did not allow them to artificially impose numerical relationships between the categories. Additionally, using data consistency checks and data preparation of feature selection and models were conducted as part of the pre-processing.
[image: ]4.3 Feature Selection and Data Preparation[bookmark: _Toc236151215]Figure 3: Feature Selection.

In machine learning, however, feature selection might make a tremendous difference in obtaining the good performance since it can be realized by filtering out less informative attributes and only keeping most informative ones. In this study SelectKBest with ANOVA F-test has been used to find out the features which have the best relationship with customer churn. Selecting the most pertinent features allows to further reduce the computational load, minimises noise in the measurement data and facilitates the interpretation of a model.
After feature selection process, data was split into training and testing sets in 80 20 ratio respectively. Machine learning model were capable using the training dataset and the testing dataset was used to check the oracular performance.
Since the number of customers who remain with the company is likely to be higher than the number of customers who churn out, customer churn data tends to be imbalanced. In the training dataset, this problem was remedied by using Synthetic Minority Oversampling Technique (SMOTE). SMOTE helps model in learning the balanced decision boundaries thereby minimizing the possibly of biased predictions towards the majority class with creation of synthetic minority class examples.
Lastly, the feature is scaled using StandardScaler algorithm. Standardisation scales the numerical variables in such a way that the mean is equal to zero and the variance is equal to one.
[bookmark: _Toc236135935][image: ]4.4 Classification Model Development[bookmark: _Toc236151216]Figure 4: SVM Models

Three monitored machine learning algorithms were utilized to forecast churn of the customer namely Random Forest, Logistic Regression and Support Vector Machine (SVM). These algorithms were selected because they are all distinctly different types of machine learning and can be informatively compared on predictive performance.
One of the most popular binary classification models referred to as the Logistic Regression was the simplest model created. The Logistic Regression is a model that is used to estimate the probability of the target variable on the basis of customer attributes - the customer is either a churn or non-churn. The model was trained with the scaled training set by increasing the max number of iterations, to make sure that the optimisation converged.
Random forest, an ensemble learning method, was the second classification model used, which relies on a combination of individual decision tree to make stable and accurate predictions and is less prone to overfitting. A Random Forest (100 decision trees) was constructed using the training data set. For prediction, all trees individually predicted customer churn and final prediction was based on majority voting. Random Forest model also generated the feature importance scores, which determined which variables affect the prediction of customer churn the most alongside their classification.
Support Vector Machine (SVM) was the third classification algorithm used. It creates an optimal hyperplane which optimally separates the churn and non-churn customers. It is dependent on feature scaling so the standardised data obtained from the preprocessing process was used to train the model. This algorithm is effective on high dimensional and complex decision boundaries.
[bookmark: _Toc236135936][image: ]4.5 Exploratory Data Analysis and Feature Importance[bookmark: _Toc236151217]Figure 5: Random Forest.


Having chosen the significant features according to Random Forest, further exploratory data analysis (EDA) has also been done using 10 top ranked features. The distribution of the numerical traits and any unusual values were calculated using summary statistics.
Relationships between the selected variables were investigated and a correlation heatmap was created to identify if the selected predictors had the problem of multi collinearity. A feature importance visualisation was plotted, of each feature, to determine which are most important and contribute to customer churn prediction, which provides a useful business insight of how customers behave.
Histograms were created to discover the distribution of each of the selected features and the boxplots comparing the churned-customers to non-churned-customers were plotted to find contrast in customer behaviors between the two. Lastly for the class distribution plot, the distribution of problems and non-churn customers in the dataset was plotted. These visualisations helped in conjunction with the understanding of the data set before interpretation of machine learning results.
[bookmark: _Toc236135937][image: ]4.6 Model Evaluation Strategy[bookmark: _Toc236151218]Figure 6: Model Evaluation.

Several prediction assessment metrics were used to assess the performance of each classification model in order to overcome the limitations of prediction accuracy. Accuracy indicated the overall percentage of classified observations and precision measured the percentage of churning observations among those classified (Sathyanarayanan et al., 2024). Recall examined whether the model accurately predicted real-time churn customers, and what is crucial for customer retention is that it will incur financial losses if the model didn't indicate that the customers were at risk.
[bookmark: _Toc236135938]F1 Score has been determined to maintain a trade-off between a recall and the precision. Confusion matrices were drawn of each of the models to show how many times each model made an accurate or inaccurate classification which may then be greatly analysed as to false positive and false negative predictions. These assessment measures allowed viewing the whole picture of the classification models to be able to choose the most effective evaluation algorithm to predict customer churn.
Other than developing models, the cleaned data, and the reduced data set which had the top ten features that were selected was exported in the form of CSV or ARFF. This allowed the reformatted data to be used in WEKA to further research and confirm. The integration of robust reprocessing methods, feature selection, different types of classification model and exhaustive testing formed a strong framework of predicting customer churn and give business insights that can be acted upon.
5. Model Evaluation and Comparison
[bookmark: _Toc236135939]5.1 Overview of Model Evaluation
	Model
	Accuracy
	Precision
	Recall
	F1-Score
	ROC-AUC
	Strengths
	Limitations

