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[8] In recent years the telecom industry has been suffering from a loss of customer base. [2] Businesses like this can run churn analysis to determine why customers are leaving and prevent this in the future by making changes to key areas. The report focuses on machine learning models applied to a dataset to determine these metrics. Python coding language is applied through the jupyter notebook to investigate the data quality, mitigate issues, apply machine learning models, and highlight areas of high churn for the business to know where improvements should be made.
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Customers often leave their current/past businesses for new ones.[1] As a business, losing customers is a financial loss, and it is cheaper to retain customers than make new ones. Businesses can apply learning models to their datasets to understand how many customers are leaving and why. This can be tracked over time, and this allows for forecasting analysis. One technique that businesses can apply is the [1] The churn rate is calculated by dividing the lost customers by the number of customers at the start, and then multiplying that figure by 100. The higher the churn rate, the more customers are leaving, whereas the lower the churn rate, the less are leaving. A lower churn rate is more positive for a business to see. [2] The churn rate is important because it can increase customer satisfaction and prevent customers from leaving if the business can identify areas for change. 
[8] The telecom industry has been struggling since the covid-19 pandemic with loyalty lessening by 22%. It has been found through research studies that bad customer service, and bad service avenues. Telecom companies like this one would spend more acquiring new customers than looking after and keeping previous customers. [8] The Bain & Company did an analysis that showed 5% less churn increased revenue by 25%. Understanding customer demographics and churn trends can help a business find the problems. 
Machine learning algorithms are important to determining churn status because [9] they can analyse large datasets and find patterns easily. There are libraries that can be imported to the workspace which can help identify the optimal learning model that should be applied. Different techniques can improve the learning models such as [9] train and test splits which make sure the test sets are unseen during the training for credibility. Evaluation metrics can reveal the effectiveness of the model and can be useful when comparing models themselves for which ones are more effective. Hyperparameter tuning with grid searching and random searching also increases effectiveness of the models. Companies should investigate their datasets to have good prior understanding before applying learning models. 
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There are many different learning models that can be applied to datasets involving churn. The most suitable options for the Telco Customer dataset are logistic regression (LR) and Support Vector Machine (SVM). 
[3] Logistic regression classes everything into two groups like ‘will churn’ or ‘won’t churn’, otherwise known as binary classification. It is a supervised machine learning algorithm using a sigmoid function where the values assigned are between 0 and 1. This is an ideal algorithm to deal with yes/no values such as those present in the Telco Customer dataset. 
[4] Support vector machines are a predictive tool that handles high dimensional data. The SVM is particularly useful for unbalanced data to make the results more reliable. It uses a hyper-plane to separate data into groups, increases the margin between each classification, and it works on groups that aren’t easily separated/more complicated data. 
The models work differently because [4] logistic regression is lineally classed whereas support vector machines can handle non-linear and more complicated data. Logistic regression commonly has overfitting in high-dimensional spaces whereas the SVM performs well. 
Data preparation and pre-processing are key to having good quality analysis. [5] Factors such as missing/null values or the presence of outliers can skew data or be incompatible with learning models. Unnecessary and un-useful columns can be dropped from the dataset. Another way of navigating null values is to fill them with the median or average figure for the column, which allows for a bigger sample dataset to be used. 
Categorical data is usually incompatible with learning models and machine learning algorithms. [6] This data should be identified and converted into a numerical format for optimal analysis. Having sub-optimal data will affect the validity of results. This step is crucial for the training. 
Datasets often have columns with varying ranges and for comparisons to be made then these need to be normalised/scaled. [7] It is essential for learning models like SVM which rely on distance metrics. It also makes the data more easily understandable when working from the same scale. There are different types such as min-max which is appropriate when the lower and upper bounds (0 and 1) are known. 
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Data preparation and preprocessing
Inserting libraries
The first step was to insert the following libraries which were appropriate to conduct the whole process. There are a range of libraries for data manipulation, visualisation, modelling, preprocessing, and metrics. 
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Inserting data
Connecting to the dataset is essential to being able to view, edit, and manipulate it. 
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Establishing connection and understanding the data
The following code snippets looking at the first and last 10 rows allowed the programmer to verify connectivity to the data, and also view a sample of it. It is useful to view the code to understand the structure. The data shows a mix of numeric and categorical columns. 
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Basic statistical figures 
