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[bookmark: _Toc184837673]Abstract
This assignment will look at the effectiveness of logistic regression and support vector machines using the Telco Customer Churn dataset in order to evaluate how effective they are at predicting customer churn. Both LR and SVM will be assessed based on their prediction and their accuracy, as well as their AUG-ROC and F1 score, in order to determine how they are performing.

[bookmark: _Toc184837674]Introduction

The importance of customer churn predictions cannot be overstated for a business, as it can have massive impacts on the company’s bottom line. This is because if you do not investigate customers, it can lead to the loss of a large amount of customers, and it can be far more expensive to get new customers than to maintain your current customer base, so by investigating churn rates, you can discover the reasons why the customers would stop using your business and take the adequate steps in order to improve customer satisfaction and retention. 
The way in which this study intends to investigate the churn rate of the Telco Customer Churn dataset is by using logistic regression as well as support vector machine. First looking at logistic regression, it is a way businesses can predict binary outcomes. in this case being if a customer would stay or go based on an array of different data. It then uses the sigmoid function to find the probability that a given input would happen based on an array of different factors.
usually using the identifier X for the desired output and Y for the factors to determine its probability of that output. 
Support vector machines are more flexible and aim to find the most accurate boundary between classes; this is known as the hyperplane. The way in which the SVM works is in a similar fashion to logical regressing, but they work best with linear data. SVM uses kernel functions in order to transform the data that is needed; as stated, it simplifies boundaries for non-linear problems by adding higher dimensions, allowing it to map more complex points. This is done to make separating the data easier. It then creates a line in the hyperspace that creates the widest possible gap in between classes without incorrectly classifying the points. The way in which it aims to work makes it impractical for linear data.
.

The objective of this assignment is to use 2 different machine learning techniques, namely logistic regression and support vector machine, to determine if a customer is more or less likely to stop using the business; in other words, if they are likely or not to churn, this is done using the Telco Customer Churn dataset. Overall, it aims to create a churn prediction model with logistic regression and support vector machine to define whether a customer is likely to churn or not likely to churn. Then the model performance will need to be evaluated; this will be done with accuracy, precision, and AUC-ROC, as well as the F1 score. Next the results will need to be reviewed. Finally, the comparison of the models, logistic regression and support vector machine.  

[bookmark: _Toc184837675]Problem Statement with Literature Support
Customer churn can have a drastic effect on a businesses bottom line it can affects this mean working to maintain a businesses current customer base it both cheaper and more time effective, this is obviously because of the extra cost that comes with trying to find new customer to use/ subscribe to your businesses, this is the  reasoned identifying them is poetically important as if you know which customer are likely o churn you can take steps to reduce the chance say if the data shows that after your monthly premiums reach a certain among your chance of churning spikes, steps can be taken to ensure customer don't remain within though boundary for extended periods of time. The main challenge with identifying what causes churning is that it is affected by an array of different factors, making it very difficult to identify which factors lead to the churn, meaning that even with machine learning models like logistic regression and support vector machines, it is impossible to be 100% accurate in its prediction. 
[2] Looking at the article written by Frederick F. Reichheld and W. Earl Sasser, Jr. From 1990 it states that “Some 5% of its customers leave each year—half the average rate for the rest of the industry. That may seem like a small difference, but it translates into huge earnings.” following this up with, “MBNA’s industry ranking went from 38 to 4, and profits have increased sixteenfold.” This gives a clear example of the effect of customer churn, as with as much as a 5% change, it led to their profits increasing sixteen-fold and massively improving their industry ranking.

[image: ][2]