	Logistic Regression
	84.2%
	80.6%
	76.8%
	78.7%
	0.86
	Simple, interpretable, fast training
	Cannot capture complex non-linear relationships

	Random Forest
	89.7%
	88.5%
	85.9%
	87.2%
	0.93
	High predictive performance, reduces overfitting, provides feature importance
	Higher computational cost and lower interpretability

	Support Vector Machine (SVM)
	87.8%
	85.7%
	82.4%
	84.0%
	0.91
	Effective for high-dimensional data and complex decision boundaries
	Computationally expensive and difficult to interpret



Evaluating the act of the machine learning models is an important step during the process of predictive analytics that helps determine the success of the machine learning models created for class classification of customer churn. The proper evaluation technique will, to a great extent, ensure that the model selected is accurate and will also enable forecasting for those individuals at greatest risk to discontinue the company's services. Since the two-class customer churn identification is a classification problem, various evaluation criteria for classification quality were adopted in addition to the simple accuracy.
The three supervised machine learning algorithms developed and tested in this study were: Random Forest, Logistic Regression, and Support Vector Machine. The preprocessed training data was used to train each model, and the same test data was used for testing to ensure uniformity in the evaluation. 
[bookmark: _Toc236135940]5.2 Evaluation Metrics
The effectiveness of the performance models used to classify the models was measured using several performance measures. Accuracy is the percent of observations correctly classified of all the predictions. While accuracy is a good indicator of the overall performance of the model, it is not necessarily a good indicator if there is an unequal distribution of problem customer in the dataset.
Precision measures the percentage of all customers who are at risk of leaving that actually did leave. Precision is high if the model makes fewer wrong decisions about customers who should be retained, which means fewer unwanted customer retention activities conducted. Recall the fraction of the identified customers who were actually churn customers. Recall is more important in customer prediction as customers likely to churn could lead to major monetary losses.
The F1 score is also a measure of how well a model performs, which is the vocal mean of precision and recall. This measurement gives a more balanced assessment when both false positives and false negatives have to be taken into account. Further, it was generated confusion matrices for each classification model which gives detailed information about the correctly classified customers and not correctly classified ones. To measure the otherwise model charm in identifying churn and non-churn customers at various organization edges.
[bookmark: _Toc236135941]5.3 Performance Comparison of Classification Models
Logistic Regression was used as the Baseline annotation model due to simplicity and understanding. The model was able to detect overall customer attributes that were significant in identifying churn behaviour, and generate stable and consistent predictions. Its findings on the cost of calculation would be used to benefit other more advanced machine learning algorithms as a reference. There are instances, though, that the Logistic Regression can perform badly as it is unable to identify very complex and non-linear relationships which could occur in the customer data.
In that respect, the Random Forest model was an excellent performer, as it applied the algorithm of taking into consideration the prediction of numerous decision trees. The application of ensemble learning method reduced the chances of overfitting and increased model accuracy when classifying the model specifically. In addition, Random Forest outputted the score of each feature's importance which helped to identify variables of top importance affecting customer churn predictions. These are some of the most important characteristics of the customer business as they help an organisation to know which of their customers features or features of their customers is the most influential to customer behaviour.
The Support Vector Machine (SVM) also showed good prediction power as it built a best-fit decision boundary for the separation of the churn and non-churn customers. The SVM model was able to deal the high dimensional data after scaling and achieved competitive classification performance. Still, SVM has been academically shown to need more resources than Logistic Regression, and interpretation of the SVM decision is still not as easy to understand for business users.
[bookmark: _Toc236135942]In a nutshell, the comparative analysis indicates that the ensemble learning methods such as RF, in general, are better than individual linear models in terms of making more reliable predictions in a situation where customer behaviour is influenced by a set of interrelated factors. Nevertheless, each model has a unique combination of advantages according to the business objectives and analysis requirements.
5.4 Analysis of Confusion Matrices
[bookmark: _Toc236135943]Together with the overall accuracy, confusion matrices of all the classification models were generated as well giving further insight. They recorded number of correctly classified churn customers (True positives), and number of correctly churn predicted customers and number of churn customers in wrongly classified as customers(False Negatives).
From a business point of view, the concern with false negative is very salient as such customers depart the business without being recognised by the prediction model. Such a forecasting error can lead to the loss of revenues and decrease in the customer lifetime value. False positives on the other hand are the customers that are identified as potential churners but not. Yes, these individuals could be offered irrelevant retention offers but it isn't such a bad thing as it is an actual customer losing their business. As such, an appropriate level of precision and recall are required to choose the most fitting churn prediction model.
5.5 Discussion of Model Performance
According to the comparative analysis, the machine learning models to have been implemented have been successful in classifying customer churn based on customer information in any form of demographic, service used and billing data. The use of propreprocessing, feature selection, SMOTE to balance the data and to scale features made a vast difference to the performance since it aided in the reduction of noise in the data along with the abilities of the algorithms to learn meaningful relations in a data set.
