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[bookmark: _Toc204925258]Abstract
An investigation was launched into two machine learning models; Logistic Regression, and Support Vector Machine, in order to determine the most suitable model for determining customer churn for a company. A brief description of these models was provided, explaining their functionality and how they could be used to predict customer churn. An investigation into hyperparameter tuning was also conducted, explaining the importance of tuning models to optimise performance and increase accuracy. Implementations of these models were then created, which used a dataset for a company, with the goal of determining the most ideal model for detecting customer churn based on model accuracy. The results showed that the Logistic Regression algorithm had near perfect accuracy in determining customer churn, whereas the Support Vector Machine algorithm initially had far worse results, with less than half of predictions being accurate. However, the report found these results could be greatly improved through hyperparameter tuning. The report concludes that the most suitable model for the purpose of determining customer churn was Logistic Regression, due to the high accuracy of this model. However, the report also states that the performance of the Support Vector Machine could potentially be improved further through greater hyperparameter tuning. 
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[bookmark: _Toc204925259]Introduction
For this assignment, AI and machine learning needs to be employed, in order to analyse a dataset on behalf of a Telco company in order to detect the risk of customer churn. Customer churn is the concept of customers slowly abandoning a service over time, which can impact a company’s profits. As a result, an accurate analysis of customer data to determine the risk of this is essential. 
The dataset used for this, Telco Customer Churn, contains a variety of data, from customer information to service information. There are several categories to determine the risk of churn within the dataset; churn label and value are interchangeable, with identical information; churn label contains a Boolean value of yes or no, determining whether or not customer churn has occurred, whereas churn value contains the values of 1 or 0, corresponding to yes or no in reference to customer churn. Churn score is the measurement of how likely a customer is to cancel their service, with a subsequent churn reason to explain the reason customer churn occurred. The important value to identify customers at risk of churn is Churn Score; if a customer’s churn value has exceeded a certain value (for example, 70) a customer can be labelled as ‘at risk’ of customer churn. However, the dataset contains 7038 entries, making manual identification of these values slow and impractical. 
A machine learning model can be employed in order to determine the risk of customer churn. In order to identify an appropriate model for this task, two models will be investigated: Logistic Regression, and Support Vector Machine. The performance of these models will be determined through model accuracy, with the highest accuracy model being deemed as the most viable model.