The numerical columns have been described to gauge a basic understanding of the statistical figures. The count, mean, standard deviation, minimum, maximum, and percentiles are described. 
There are 7043 entries is the dataset, with averages like 32.37 months tenure, $64.76 monthly charges, $4400.40 CLTV and a churn rate of 26.5% with scores between 5 and 100. The higher the score, the higher probability of churn. The range of 5-100 shows variation in the data with different risk levels.
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Data type and missing value check 
It is imperative that a clear understanding of the dataset occurs prior to any algorithms being applied. There are 6 numerical columns and 24 categorical columns. Missing values are present in ‘Churn reason’ with only 1869/7043 not null. The dataset is small at 1.8MB suggesting quick run time on more complicated code. There are a range of demographic and person identifiable information included.[image: A screenshot of a computer
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Unique columns 
Unique columns should be identified in the early stages because if every row has a unique value or exactly the same value, it is useful for analysis purposes. The columns identified to be dropped include ‘CustomerID’, ‘Count’, ‘Country’, ‘State’. Other columns can be dropped for having too much variation including ‘City’, ‘Zip code’, ‘Lat Long’, ‘Latitude’, ‘Longitude’. Binary columns are identified by 2 unique values and these include ‘Gender’, ‘Senior Citizen’, ‘Partner’, ‘Dependents’, ‘Phone service’, Paperless billing’, ‘Churn label’, ‘Churn value’. Total charges can be identified as needing preprocessing such as converting strings to a numerical value. Further evidence for dropping ‘churn reason’ is here with 20 unique values only. All other columns have potential for good data quality and are kept included. Categorical column over 2 unique values will need encoding. 
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Dropping columns 
The following columns qualified for being dropped including, ‘Churn value’, ‘Lat Long’, ‘CustomerID’, ‘City’,  ‘Count’,  ‘Country’,  ‘State’,  ‘Zip code’,  ‘latitude’,  and ‘longitude’. 
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Grouping numerical columns
Grouping the numerical columns will help the application of techniques and algorithms later on. The numerical columns include ‘Tenure months’, ‘monthly charges’, ‘Churn score’, ‘CLTV’, and ‘Total Charges’. Total charges is in the wrong format at this point but it will be altered later on. Only these columns would need scaling so it is easier to group them.
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Grouping categorical columns 
Grouping the categorical columns also helps later on because they are likely to need encoding to convert text to numbers so that algorithms can understand the data. The categorical columns include 'Gender', 'Senior Citizen', 'Partner' ,'Dependents', 'Phone Service', 'Multiple Lines', 'Internet Service', 'Online Security', 'Online Backup', 'Device Protection', 'Tech Support' ,'Streaming TV', 'Streaming Movies', 'Contract', 'Paperless Billing', 'Payment Method', 'Churn Label', 'Churn Reason’. 
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Convert ‘total changes’ column
The column total changes are in the wrong format so this snippet changes the column to numeric, any values that won’t convert will be replaced by ‘NaN’. It does this because ‘NaN’ can easily by overwritten. The mean average of the whole column is inserted in its place, allowing for a more complete dataset. 
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Dataset copy
A copy is created of the dataset because sometimes the categorical labels are useful and other times the numerical substitutes are more appropriate. Having both versions protects data quality and allows for easier experimentation. 
[image: ]
One-hot encoding
The pd.get_dummies function converts everything from categorical to numerical like 0 and 1. It only applies this to the specified categorical columns and drops the first category in every column to avoid the dummy variable trap. This is where alteration of results can happen. This is important for the learning models and algorithms later on.
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Features and target
The dependent variable needs to be separated from the independent variables for machine learning. This is done by excluding the ‘Churn Label_Yes’ from the X and including only that column in the Y. 
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Training sets
The model needs to be trained to be able to predict. The features and targets are split to give 80% to training and 20% to testing the unseen portion of the data. This is done to reduce the risk of overfitting where the model performs ‘too well’ bur it is actually inaccurate. It is reproducible because of the fixed random seed, and the distribution is preserved by stratify. 
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Scaling
Scaling means that a mean of 0 and standard deviation 1 is applied to numerical features using the fit and transform. This is important to linear models and SVM. 
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Univariate analysis of numerical columns
The high standard deviation shows that there is significant variable in customer base. 
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Univariate analysis of categorical columns
At first glance, the common churn reasons include poor support, competitor offerings, and service dissatisfaction. 
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Numeric visualisations
Visualisations offer quick feedback/results. Tenure mostly lasts between 0 and 10 months, the monthly charges are highest near 20, the churn between 20 and 60 indicates a lot of customers have low churn which is positive news, the customer lifetime value is quite even. There is skew in total charges and monthly charges, and some outliers across the dataset are present. 
[image: A screenshot of a computer screen

