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Abstract
This report investigates how data mining can turn customer behaviour into useful business understanding of telecom churn. It combines predictive modelling with customer segmentation. The first approach examines whether past behaviour can provide an early warning of possible churn, while the second shows how customer needs and value differ across broader groups. The findings suggest that churn develops through a mixture of service use, spending, customer experience and account history rather than one clear cause. 
Prediction remains uncertain, and the customer groups are not separate, so the results should not be treated as fixed answers. Their value is practical; they can help the company focus its attention, adjust its retention approach and test actions more carefully. The report shows that data mining can improve retention planning when its findings are interpreted within the wider business context.
[bookmark: _Toc236215960]1. Introduction

Every customer leaves behind a pattern of activity. Changes in call usage, monthly spending, customer-care contact or the age of a handset may appear small when viewed separately. Across thousands of records, these details can reveal behaviour that ordinary business summaries may miss. Data mining is useful in this situation because it turns a large collection of customer information into evidence that can support earlier and more focused retention decisions [1].
In telecommunications, a customer rarely leaves because of one feature alone. The decision may reflect a combination of service use, cost, experience, tenure, equipment and personal circumstances. Machine-learning models can examine these relationships together and estimate which customers are more likely to churn [2]. Still, results reported in previous studies cannot be transferred directly to every dataset. Performance depends on the available features, data preparation, model settings and the way evaluation is carried out [3], [4]. A fair comparison is therefore more useful than assuming that the most complex model will automatically be the best.
This report analyses the provided dataset, containing 100,000 customer records and 100 original variables. After reviewing data quality, missing values, relevance and overlap between features, 23 features are retained for modelling. A Dummy Classifier establishes the minimum baseline, while Logistic Regression provides a simple linear model against which the nonlinear Random Forest can be compared. The models are evaluated through stratified cross-validation using accuracy, precision, recall, F1-score, ROC-AUC and PR-AUC. The strongest model is then tuned, compared with its default version and evaluated once on the untouched test set. This separation helps reduce the risk of selecting a model simply because it performed well on one split [5].
Prediction alone does not explain whether different types of customers behave in different ways. For this reason, K-Means clustering is also used, without including the churn label, to identify groups with similar usage, value, tenure and device characteristics [6], [7]. The clusters are later compared using their observed churn rates and business profiles. The aim is to assess how reliably customer churn can be predicted, identify meaningful customer segments and turn the findings into practical recommendations for customer retention.

[bookmark: _Toc236215961]2. Literature Review

[bookmark: _Toc236215962]2.1 Classification Approaches for Churn Prediction

Customer churn prediction is generally treated as a supervised binary classification task, where previous customer records are used to distinguish between customers who remain and those who leave. Recent reviews show that many algorithms have been tested in telecommunications, but no model is consistently the best. Results vary with the dataset, churn definition, selected features and evaluation process [1], [2]. A high score reported in one study therefore cannot be assumed for another business setting.
Logistic Regression remains useful because it is fast, relatively transparent and easy to use as a baseline. It estimates churn probability from a weighted combination of features, making its general behaviour easier to explain than that of a large ensemble [3], [4]. Its simplicity can also be limiting. A standard Logistic Regression model assumes a linear relationship between the features and the log-odds of churn. Complex interactions or sudden behavioural changes may therefore be missed unless they are added deliberately.
Recent telecom studies have found tree-based and ensemble models competitive with simpler classifiers [5], [6]. Random Forest combines many decision trees trained with different samples and random subsets of features. Their combined vote allows the model to capture nonlinear relationships and interactions without defining them in advance. This advantage is not automatic. Random Forest requires more processing time, is harder to explain and may still overfit when its settings are poorly controlled. Its value must therefore be demonstrated through fair comparison [8].
[bookmark: _Toc236215963]2.2 Model Preparation and Evaluation
Performance is influenced by more than the selected algorithm. Missing-value treatment, feature selection, categorical encoding, class balance and hyperparameter settings can all change the result [2]. Resampling is often recommended when churners form a small minority, but it should not be applied automatically. When the target is already balanced, synthetic resampling may change the original distribution without solving an existing problem.
No single metric provides a complete view of classification quality. Accuracy measures the proportion of correct predictions. Precision shows how many predicted churners leave, while recall measures how many real churners are identified. F1 balances precision and recall. ROC-AUC evaluates ranking across different thresholds, whereas PR-AUC focuses more directly on the positive class [9]. Using several metrics is therefore stronger than selecting a model from accuracy alone. Cross-validation reduces dependence on one convenient split, while an untouched test set provides a final check after model selection. Tuning may improve performance [4], [7], but any improvement should be considered alongside additional training time and model complexity.

