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[bookmark: _Toc184901020]Abstract:
This report provides a summary of predicting customer churn by using machine learning techniques. Logistic Regression (LR) and Support Vector Machine (SVM) is used to predict the customer churn through the Telco Customer Churn dataset. This report will effectively evaluate the performance of these models, the models should also be able to discuss strategies for ways to improve customer churn based on the results gathered. This report focuses on the importance of machine learning and how it can be used to predict various things in various industries. Machine learning is very useful in the healthcare sector, for example predicting the likelihood of an individual’s chances of cancer diagnosis based on their current health and lifestyle. If used correctly machine learning is a very powerful tool.


















[bookmark: _Toc184901021]Introduction:
The goal of this report is to assess the effectiveness of both models in predicting the customer churn of the business and to apply any insights that may contribute to the rise of customer churn. Customer churn refers to the loss of customers over a certain period. In telecommunication industries such as Telco, looking after current customers is more beneficial to the business than it is to acquire new customers. Organisations must predict and analyse customer churn to improve the retention rates of customers. Through predicting customer churn, the organisation can build corrective actions plan to follow to also improve retention rates. This report focuses on predicting the customer churn through using ML models such as logistic regression and support vector machine. Through using both ML’s they can be analysed to predict customer churn 
















[bookmark: _Toc184901022]Problem Statement:
As mentioned in the introduction, customer churn is essential for customer sustainability.  Depending on the industry, customer churn and retention rates can be make or break for organisations. The difference between retention rates and customer churn is as follows:
Retention rates: The number of customers that stay with the business
Customer Churn: The number of customers that leave the business
Below are two tables, one provides the highest rates of retention rates (median) and the other table provides the highest rates of Customer Churn (median) in industries within 2024 [1]:
[image: Median Churn Rate by Industry]
[bookmark: _Toc184727480][bookmark: _Toc184737195][bookmark: _Toc184820393][bookmark: _Toc184898009]Figure 1: Industrial Retention Rates
As you can see the industries with the lowest retention rate are:
· Wholesale 44%
· Consumer Packaged Goods 60%
· Logistics 60%
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[bookmark: _Toc184727481][bookmark: _Toc184737196][bookmark: _Toc184820394][bookmark: _Toc184898010]Figure 2: Industrial Customer Churn Rates
As you can see the industries with the lowest customer churn are:
· Wholesale 56%
· Consumer Packaged Goods 40%
· Logistics 40%
There are many different reasons to why customer churn rates could be high within organisations [2]: 
· Poor customer fit 
· Lack of desired outcomes and perceived value 
· Product bugs or failures
· Price
· Poor customer experience 
· Personnel or leadership changes 
· Competition 
Predicting customer churn allows organisations to highlight any customers that are at risk of potentially leaving the organisations due. Organisations might tackle this issue by offering personalised deals or loyalty programs to those customers who are at risk of potentially leaving the organisation. As mentioned previously businesses must predict customer churn, there are many techniques businesses use to predict customer churn, these include [3]:
· Logistic Regression
· Decision Trees
· Neural Networks 
· Support Vector Machine 
Business have used a manual approach to predict customer churn however this method is not as effective as using a type of ML model. Below is a table stating the positives and negatives of manual churn predicting: 
	Positives & Negatives of Predicting Customer Churn Manually

	Positives
	Negatives

	Low initial Cost
	Time Consuming

	Context Awareness (Human Behaviour/Human Interaction)
	Prone to Errors

	
	Unable to Identify Any Patterns

	
	Inefficiency

	
	Scalability 


[bookmark: _Toc184737197][bookmark: _Toc184820395][bookmark: _Toc184898011]Figure 3: Positives & Negatives of Predicting Customer Churn Manually
Below is a table stating the positives and negatives of using ML models for churn predicting:
	Positives & Negatives of Predicting Customer Churn Using ML Models

	Positives
	Negatives

	Scalability
	Complexity

	Accuracy
	High Initial Cost

	Speed
	Overfitting Data

	Efficiency
	Requires Experts 

	Long Term Cost Effective
	


[bookmark: _Toc184737198][bookmark: _Toc184820396][bookmark: _Toc184898012]Figure 4:Positive & Negatives of Predicting Customer Churn Using ML Models



[bookmark: _Toc184901023]Methodology:
As mentioned in the problem statement, there are multiple different types of ML models available for predicting customer churn. This report will be focusing on Logistic Regression (LR) and Support Vector Machine (SVM).

