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[bookmark: _Toc185351466]1	Abstract
This report investigates how a fictionalised telco could use machine learning techniques to predict customer churn, so that they can deploy targeted customer retention strategies and ultimately retain as many customers as possible. Both Logistic Regression and Support Vector Machine algorithms are investigated, with actionable recommendations to further improve the training dataset. The findings suggest that LR is the more effective algorithm.
[bookmark: _Toc185351467][bookmark: introduction]2	Introduction
The cost of living is increasing, and consumer finances are being put under increasing strain from more and more subscription services and recurring fees. Consumers are having to become more savvy about the services that they pay, and choose not to pay for. One such type of recurring cost is the humble mobile phone subscription.
In the face of rising cost pressures, a trend known as ‘churn’ has emerged. Churn is the rate at which people choose to stop paying for a given service. In order to counter churn, businesses can target those customers who are at risk of leaving their service with tempting deals or reductions to their monthly bill. The idea is that the customer may be persuaded to stick with the business rather than leaving.
In order to make the most effective use of this strategy, a business must be able to reliably predict which customers are at risk of leaving the service. With the rise of big data and machine learning, this can now be done using software.
This report looks at whether it is possible to predict customer churn using Logistic Regression (LR) and Support Vector Machine (SVM) techniques, and how effective these techniques can be.
[bookmark: _Toc185351468][bookmark: X7637916ffb1e5a14dd526c2e9dfba6bb364e404]3	Problem Statement with Literature Support
Customer churn poses a significant challenges for businesses, especially those who use a subscription-based model. The global yearly churn rate has been reported as approximately 35%-40%. [1] [2] This is particularly challenging in competitive markets where retaining existing customers is more cost-effective than acquiring new ones. [3] Kyei and Bayoh find that high levels of innovation between telecommunications providers and the relatively low cost of switching lead to increased customer attrition. [4] High churn rates can lead to revenue loss and also hinder customer loyalty and long-term growth. Kumar et al. finds that mitigating churn behaviour can increase profitability per one million telco customers by $15 million. [5]
The objective of this report is to develop an analyse a customer churn prediction model using LR and SVM, to optimise each model’s performance through hyperparameter tuning, and to compare the models’ performance and recommend the most effective model for customer churn prediction.
Carrying out this research involves a number of steps. Namely:
· Exploring and preprocessing the data to ensure it is suitable for training a machine learning model
· Developing and evaluating LR and SVM models to predict customer churn based on different performance metrics, including precision, accuracy, recall, AUC-ROC, and F1-score.
· Optimizing model performance through hyperparameter turning (incl. automated tuning via Grid Search & Random Search)
· Comparing the performance of LR and SVM, and recommending the best model for the task at hand
The outcomes of this research are expected to provide actionable insights that will help organisations to proactively reduce their customer churn rates, increasing customer loyalty and driving sustainable growth.
[bookmark: _Toc185351469][bookmark: methodology]4	Methodology
The dataset used in this research is freely-provided by IBM, who have based the dataset on a fictionalised telco company. The models are programmed and trained using libraries available in the Python ecosystem, and documented inside a Jupyter Notebook. Notebook allows Python code to be executed and annotated in a document-like format, allowing for improved documentation and explanations. The models are trained using the scikit-learn family of Python packages, which contain numerous utilities for both training machine learning models, and preprocessing the data required for doing so. It also contains packages used for automated hyperparameter tuning, which is used for getting the best results out of the models.
The below is a summary of the process used to prepare the data, train the models and optimise the hyperparameters for best performance. A full transcript of the process can be found in the included HTML file.
[bookmark: _Toc185351470][bookmark: exploring-the-data]4.1	Exploring the Data
Before embarking on the task of building an effective machine learning model, it is important to first explore and gain an understanding of the given dataset. Invoking df.info() provides a summary of the columns and data types included in the sample data set. Figure [6] shows the output.
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Figure [6]
The output of this method shows the column number, the column name, the total number of non-null values and the type of data stored in the column. This information can then be used to make informed decisions about how to preprocess the data before training the model.
[bookmark: _Toc185351471][bookmark: preprocessing-the-data]4.2	Preprocessing the Data
During the data exploration phase, it is found that the data is not entirely suitable for training the model just yet. During the preprocessing stage, the dataset is manipulated until it is ready to be used for model building.