Description automatically generated]
[image: A graph with blue bars

Description automatically generated]

Bivariate and multivariate analysis of categorical columns
The key findings from this section include how customers with partners were less likely to churn, non-senior citizens were less likely to churn, customers using the paperless billing system were more likely to churn, and the electronic check payment method showed as more likely to churn. Customers on month-to-month contracts were more likely to churn and fibre optic service users were more likely to churn. 
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Numerical Confusion matrix
In this display, when the numerical column is against itself then the correlation is perfect (1). Tenure and total charges have strong correlations making them more complex. 
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Machine learning model development (logistic regression) 
The machine learning model is started and uses the training data to predict. The model is trained and makes predictions. 
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logistic regression evaluation metrics
The model has high performance because all metrics are above 0.97. This means that the model should make reliable predictions and handle true/false positives appropriately. 
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Logistic regression confusion matrix
The confusion matrix shows that there were 363 correctly predicted churn (True positives) and 6 incorrectly predicted churn (False positives). There were 1029 correctly predicted not churn (True negatives) and 11 incorrectly predicted not churn (False negatives). These results show the dataset to have high accuracy for predicting in both the churn and not churn criteria. 
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Support vector machine initialisation and prediction
The machine learning model is started and uses the training data to predict. The model is trained and makes predictions. To identify the performance of binary classes the ROC AUC are used to determine positive and negatives. 
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SVM evaluation metrics
The model has high performance because all metrics are above 0.97. This means that the model should make reliable predictions and handle true/false positives appropriately. 
The model is highly accurate with most churn predictions right, is very good at finding churn cases, has a good balance of precision and recall with F1, and has good ability to see the difference between churn and not churn through the ROC AUC. 
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SVM Confusion Matrix
The true negatives were 1030 and true positives were 358 which shows good accuracy in the predictability. Only 5 false positives and 16 false negatives occurred which shows an effective model to predict churn for this dataset.
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Comparison performance of logistic regression and SVC
From printing the results, it is clear that both models perform well. Logistic regression has a higher accuracy, recall, F1 score and AUC-ROC. SVM has a higher precision. Both models are effective, but the logistical regression performs better. 
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Hyper tuning
A parameter grid is essential for testing hyperparameters. Regularisation parameters lessen the complexity of data, kernel specifies the type used, gamma specifies the co-efficient affecting decision boundaries, and the class weight handles imbalance. A 5-fold validation was used providing logs for fitting, and all CPU’s available could be used for faster processing. 
The output indicates that 48 hyperparameter combinations are possible for the 5-fold cross validation and this gives 240 models. 
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Best hyperparameter/model from grid searching 
The best hyperparameter is C ‘10’, class weight ‘none’, gamma ‘scale’, and kernel ‘linear’.  These offer the most accurate results on cross-validation. Less regularisation and linear boundary are best suited, and scale/none are common choices. 
The best model considering the best hyperparameters allows for optimum reliability and accuracy. 
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Prediction and evaluation
The best performance for SVM has 99.22% accuracy, 100% precision, 97.06% recall, 98.51% F1 score, and 99.98% ROC AUC. This is very high performance differentiating churn and not churn.
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Confusion Matrix
True negatives (1035) and True positives (363) are extremely high, and there were no false positives and only 11 false negatives. 
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Hyperparameter tuning for logistic regression
The grid is set up with 3 solvers, including regularisation strength c (0.1, 1, 10) and 5-fold cross validation. The best hyperparameters are searched and found 75 models. 
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Evaluate performance metrics 
Based on the best hyperparameters, the metrics are accuracy 0.9943, precision 0.9946, recall 0.9840, F1 score 0.9892, and ROC AUC 0.9910. The cross-validation accuracy after tuning is 0.9876 showing consistent performance across folds. 
[image: A screenshot of a computer program