[bookmark: _Toc184901024]Logistic Regression (LR): 
Logistics Regression is a supervised model learning technique and algorithm that predicts the probability of an event or outcome. Logistic regression prints a binary outcome which could be shown as Yes/No, 0/1 or True/False [4]. The model critically analyses the relationship between one or more independent variables and classifies data. An example, this model can be used to predict the probability of a heart attack, the model will analyse variables such as weight and exercise etc to predict whether that individual will suffer a heart attack [4]. Below are the key advantages associated to Logistic Regression [4]:
· Easier to implement ML methods: This model allows factors such as training and testing the method much easier than other ML models. Conducting the training of the model using regression demands less computer power. 
· Suitable for linearly separable datasets: A linearly dataset suggests a graph which has a straight line that separates two data classes. 
· Provides Valuable Insights: Logistic Regression reveals the direction of the relationship or association by being positive or negative.
Logistic Regression does include disadvantages, those disadvantages are stated below [5]: 
· LR provides an assumption of linearity between the dependant variable and independent variable.
· Using LR can become tough when trying to work with complex relationships. To work with complex relationships, another algorithm such as Neutral Networks is more suited due to its power over logistic regression (LR).
· Due to logistic regression having a linearly decision surface, this doesn’t allow the model to work with nonlinear problems.




There are 3 types of Logistic Regression [6]:
· Binomial: As mentioned above, the outcome will be presented in a binary format which includes Yes/No, 0/1 or True/False. The outcome will either be a yes or no etc with no in between 
· Multinominal: This type of LR suggests that there can be 3 or more possible types of unordered dependant variables. For example, “Football”, “Basketball” or “Baseball”.
· Ordinal: This type of LR suggests that there can be 3 or more possible types of ordered dependent variables such as “Very Unsatisfied”, “Unsatisfied”, “Neutral”, “Satisfied” or “Very Satisfied”.


[bookmark: _Toc184901025]Support Vector Machine (SVM):

Support Vector Machine (SVM) is widely used for linear and nonlinear classification and regression and outlier detection tasks [7]. Support Vector Machine is a supervised machine learning (ML) technique just like Logistic Regression (LR). The Support Vector Machine is known to be very adaptable; this suggests that it can be used for the following applications [7]:
	Text Classification

	Image Classification

	Spam Classification

	Handwriting Classification

	Gene Expression Classification

	Face Detection

	Anomaly Detection



Support Vector Machine works by mapping data to a high dimensional feature space, this is to ensure the data points can be categorised. Once the data has been categorised, a separator will form and transform the data, this way the separator can be drawn as a hyperplane [8]. Support Vector Machine has many advantages such as [9]:



	Advantages & Disadvantages of Support Vector Machine Model

	Advantages
	Disadvantages

	Effective in high dimensional spaces
	Computationally Intensive

	Resistant to overfitting
	Sensitive to parameter tuning

	Versatile
	Lack of probabilistic outputs

	Able to handle nonlinear data
	Scalability issues

	Effective in cases with limited data
	Difficulty interpreting complex models



Support Vector Machine model uses kernel functions to perform the model’s purpose. A Kernal function is a function or method that is used to allow an application of linear methods to real world problems that are nonlinear in nature [10]. SVM can use many different types of Kernal’s, below are some examples [9]:
· Linear Kernal: Linear Kernal is the simplest kernel available, it simply maps data in a higher dimensional space format. Data will be as linearly separable.
· Polynomial Kernal: Polynomial Kernal maps data in a higher dimensional space format, however the data is nonlinearly separable.
· RBF Kernel: RBF Kernel is the most popular type. RBF Kernel is the most effective for wide range of classification problems.
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In this section, the researcher will be conducting various experiments to predict the customer churn for Telco Telecommunications. This section will show the researchers understanding of the code. 