[bookmark: _Toc185351472][bookmark: remove-unnecessary-columns]4.2.1	Remove Unnecessary Columns
One such task is removing unneccessary columns. Some columns should not be fed into the algorithm as they are useless in predicting customer churn and may reduce the model accuracy. Another reason for this is that for some columns, null may be a valid value (for ex. Churn Reason). Therefore these should be removed to avoid having missing values in the data.
columns_to_drop = ['CustomerID', 'Count', 'Lat Long', 'Zip Code', 'Churn Reason', 'Churn Label']
df = df.drop(columns=columns_to_drop, axis=1)
[bookmark: _Toc185351473][bookmark: remove-missing-or-null-values]4.2.2	Remove Missing or Null Values
Another issue that can occur is that some columns may end up with null or missing values. This will depend heavily on the quality of the original dataset. In this case, it is fortunate that IBM’s dataset is of good quality, and there are generally no missing values within the dataset.
df = df.dropna() # Drop any rows or columns with null or otherwise missing values
[bookmark: _Toc185351474][bookmark: sanitise-numerical-values]4.2.3	Sanitise Numerical Values
In the IBM dataset, some numerical values which do not get formatted correctly when imported using pandas. Therefore, some additional care must be taken to sanitise these values so that Python treats them as real numerical values.
numeric_columns = ['Tenure Months', 'Monthly Charges', 'Total Charges', 'Churn Score', 'Latitude', 'Longitude', 'CLTV']

for col in numeric_columns:
    df[col] = pd.to_numeric(df[col], errors='coerce') # Convert to numeric

df = df.dropna(subset=numeric_columns)
[bookmark: _Toc185351475][bookmark: normalise-numerical-columns]4.2.4	Normalise Numerical Columns
SVM Models, and to a lesser extent LR models are susceptible to skew and suboptimal solutions when numerical data is not to the same scale. Therefore, the data must be normalised. Normalisation ensures that numeric values share an identical scale, so no single feature dominates the prediction. In this case, scikit-learn’s StandardScaler is used.
scaler = StandardScaler()
df[numeric_columns] = scaler.fit_transform(df[numeric_columns])
[bookmark: _Toc185351476][bookmark: one-hot-encoding]4.2.5	One-hot Encoding
Many of the columns like “Country” and “State” are stored as text values and logistic regression requires numeric input. One-hot encoding converts these values into Boolean values. For example, a single column which could contain the values New York and Kentucky would be encoded as two columns State_New York and State_Kentucky, of which only one column would be TRUE per record.
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In order to train the model, the target variable must be selected. The target variable is the one which the model will aim to predict. The features of the data that will be used in the prediction also have to be selected. In this case, Churn Value was chosen as the target variable. The features used were as follows: (before encoding)
Country
State
City
Latitude
Longitude
Gender
Senior Citizen
Partner
Dependents
Tenure Months
Phone Service
Multiple Lines
Internet Service
Online Security
Online Backup
Device Protection
Tech Support
Streaming TV
Streaming Movies
Contract
Paperless Billing
Payment Method
Monthly Charges
Total Charges
The data must then be split into training and test sets. In order to train the model, it must have some data to be trained on. However, in order to test the model, some data should be kept out of the training. This is to provide fairness in testing as it would be an unfair test to show the model only data that it has already been trained on. For the below experiments, a train/test split of 80/20 was chosen unless specified otherwise.
[bookmark: _Toc185351478][bookmark: experiments]5	Experiments
The first model that was built was a simple LR model with all the hyperparameters set to their defaults. This was built using scikit-learn’s LogisticRegression class.
When looking at the results, the following applies:
· The target value can be one of two classes; 0 (Non-churn) or 1 (Churn)
· Precision - The precision of cases that are correct, for non churn and churn respectively. In this case, non-churn has better precision
· Recall - The percentage of actual non-churn/churn cases that are identified. In this case, non-churn has better recall.
· F1 - Balance between precision and recall. In this case, non-churn has a better balance of precision/recall
· AUC-ROC Score - The overall performance of the model. A score of 0.5 would be equivalent to a random coin-flip. Therefore the above AUC-ROC score shows that the model performs admirably compared to random chance, however it is not highly accurate.
[bookmark: _Toc185351479][bookmark: lr-with-default-parameters]5.1	LR with Default Parameters
Figure [7] shows the performance scores of the first model to be trained.
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Figure [7]
The AUC-ROC score in this case was 0.8540451293340671. This means that the model is performing significantly better than a random coin toss. A good start.
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Figure [8]
Figure [8] shows the effect that each feature has on the target prediction. It is noted that City appeared to have a disproportionate effect on the prediction. This is an example of overfitting, where too many highly granular categorical values can lead to skewed results. For example, if there is just a single customer based in Smith River who leaves the telco, the model will ‘assume’ that everyone from Smith River will leave. In order to increase the model’s performance, City was then removed from the training data.
[bookmark: _Toc185351480][bookmark: X8db58487d2770055b3495afdd21e132f907d981]5.2	LR with Default Parameters and City Removed
After removing City from the training data, there was a marked improvement in model performance, as shown in Figure [9]
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Figure [9]
In addition to the improvement in performance, it is now easier to see which features had the greatest effect on prediction. Higher coefficients have a positive effect on the prediction output (more likely to be true) and lower negative coefficients have the reverse effect. Coefficients nearer to zero have a less pronounced effect on the prediction. In this case, Total Charges had the highest impact on a customer’s decision to leave the service, while the length of time a customer had been with the service meant that they would be less likely to leave the service. Gender had the least effect on whether the customer was likely to leave the service or not.