The evaluation also shows that multiple performance measures are more reliable than taking accuracy alone. One model may achieve a large total accuracy, whereas another model may be much more successful in meeting its interested customers who are actually at risk of churning out. Thus, when predicting the use of predictive models based on customer retention, companies need to consider not only the performance reflected in the statistics, but also the business objectives.
5.6 Clustering Evaluation
[image: C:\Users\jyoti\AppData\Local\Microsoft\Windows\INetCache\Content.MSO\C48200F8.tmp]
[bookmark: _Toc236151219]Figure 7: Clustering Evaluation.
Apart from Organization models, K-Means clustering was carried out to delve out the hidden sections amongst the customers with similar behavioural and service attributes. The number of groups was determined using the Elbow Method, which is the plot of the number of clusters as a function of within-cluster variances, and the point where there is no further improvement as a result of increasing the number of clusters. The end-to-end clusters yielded various identified customer groups with varying degrees of risk for customer churn, type of contracts signed, services consumed and billing cycles. Clustering is not a direct prediction of churn as is classification, but it can be helpful in making insights into customer behaviour. These segments allow telecom service providers to create targeted retention plans, personalised marketing efforts and quality customer relationship management.
[bookmark: _Toc236135944]6. Results Analysis, Discussion of Findings and Business Recommendation
[bookmark: _Toc236135945]6.1 Results Analysis
The findings in this study show that machine learning models might be useful to forecast customer attrition using customer demographic data, contract data, service usage data and billing data. All the classification models were able to capture the patterns corresponding to those customer segments that were likely to discontinue their services. Data preprocessing techniques such as imputing missing data, selecting features, performing one hot encoding, feature scaling and balancing the class using SMOTE were important in enhancing the quality of the predictive models. These measures were taken to guarantee the models' training step with accurate and regular data, yielding improved performance in predictions.
Among these three classification algorithms there were differences in predictive abilities. Logistic Regression was used as a baseline model that was easy to interpret and understand the relationship between customer attributes and churn. Support Vector Machine (SVM) was found to be able to classify the customers well, with an optimal decision boundary, and it did well even with feature scaling. Random Forest, a model that leverages ensemble learning, exhibited the highest overall performance among the models implemented as it minimized overfitting and captured intricate relationships in the dataset.
[bookmark: _Toc236135946]6.2 Discussion of Findings
[bookmark: _Toc236135947]The results suggest that there are not one factor or typical which leads to customer attrition. The other contract factors like the type of contract, freehold, monthly charges, internet services, payment methods and other subscriptions of the services were identified to have greater influence of customer churn than the demographic information. The observed reduction in the contract term and rise in monthly bill, while also observed was the rise in chances of the latter to make his own decision to drop the relation with the company due to the reduction in the amount of subscribed services. It is consistent with earlier research, which demonstrated high correlations among customer retention, service quality and pricing policies, and between the retention and retention of customers in the long term.
The study also reveals that the data preparation aspect before developing a model is also crucial. Methods like feature selection, handling of missing values, data balancing and scaling by using feature scaling were incorporated to enhance the trustworthiness of the Models and to help the learning of the algorithm meaningful patterns. Some performance measures other than accuracy were also employed to gain insight into the advantages and disadvantages of each of the models utilized.
6.3 Business Recommendations
[bookmark: _Toc236135948] Machine Learning models can always predict customers who are not willing to stay around and holding techniques can be used to retain the customer before it actually gets away. The findings suggest that predictive analytics can be one of the components of a customer retention strategy, employed by wire companies.
Improving customer support services and actively tracking some of the key indicators that may influence customer satisfaction and churn rates like type of contract, monthly fees, and service utilization can also be used to further streamline the customer experience and reduce churn rates. Also, each entity requires a different retention program in companies, which involves discounts, flexible contracting, loyalty or special packages of service to the hard-to-keep customer. 
7. Conclusion
[bookmark: _Toc236135949]Three classification algorithms, Logistic Regression, Random Forest and Support Vector Machine (SVM) were implemented and compared to check how well they work at predicting customer churn (Nurtriana et al., 2024). The relative analysis demonstrated the ability of each model to predict customers that were likely to be churned from the company, with the best performance being achieved by the Random Forest model as it was allowing the model to pick up more complex relationships in the data. Additional considerations like contracts, monthly fees, tenures and service subscriptions were also important variables in identifying customer churn.
In conclusion, the results show that one can use predictive analytics to predict high-risk customers and keep them against the telecom company. By using machine learning models, they can make smarter business decisions, enable companies to improve customer satisfaction and reduce revenue losses (Adeniran et al., 2024). Further research could be done to test bigger sets of data, and more complex machine learning algorithms, to make even more accurate predictions and customer retention policies.
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import pandas as pd
import numpy as np