Description automatically generated]
[bookmark: _Toc184850475]Results 
Logistic Regression vs. SVM Comparison after tuning
Logistic regression	SVM
Accuracy before - 0.9879	Accuracy before – 0.9851
Accuracy after - 0.9943	Accuracy after – 0.9922
Precision before – 0.9837	Precision before – 0.9862
Precision after – 0.0.9946	Precision after – 1.0000
Recall before – 0.9706	Recall before – 0.9572
Recall after – 0.9840	Recall after – 0.9706
F1 before – 0.9771	F1 before – 0.9715
F1 after – 0.9892	F1 after – 0.9851
Hyperparameter tuning improved both models. Logistical regression saw an increase in accuracy, precision, recall and F1 because of tuning. SVM saw all metrics improve with perfect precision and very high recall and F1. If precision is most important then SVM is better, and if balance precision or recall is more important then logistic regression is better. 
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Visualising performance metrics
It Is clear from this comparison which metrics are the highest performing, and which ones have increased after tuning. 
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Feature importance for logistic regression
The feature importance analysis shows which have the biggest impact on customer churn, looking at what could be increasing or decreasing churn rate. The most positive churn reasons/reasons to leave include long distance charges (11.9), competitors offering more data (10.8), competitors having better download speeds (10.4), the attitude of support personnel (10.3) and competitors having better deals (10.3). The negative influences/the reasons people do not churn are the phone service (-3.6) and longer tenure (-2).
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Feature importance for SVM
The biggest influence on churn includes the attitude of the support person, the competitors offering quicker download speeds, and the competitor offering more data. Some other potential churn reasons include the competition making a better offer, the competition having better devices, prices being too high, and bad network connectivity. 
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Both the logistical regression and SVM models had good performance metrics initially but after hyperparameter tuning all the metrics increased. The logistic regression had a better recall and F1 score than the SVM, but the SVM achieved perfect precision after tuning which insinuates that the model would be more accurate at predicting. The key factors affecting churn in this data set when using logistic regression include long distance charges, competitors having more data and better download speeds. The key factors when considered SVM include attitude of the support workers. Both models highlight other companies being competitive, and this is where the company should consider making changes to retain customers. It is recommendable that the customer support for the company is improved because the attitude of staff is a churn reason. At risk customers should be identified and contacted to ensure good communication and service. Loyalty programs and offers could make customers stay with this company. 
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The overall quality of the dataset after removing the unnecessary columns was to a high standard even before any machine learning algorithms or hyper tuning was applied. However, by doing the hyper tuning it did improve the prediction models for both logistic regression and SVM. Whilst both increased, the SVM return 100% accuracy which makes this the more reliable predictability model. The company should prioritise the SVM feature importance which includes altering the download speeds and keeping up competition with other companies. Due to the logistic regression also having high metrics the company could also target download speeds and customer service to achieve lower churn rates.
In future it would be beneficial to the company to explore the customer lifetime value further. [10] This predicts the average amount of money that customers will make you and it can inform the business of how beneficial it is to keep this customer, enabling better financial management. 
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Info about dataset (check data types and missing values)

df.info()

<class "pandas.core.frame.DataFrame’>
RangelIndex: 7043 entries, 0 to 7042
Data columns (total 33 columns):

#  Column Non-Null Count

©  CustomerID 7043 non-null  object
1 count 7043 non-null  intes

2 Country 7043 non-null  object
3 state 7043 non-null  object
4 city 7043 non-null  object
5 Zip Code 7043 non-null  intes

6 Lat Long 7043 non-null  object
7 Latitude 7043 non-null  floatss
5 Longitude 7043 non-null  floatss
9 Gender 7043 non-null  object
10 Senior Citizen 7043 non-null object
11 Partner 7043 non-null  object
12 Dependents 7043 non-null  object
13 Tenure Months 7043 non-null  intes

14 Phone Service 7043 non-null  object
15 Multiple Lines 7043 non-null object

16 Internet Service 7043 non-null object
17 Online Security 7043 non-null object

15 Online Backup 7043 non-null  object
19 Device Protection 7043 non-null object
20 Tech Support 7043 non-null  object
21 Streaming TV 7043 non-null  object
22 Streaming Movies 7043 non-null object
23 Contract 7043 non-null  object
24 Paperless Billing 7043 non-null object
25 Payment Method 7043 non-null object
26 Monthly Charges 7043 non-null floatéd
27 Total Charges 7043 non-null  object
25 Churn Label 7043 non-null  object
29 Churn Value 7043 non-null  intes

30 Churn Score 7043 non-null  intes

31w 7043 non-null  intes

32 Churn Reason 1869 non-null  object

dtypes: float6s(3), int64(6), object(24)
memory usage: 1.5+ MB
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Drop columns

df = df.drop(["Churn Value',’Lat Long’,"CustomerID’,"City’, Count’, 'Country’, 'State’, 'Zip Code’, 'Latitude’, 'Longitude'], axis-1)




image10.png
Creating numerical columns

num_col.

