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[bookmark: _Toc184906940]Abstract
Customer churn is important to fully understand to help when looking at keeping your customers. This is a great challenge for any business to overcome as it requires you to really understand your customers well and know a lot about them. This report is to explore the differences between logistic regression and support vector machine to understand which is better to use and which method to use to accompany the algorithm.
Using machine learning algorithms businesses can see patterns and predict what the customers need/ are going to do, and this will tremendously help the business as they will then be able to understand what to do.
[bookmark: _Toc184906941]Introduction
This report will be discussing how to apply and evaluate the performance of Logistic Regression (LR) and Support Vector Machine (SVM) on a customer churn dataset for predicting customer churn. The performance of the model will be enhanced using accuracy, precision, recall, F1 score and AUC-ROC.
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The aim of this report is to apply and evaluate the performance of Logistic Regression (LR) and Support Vector Machine (SVM) on a customer churn dataset for predicting customer churn. This means that the problem is getting all the data to correctly appear and be accurate as well as figuring out which method is best used to get the best results. 
Creating a model that can accurately predict what the customers’ needs are, looking for specific patterns which can help identify the good and the bad, using the data sheet will help as you will be able to see what those patterns are[1]. Understanding why customers are leaving is an important factor to look at and understanding the patterns which lead to this will greatly help how you can avoid this happening to more customers[2].
The key points to help you understand this are to identify what the most common factor is between customers that are leaving or have already left, once you figure this out you can figure out a way to minimise this from continuing to happen.[3] Deciding which algorithm to use will also greatly help this. Creating a method once you decided this so you can quickly start the turnaround and proactively continue to keep customers.
When researching you will need to compare both the logistic regression and the support vector machine to see which is of better use/higher accuracy. Then deciding which method to use such as accuracy, precision etc, then showcase which is the best to use[4].
[bookmark: _Toc184906943]Data Exploration and Preprocessing
[bookmark: _Toc184906944]Understanding the data 
Data exploration and preprocessing involves checking the data so that you understand what the data is saying. Understanding what is in each column and row is important so that you can see examine what the data types are in each column. When exploring the data it is important that you can identify when there are missing data/values in the spreadsheet, noticing this will make it easier to work with as you won’t be chasing errors and wondering why it is not working correctly when referencing in Python. You can see the descriptive statistics such as the mean and median, you can see how the data is connected and what the correlation between the data is, if any.
Data preprocessing is used for handling missing values and if there are any patterns in identifying the missing values, this could mean removing unnecessary rows or columns when sorting the data, filling the empty or error data with mean and median data as well as implementing machine learning imputation.
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For the methodology it is important to understand the dataset by looking at all the available values and understanding what they all mean. Another method to be used is converting features that are not numerical into numerical values for the code to work correctly using 1 and 0s to show this. 
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The results of the code show there is a difference between the accuracy, precision, recall, F1 score and AUC-ROC for both the logistic regression performance metrics and the support vector machine performance metrics.
Logistic regression has an accuracy of 0.0303 and the accuracy of the support vector machine is 0.0392. This shows that the support vector machine is more accurate as the number is higher than the logistic regression. For precision we can see that the precision is higher for logistic regression this time at 0.0077 compared to 0.0053 for support vector machine. Recall is another metric that was measured with LR having 0.0285 and SVM at 0.0314, this shows that the SVM is more accurate. F1 score for LR is 0.0117 and for SVM it is 0.0087, this is considerably low for the SVM and means that it has little to no accuracy when using this method. AUC-ROC for LR is the most accurate put of all the methods at 0.5103 with SVM having 0.5043, both are much higher than the other methods for both LR and SVM.
Both LR and SVM have methods that are good and methods that are bad, it comes down to whether you will use LR or SVM. With LR you will have higher score on precision, F1 score and AUC-ROC, and with SVM you will have a higher score on accuracy and recall. So the use it depending on which method you want to use for you spreadsheet that will get the best results for you.
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This report has concluded and shown a deep comparison between logistic regression and support vector machine algorithms to see what the pros and cons are for both algorithms, that show how accurate they can predict data and how quick they can both do this. This shows that businesses can rely on machine learning to help with their understanding of their customers to greatly improve their relationship and appeal to these customers as well as new customers. In this report it also created a program in Python to show of both algorithms and show their effectiveness.
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