Implementing the required files and algorithms: 
[image: A screenshot of a computer
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[bookmark: _Toc184737199][bookmark: _Toc184820397][bookmark: _Toc184898013]Figure 5: Implementing the required files and algorithms
This section is used to import necessary libraries needed to perform certain tasks throughout the experiment. Each library explained below: 
· Import Pandas as PD: This is used to manipulate the data; it will provide data structures such as data frames which are extremely useful for handling data
· Import Seaborn as sns: This is used to allow the user to see information in a statistical form such as graphics 
· Matplotlib.pyplot as plt: This allows the user to perform tasks such as graphs or histograms 
· From sklearn.model_selection import train_test_split: This is used to split the data into training and testing sets. This allows the dataset to be evaluated on unseen data 
· From sklearn.linear_model import logisticregression: This allows the machine model (ML) logistic regression to be used throughout the experiment
· From sklearn.preprocessing import Standard Scaler: This allows data to have means of 0 and 1
· from sklearn.metrics import classification_report, confusion_matrix, roc_auc_score, roc_curve: This will provide a summary of the precision, recall and f1score of each class. The confusion_matrix will create a matrix with true positive, true negative, false positive and false negative. The roc_curve will plot points which represent the Receiver Operating Characteristic (ROC) [11]. The roc_auc_score measures how well a model distinguishes between classes [12]
· from sklearn.svm import SVC: This allows the machine learning model Support Vector Machine to be implemented into the experiment
Allowing Python to read the excel dataset:
[image: ]
[bookmark: _Toc184737200][bookmark: _Toc184820398][bookmark: _Toc184898014]Figure 6: Allowing Python to read the excel dataset
This allows the Telco Telecommunications dataset to be read by python (Jupyter). Providing the dataset (in this case the excel document) is saved in the same directory as the python file.
[image: A screenshot of a computer
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[bookmark: _Toc184737201][bookmark: _Toc184820399][bookmark: _Toc184898015]Figure 7: Image showing dataset file in the same directory as python files
Display Top 15 Lines Within the Dataset:
[image: A screenshot of a computer
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[bookmark: _Toc184737202][bookmark: _Toc184820400][bookmark: _Toc184898016]Figure 8: Display top 15 lines
Df.head(15) is the command that allows the researcher to view the top 15 lines within the dataset. This is useful because it allows the researcher to examine and understand the data.








Display Bottom 15 Lines: 
[image: A screenshot of a computer
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[bookmark: _Toc184820401][bookmark: _Toc184898017]Figure 9: Display Bottom 15 Lines 
Df.tail(15) is the command that allows the code to display the bottom 15 lines of the dataset. This is also providing the researcher to understand the data.







Description Of Data:
[image: A screenshot of a computer
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[bookmark: _Toc184820402][bookmark: _Toc184898018]Figure 10: Description Of Data
Df.describe() is used to print a description of the data. This can be used to identify patterns or trends in the data early on.
Summary Of Data:
[image: ]
[bookmark: _Toc184820403][bookmark: _Toc184898019]Figure 11:Summary Of Data
The code to display a summary of the data is df.info(). This can be used to identify any missing data within the dataset. 

Identify Unique Values:
[image: A screenshot of a computer
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[bookmark: _Toc184820404][bookmark: _Toc184898020]Figure 12: Identify Unique Values
By using df.nunique() this allows the researcher to understand how the data comes together. From this table, later down the line the researcher can drop columns that aren’t relevant or split columns into categories.