*Tenure Months®, ‘Monthly Charges',Churn Score’,'CLTV', 'Total Charges']




image11.png
Creating categorical variables

*Gender",Senior Citizen','Partner’,'Dependents’,'Phone Service','Multiple Lines','Internet Service’,'Online Security’,'Online Backup’,'Device

 ——————————————— 3
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Convert 'Total Charges' to numeric and handle errors

# coerce means that numeric values in the column are changed to NaN
df["Total Charges'] = pd.to_numeric(df['Total Charges'], errors="coerce’)

# NaN values change to the column mean value

df["Total Charges'] = df['Total Charges'].fillna(df['Total Charges'].mean())
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Create a copy of the DataFrame for model training

df_model = df.copy()
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‘One-hot encoc

g categorical columns

# pd.get_dummies changes categorical into indicators from cat_cols
# drop_first=True drops the first category of each cat_cols variable to stop variable trap
df_encoded = pd.get_dummies(df, columns=cat_cols, drop_first=True)
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Define features (X) and target (y)

# Drop churn Label from independent variables
X = df_encoded.drop(’Churn Label_Yes', axis=1)
# Nake churn Label the dependent variable

y = df_encoded[ "Churn Label_Yes']
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split the data into tr

ing and testing sets

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size-0.2, # 20% testing
random_state=42, # reproducibility with fixed seed for random splitting
stratify-y) # proportioned split for target and training
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Standardize the numerical features

scaler = StandardScaler() # mean = 0 and standard deviation = 1
X_train[num_cols] = scaler.fit_transform(X_train[num_cols]) # scale training data
X_test[num_cols] = scaler.transform(X_test[num_cols]) # scale numerical columns without fitting for consistency
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Univariate analysis of numerical columns

Checking summary statistics

df[num_cols].describe().T
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Printing the % sub categories of each category T

1571 [Ty p—p—— PR R
(o & 1 GG
B i G (s
print(***40)

Gender
Male 0.504756.

Female  0.495244

Name: proportion, dtype: float6d
Senior Citizen

No  0.837853

Yes  0.162147

Name: proportion, dtype: float6d
Partner

No  0.516967

ves  0.453033

Name: proportion, dtype: float6d
Dependents

No  0.76899

Yes  e.23101

Name: proportion, dtype: float6d
Phone Service

Yes  0.903166

No  0.096834

Name: proportion, dtype: float6d
Multiple Lines

No ©0.481329
Yes ©0.421837

No phone service  .096834
Name: proportion, dtype: float6d
Internet Service

Fiber optic  0.439585

= 0.343745

No 0.216669

Name: proportion, dtype: float6d
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Visualise Numerical Columns

df[num_cols].describe().T # summary statistics for numerical columns, transpose rows to column

df[num_cols

-hist(figsize=(14, 14)) # histogran creation for numerical columns

plt.show() # show histograms
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~ Bivariate and Multivariate analysis

[101]: for i in cat_cols:

# exclude churn Label

if §1="Churn Label':
# create normalised contingency table of columns and churn Label, shown as percentage of bar,
(pd.crosstab(df[1],df[ Churn Label’],normalize="index')*100) .plot (kind="bar", figsize=(8,4) ,stacked=True)
# set y axis Label to ¥
plt.ylabel('%')
# display tables

plt.shou()
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# Checking the relationship between different mumerical variables B AL EPE
# Plotting the correlation between numerical voriables

plt.figure(figsize=(15,8)) # set plot size
sns. heatmap(¢f [nun_cols].corr(), annot=True, fmt="
plt.title("Corrolation Matrix of Numeric
PLt.shou() # show heatmap

.2¢", cmap='YIOrRd') # correlation for numerical columns, displaying 2d.p and colour themed
Variables') # titLe heat map
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ML Models development using LR and SVM

