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Predicting customer churn is important for companies, as retaining customers is cheaper than gaining new ones. This assignment uses Logistic Regression (LR) and Support Vector Machine (SVM) models to predict churn in the Telco Customer Churn dataset. Tuned LR has the highest recall, which is good for identifying customers at risk of leaving, and tuned SVM has the highest precision, reducing false positives. 
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For this assignment, SVM and LR machine learning models will be applied to the Telco Customer Churn dataset to predict customer churn. 
Customer churn refers to the process of customers leaving one service provider to switch to another [4]. Retaining existing customers is one of the most cost effective ways for businesses to maximise profit. According to Forbes, gaining new customers can be up to seven times more expensive than retaining existing ones [5]. Research shows that a 5% increase in customer retention has been linked to a 25% to 95% increase in profits [6]. 
Businesses can therefore greatly benefit from implementing Machine learning models to help recognise customers who are likely to leave and take action to retain them [4]. 
This assignment will use the Telco Customer Churn dataset, which includes key customer information including contract type, payment amount, and service engagement. By analysing this information, it will be possible to spot trends that lead to customer churn and enhance retention. 
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https://youtu.be/b0WfmGD_ZoU 
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One of the main constraints in churn prediction is spotting customers at risk of leaving at the correct moment. If they are identified too soon, they might not show any signs of churn. However, they might have already made the decision to leave if found too late [7]. 
Predicting churn accurately is essential to make sure retention efforts focus on the right customers. If done incorrectly, satisfied customers may receive unnecessary offers, leading to revenue loss [8]. 
Customers leave for many different reasons, ranging from poor user experience to involuntary churn caused by outdated billing information. Therefore, maintaining high quality and up to date data is essential to prevent churn.  
Additionally, each customer is different, requiring personalised retention strategies. Research by Esteban Kolsky suggests that “only 1 out of 26 unhappy customers complain”, while the remaining churn [9]. This emphasises the importance of prediction models to spot churn trends before it’s too late. 
Predictive models not only detect churn risk but also highlight flaws in a product or service and offer useful market insights. These insights allow companies to address issues, and improve customer experience and long-term growth. Additionally, companies who use churn prediction models have an advantage over other rivals since they can take quicker action to keep clients and improve their services. 
LR is a method used to predict two possible outcomes, for example, whether a customer will churn or stay. Despite offering businesses clear insights, it isn't always the most practical approach as it can have difficulty with complicated relationships, making SVM a more suitable option. Other models, such as Decision Trees, can be too detailed, which can result in poor performance on new data. Neural Networks require large amounts of data and significant processing power, making them impractical for certain businesses. SVM and LR are good options for churn prediction because they provide a good mix between accuracy, efficiency and interpretability [10].
As previously mentioned, being able to predict customer churn is highly beneficial for companies, yet it also comes with its challenges. Predicting churn is difficult because churn and non-churn customers often share similar characteristics, making it harder to differentiate between them and increasing the error rate [11].  Businesses have more data about their customers than ever, and it can also take a lot of effort to decide which data elements are needed for churn prediction, for example, figuring out whether factors like communication frequency or payment history are the most reliable indicators. Additionally, if the data is of poor quality, the predictions can be inaccurate. 
Another challenge in churn prediction is data availability and completeness. For example, although telecom firms gather a large amount of both structured and unstructured data, they are not necessarily able to access all relevant data. “Data availability is often a hurdle because telecom companies may not have access to all the necessary data points required for robust churn prediction” [12]. It can therefore be difficult to build accurate models since incomplete or missing data may weaken the effectiveness of churn predictions. 
Data challenges aside, choosing the right machine learning (ML) model is key to strong churn prediction. Unlike traditional models that follow fixed rules and linear patterns, “machine learning models can learn from data and adapt to new information, making them more flexible and accurate” [12]. Additionally, traditional methods mostly depend on specialised knowledge, since "these methods required extensive domain knowledge to define the rules and thresholds for churn prediction, making them less adaptable to changes in customer behaviour or market conditions" [12]. Decision Trees can be easy to interpret, however, they often overfit, which makes them less effective at predicting new data. Therefore, choosing the best ML model depends on the type of data available. For example, a customer’s monthly bill will probably be easier to analyse with a traditional model, while their search history might need more complex methods. 
Although churn datasets tend to contain lots of customer information, not all of it is actually useful for churn prediction. Research has shown that usage related data is more valuable than financial, and socio-demographic behaviours factors when identifying customers at risk of leaving [13].  
Due to the imbalance in churn datasets, where the ‘ratio between churned customers and non-churned customers is about 6:1’, techniques like ‘random oversampling on the dataset before extracting features’ are used to improve model performance [14]. 
A hyperparameter is a setting in a machine learning model that controls how it learns, like learning rate or kernel type. Hyperparameter tuning is the process of finding the best values for these settings to improve model performance. [15] Since hyperparameters play a key role in how well a model performs, tuning them is vital [16]. 
Since customer churn datasets are often imbalanced, accuracy alone is not a reliable metric. Instead, Precision, AUC-ROC, Recall, and other metrics such as F1-score provide a more thorough evaluation of model performance [17]. 
Selecting between batch and real time models is another difficulty in churn prediction. Batch models analyse large amounts of data but respond to customer changes weekly, as opposed to when they occur. Whereas real time models react to customer changes immediately as they are constantly updating their predictions. This therefore makes real time models more effective in many cases (although important noting that batch models are useful when processing large amounts of data without instant updates is fine). One study found “at least 10% more users applying for recommended job ads when using a real-time instead of a batch approach” [18], showing that real time models can be more effective for businesses over batch processing. 
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Telco Customer Churn is a fictional dataset made to predict customer churn, which is a big challenge for businesses. Retaining customers is cheaper than obtaining new ones. The dataset includes information such as customer churn, the services the customer use, their account details, and demographics. The dataset has 49 columns, ranging from their age to their average monthly GB download. By analysing this data, ML models such as LR and SVM can be used to identify customers likely to leave, helping businesses take action before it’s too late.
LR uses past data to find relationship between multiple factors to predict whether an event will happen or not - in this case, whether a customer will stay or leave. 
SVM is good for churn prediction because it deals with datasets that have many features and works even “when the data is not linearly separable” [19].  
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This assignment was done using Jupyter Notebook and Python, with libraries like Pandas for data preparation and Scikit-learn for machine learning. 
Firstly, the dataset was checked for any missing values. Which there were 5,174 missing values for “Churn Reason”. Considering this column isn’t helpful in predicting churn, it was deleted to reduce the complexity of the dataset. Additionally, columns that provided useless information for predicting customer churn such as ‘state’ and ‘zip code’ were also deleted. 