Identifying and Organising Numerical Columns:
[image: A screenshot of a computer
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[bookmark: _Toc184820405][bookmark: _Toc184898021]Figure 13: Identifying and Organising Numerical Columns
Identifying and organising the columns into numerical categories is effective when trying to find trends or patterns with numeric type data. Once the relevant columns have been categorised, a table can be formed by using df[numerical_columns].describe().t which will print a description of all the columns that are categorised in the numerical columns category. Printing histograms to visually demonstrate the results can be done through the command df[numerical_columns].hist(figsize=(15,15))
plt.show()
[image: A screenshot of a computer screen
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[bookmark: _Toc184820406][bookmark: _Toc184898022]Figure 14: Histograms
Identifying and Organising Categorical Columns:
This section is very similar to the previous, the researcher has created a categorical column.
[image: A screenshot of a computer
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[bookmark: _Toc184820407][bookmark: _Toc184898023]Figure 15: df.describe() for categorical columns
As you can see, by describe() we can see all the columns inside the categorical_columns list.






Creating pie charts to demonstrate relationships between categorical columns and Churn Label: 
[image: A screenshot of a computer
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[bookmark: _Toc184820408][bookmark: _Toc184898024]Figure 16: Pie charts to demonstrate relationships between categorical columns and churn label
In this section, the researcher created a pie chart for each value within each column from the categorical columns list. This is used to identify patterns within the selected data 






Churn Distribution Across Cities:
A separate graph was created to show the churn and non-churn across all cities, below you’ll see the bar graph:
[image: A screenshot of a computer code
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[bookmark: _Toc184820409][bookmark: _Toc184898025]Figure 17: Churn distribution across cities










Correlation Matrix of Numerical Variables:
[image: A screenshot of a computer screen
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[bookmark: _Toc184820410][bookmark: _Toc184898026]Figure 18: Correlation matrix of numerical values
The correlation matrix is used to display the data from numerical columns 




Data Preparation:
Below is the code for the data preparation, this consists of dropping irrelevant columns and creating dummy columns.
[image: A screenshot of a computer program
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[bookmark: _Toc184820411][bookmark: _Toc184898027]Figure 19: Data preparation
It is necessary to split the data into train and test data, the code below states that 70% of data is training and 30% is testing 
[image: A screenshot of a test
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[bookmark: _Toc184820412][bookmark: _Toc184898028]Figure 20: Splitting Data into train + test


Logistic Regression (LR):
Implementing a machine model logistic regression.
[image: ]
[bookmark: _Toc184820413][bookmark: _Toc184898029]Figure 21: Logistic Regression
The code below is to print a confusion matrix showing the training data through using logistic regression:
[image: A screenshot of a computer
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[bookmark: _Toc184820414][bookmark: _Toc184898030]Figure 22: Confusion matrix - training data - logistic regression
The following piece of code, is to print a confusion matrix showing the testing data through logistic regression:
[image: A screenshot of a computer
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[bookmark: _Toc184820415][bookmark: _Toc184898031]Figure 23: Confusion matrix - testing data - logistic regression










Support Vector Machine (SVM):
Implementing another machine learning, support vector machine (SVM)
[image: A white rectangular object with a black border
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[bookmark: _Toc184820416][bookmark: _Toc184898032]Figure 24: Support Vector Machine (SVM)
The code below is to print a confusion matrix showing the training data through using support vector machine:
[image: A screenshot of a computer
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[bookmark: _Toc184820417][bookmark: _Toc184898033]Figure 25: Confusion matrix - training data - support vector machine
The code below is to print a confusion matrix showing the testing data through using support vector machine:
[image: A screenshot of a computer

Description automatically generated]
[bookmark: _Toc184820418][bookmark: _Toc184898034]Figure 26: Confusion matrix - testing data - support vector machine










[bookmark: _Toc184901027]Results: 
Throughout the experiment, the researcher has gathered information relating to the customer churn within Telco Telecommunications.