One limitation of the approach of removing City from the dataset is the risk of throwing away information that could be genuinely useful to the model if it was prepared in the right way. For instance, the Cities could be grouped together and transformed into a ‘State’ column. This would reduce the risk of overfitting while retaining data which could boost the performance of the model.
[bookmark: _Toc185351481][bookmark: lr-with-hyperparameter-tuning]5.3	LR with Hyperparameter Tuning
Now that the dataset has been thoroughly processed and optimised, hyperparameter tuning must be performed to try to boost the model’s performance even further. To do this, an automated approach is taken in which the computer will iterate through a number of possible configurations, greedily searching for the most performant combination. The following options were used in the search for the best LR hyperparameters.
param_grid = {
    'C': [0.01, 0.1, 1, 10, 100],
    'penalty': ['l2'],  # Can also try 'l1' with solvers like 'liblinear'
    'solver': ['liblinear', 'saga']
}
· C (Regularization Strength) - Controls the regularisaion strength. Smaller values mean stronger regularisation. This can help correct for overfitting
· Penalty - Specifies the norm used for penalisation
· Solver - Algorithm to use for optimisation
The grid search found that the most performant combination of hyperparameters were {'C': 100, 'penalty': 'l2', 'solver': 'liblinear'}
Testing this model in comparison to the pre-tuned model yielded slight improvement.
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Figure [10]
Here only a very slight improvement can be seen in performance versus the previous iteration of the model. A possible reason for this is that the default hyperparameter selection already chooses some sensible defaults, meaning the model is mostly optimised as well as it could be for this particular use-case.
[bookmark: _Toc185351482][bookmark: svm-with-default-parameters]5.4	SVM with Default Parameters
Training a SVM with the default parameters produces a relatively performant model. The model is not, however, as performant as the LR model built earlier. This could be because there may be no clearly distinct split in the factors leading to customer churn, meaning SVM struggles to find a clear margin with the default settings.
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Figure [11]
[bookmark: _Toc185351483][bookmark: svm-with-hyperparameter-tuning]5.5	SVM with Hyperparameter Tuning
As with the LR model, the computer will search through a number of parameter combinations in order to find the optimal values. SVM training took significantly longer on the target computer, leading to excessive hyperparameter tuning durations. To mitigate this, a random search was chosen over a grid search, and the train-test sample size was flipped from 80/20 to 20/80. This allowed the tuning to complete in a more reasonable amount of time.
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[12]
Figure [12] shows that the hyperparameter tuning selected {'kernel': 'linear', 'gamma': 1.7782794100389228, 'degree': 3, 'C': 0.1} as the optimal values.
With these values selected, it is then possible to retrain with the original test-train split.
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[13]
Figure [13] shows an improvement in performance over the default parameters, however, it is still less performant than the fully optimised and tuned LR model.
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Overall, the LR model performed admirably given the minimal amount of tuning required, easily beating the SVM model after accounting for optimisation and tuning. SVM took significantly longer to tune, and the results could have been better given more powerful hardware and more time for tuning. Despite the promising results, it is clear that the dataset is not as well optimised as it could be. Replacing the City column with a broader column that perhaps represents location data at the State or Region level could reduce the risk of overfitting. This could be done retroactively by submitting the location data to a geolocation service.
The above results show that Total Charges have the largest positive correlation with increased customer churn, suggesting that the telco should perhaps offer targeted discounts to those customers who are paying the most. The above results show that Gender has the lowest correlation with churn. The results also show that Tenure Months has the highest negative correlation with customer churn, however this likely comes down to correlation and not causation. The feature with the second highest correlation with churn is Dependents_Yes, suggesting perhaps that customers with dependents have less time or energy to review their outgoings.
[bookmark: _Toc185351485][bookmark: conclusion-with-recommendation]7	Conclusion with Recommendation
These findings suggest that feature engineering could further enhance the dataset’s performance. For example, introducing derived features like customer tenure segments or normalising total charges to account for regional income disparities may yield additional insights. Additionally, the relationship between dependents and churn is another avenue for further exploration. By refining data preprocessing and engineering, the fictionalised telco could improve model performance and better target retention strategies for at-risk customers.
In conclusion, the LR model proves itself as the best machine learning algorithm for this particular dataset and task. It has good performance with minimal computation required, even without extensive hyperparameter tuning, making it a practical and effective option. While the SVM model demonstrated potential, its higher computational requirements led to constraints on hyperparameter searching, limiting its potential effectiveness. It is recommended that the telco should adopt the LR model for customer churn prediction, while continuing to refine the dataset through improved data mining practices and enhanced feature engineering to further boost model accuracy, and ultimately increase profits.
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