[bookmark: _Toc236215964]2.3 Clustering and Customer Segmentation
Classification estimates whether a customer may churn, but it does not automatically reveal the different types of customers within the data. Clustering offers a complementary view by grouping similar customers without using the churn label. K-Means is widely used because it is simple, scalable and produces cluster centres that can support customer profiling. Research also shows that changing the clustering method or included features can produce noticeably different segments [10].
K-Means is sensitive to feature scales, extreme values and the starting positions of its centroids. Standardisation and careful feature selection are therefore important. The elbow method indicates where adding more clusters produces smaller improvements, while the Silhouette Score compares how closely observations fit their own cluster against neighbouring clusters [11]. Neither measure should be followed without interpretation. A statistically stronger solution may produce segments that are too broad for useful action, while a detailed solution may be easier to describe but less clearly separated. The final choice should balance statistical evidence, visible structure and practical meaning.
[bookmark: _Toc236215965]3. Dataset and Data Preparation

[bookmark: _Toc236215966]3.1 Dataset Overview and Initial Checks
The analysis used the supplied telecom dataset containing 100,000 customer records and 100 columns. The target was already stored as a binary variable, where 0 represented a retained customer and 1 represented a customer who churned. Its distribution was almost equal: 50,438 customers stayed and 49,562 churned. Resampling methods such as SMOTE were therefore unnecessary and could have changed the original distribution without solving an imbalance problem [7].
Initial checks found no duplicated rows. Missing data was more substantial: 73,295 customers had at least one missing value across the original 100 columns, leaving only 26,705 complete records. Removing every incomplete row would have discarded most of the dataset and may have produced a cleaner but less representative sample. Figure 1 shows that several original features had particularly high missingness. For example, income was missing for 25.44% of customers. It was not selected because replacing one quarter of the values with a median would introduce too much artificial information.
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[bookmark: _Ref236207146][bookmark: _Ref236207136]Figure 1. Percentage of missing values in the ten most affected features of the original dataset.


Training on every available column was deemed inappropriate. Some features repeated similar information, while others had weak business meaning, very high missingness, near-constant values, or acted as identifiers. A smaller set of 23 features was retained. The selection covered six areas: billing and revenue, usage and recent change, service experience, account and subscription details, device information and customer context. This produced 16 numerical and seven categorical features.
Selection was based on both data quality and relevance rather than on one automatic score. None of the retained features had more than 10% missing data; the highest was 7.39% for prizm_social_one. Redundant numerical information was also limited, with the highest absolute correlation equal to 0.777, below the chosen threshold of 0.85. This limited overlap without removing distinct behaviour. The screenshot in Figure 2 summarises these preparation decisions.
The eqpdays feature required a separate correction. It represents the age of the current equipment, so 133 negative values were not credible. These values were changed to missing rather than converted to positive numbers or removed with their full customer records. This preserved the remaining valid information while avoiding an unsupported guess.
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[bookmark: _Ref236208009]Figure 2. Summary of data preparation decisions and outcomes.