Logistic Regression
# start Logistic regression with fixed random state (more reliable)
Log_reg - LogisticRegression(randon_state-42)

# fit feature matrix and target vector
1og_reg.fit(X_train, y_train)

- LogisticRegression

LogisticRegression(randon_state=42)

Predictions for logistic regression

# make predgictions using trained Logistic regression, on feature matrix and target values for test set
y_pred_Ir = log_reg.predict(X_test)
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Evaluation Metrics for logistic regression

# proportion of correctly predicted instances out of all instances
aceuracy = accuracy_score(y_test, y_pred_1r)

# proportion of true positive instances out of aLl instances predicted
precision = precision_score(y_test, y_pred_ir)

# proportion of true positive instances out of all actual positive instances
recall = recall score(y_test, y_pred_lr)

# £1 score of all predictions

1 = £1_score(y_test, y_pred_1r)

# ROC AUC score of predictions

‘m,m = roc_auc_score(y_test, y_pred_1r)

# print aLl results
print(f'Accuracy: (accuracy:.4f}")
print(f'Precision: {precision:.4f}')
print(f'Recall: {recall:.af}')
PrANt(F'FL Score: (F1:.4F)")
print(£'ROC AUC: {roc_auc:.4f}')

€|y

<

Accuracy: 0.9879
Precision: 0.9837
Recall: 0.9706
F1 Score: 0.9771
ROC AUC: 0.9824
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Confusion matrix for logistic regression

# apply confusion matrix onto tne Logistical regression model BV E TR
conf_matrix = confusion_matrix(y_test, y_pred_1r)

# set plot size
plt.Figure(Figsize=(10, 6))

#create heatnap of confusion matrix, with annotations, blue colours, and Labeled axis
sns. heatnap(conf_matrix, annot=True, fmt='d’, cmap='Blues’, xticklabels=['Not Churn', 'Churn'], yticklabels
plt.xlabel('Predicted’)

plt.ylabel("Actual’)

plt.title("Confusion Matrix')

*Not Churn’, *Ch

# show confusion matrix
p1t.show()
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Support Vector Machine

# enables probavility estimates which is needed for ROC AUC analysis
svm = SVC(probability=True)

# fits SVC model to training data, on feature matrix and target vector training set
Svm.Fit(X_train, y_train)

. svc

SVC(probability=True)

Predictions for SVC

41: # Make predictions on the test set
y_pred_svm = svm.predict(X_test)

# Get predicted probabilities for the positive class (churn)
y_prob_svm = svm.predict_proba(X_test)(:, 11
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Evaluation Metrics for SVC

# Accuracy
accuracy_svm = accuracy_score(y_test, y_pred_svm)
print(f"Accuracy: {accuracy_svm: .4f}")

# Precision
precision_svm = precision_score(y_test, y_pred_svm)
print(f"Precision: (precision_svm:.4f}")

# Recall
recall_svm = recall_score(y_test, y_pred_svm)
print(f"Recall: {recall svm:.4f}")

# F1 Score
F1_svm = £1_score(y_test, y_pred_svm)
Print(F'FL Score: (F1_svm:.4£1")

# ROC AUC (using predicted probabilities for the positive class)
roc_auc_svm = roc_auc_score(y_test, y_prob_svm)
Print(£7ROC AU

Accuracy: 0.9851
Precision: 0.9862
Recall: 0.9572
F1 Score: 0.9715
ROC AUC: 0.9989
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[116]: | # Generate confusion matrix $£ErPNYVEFE
cn_svm = confusion matrix(y_test, y_pred_sv)

# Visualize the confusion matrix using a heatmap
plt. Figure(Figsize=(6,6))
sns.heatnap(cn_svm, annot=True, fut:
plt.ylabel("Actual’)
plt.xlabel('Predicted’)

plt.title(’ Confusion Matrix for SVM')
p1t.show()

e}
Confusion Matrix for SVM

Non-Churn®, “Churn’1, yticklabels=["Non-Churn’, *Churn']
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Evaluate the performance of the developed model using accuracy, precision, recall, F1 score and AUC-ROC

def evaluate_model(y_test, y_pred, model_name):
accuracy = accuracy_score(y_test, y_pred)
precision = precision_score(y_test, y_pred)
recall = recall score(y_test, y_pred)
1 = f1_score(y_test, y_pred)
auc_roc = roc_auc_score(y_test, y_pred)

print(
print(
print(
print(

{mode1_name} Model Performance
‘Accuracy: {accuracy}")
Precision: {precision}”)
Recall: {recall}”
print(F°F1 Score: (F1}7)
Print(FPAUC-ROC: {auc_roc}”)
print("\n")

