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Abstract

Interpretable Machine Learning for Customer Churn Prediction

By
Deniz Irmak
Supervisor: Dr. Amit Sharma

This study aims to develop and evaluate interpretable machine learning models for predicting
customer churn in the telecommunications sector. The dataset, consisting of 7,043 customer
records and 21 features, was preprocessed to handle missing values, encode categorical
variables, and balance the target class using SMOTE. Five machine learning models were
implemented: Logistic Regression, Decision Tree, Random Forest, Gradient Boosting, and
Neural Network. The Gradient Boosting model emerged as the most effective, providing a
balanced combination of accuracy and interpretability. Partial Dependence Plots (PDPs) and
Local Interpretable Model-agnostic Explanations (LIME) were used to explain the model’s
predictions, revealing that contract type, monthly charges, and online security services were
significant predictors of churn. The results suggest that targeted interventions based on these
factors could significantly reduce churn, thereby improving customer retention and business
profitability.
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1. INTRODUCTION

1.1. Background of Study:

The rapid evolution of machine learning techniques, particularly in predictive modelling, has
led to the widespread adoption of complex models for tasks such as customer churn
prediction. Businesses across diverse industries leverage these advanced models to forecast
customer behaviour and implement targeted retention strategies. However, the surge in
model complexity, often associated with deep neural networks, ensemble methods, and other
sophisticated algorithms, has created a challenge in understanding and interpreting the
decision-making processes of these models.

The traditional black-box nature of these complex models poses significant hurdles for
practitioners and stakeholders who seek transparency in predictive analytics. In domains
where customer retention is paramount, interpretability is not merely a luxury but a necessity.
Understanding why a model predicts a particular customer is at risk of churning is crucial for
fostering trust, ensuring regulatory compliance, and fine-tuning retention strategies based on
actionable insights.

As businesses increasingly rely on machine learning for critical decisions, the demand for
interpretable models that clearly explain their predictions has grown substantially. Thus, there
is a pressing need to bridge the gap between the predictive power of complex models and the
interpretability required for effective decision-making in customer churn prediction.

1.2. Research Gap:

Despite the proliferation of machine learning applications in customer churn prediction, a
notable research gap exists in the interpretability of these models. Many businesses deploy
powerful predictive models, yet stakeholders often find themselves where the “why” behind
a prediction remains elusive. Existing literature acknowledges the importance of model
interpretability but needs to provide comprehensive and practical solutions, particularly in the
context of customer churn.

The current gap encompasses several dimensions:

e Limited Frameworks for Interpretability: While well-established frameworks like
LIME exist, their application to specific challenges within customer churn prediction needs to
be more extensively explored. The research gap lies in the lack of tailored interpretability
frameworks that address the nuances of customer behaviour prediction.



¢ Industry-Specific Challenges: Customer churn varies across industries, and existing
literature often needs more industry-specific interpretability solutions. Understanding the
unique factors influencing customer behaviour in diverse sectors is essential for developing
practical interpretability tools.

e Practical Implementation: Many existing studies emphasise the theoretical aspects
of interpretability but must provide practical guidance for implementing these techniques in
real-world business settings. Bridging this gap requires translating theoretical frameworks into
actionable steps for businesses.

1.3. Rationale of the Study:

The rationale for this research stems from the critical intersection of predictive analytics,
customer churn mitigation, and the imperative for transparent decision-making in
contemporary business environments. As companies increasingly rely on machine learning
models to forecast customer churn, the inherent black-box nature of these models presents a
barrier to informed decision-making. This research addresses this challenge by delving into
interpretable machine learning tailored explicitly for customer churn prediction.

e Trust and Stakeholder Confidence: Building and maintaining trust is paramount in
any business. The inability to explain why a model predicts a customer will likely churn can
erode stakeholder confidence. Enhancing interpretability directly contributes to trust in model
predictions.

e Regulatory Compliance: Regulatory bodies in various industries increasingly
emphasise the need for transparency in predictive modelling, especially concerning sensitive
areas like finance and healthcare. Adhering to these regulations requires interpretable models
that can be audited and validated.

¢ Informed Decision-Making: Informed decision-making depends on understanding
the drivers behind predictions. Businesses need actionable insights into why specific
customers are predicted to churn to devise and implement effective retention strategies.

* Practical Applicability: The rationale extends beyond theoretical considerations to
the practical applicability of interpretability frameworks. The research aims to contribute to
the theoretical understanding of interpretability and provide businesses with tangible and
applicable tools for customer churn prediction.