[bookmark: _Toc236215968]3.3 Missing Values, Outliers and Data Separation

Missing values were handled inside modelling pipelines, since preprocessing choices can materially affect model performance [2], [7]. Numerical values were replaced with the median calculated from the relevant training fold. The median was preferred because several financial and usage features were skewed and contained extreme values. Missing-value indicators were also added, allowing the models to recognise that information had originally been absent. Categorical missing values were replaced by the most frequent category and then one-hot encoded. This was proportionate because categorical missingness in retained features was limited. Unknown categories were ignored safely if they appeared later.
Extreme but possible customer values were not removed from the supervised modelling data. High revenue, heavy usage or frequent service contact may describe genuine customers and may contain useful churn information. Removing them automatically would make the dataset neater while potentially deleting important behaviour. Only clearly invalid values, such as negative equipment age, were corrected. A separate outlier treatment was later applied for K-Means because distance-based clustering is more sensitive to extreme values [12].
Finally, the data was split before imputation, encoding or scaling. A stratified 80/20 split created 80,000 development records and 20,000 final test records, both with a 49.56% churn rate. All preprocessing parameters were learned only from development data and, during cross-validation, only from each training fold. Logistic Regression received standardised numerical features, while Random Forest used the imputed and encoded data without scaling. The final test set remained untouched until model selection was complete, reducing the risk of data leakage.

[bookmark: _Toc236215969]4. Model Development and Evaluation Strategy

[bookmark: _Toc236215970]4.1 Experimental Design

Model development used the 80,000-record development set created earlier. The 20,000-record final test set remained outside this process. Within the development data, three-fold stratified cross-validation was used. Each model was trained three times, with a different fold acting as validation data on each occasion. Stratification preserved the 49.56% churn rate in every fold, while shuffling prevented the original row order from shaping the split. A fixed random state of 42 made the process reproducible.
The preprocessing steps and each model were joined within scikit-learn pipelines. This was important because imputation, categorical encoding and numerical scaling were fitted again inside every training fold, then applied to its validation fold. Calculating these transformations once on the complete dataset would allow validation information to influence model training. The pipeline design therefore supported a fairer estimate of performance.
Six metrics were recorded for every fold: accuracy, precision, recall, F1-score, ROC-AUC and PR-AUC. Accuracy remained informative because the classes were balanced, but it could not show whether the model was failing specifically on churned customers. Precision measured the reliability of churn predictions, while recall measured how many actual churners were found. F1 described the balance between them. ROC-AUC and PR-AUC assessed predicted probabilities rather than only the final class decision [8]. Mean scores showed general performance and standard deviations showed whether results changed substantially across folds. Mean fitting time was also retained because a small improvement may be less attractive if it requires much greater computation.

[bookmark: _Toc236215971]4.2 Baseline Models

Three models were evaluated under the same cross-validation structure. The first was a Dummy Classifier using the most_frequent strategy. It ignored all customer features and predicted the small majority class, which was Stayed (0). This was not intended as a realistic churn model. It established the minimum level that a useful model should exceed. It also demonstrated why accuracy cannot be read alone: predicting every customer as retained can produce accuracy close to 50%, while detecting none of the actual churners. Where no positive prediction existed, undefined precision-related calculations were recorded as zero rather than treated as successful performance.
Logistic Regression was used as the interpretable modelling baseline. Numerical features were median-imputed, supplied with missing-value indicators and standardised. Categorical features were imputed with their most frequent value and one-hot encoded. The model used L2 regularisation, C = 1.0, the liblinear solver and a maximum of 1,000 iterations. These were fixed implementation settings rather than a tuning exercise. The model offered a clear test of whether a relatively simple linear decision boundary could separate the two customer groups.
Random Forest was then evaluated as the nonlinear alternative. It combines many decision trees built from different samples and feature subsets, allowing interactions to emerge without being entered manually [8]. The same imputation and categorical encoding were retained, but numerical scaling was removed because tree splits depend on ordering rather than measurement units. Apart from the random seed and CPU setting, the classifier used its default hyperparameters. Keeping this version genuinely untuned created a fair starting point and made any later gain from tuning visible. Recent telecom studies support comparing linear and ensemble models rather than assuming greater complexity guarantees better churn prediction [4], [6].