[bookmark: _Toc204925260]Employing prediction models to prevent customer churn
Machine learning models can be employed to assist in detecting customer churn in this dataset, by checking the churn score, and flagging customers who exceed a score. Two machine learning models will be employed for this; a Logistic Regression model, which analyses a relationship between independent variables and output variables [1], and a Support Vector Machine model, which classifies data by finding an optimal line or hyperplane that maximizes the distance between each class in an N-dimensional space [2].
[bookmark: _Toc204925261]Logistic Regression
[bookmark: _Toc204925262]What is Logistic Regression?	
Logistic regression is a machine learning model that functions similarly to linear regression [1], where the model observes the relationship between predictor variables and output variables. This then predicts the likelihood of a possible outcome occurring.  Logistic Regression is suited towards tasks involving classification, such as by determining the classification of whether a person would choose between two options, 0 or 1.
[bookmark: _Toc204925263]How can it be used to prevent customer churn?
Logistic Regression can be used in order to determine the likelihood of a customer cancelling their service. The model looks at independent variables that correlate with the chances of customer churn occurring, then, as the model predicts the likelihood of events, a prediction of whether a customer will cancel their service is provided.
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[bookmark: _Toc204925265]What is a Support Vector Machine?
A Support Vector Machine is used to distinguish two classes by finding the optimal hyperplane, that maximises the margin between the closest data points of opposite classes [2]. This separates data points and sorts these points into classes, which helps the model make accurate classification predictions. With the introduction of new data, the position of the hyperplane changes to react to any potential change to the maximum margin of data points [6].
[bookmark: _Toc204925266]How can it be used to prevent customer churn?
A Support Vector Machine model can be helpful to categorise a dataset based on classification, by classifying the chance of a customer being churned, identifying an accurate value to determine the difference between customers being churned and customers staying with the service. However, the amount of time it takes to find the optimal hyperplane increases as the size of the dataset increases, making it potential unsuited to large datasets.
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[bookmark: _Toc204925268]Hyperparameter tuning
Hyperparameter tuning is a method used to select the ideal hyperparameters to train a machine learning model. This is used to ensure that a trained model is as accurate as possible [7]. This is extremely important in order to optimise models and improve performance, as without appropriate hyperparameter tuning, model performance is greatly decreased. Several different hyperparameters exist for hyperparameter tuning; for example, for the Support Vector Machine algorithm can make use of C, which controls the ratio between the acceptable margin of error and the resulting number of errors when a model acts as a data classifier [7]. At low values, this results in higher error tolerances, whereas at high values, training results are more accurate but overfitting could occur. Kernel is another hyperparameter, which helps to classify data points into resulting classes, which can heavily affect model performance. Finally, gamma hyperparameters can be tuned to determine how support vectors are influenced on the decision boundary, where a high gamma can result in overfitting occurring, and a low gamma value can result in make the decision boundary too imprecise [7]. Used for both Logistic Regression and Support Vector Machine, the randomised search hyperparameter pulls a random sample from a dataset, which creates models from these samples to compare, to find an ideal model [7].
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[bookmark: _Toc204925270]Model performance
The models were tested on 5 different classifications: the first being the overall accuracy of the model, with the other 4 classes testing the predictions of both churned and non-churned customers. These additional classes are the precision, the accuracy of predicting classifications [3], the recall of the model, finding how many times the model detected an object of the target class [4], the F1 score, a combined, balanced total of the precision and recall classes [5], and support, providing the overall total of how many churned and non-churned customers actually exist in the dataset. As the support does not change when testing with different models, this will be ignored, however it serves as an important reference point against other measured values, as it is a constant value that other values can be compared against.
[bookmark: _Toc204925271]Logistic Regression Performance
The Logistic Regression model had an accuracy score of 0.9985…, roughly an accuracy of 99.85% for predictions, showing that almost every prediction the model made was correct for customer churn. For classifying churned customers, the model did not make any incorrect predictions, with 100% accuracy for precision, recall and f1 score. For non-churned customers, this was slightly lower, with a recall value of 99%, although still retaining 100% accuracy for the precision and f1 scores.












[bookmark: _Toc204925272]Support Vector Machine Performance
The initial results for the performance of Support Vector Machine was significantly worse than the Logistic Regression Model’s, with an accuracy score of 0.4932…, roughly 49.32% accuracy; more than half of the model’s predictions were incorrect. The precision, recall and f1 scores for this model are also interesting, with an f1 score of 50% and 48% for non-churned and churned customers, respectively. The precision of this model was significantly higher for non-churned customers compared to churned customers, with an 85% accuracy for non-churned compared to 34% accuracy for churned customers. The opposite is true for the recall; 36% for non-churned customers, compared to 84% for churned customers. 
Three hyperparameters were used for these results [8]; ‘rbf’ was used as the kernel, which is the default kernel if no kernel is specified. The C used for the model was ‘1.0’, which was also the default if no value is stated. Finally, the gamma was also set to ‘scale’, which was again the default hyperparameter setting. Changing these values had a major effect on model accuracy; changing gamma to ‘auto’ instead of ‘scale’ resulted in the model accuracy increasing to 71.92%. Increasing the value of C above 1 had a small impact on accuracy, increasing the accuracy of the model to 50.10%, while decreasing the value to 0.5 slightly decreased performance, to 47.97%. Changing the kernel to ‘sigmoid’ resulted in a lower accuracy of 34.96%, while using the kernel ‘linear’ gave a massive increase to the accuracy of the model, at 96.01% accuracy. These differences show how valuable hyperparameter testing is to the performance of the Support Vector Machine algorithm.
[bookmark: _Toc204925273]Which model is most suitable?
Due to significantly higher accuracy, as well as far higher precision, recall and f1 scores, the Logistic Regression model is far more suitable for predicting customer churn; the Logistic Regression model had nearly perfect predictions and accuracy, compared to the initial results of the Support Vector Machine model, which had much worse performance. Despite additional hyperparameter tuning heavily increasing accuracy, the Logistic Regression model still had a higher overall accuracy.
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This assignment was conducted in order to investigate two machine learning models, Logistic Regression, and Support Vector Machine. An overview of these models was provided, explaining how these models functioned and how they could be used in reference to the initial problem of this assignment, to prevent customer churn in a company. An explanation was also given on hyperparameter tuning, an essential process for improving model performance. These two models were then created using Python, to compare performance through overall accuracy and several other classifications for additional information. It was found that the Logistic Regression performance was extremely high, with nearly 100% accuracy in predicting customer churn, and high scores for precision, recall and F1 score. In comparison, the initial Support Vector Machine performance was much lower, with less than 50% accuracy, and with mixed scores for precision, recall and F1 score. However, the performance for the Support Vector Machine was significantly increased through hyperparameter tuning, which brought the accuracy of the Support Vector Machine algorithm up to 96.01%. Despite this, it was determined that the most ideal model for the prediction of customer churn was the Logistic Regression model, due to the higher level of accuracy the model provided. However, with further hyperparameter tuning, the accuracy of the Support Vector Machine algorithm could be increased further, potentially competing with the accuracy of Logistic Regression.
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[bookmark: _Toc204925277]Logistic Regression code
import pandas as pd
import numpy as np
from sklearn.model_selection import train_test_split
from sklearn.linear_model import LogisticRegression
from sklearn.metrics import classification_report, confusion_matrix, accuracy_score
from sklearn.preprocessing import LabelEncoder