In conclusion, the rationale for this research lies in the urgent need to bridge the gap between
the predictive power of machine learning models and the interpretability required for
effective decision-making in customer churn prediction. The outcomes of this research are
anticipated to have a direct and positive impact on businesses aiming to reduce customer
churn by deploying interpretable machine-learning models.
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1.4.

Research Question:

“How can the interpretability of machine learning models be enhanced for more effective

customer churn prediction in business contexts? “ This question serves as the guiding principle
for the study, aiming to bridge the gap in understanding predictive models.

1.4.1. Sub Questions:

1.

1.5.

1.6.

What specific interpretability techniques apply to machine learning models in
customer churn prediction?

How does model interpretability impact decision-making processes related to
customer churn mitigation?

How do different interpretability methods influence the accuracy and reliability of
customer churn prediction models?

What contextual factors determine the prioritisation of interpretable models in
businesses aiming to reduce customer churn?

Who are the key stakeholders benefiting from improved interpretability in the context
of customer churn prediction?

How can businesses successfully communicate insights from interpretable models to
stakeholders for informed decision-making?

Objectives of the Study

To explore and evaluate specific interpretability techniques applicable to machine
learning models in the context of customer churn prediction.

To assess the impact of model interpretability on decision-making processes related to
customer churn mitigation.

To compare the influence of different interpretability methods on the accuracy and
reliability of customer churn prediction models.

To identify contextual factors determining the prioritisation of interpretable models in
businesses focusing on reducing customer churn.

To understand the key stakeholders who benefit the most from improved
interpretability in the context of customer churn prediction.

To develop effective strategies for businesses to communicate insights from
interpretable models to stakeholders for informed decision-making.

Dataset Description

The Telco Customer Churn dataset is a publicly available dataset commonly used for predicting

customer churn in the telecommunications sector. It includes information about the

demographics, account details, and service usage of customers alongside the target variable
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that indicates whether a customer has churned or not. This dataset is well-suited for building
and evaluating machine learning models to identify customers at risk of leaving the service.

1.6.1. Overview
e Number of Records: 7,043
e Number of Features: 21 (including the target variable)
e Target Variable: Churn (binary: Yes indicates the customer churned, No indicates the
customer stayed)

1.6.2. Features and Their Descriptions

1. CustomerlD
e Type: Categorical
e Description: A unique identifier for each customer.
2. Gender
e Type: Categorical
e Categories: Male, Female
e Description: The gender of the customer.
3. SeniorCitizen
e Type: Binary (Numerical)
e Categories: 0 (Not a senior citizen), 1 (Senior citizen)
e Description: Indicates whether the customer is a senior citizen (aged 65 or
older).
4. Partner
e Type: Categorical
e Categories: Yes, No
e Description: Indicates whether the customer has a partner.
5. Dependents
e Type: Categorical
e Categories: Yes, No
e Description: Indicates whether the customer has dependents (children or
other dependents).
6. Tenure
e Type: Numerical
e Description: The number of months the customer has been with the
company.
7. PhoneService
» Type: Categorical
e Categories: Yes, No
e Description: Indicates whether the customer has a phone service.
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10.

11.

12.

13

14.

15.

16.

17.

MultipleLines

e Type: Categorical

e Categories: Yes, No, No phone service

e Description: Indicates whether the customer has multiple lines.
InternetService

e Type: Categorical

e Categories: DSL, Fiber optic, No

® Description: The type of internet service the customer has, if any.
OnlineSecurity

e Type: Categorical

e Categories: Yes, No, No internet service

e Description: Indicates whether the customer has online security services.
OnlineBackup

e Type: Categorical

e Categories: Yes, No, No internet service

e Description: Indicates whether the customer has online backup services.
DeviceProtection

e Type: Categorical

e Categories: Yes, No, No internet service

e Description: Indicates whether the customer has device protection services.

. TechSupport

e Type: Categorical

e Categories: Yes, No, No internet service

e Description: Indicates whether the customer has technical support services.
StreamingTV

e Type: Categorical

e Categories: Yes, No, No internet service

e Description: Indicates whether the customer has a TV streaming service.
StreamingMovies

e Type: Categorical

e Categories: Yes, No, No internet service

e Description: Indicates whether the customer has a movie streaming service.
Contract

» Type: Categorical

e Categories: Month-to-month, One year, Two year

e Description: The type of contract the customer has signed up for.
PaperlessBilling

e Type: Categorical

e Categories: Yes, No

» Description: Indicates whether the customer has opted for paperless billing.
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18. PaymentMethod
e Type: Categorical
e Categories: Electronic check, Mailed check, Bank transfer (automatic), Credit
card (automatic)
e Description: The method the customer uses to pay their bills.
19. MonthlyCharges
e Type: Numerical
e Description: The amount charged to the customer monthly.
20. TotalCharges
e Type: Numerical (converted from string)
e Description: The total amount charged to the customer over their tenure with
the company.
21. Churn
¢ Type: Binary (Categorical)
e Categories: Yes, No
e Description: The target variable indicates whether the customer churned
(Yes) or not (No).