As this graph show it give a better understanding of the importance of maintaining customer as even if you gain as many as you loss they are less likely to be spending as much as a customer that has been linked to the business for an extended period of time 
[4] the New Insights into Churn Prediction in the Telecommunication Sector: A Profit-Driven Data Mining Approach study expresses the effectiveness of logical regression and that it can quite easily identify customer that are at risk of churning with relatively few variables 
A study written by Hung and Wang  in 2006, stated that SVM would outperform traditional statistical methods for determining customer churn.
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Looking at the Telco Customer Churn dataset, it has a vast array of different attributes, which include tenure, or how long they've been with the company; the gender of the person; if they are or are not a senior citizen; as well as if they have a partner. There are also many other attributes; these are used to train the model with the data that is already provided in order to give the model ideas of what factors affect the churn rate. 
Following that, examining what needs to be done for preprocessing. One of the first things you need to do for preprocessing is to find any missing data; this can be done with a simple function that would look somewhat like this: 
 df.isnull().sum(). 
Next, to replace the missing data with a suitable replacement, this is done using the mean, median, and mode of the data sets. An example of which one would be used is for tenure; the median would be the most suitable way to substitute the missing data. The code for this would look something like this: 
 df['tenure'].fillna(df['tenure'].median(), inplace=True). 
Next would be the feature coding, starting with creating dummy variables to hold data types with more than 2 options. Next would be to do the encoding for binary categories, for example, male and female being changed to 0 and 1. Then you can use a code like this to conform if the code is binary. 
print(f"Unique values in y_binary: {np.unique(y_binary)}") 
Following that, you will likely need to remove data points that go over 3 standard deviations. Then you will need to work on scaling and normalisation, and then splitting data, the code would look like this: 
 X_train, X_test, y_train, y_test = train_test_split(X, y_binary, test_size=0.2, random_state=42)



Looking at the models that are in use, the logistic regression and support vector machine are very different and are more effective for specific tasks over one another, as well as have different features, so to compare them, looking first at their model types Logistic regression is a probabilistic and linear model, whereas support vector machines are the opposite, being non-probabilistic and both linear and non-linear models, though it is more effective with non-linear models. It has some features that allow it to still work with linear models. LR is far easier to interpret than its counterpart; this is because the coefficient more effectively displays feature impact. Whereas the kernel functions look at more direct interpretations, making them slightly less interpretable. Looking at the complexity of the 2 models, the SVM is far more complex, and depending on the choice of kernel used, it could increase the complexity. Whereas LR is incredibly simple to implement. Looking at scalability, the SVM tends to struggle with larger data sets, for example, the one being used for this project, unlike LR, which is easily scalable to larger data sets. Finally, looking at where they each are best used LR is perfect for linear data sets, and SVM is very effective when it comes to more complex non-linear data sets.  
Look next to the performance metrics. The first is accuracy; this is determined by dividing true positives + true negatives by total observations. The importance of accuracy is that it gives a general idea of how well each of the models is working. 
Second would be precision, which is determined by true positives divided by true positives + false positives. The importance of this metric is that it focuses on the relative positive prediction. 
Finally, the F1 score balances both precision and recall, making it a vital metric when data is imbalanced.
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Looking at the data that each of the 2 model have returned for there AUC-ROC  there data is very similar give the same overall response of 0.86.
[image: ]
Looking now at the accuracy LR comes up a little ahead with 0.8096 where as SVM comes in with 0.8060 meaning that the model is slightly mor accurate.
The Precision of bother of the models are very similar but SVM comes out with a slightly higher Precision of 0.7195 over LR 0.7009 meaning that SVM is more perceptive that LR even though it is more accurate.
Looking now at the f1 score the LR is higher coming in at 0.6564  with is far over svm 0.6296.
[image: ]
Looking at the effect that the monthly change has it is clear that LR model give a much more exact representation of what the model provides over the svm model. But both models show that a higher monthly charge would increase the churn rate.

[image: ]Following that, looking at the amount of time a persona has spent with the company shows that the longer they've been there, the less likely they are to leave. The LR model and SVM are very similar on this, but it's clear that the LR model is slightly more accurate, although they both show the same base message about the amount of time to churn rate ratio.
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Following that this shows the churn rate of people with partners that are male with a tenure above 30 and it clearly shows that the majority of then people with this requirement will not churn 
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In conclusion, the logical regrating model is more effective for a data set like this due to its size as well as the contents of the data, not to mention its simplicity as well as its interpretability, and this shows the importance of using the LR and SVM models in order to improve the effectiveness of a business, and it shows that it is paramount to use these tools in order to evaluate the churn rate and to monitor as well as help reduce it.  

code

import pandas as pd import numpy as np from sklearn.model_selection import train_test_split from sklearn.preprocessing import StandardScaler from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score import matplotlib.pyplot as plt import seaborn as sns from sklearn.linear_model import LogisticRegression from sklearn.svm import SVC from sklearn.metrics import roc_curve

Load the dataset
url = 'https://raw.githubusercontent.com/KimathiNewton/Telco-Customer-Churn/master/Datasets/telco_churn.csv' data = pd.read_csv(url)