[bookmark: _Toc236215972]4.3 Hyperparameter Tuning and Model Selection

The strongest baseline was selected for controlled tuning using only the development data. RandomizedSearchCV was chosen instead of an exhaustive grid because the full combination of settings would require considerably more model fits. Ten randomly selected parameter combinations were assessed across the same three validation folds, producing 30 fits.
The search varied five parameters. The number of trees was tested at 100, 200 and 300. Maximum depth could be unrestricted or limited to 10, 20 or 30. Minimum observations required to split a node were tested at 2, 5 and 10, while minimum leaf size was tested at 1, 2, 4 and 8. The number of features considered at each split used sqrt, log2 or 50% of the available prepared features. Together, these settings-controlled forest size, model flexibility and the risk of learning patterns that were too specific to the training folds [7], [8].
ROC-AUC was used to rank the candidates because it measured how well churned customers were separated from retained customers across possible thresholds. It was not treated as the only meaningful outcome. Recall, F1, precision, accuracy and PR-AUC were recorded for the same candidates, and fitting time was retained for the later cost-performance comparison. The selected parameter combination was automatically refitted after cross-validation. If tuning had failed to improve ROC-AUC, the default forest would have been retained because more complicated model needs evidence of added value.
Finally, the chosen model was fitted on all 80,000 development records and evaluated once on the untouched 20,000-record test set. Class predictions used the standard probability threshold of 0.50, while ROC-AUC and PR-AUC used the predicted probabilities. Restricting test evaluation to the single selected model protected the final estimate from repeated model-selection decisions and provided the closest available indication of performance on new customers.

[bookmark: _Toc236215973]5. Classification Results and Critical Comparison

[bookmark: _Toc236215974]5.1 Baseline 

The Dummy Classifier showed why accuracy could not be read alone (Figure 3). By predicting every record as the slightly larger Stayed class, it reached 0.504 accuracy, but its recall and F1-score for churn were zero. It did not identify a single customer who left. ROC-AUC of 0.500 and PR-AUC of 0.496 also remained at chance level. The zero recall was an expected consequence of its strategy, not a calculation error.
Logistic Regression improved every meaningful measure, achieving 0.583 accuracy, 0.580 precision, 0.576 recall and 0.578 F1. Its ROC-AUC reached 0.615, showing a real but limited predictive signal. Random Forest produced the strongest baseline results across all six metrics. Accuracy rose to 0.613, recall to 0.613 and F1 to 0.611, while ROC-AUC and PR-AUC increased to 0.661 and 0.635. Nonlinear splits and interactions therefore captured information that the linear model represented less effectively.
[image: ][bookmark: _Ref236218959]Figure 3. Comparison of baseline model performance under three-fold stratified cross-validation.





This direction agrees with recent telecom studies where ensemble models compete strongly with simpler classifiers [4], [6]. Direct numerical comparison would still be misleading because datasets, features and evaluation designs differ [1], [2]. Here, every baseline used the same records, folds, preprocessing structure and metrics. Standard deviations between 0.001 and 0.003 for most scores also showed that the ranking was stable across the three folds.

[bookmark: _Toc236215975]5.2 Effect of Random Forest Tuning

RandomizedSearchCV selected 200 trees, a maximum depth of 30, a minimum split size of two, a minimum leaf size of eight and 50% of the prepared features at each split. The larger leaf size reduced decisions based on very small customer groups, while the remaining settings preserved enough flexibility to model complex behaviour.
Tuning improved accuracy from 0.613 to 0.620 and precision from 0.609 to 0.612. The more useful change was recall, which increased from 0.613 to 0.640. F1 rose from 0.611 to 0.626, ROC-AUC from 0.661 to 0.672 and PR-AUC from 0.635 to 0.654. The gain was consistent but modest. It mainly helped the model find more churners rather than making every positive prediction much more reliable (see Figure 4).
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[bookmark: _Ref236219152]Figure 4. Comparison of mean cross-validation scores for the default and tuned Random Forest.


This improvement carried a clear computational cost. Mean fitting time increased from 27.969 to 266.398 seconds, approximately 9.5 times longer. The default model could remain reasonable where frequent retraining or limited computing resources matter. The tuned model was selected here because it improved ROC-AUC, recall, F1 and PR-AUC. This was a performance–cost judgement rather than an assumption that tuning must always produce the preferred model [7].