Both machine learning models (LR and SVM) both provided a perfect score of 1.00. 
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[bookmark: _Toc184898035]Figure 27: LR Training performance
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[bookmark: _Toc184898036]Figure 28: LR Testing performance
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[bookmark: _Toc184898037]Figure 29: SVM Training performance
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[bookmark: _Toc184898038]Figure 30: SVM Testing performance


It’s considered very rare to have a perfect score. This could be down to various reasons to why the results are perfect. Overfitting can cause all the scores to be 1.00, this due to the algorithm fitting too closely to the training data. This results in the model not being able to make accurate predictions [13].

Both confusion matrix diagrams show the same as precision, recall and f1 score:
[image: A graph of a diagram
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[bookmark: _Toc184898039]Figure 31: LR confusion matrix - training data
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[bookmark: _Toc184898040]Figure 32: LR confusion matrix - testing data
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[bookmark: _Toc184898041]Figure 33: SVM confusion matrix - training data
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[bookmark: _Toc184898042]Figure 34: SVM confusion matrix - testing data
Another possible reason why the results are the same, it could be the code used throughout the experiment that could be an issue. If the code was structured a bit better, it might’ve had a better outcome.

By analysing the confusion matrix, it states that there were 1552 true negatives (with the predicted as 0) and the true positives was 561 (with the predicted as 0). This suggests that there were no errors with the metrics such as precision etc. This can only suggest that the dataset is imbalanced 

Through creating a list named categorical_columns, this has been able to display what the main cause of churn is. Below is a screenshot of the churn reasons: 
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[bookmark: _Toc184898043]Figure 35: Categorical Columns - Churn Reason
The top 3 reasons for customer churn are down to attitude of support person (10.272873), competitor offered higher download speeds (10.112360), and competitor offered more data (8.667737. These churn reasons could be easily reduced if the company act. 




















[bookmark: _Toc184901028]Conclusion/Discussion:
Customer churn is a key feature to how well a business operates. It’s key for business to ensure the machine learning model is as accurate as possible, with having an inaccurate ML model it’ll give poor results. Looking at the results gathered in this report, for Telco to reduce customer churn they would need to consider the following: 
· Hold training sessions on how to improve attitude when dealing with customers 
· Look into ways of reducing costs to protect the customers Telco already have
· Look into methods of offering more data packages to also protect customers Telco already have
By protecting the customers that have not churned is more valuable than accruing new customers. 

If this experiment was to be conducted again, there are a few adjustments that could be made to test if the researcher would receive different results. For example, adjusting the split test data between train and test, in this case the data was split 70% train and 30% test. Next time, the data could be split 60% and 40% etc to see if this would have an impact on the ML. Also, there are other types of ML available to use which could be better fitted for the datasets. Examples of other ML are [14]: 
· K-means
· Random Forest
· Naïve Bayes 
· Decision Tree
· Knn algorithm 
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Display Bottom 15 Lines T

SUnderstanding the data by displaying the bottom 15 Lines of the data
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Description Of Data
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Summary Of Data

af.nfo()

<class “pandas. core. frame.OataFrane’>
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Identify Unique Values

4 nunique()
Cauntry 1
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Idenitfying and Organising Numerical Columns

[6101: | print(af.colums) #ErTVaT N

Index(["Custoneri>’, "Count”, ‘Country’, 'state’, "City’, 'Zip Code’,
“Lst Long’, CLatitude’, ‘Longitude’, ‘Gender, ‘Senior Citizen,
“partner’, ‘Dependents’, “Tenure Menths®, ‘Phone Service',

“Meltiple Lines', ‘Internet Service', “Online Security’,

“Online Backup’, "Device Protection’, 'Tech Support”, "Streaning V',
"Streaning Wovies', 'Contract’, "Paperless Billing', ‘Paysent Wethod,
“Monthly Charges, Total Charges’, "Churn Label’, ‘Chun Value',
“Churn Score’, "CLIV', "Churn Reasen'],

dtype="object’)

nunerical_colums=['Tenure Months', Nonthly Charges',"Total Charges’,"Churn Value',"Churn Score’,'CLTV']