Bl

evaluate_model(y_test, y_pred_lr, "Logistic Regression")
evaluate_model(y_test, y_pred_svm, "Support Vector Hachine”)

Logistic Regression Hodel Performance:
Accuracy: ©.9879347054645657
Precision: 0.983739837398374

: 0.9705852352941176
0.9771197846567967
AUC-ROC: 0.9823955669224211

Support Vector Machine Model Performance:
Accuracy: 0.9850958126330731
Precision: 0.9862258953165044

Recall: 0.9572192513365984

F1 Score: 0.9715061058344641

AUC-ROC: 0.9761941667312511
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Hypertuning T

# Initialize the Support Vector Machine classifier with probability estimation
Svm = SVC(probability=True, random_state=42)

# Fit the SW to the training data
Svm.Fit(X_train, y_train)

# Make predictions on the test set
y_pred_svm = svm.predict(X_test)

Define the parameter grid to tune

paran_grid = {
'C': [0.1, 1, 16, 1001, # Regutarization parameter
*kernel': [linear’, 'rof', 'poly’l, # Kernel type
‘gama’: ['scale’, ‘auto'], # Kernel coefficient
*Class_weight': [Nome, ‘balanced'] # Handle class imbalance

Initialize GridSearchCV with 5-fold cross-validation

accuracy’)

grid_search = GridSearchCV(svm, param_grid, cv=5, verbose=1, n_jobs=-1, scorin

Fit the grid search

grid_search.it(X_train, y_train)

Fitting 5 folds for each of 48 candidates, totalling 240 Fits

» Gridsearchcy

sve

» estinator

- sve
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[1247:

Best hyperparameters and model

# Best hyperparaneters found from GridSearchCV.
print(f"Best hyperparameters found: {grid_search.best_params_}")

# Best model from grid search
best_svn = grid_search.best_estinator_
print(best_svm)

Best hyperparaneters found: {'C': 10, ‘class_weight': None, ‘gamma
SVC(C=10, kernel='linear', probability=True, random_state=42)

“scale’,

"kernel®

“linear'}

€|V

L)
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Predictions and evaluation

# Make predictions using the best model
y_pred_best_svm = best_svm.predict(X_test)

# Evaluate performance metrics
print("SVH Model Performance (Best Model from Grid Search):")

print(£"Accuracy: {accuracy_score(y_test, y_pred_best_svm): .4f1")

print(£"Precision: {precision_score(y_test, y_pred_best_svm):.4")

print(f"Recall: {recall score(y_test, y_pred_best_svm):.4f)")

Print(f'F1 Score: (f1_score(y_test, y_pred_best_svm):.4f}")

Print(£7ROC AUC: {roc_auc_score(y_test, best_svm.predict_proba(X_test)[:, 11):.4F1")

SV Hodel Performance (est Model from Grid Search):
0.9922

1.0000

Recall: 0.9706

F1 Score: 0.9851

€|y

<
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Confusion matrix

[1267:

# Generate the confusion matrix LGOS |
cm = confusion_matrix(y_test, y_pred_best_svm)

# PLot the confusion matrix
plt.Figure(Figsize=(6, 5))
sns.heatnap(cn, annot=True, fmt
plt.title("Confusion Matrix")
plt.xlabel("Predicted”)
\ctual”)

", cmap="8lues”, xticklabels=["No Churn", "Churn"], yticklabels=["No Churn", "Churn"1)

p1t.show()

Confusion Matrix
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Hyperparameter tuning for logistic regression

# Define o reduced paraneter grid for Logistic Regression
# There are three dictionaries
# C gives regularisaiton strength because of smaller values
param_grid_ir = [
# solver, Liblinear is a optimisation algorithm suitable for small datasets and both L1 and L2
£°C': (8.1, 1, 161, ‘solver’: [liblinear'l, ‘penalty’: [‘11', '12']},
# solver, ibfgs is an optimisation algorithm suitable for L2 penalty only
£°C't [0.1, 1, 10], "solver’: ['Ibfgs'], "penalty’s ['12°1},
# solver saga is an optimisation algorithm suitable for L1 penalty onty
£°C': (8.1, 1, 101, ‘solver': ['saga’l, 'pemalty’s ['11°, '12'1}