[bookmark: _Toc236215976]5.3 Final Test Evaluation

The tuned Random Forest was fitted on all development records and evaluated once on the untouched test set. It achieved 0.624 accuracy, 0.614 precision, 0.653 recall, 0.633 F1, 0.677 ROC-AUC and 0.659 PR-AUC (see Figure 5). These scores were close to, and slightly above, the cross-validation means. There was no obvious performance collapse on unseen records, although one test split cannot prove that the same result will occur in every future customer population.
The scores remain moderate. Recall of 0.653 means that approximately 65.3% of actual churners were identified, but 34.7% were missed. Precision of 0.614 means that about 38.6% of customers flagged as churners would be false positives. The model is therefore more suitable for prioritising customers for review or proportionate retention offers than for making automatic high-cost decisions. The 0.50 threshold was unchanged. Lowering it could increase recall but would usually reduce precision and should be guided by the relative cost of missed churners and unnecessary interventions [9].
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[bookmark: _Ref236219375]Figure 5.  Performance of the tuned Random Forest on the test set.
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[bookmark: _Toc236215978]6.1 Selecting the Number of Clusters

K-Means was applied to ten numerical features describing customer value, usage, recent change, service experience, tenure and equipment. The churn label was excluded, so it did not influence how customers were grouped. Missing values were median-imputed, extreme values were capped at the 1st and 99th percentiles, and the features were standardised before Euclidean distances were calculated [12].
The Elbow curve showed its clearest change around three clusters, after which inertia continued to fall more gradually. The Silhouette result was less supportive. Its highest score was approximately 0.304 for two clusters, compared with 0.183 for three. A two-cluster solution therefore produced stronger statistical separation. It was not selected because it divided the customer base too broadly and concealed a smaller but commercially important group of high-value heavy users. Although five clusters achieved a slightly higher Silhouette Score than three, they created additional fragmentation without an equally clear improvement in business meaning.
Figure 6 show that three clusters were retained as a compromise between statistical evidence, visible structure and interpretability. This decision should not be presented as mathematically optimal. The relatively low Silhouette Score indicates considerable overlap, meaning that the segments represent useful customer profiles rather than sharply separated natural groups. This is consistent with research showing that customer segments can change with the selected features, scaling decisions and clustering method [10], [11].

[image: ][bookmark: _Ref236219540]Figure 6. Elbow and Silhouette results used to evaluate the number of customer segments.












[bookmark: _Toc236215979]6.2 Segment Profiles and Churn Patterns

Long-term low-value customers represented 28.7% of the dataset. They had the lowest average revenue, monthly charges and call usage, but the longest average relationship at 26.93 months. Their equipment was considerably older, averaging 673 days, and their average handset price was only 44.91. This segment recorded the highest observed churn rate at 55.8%. The combination suggests that long tenure alone did not guarantee retention when customers had older equipment and low service engagement.
Mainstream customers formed the largest segment, containing 52.7% of customers. Their revenue, usage and service-contact levels remained closer to the overall middle of the dataset. Their observed churn rate was 47.7%, lower than that of the long-term low-value group but still substantial. Because this cluster contains more than half of all customers, even a moderate improvement in retention could affect many accounts.
High-value heavy users formed the smallest segment at 18.6%. They generated the highest average revenue of 110.13 and used approximately 1,271.5 minutes but also contacted customer care more frequently and experienced many more dropped calls. Their recent monthly usage and revenue changes were strongly negative. Despite these warning signs, their observed churn rate was the lowest of the three at 45.4%. The rate should not be interpreted as low risk. The financial effect of losing one customer from this segment may be greater than losing a lower-value account. Figure 7 shows that mainstream customers are the largest segment, while long-term low-value customers have the highest churn rate.

[image: ][bookmark: _Ref236219787]Figure 7. Customer distribution and observed churn rate across the three segments.










[bookmark: _Toc236215980]6.3 Strength and Limitations of the Segmentation

The standardised profile heatmap showed in Figure 8, confirm that the strongest separation concerned value, usage, service contact, dropped calls, tenure and equipment age. The PCA visualisation in Figure 9 shows the same broad structure but also substantial overlap. Its first two components explained 49.2% of total variation, so more than half of the information was not represented in the two-dimensional plot.
Churn rates were calculated only after the clusters had been created. They describe how churn was distributed across the resulting profiles but do not prove that cluster membership caused customers to leave. The segmentation is therefore best used alongside the supervised model. Random Forest estimates individual churn risk, while K-Means provides context about the type of customer involved and the likely value of an appropriate response.
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[bookmark: _Ref236219880]Figure 8. Standardised profiles of the three customer segments.