‘Total charges’ which was originally a string was converted to float64 to enable scaling, which helps improve the model’s accuracy. To prepare the data, columns such as ‘tech support’ and ‘streaming TV’ were converted from text to numeric values, for example, ‘yes’ was changed to 1 and ‘no’ was changed to 0. Other columns with binary values, including ‘senior citizen’ and ‘paperless billing’, were also converted to numerical format. This is necessary as machine learning models need numerical input to process the data.
Columns such as ‘contract’ and ‘payment method’ were encoded using one-hot encoding, where ‘categorical variables are converted into a binary format’, this makes it easier for machine leaning models to understand and process the data [2]. 
Scikit-learn’s train_test_split function was used to split the data into train and test sets. First, the train_features and test_features and train_labels and test_labels were divided so that 75% was for training and 25% was for testing. A training set helps the model learn patterns and make predictions and the test sets uses different data to evaluate the model’s performance. 
StandardScaler was used to standardise the data. This scales all features so they have a mean of 0 and a standard deviation of 1, to stop any features from overpowering the model [20]. Logistic Regression and SVM can be sensitive to differences in scale so this was important. For consistency, the scaler first used the training data to determine the average of each feature before applying the same scaling to the test data. 
Sklearn.metrics functions were imported to evaluate the performance of the model using accuracy, precision, recall, F1 score and AUC-ROC. Accuracy shows the total number of correct predictions, precision counts the number of predicted cases that were actually correct, recall checks how can many cases the model correctly identified, F1 score is a combination of precision and recall, and AUC-ROC shows how well the model tells churners and non-churners apart. 
LR and SVM were both imported and trained on the scaled data to predict customer churn. SVM was used to see if a more complex model could improve performance, and LR was used as it’s easier to understand and it runs efficiently. By setting probability=True in SVM, the model was also able to able to predict the likelihood of customer churning. 
To improve both models, GridSearchCV was used to test and find the best setting. For LR, different values of C (the C hypermeter regulates how strong the regularisation is) and solver were tested. Whereas, parameters such as C and gamma were fine-tuned for the SVM model. By testing the models five times, the results were more reliable and accurate. 
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[image: A screenshot of a computer code

AI-generated content may be incorrect.]Both LR and SVM models were trained and evaluated to predict customer churn. Initially, the models were getting the same results (1.0) for all metrics, which seemed unrealistic. To resolve this issue, the following code was run to remove Churn Score and Churn Label from the feature set and class weights were adjusting to deal with the imbalance in the data:
The evaluation metrics were more realistic after deleting these columns. 
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AI-generated content may be incorrect.]Both model’s performance were evaluated using accuracy, precision, recall, F1 score, and AUC-ROC. The following code was used to evaluate the LR model:
And the following code was used to evaluate SVM: 

Hyperparameter tuning was then used on both models using GridSearchCV, using the following parameters:

Tuned LR: 'C': [0.01, 0.1, 1, 10, 100],  
'solver': ['liblinear', 'saga']

Tuned SVM: 'C': [0.01, 0.1, 1, 10, 100],
'gamma': [0.001, 0.01, 0.1, 1], 
'kernel': ['rbf']

The model’s performance were then compared. These were the results:

	Metric
	LR
	SVM
	Tuned LR
	Tuned SVM

	Accuracy
	0.71
	0.71
	0.77
	0.77

	Precision 
	0.49
	0.50
	0.61
	0.63

	Recall
	0.76
	0.76
	0.54
	0.48

	F1 score
	0.60
	0.60
	0.58
	0.54

	AUC-ROC
	0.81
	0.80
	0.81
	0.80



Hyperparameter tuning slightly improved the LR model’s accuracy and precision, but did not significantly change its recall, F1 Score, or AUC-ROC. Whereas, tuning the SVM model drastically improved its overall performance, with its accuracy and precision improving quite significantly. However, the SVM’s recall decreased after tuning as it prioritised fewer false positives, though this also meant it overlooked some real churn cases.