4F[numerical_columns . descrise().T

count mean e 2% s0% 7% max

TenureMonths 70430 32371149 2455481 000 80 2900 500 7200
Monthly Charges 70430 64761692 30090047 125 355 7035 985 11875
ChumvValue 7040 026570 044iSsT 000 00 000 100 100
ChumScore 70430  Ses9418 21525731 500 400 6100 7500 10000

CUTV 70430 4400205755 1163057152 200300 34620 452700 S3E0SO 650000
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[614] | @f(numerical columns).hist(figsize=(15,15)) $#ErYvasTF A
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Identify and Organising Categorical Columns

categorical_colums=['City’, ‘Gender","Senior Citizen', ‘Partner’ , Dependents', Phone Service’, ‘Wultiple Lines',
“Internet Service’, 'Online Security’, ‘Online Backup’, Device Protection’, Tech Support', 'Streaming TV","Streaming Novies',
“Contract”, "Paperless Billing’, Payment Wethod, Churn Label']

8 categorical_columns . descrive(). 1

countunique top freq
Gty 7043 123 LosAngeles 305
Gender 7083 2 Male 3555
Semior Gitizen 7043 2 No 5901
a2 Ne 3641

a2 Ne sS4t

a2 er o361

e 3 No 3390

e 3 Fiberoptic. 3096

e 3 No 3498

e 3 No 3088

e 3 No 3095

a3 No 3473

e 3 No 2810

e 3 No 27as

7083 3 Mennsomontn 3875

a2 Yo am

708 4 tecenicensce 2385

a2 No 5174

For 1 in categorical_columns

print(4F[1].value_counts (normalize-True) * 160)
print("")

ity

Los angeles  a.3s05a1

San biego 21120778

Healdsburg 0.656794.
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# Ensure this matches your dataset colum names
xclude_columns = ["Count”, ‘Courtry’, "State’, 'CustonerID’, "Lat Long’, 'Zip Code’, "Latitude’,

categorical_columns =
“Gender”, *Senior Citizen’, 'Partner”, “Dependents’,
“Phone Service’, "Multiple Lines', "Internet Service’,
“Onine Secursty”, “online Sackup, ‘Device Pratection’,
“Tech Support”, *Streaming TV', 'Streasing Hovias',
“Contract", *Paperless 8illing, ‘Payment Metnad,
“Churn Labe

1

for 3 in categorical_columns
561 1o ‘Churn Label’ snd £ not in exclude_colums:
# Crosstab to calculate churn distribution for each cotegory.
data = pd.crosstab(df[i], F['Churn Label], novmalizes'index') * 100

# Iterate through each category in the column
for category in data.index:
plt. Figure figsize=(s, ©))

# pie chart

edges, texts, autotexts = plt.pi(
data.loclcategory],
Labels-data. cotums,
autopee=xL 1Y,
startangle-14

)

# adting a key to alL graphs
Pt Legend(
wedges,
data.cotumns,
citle-"churn Label”,
bese”

e

)

# Ticte on all graphs
PIt. itle(F Relationship betueen (1) (({category}) and Churn Label")
prt.snou()

Relationship between Gender (Female) and Churn Label

Chum Label
- o
-

s

Longitude’, “Churn Reason']
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# Normalize churn distribution across cities
city_chum_data = pd. crosstab(df['City'], dF["Chumn Label'], normaliz

index') * 100

# Lot the stacked bar chart
pIt. FigureFigsize=(12, 1))
city_churn_data.plot (kind-—bar”, stacked-True, Figsize-(15, 7), colormsp-'viridis')

# sa Labes ond citte
pit.ylabel(*percentage Chu
Pl xsbel("city')

pit. itle("Churn Distribution Across Cities')
pit. Legend (title="Churn Label", loc-'upper rig
pie.cight_Tayout()