# Load Excel file
file_path = 'Telco_customer_churn.xlsx'  # Finds customer churn spreadsheet
df = pd.read_excel(file_path)

# Drop customerID
if 'customerID' in df.columns:
    df.drop('customerID', axis=1, inplace=True)

# Handle missing values
df.replace(" ", np.nan, inplace=True)
df.dropna(subset=['Total Charges'], inplace=True)

# Convert Total Charges to numeric
if df['Total Charges'].dtype == 'object':
    df['Total Charges'] = pd.to_numeric(df['TotalCharges'], errors='coerce')
    df.dropna(subset=['Total Charges'], inplace=True)

# Encode categorical features
le = LabelEncoder()
for column in df.select_dtypes(include=['object']).columns:
    df[column] = le.fit_transform(df[column])

# Define features and target
X = df.drop('Churn Value', axis=1)
y = df['Churn Value']

# Split into training and test sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)


# Create Logistic Regression model
model = LogisticRegression(max_iter=1000)
model.fit(X_train, y_train)

# Predictions
y_pred = model.predict(X_test)

# Evaluation
print("\nAccuracy Score:", accuracy_score(y_test, y_pred))
print("\nClassification Report:\n", classification_report(y_test, y_pred))
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import pandas as pd
import numpy as np
from sklearn.model_selection import train_test_split
from sklearn.metrics import classification_report, confusion_matrix, accuracy_score
from sklearn.preprocessing import LabelEncoder

# Load Excel file
file_path = 'Telco_customer_churn.xlsx'  # Finds customer churn spreadsheet
df = pd.read_excel(file_path)

# Drop customerID
if 'customerID' in df.columns:
    df.drop('customerID', axis=1, inplace=True)

# Handle missing values
df.replace(" ", np.nan, inplace=True)
df.dropna(subset=['Total Charges'], inplace=True)

# Convert Total Charges to numeric
if df['Total Charges'].dtype == 'object':
    df['Total Charges'] = pd.to_numeric(df['TotalCharges'], errors='coerce')
    df.dropna(subset=['Total Charges'], inplace=True)

# Encode categorical features
le = LabelEncoder()
for column in df.select_dtypes(include=['object']).columns:
    df[column] = le.fit_transform(df[column])

# Define features and target
X = df.drop('Churn Value', axis=1)
y = df['Churn Value']

# Split into training and test sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Create Support Vector Machine model
from sklearn.svm import SVC
model = SVC(kernel='rbf', C=1.0, gamma='scale', class_weight='balanced')
model.fit(X_train, y_train)

# Predictions
y_pred = model.predict(X_test)

# Evaluation
print("\nAccuracy Score:", accuracy_score(y_test, y_pred))
print("\nClassification Report:\n", classification_report(y_test, y_pred))