Perform Grid Search

grid_search_ir = GridsearchCV(LogisticRegression(randon_state=42), paran_grid_Ir, cv=5, verbose-1, n_jo
grid_search_ir.fit(X_train, y_train)
N

ndidates, totalling 75 fits

[138]:

[EELEN Gridsearchcy

» estimator: LogisticRegression

» LogisticRegression

Increase the number of iterations for Logistic Regression

# Best Logistic Regression model from reduced grid search
best_log_reg = grid_search_Ir.best_estimator_
y_pred_best_log_reg = best_log_reg.predict(X_test)
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Evaluate Performance Metrics for the Best Logistic Regression Model T

# Evaluate performance metrics for the best Logistic Regression model
accuracy_best_log_reg = accuracy_score(y_test, y_pred_best_log_reg)
precision_best_log_reg = precision_score(y_test, y_pred_best_log_reg)
recall_best_log_reg - recall_score(y_test, y_pred_best_log_reg)

1 best log_reg = £1_score(y_test, y_pred_best log reg)
roc_auc_best_log_reg = roc_auc_score(y_test, y_pred_best_log_reg)

print(fLogistic Regression Model Performance (Best Model from Reduced Grid Search):

print(f*Accuracy: {accuracy_best_log_reg:.4f}')
print(f'Precision: {precision_best_log_reg:.4f}")
print(f'Recall: {recall best_log_reg:.4f}')
Print(f'F1 Score: (£1_best_log_reg:.4f}')
Print(f7ROC AUC: {roc_auc_best_log_reg:.4f)")

Logistic Regression Hodel Performance (Best Model from Reduced Grid Search):
Accuracy: 0.9943

Precision: 0.9945

Recall: 0.9840

F1 Score: 0.9892

ROC AUC: 0.9910

# Ensure that the best Logistic Regression model is defined
best_log_reg = grid_search_lr.best_estinator_

# Make predictions using the best Logistic Regression model
y_pred_best_log_reg = best_log_reg.predict(X_test)

print(fLogistic Regression Model Performance (Best Model from Grid Search)
print(f Accuracy: {accuracy_best_log_reg:.4f}')

print(f'Precision: {precision_best_log_reg:.4f}")

print(f'Recall: {recall best_log_reg:.4f}')

Print(f'F1 Score: (£1_best_log_reg:.4f}')

Print(£'ROC AUC: {roc_auc_best_log_reg:.4¢}")

Logistic Regression Hodel Performance (Best Model from Grid Search):
Accuracy: 0.9943

Precision: 0.9945

Recall: 0.9840

# Cross-vaLidation for Logistic Regression
cv_scores_1r_after = cross_val_score(best_log_reg, X, ¥, cv=5, scoring='accuracy’)
print(f"Logistic Regression Cross-Validation Accuracy (After Tuning:

Logistic Regression Cross-Validation Accuracy (After Tuning): @.9876

v_scores_1r_after.mean(

€|~y

4F1")
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Logistic Regression vs. SVM Comparison after tuning
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Visualise Performance Metrics.

Logistic Regression Performance SVM Performance
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1. Inserting data

Import libraries

import pandas as pd # data manipulation and analysis
import numpy as np # numerical

import matplotlib.pyplot as plt # visualisations
import seaborn as sns # visualisation (advanced)

#rom sklearn.model_selection import train_test_split, GridSearchCV # model selector/tuner
#rom sklearn.preprocessing import Standardscaler, LabelEncoder # data preprosessing
#rom sklearn.linear_model import LogisticRegression # Logistic regression
from sklearn.svm import SVC # Support Vector Classifier
from sklearn.metrics import (accuracy_score, # model performance tools
precision_score,
recall_score,
£1_score,
roc_curve)
from sklearn.metrics import confusion_matrix # confusion metrics
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Insert the file using the path location

df = pd.read_excel('Telco_Customer_Churn.xlsx')
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Check the first 10 rows of the dataset
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Check the last 10 rows of the dataset

[65]: df.tail(10)
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Summary of numerical features

df.describe()
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