The advantage of the tuned SVM having a much higher precision is that it reduces false positive predictions. This is important as false positives can cause companies to waste time and money on retaining customers who would have stayed anyway.
Using the code below, we can see that 73% of customers had stayed, and 27% churned. This uneven class distribution demonstrates why it’s important to evaluate the models with multiple metrics.
[image: ]
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Recommending the most effective model for customer churn prediction depends on the company’s objectives. While one model may have a higher overall performance, certain metrics may be more important depending on the company’s needs. 
If the company’s priority is to identify the maximum number of churners, the tuned LR would be the best option because of its highest recall. Identifying the maximum number of churners is beneficial as it allows the company to take action before it’s too late. However, it’s important to recognise that the recall does not necessarily get all predictions right, i.e. some of the identified non-churners might actually churn. 
If the company’s priority is to reduce false positives, the tuned SVM would be a better option as it has a higher precision. This means the company would spend less time and money on customers who are not actually going to churn. 
If the cost of incorrectly identifying a non-churner as a churner is high, the company should choose the tuned SVM model. 
However, if the company’s aim is to accurately identify as many churners as possible, the tuned LR would be the best option. 
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Given how competitive today’s market is, accurately predicting customer churn is vital for companies to retain customers. 
Through evaluating these models both before and after hyperparameter tuning, results showed the tuned SVM model had the highest precision, reducing false positives, and the tuned LR model had the highest recall, making it the best option for identifying the highest amount of churners. 
It’s also worth noting that companies with larger datasets may benefit from other models such as Naïve Bayes, as it can specifically identify customers as low, medium, and high churn risk, but this model needs a large amount of data to get reliable results. Companies with less data could benefit from the Random Forest model, however, it’s harder to interpret.  
In conclusion, retaining customers is more cost-efficient than gaining new ones, so the author would generally choose the tuned LR model due to its higher recall, as this means most churners are identified, although this does mean there are more false positives than the tuned SVM model.  
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# Import the following to evaluate the SVM model's performance +
from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score

# Get predictions

svm_predictions = svm_churn_model.predict(test_scaled)

# Get the probability of the customer churning
svm_probabilities = svm_churn_model.predict_proba(test_scaled)[:, 1]

# Show model 's performance
svm_performance = {

“"Accuracy”: accuracy_score(test_labels, svm_predictions),  #Total correct predictions

“Precision”: precision_score(test_labels, svm_predictions), #Total predicted churn casesthat were actually churn
“Recall”: recall_score(test_labels, svm_predictions), #How many actual churn cases the model identified

“F1 score": f1_score(test_labels, svm_predictions), #Combo of precision and recall

“"AUC-ROC": roc_auc_score(test_labels, svm_probabilities), #How well the model tells churners and non churners apart

# Show performance results

print("Performance results:")

for metric, value in svm_performance.items():
print(f"{metric}: {value:.2f}")
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# Import the following to evaluate the LR model's performance +

from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score

# Get predictions
predicted_labels = churn_model.predict(test_scaled)

# Get the probability of the customer churning
predicted_probabilities = churn_model.predict_proba(test_scaled)[:, -1]

# Show model 's performance
performance_results = {

“Accuracy”: accuracy_score(test_labels, predicted labels),  #Total correct predictions

Precision”: precision_score(test_labels, predicted_labels), #Total predicted churn casesthat were actually churn
“Recall”: recall_score(test_labels, predicted_labels), #How many actual churn cases the model identified

“F1 score": f1_score(test_labels, predicted_labels), #Combo of precision and recall

"AUC-ROC": roc_auc_score(test_labels, predicted_probabilities), #How well the model tells churners and non churners apart

# Show performance results

print("Performance results:")

for metric, value in performance_results.items():
print(f"{metric}: {value:.2f}")
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# Display how many churners and non churners are in the dataset
churn_total = target_label.value_counts(normalize=True).rename("percentage")
print("The amount of churners and non churners in the dataset:", churn_total)
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# delete churn Label and score
train_features - train_features.drop(column
test_features

“Churn Label®, "Churn Score'], error:
test_features.drop(columns=["Churn Label’, "Churn Score’], error:
#Display the columns now

print("Train features:", train_features.columns)

print("Test features:

*ignore’)
ignore’)

, test_features. columns)