Pt o)

)

<Figure size 12004800 with 0 Axes>
Chum Distribution Across Cites





image18.png
U T TR e SRR e e
# Cheching for mn-americ vatues in mmerical colimns and converting then to N

for cot 0 mmerical_colis:
t1co1] = pato_pamere(atl o], errors="coerce’)

# Orepping rovs with N values n rumertcal cotumns
# PLotting the corretation between ramerical variabies.

Pt Figure(Flgstie=(15, 15))

s hestnap(df umericad_colins).corr(), ant-True, fat=" 2", crap="v10rRd
PIL Eit1e( Correlation Kotrix of Munerical Variobles')
Pt shen)

Correlation Matrix of Numerical Variables

Chum vaie Tota Charges Honthly Charges. Tenure Morths

hu score

10

0

oo

Los

o2

-00
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Data Preparation

mport pandas as pd
F = pd.resd_excel("Telco_custoser_churn.xlsx') ¥ Adjust the file nome/path if needed
columns_to_drop = ['CustonerD', "Lat Long’, 'Zip Code’, "Latitude’, "Longitude’, 'Count’, "Country’, 'State’, "Churn Reason’, Churn Value']

# orop the coluans
. drop(colums-colusns_to_srop, inplace-True, errors="igare’)

# Verify renatring cotums
print(“Columns after drogping irrelevant anes:®)
print(d#.colums)

Columns after ropping irrelevant ones:
Index(['City”, "Gender", "Senior Citizen', "Parcner", ‘Dependents’,
“Tenure Months',"phone Service’, "Miltiple Lines', "Internet Service’,
“online Security”, “Online Backup’, “Device Protection’, “Tech Support”,
"Straaming TV', “Streaming Novies', “Contract’, "Paperless Silling’,
“paynent Method', "Monthly Charges', 'Total Charges', ‘Churn Label",
“churn Score’, "CV'],
atypertobgect’)

binary_columns = [‘Gender", "Senior Citizen’, ‘Partner", ‘Dependents', ‘Phone Service', ‘Paperless Billing’, 'Churn Label']
For col in binary_colums:
5 cal in df.colums:
dF[col] = dflcoll.map({"Ves': 1, 'No': 0})

<o_get_dummies_for = [
"Gity', "Gender’, "Wiltiple Lines', 'Internet Service',
“Onine Secursty’, “online Sackup’, ‘Device Pratection’,
“Tech Support”, “Streaming 1V', Streaming hovies',
“Contract’, "paysent Method", ‘Churn Label.

1

# Create dumy variabtes for the Listed columns
F = pd.gec_dummies (data=dF, columns=to_get_dumies_for, drop_first=True)

# Verify dumy varioble creation
print(“Datafrane aften dummy variable creation:")
print(d#.head())
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Splitting Data Train (70%) and Test (30%) T

o]

# Assuing your data is in o pandas Dutafrane
pe.Oatafrane(x)
¥ = pd-sertes(y)

# Tdentify and convert non-mumeric values to hoh
X = X.3pply(pd.co_numeric, errors="cosrca’)

# Handle Noll values: FiLL with 6, mean, median, or drop then

# Procesd with the troin-test split and scating
X_train, X test, y_train, y_test = train test_split(, y, test_s

scater - seandardscaler()
X_erain_scaled - scaler. fit_transfora(_train)
Crest_scaled - scaler. transfora(i_test)

(-F11103(8) # You can choose to FILL with other strategies Like mean, nedion, etc.