[image: ][bookmark: _Ref236220714]Figure 9. PCA visualisation of the three customer segments

















[bookmark: _Toc236215981]7. Discussion and Recommendations

[bookmark: _Toc236215982]7.1 Business Meaning of the Customer Groups

The customer segmentation identified three broad groups with different patterns of spending, service use and customer behaviour. This part of the analysis does not predict exactly who will leave. Its purpose is to show where the company may need to respond differently, and which type of offer may be suitable for each group [13]. The groups should therefore be treated as practical guides, not as fixed descriptions of every customer.
Long-term low-value customers represented 28.7% of the customer base and had the highest churn rate, at 55.8%. They had remained with the company for longer but generally used older and less expensive handsets and generated lower monthly revenue. This creates an important business choice. Their churn level requires attention, but expensive offers may cost more than the value they protect.
An affordable handset upgrade, a simple loyalty benefit or a review of the current contract may be more suitable for this group. Research shows that service value, customer satisfaction and the cost of switching can influence the decision to remain with a provider [14], [15]. However, the results do not prove that an older handset caused the customer to leave. The company should test these offers with a small number of customers before using them across the whole group.
Mainstream customers formed 52.7% of the dataset, making them the largest segment. Their churn rate was 47.7%. Because this group contains more than half of all customers, even a small improvement in retention could protect a considerable number of accounts. Communication should be simple and inexpensive. Renewal reminders, short account reviews and modest offers may be suitable. Giving an incentive to every customer would be costly, so the company should first focus on accounts showing recent changes in service use or contact with customer care [15], [16].
High-value heavy users represented 18.6% of customers and had the lowest churn rate, at 45.4%. Although fewer customers left this group, each loss may have a greater financial effect because these customers generated the highest revenue and service use. They also made more customer-care calls, experienced more dropped calls and showed reductions in usage and revenue.
For this group, the first response should be a service review rather than an immediate discount. Recent complaints, call quality, billing problems and unresolved support cases should be checked. Research has found that service quality, satisfaction and contact-centre experience can influence customer loyalty and churn [15], [17]. A personal response may therefore be more useful than a standard promotional message.

[bookmark: _Toc236215983]7.2 Recommended Business Action

The company should not send the same retention offer to every customer. A small trial could be created for each segment: affordable upgrades for long-term low-value customers, simple account offers for mainstream customers and priority service reviews for high-value users. The results should be compared through accepted offers, customers retained, campaign cost and revenue protected [14], [18].

[bookmark: _Toc236215984]7.3 Limitations

The segments describe the average behaviour of each group. They do not explain the personal reason why a particular customer leaves. The dataset does not include direct customer feedback, competitor prices, satisfaction surveys or the result of earlier retention offers. Customer behaviour can also change over time. Before contacting a customer, the company should check current contract details, recent complaints and service history. The segmentation should also be reviewed regularly so that future offers remain relevant [15], [17].




[bookmark: _Toc236215985]8. Conclusion
The main lesson from this project is that data does not provide simple answers on its own. A large collection of customer information may appear complete, but the quality of the final understanding depends on the decisions made throughout the analysis: what information is useful, what needs correction and what should not be assumed.
The work also showed that a stronger result is not the same as a perfect answer. Uncertainty remains and recognising it makes the analysis more honest and more useful. Data can point towards behaviour that deserves attention, but it cannot explain every personal reason behind a customer’s decision.
Another important lesson is that customers should not be viewed as one identical group. Patterns become more meaningful when they are connected to real business circumstances. At the same time, a general customer profile cannot replace an understanding of the individual.
The value of data mining therefore lies neither in producing an impressive score nor in claiming to know the future. Its real value is in reducing guesswork, making behaviour easier to understand and giving the business a clearer starting point for better decisions.
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