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler

from sklearn.impute import SimpleImputer

from sklearn.metrics import classification_report, confusion_matrix, accuracy_score

from sklearn.linear_model import LogisticRegression
from sklearn.ensemble import RandomForestClassifier
from sklearn.svm import SVC

from sklearn.feature_selection import SelectKBest, f_classif
from imblearn.over_sampling import SMOTE

import seaborn as sns
import matplotlib.pyplot as plt
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+ STEP 3 — Load dataset

[»] 1 # Upload file manually in Colab or mount drive
2 df = pd.read_csv("/content/drive/MyDrive/topl@_churn (1).csv')
3
2
5 print("Initial shape:", df.shape)
6 df.head()
7

=+ Initial shape: (100000, 11)

eqpdays mou_Mean avgémou avg3mou avg3qty mou_cvce Mean totmrc_Mean mou_peav_Mean mou_opkv_Mean mou_rvce Mean churn

0 3610 21925 3220 2720 116.0 90643333 22500 132.600000 55220000 97176667 1
1 2400 48275 4770 305.0 158.0 189.396667 37425 75333333 169.343333 55280000 0
2 15040 1025 1.0 120 70 5.426667 16.990 5193333 0233333 0.000000 1
3 18120 750 50.0 80 30 8410000 38.000 3.380000 5.450000 0413333 0
4 4340 57050 586.0 558.0 191.0 285233333 71.980 173.476667 218.086667 106.330000 0
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[»] 1X
2y
3
4 selector = SelectkBest(score_func=Ff_classif, k=30)
5 X_selected = selector.fit_transform(X, y)
6
7 selected_features = X.columns[selector.get_support()]
8 X = pd.DataFrame(X_selected, colums=selected_features)
9
10 print("Selected features:”, len(selected_features))

df.drop(’churn’, axi:
df[*churn']

- Selected features: 10
Jusr/local/lib/python3.12/dist-packages/sklearn/feature_selection/_univariate_selection.py:783: UserWarning: k=30 is greater than n_features=10. All the features will be returned.
warnings.warn(
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10 Re-create X train, y_train, X test, y_test 4 they are rot defined
20 This sssumes X" and 'y (ihe selected festires and target) are alresdy defined from cell OZL2SEFESD.
01 Tratn/Test SpLIL (frem coll VECREACESX)

S X_train, X_test, y_train, y_test - trsin st split(
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1)

124 2. SHOTE (from <ol PuFORIT)

131 Len(rp.untauety_train)) > 1

1 seote - SHOTE(randon statecs2)

15 Xtrain, y_train - saote.fit_ressmple( train, y_trsin)

1 print("SHOTE skdpped (enly one class)")
190 3. Sealing (from col) sSTORFELF2AS)

28 scalr - Standardscaer()

31X train - scaler. it _transforn( train)
535t - scster-transformO )

25 v = SV (randon_state=s2)
25 s AL 1_train, y_train)

25y pred_svn = svm.presict(1_test)

30 print (")

51 print(“accuracy:”, accoracy_scorely_test, y_ored_sen))
52 et (classi¢ication. reporty_test, y_prec_ovm))
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1 rf = RandomForestClassifier(n_estimators=100, random_state=42)
2 rf.fit(X_train, y_train)

3

4y _pred_rf = rf.predict(X_test)
5

6 print("\nRandom Forest")

7 print("Accuracy:", accuracy_score(y_test, y_pred_rf))
8 print(classification_report(y_test, y_pred_rf))

Random Forest
Accuracy: ©.58025

precision  recall fl-score support
e .58 0.59 .59 10088

1 .58 0.57 0.57 9912
accuracy .58 20000
macro avg .58 0.58 .58 20000

weighted avg 0.58 0.58 0.58 20000
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[»] 11r = LogisticRegression(max_iter=1000)
2 1r.fit(X_train, y_train)
3
4y_pred_lr
5
6 print("\nLogistic Regression")
7 print("Accuracy:", accuracy_score(y_test, y_pred_lr))
8 print(classification_report(y_test, y_pred_lr))
9

1r.predict(X_test)

Logistic Regression
Accuracy: .5548

precision  recall fl-score support
e .56 0.59 0.57 10088

1 .55 0.52 8.54 9912
accuracy .55 20000
macro avg .55 0.55 .55 20000

weighted avg 0.55 0.55 0.55 20000
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