3, randon_statesiz, stratifyy)
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"~ Logistics Regression 1

[628]: |# InttiaLize the Logistic Regression model
Log_reg - Logistickegression(randon_state-42)

# Fit the model an the training data
log_reg. Fi2(x train_scaled, y_train)

# Check model. coeficients
print(“Vodel Coefficients:”, log_reg.coet )
print(“Intercept:", log reg.intercept )

Hode1 cosficienta: ([ 6. o o
~s.es1064081]
Intercept: [-4.31104835]

# predice on the traning set
y_train_pred - log_reg.predice(x_srsin_scsled)
Y_crain_prob = log_reg.predict_proba(X_train_scaled)

# predice on the testing set
y_test_pred - Log_reg.predict(_test_scaled)
Y cest_pron - Log_reg. predict._proba (X tese_scaled)

# Instantiate the Logistichegression model
model = Logistichegression()

# Fit the model to the training data
model FIt(X_train_scaled, y_train)

- Logistichegression
LogisticRegression()
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print("=== Training Performance ===")
print(classification repart(y_srain, y_train_pred))

# Confuston Matrix for Tratring
cn_train = confusion_matrix(y_train, y_train_pred)

ns. nestaap(en_train, amot-True, fit-'d', crap-'Slues’, xticklabels-( Nt Churn’, “Churn’], yeicklabel:
PIt.title("Confusion Natrix - Training Data")

PE.xlabel ("predicted)

pIE.ylabel ("Actual®)

Pt zhou)

Mot churn’, “Churn'])

- Training perfornance
precicion  recall fi-scors  support
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mcromvg  1ee  1ee  1es  ave
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print("=== Testing perfornance =
print(classification report(y_test, y_test_pred))

# Confusion Matrix for Testing
on_test = confusion_satrix(y_test, y_test_pred)
sns. heataap(cn_test, amnot=True, fat="d’, crap='Slues’, xticklabels=["Not Churn’, 'Chura’], yticklabels=[ Mot Churn’, 'Churn'])
PIE.title("Confusion atrix - Testing bata)

PIE.xlabel ("predicted)

pIt.ylabel ("Actual®)

Pt zhou)

Testing performance
precicion  recall fi-scors  support

accurscy ree
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Support Vector Machine (SVM)

[633]: | # Create the sM model with Linear kernel
svn_model = SVC(kernel="Linear")

# Trotn the nodel
Svn_model Fit(X_train_scaled, y_train)

o331
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# Make predictions on the training data
y_train_pred = sva_model predict(X_train_scaled)

# Evaluate the training performance.
print("=== Tratning perforsance ===")
print(<lassification repart(y_train, y_train_ pred))

# Confusion matrix for tratning data
cn_train = confusion matrix(y_train, y_train_pred
Sns. nestaap(en_train, amot-True, fit-'d', crap'Slues’, xticklabels-{"Not Churn’, “Churn’ ], yeicklabela-["Not Churn’, “Churn’])
PIt.title( Confusion Natrix - Training Data’)

PIE.xlabel(‘predicted)

pIE.ylabel("Actual’)

Pt zhou)

Training perfornance =
precicion  recall fi-scors  support

accuracy ves  asm
mcroavg 1o 1ee  1es  ave
weighted avg 10 10 160 aom
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# Make predictions on the test data
y_test_pred - sum_podel. predict (_test _scsled)

# Evaluste the test perfornance
print("-—- Test perfornance ——7)
print(classification report(y_test, y_test_pred))

# Confusion matrix for test dota
en_test = confusion_satrix(y_test, y_test_pred)

sns.heataap(cn_test, annot=True, at="d", crap='lues’, xticklabels=["Not Churn’, 'Churn'], yeicklabe
PIE.title( Confusion Matrix - Test Data’)

PIE.xlabel(‘predicted)

pIE.ylabel("Actual’)

Pt zhou)

Mot churn’, *Churn’])

Test perforsance
precicion  recall fiscors  support

accurscy ree
mcromg  1ee  1ee  1e  an
weighted vg 10 1o e um
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1361

for i in categorical columns:

print(df[1].value_counts (normalize=True) *

print(**)
Name: proportion, dtype: floates

Churn Reason
Attitude of support person

Competitor offered higher download speeds
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Deceased
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