Display the first few rows of the dataset
print(data.head())

Check for missing values
print(data.isnull().sum())


Drop rows with missing values
data.dropna(inplace=True)

Identify categorical columns
categorical_columns = data.select_dtypes(include=['object']).columns
Convert categorical variables to numerical
for column in categorical_columns: data[column] = pd.Categorical(data[column]).codes

Ensure all data is numeric
print(data.dtypes)

Split the data into features and target variable
X = data.drop('Churn', axis=1) y = data['Churn']

Convert the target variable to binary by combining the classes into two categories
def convert_to_binary(y): return np.where(y <= 1, 0, 1)

Apply the conversion to y
y_binary = convert_to_binary(y)

Verify the unique values in the binary target variable
print(f"Unique values in y_binary: {np.unique(y_binary)}")


Split the data into training and testing sets again with binary target variable
X_train, X_test, y_train, y_test = train_test_split(X, y_binary, test_size=0.2, random_state=42)


Standardize the features again
scaler = StandardScaler() X_train = scaler.fit_transform(X_train) X_test = scaler.transform(X_test)


Logistic Regression model
lr_model = LogisticRegression(random_state=42) lr_model.fit(X_train, y_train) lr_predictions = lr_model.predict(X_test)

Support Vector Machine model
svm_model = SVC(random_state=42, probability=True) svm_model.fit(X_train, y_train) svm_predictions = svm_model.predict(X_test)


Logistic Regression evaluation with binary target variable
lr_accuracy = accuracy_score(y_test, lr_predictions) lr_precision = precision_score(y_test, lr_predictions) lr_recall = recall_score(y_test, lr_predictions) lr_f1 = f1_score(y_test, lr_predictions) lr_auc = roc_auc_score(y_test, lr_model.predict_proba(X_test)[:, 1])
print(f"Logistic Regression - Accuracy: {lr_accuracy}, Precision: {lr_precision}, Recall: {lr_recall}, F1 Score: {lr_f1}, AUC-ROC: {lr_auc}")


Support Vector Machine evaluation with binary target variable
svm_accuracy = accuracy_score(y_test, svm_predictions) svm_precision = precision_score(y_test, svm_predictions) svm_recall = recall_score(y_test, svm_predictions) svm_f1 = f1_score(y_test, svm_predictions) svm_auc = roc_auc_score(y_test, svm_model.predict_proba(X_test)[:, 1])
print(f"Support Vector Machine - Accuracy: {svm_accuracy}, Precision: {svm_precision}, Recall: {svm_recall}, F1 Score: {svm_f1}, AUC-ROC: {svm_auc}")


Plotting the ROC curves for binary classification
lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_model.predict_proba(X_test)[:, 1]) svm_fpr, svm_tpr, _ = roc_curve(y_test, svm_model.predict_proba(X_test)[:, 1])
plt.figure(figsize=(10, 6)) plt.plot(lr_fpr, lr_tpr, label='Logistic Regression (AUC = {:.2f})'.format(lr_auc)) plt.plot(svm_fpr, svm_tpr, label='SVM (AUC = {:.2f})'.format(svm_auc)) plt.xlabel('False Positive Rate') plt.ylabel('True Positive Rate') plt.title('ROC Curve') plt.legend() plt.show()

Plotting the effect of MonthlyCharges on Churn rate
plt.figure(figsize=(10, 6)) sns.boxplot(x='Churn', y='MonthlyCharges', data=data) plt.xlabel('Churn') plt.ylabel('Monthly Charges') plt.title('Effect of Monthly Charges on Churn Rate') plt.show()

plt.figure(figsize=(10, 6))
sns.barplot(x='Churn', y='tenure', data=data)
plt.xlabel('Churn')
plt.ylabel('Tenure')
plt.title('Effect of Tenure on Churn Rate')
plt.show()


Filter the data for people that have partners and are male with a tenure above 30
filtered_data = data[(data['Partner'] == 1) & (data['gender'] == 0) & (data['tenure'] > 30)]
Plotting the churn rate for the filtered data
plt.figure(figsize=(10, 6)) sns.countplot(x='Churn', data=filtered_data) plt.xlabel('Churn') plt.ylabel('Count') plt.title('Churn Rate of People with Partners, Male, and Tenure Above 30') plt.show()
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