1.6.3. Dataset Characteristics

e Imbalance: The Churn variable is typically imbalanced, with fewer Yes values than
No. This imbalance can affect model performance, making techniques like oversampling or
under-sampling necessary.

e Categorical Encoding: The dataset includes several categorical variables that need to
be encoded (e.g., one-hot encoding) for use in most machine learning models.

e Missing Values: The TotalCharges column may contain missing values that need to
be handled, often by imputation.

* Feature Importance: Features like Contract, MonthlyCharges, and Tenure are often
found to be highly predictive of churn in this dataset.

1.6.4. Usage and Applications

The Telco Customer Churn dataset is commonly used for building predictive models to identify
customers at risk of leaving the service. By analysing this data, businesses can develop
targeted retention strategies, personalise customer interactions, and reduce churn rates. The
dataset also serves as an excellent case study for exploring various machine learning
algorithms, model evaluation techniques, and interpretability methods.
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2. LITERATURE REVIEW

The literature on customer churn prediction and interpretability in machine learning is
extensive, reflecting the critical importance of understanding and mitigating customer
attrition across various industries. This section reviews key studies and methodologies that
have shaped the current understanding of churn prediction and the need for interpretable
machine learning models, focusing on the telecommunications sector and broader
applications.

2.1. Understanding Customer Churn

Customer churn, defined as the rate at which customers stop doing business with an entity,
has long been a focus of research due to its direct impact on a company’s revenue and
profitability. The early work of Reichheld and Sasser (1990) established the foundational
understanding that retaining existing customers is significantly more cost-effective than
acquiring new ones. This finding has driven the development of various models aimed at
predicting churn, particularly in industries with high customer turnover, such as
telecommunications, finance, and retail.

The need to predict churn accurately led to the exploration of various statistical and machine-
learning techniques. Traditional statistical models, such as logistic regression and survival
analysis, were among the first to be applied to churn prediction (Neslin et al., 2006). These
models provided a basis for understanding customer behaviour by examining the relationship
between customer characteristics and the likelihood of churn. However, their ability to
capture complex, non-linear interactions between variables could have been improved,
leading to the adoption of more sophisticated machine-learning techniques.

2.2. Machine Learning Approaches to Churn Prediction

As the volume and complexity of customer data increased, machine-learning techniques
became the preferred approach for churn prediction. The introduction of decision trees
(Quinlan, 1986) provided a powerful tool for handling non-linear relationships and
interactions between features. Decision trees were particularly appealing due to their
interpretability, as they could produce decision rules that were easy to understand and
communicate to non-technical stakeholders.

However, decision trees are prone to overfitting, especially when dealing with large datasets.
Ensemble methods such as Random Forests (Breiman, 2001) and Gradient Boosting Machines
(Friedman, 2001) were introduced to address this limitation. These methods combine multiple
decision trees to improve predictive accuracy while reducing overfitting. Random Forests, for
example, aggregate the predictions of numerous decision trees, each trained on a different
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subset of the data, to produce a more robust model. Gradient Boosting, on the other hand,
sequentially builds trees that correct the errors of their predecessors, resulting in a highly
accurate model that performs well even on challenging datasets.

The application of these ensemble methods to churn prediction has been widely documented.
For instance, Verbeke et al. (2012) demonstrated that Random Forests outperformed
traditional statistical models in predicting churn in the telecommunications sector,
highlighting the model’s ability to handle large, complex datasets. Similarly, Coussement and
Van den Poel (2008) used Gradient Boosting to predict churn in the banking sector, showing
that the model could capture subtle patterns in customer behaviour that were missed by
simpler models.

Neural networks, particularly deep learning models, have also been applied to churn
prediction, although their lack of interpretability still needs to be improved (LeCun et al.,
2015). These models excel at capturing complex, high-dimensional relationships in data,
making them particularly effective in cases where the underlying patterns are not easily
discernible. However, the “black-box” nature of neural networks poses challenges for
businesses that require clear explanations of model decisions to ensure trust and compliance
with regulatory standards.

2.3. The Importance of Model Interpretability

In the rapidly evolving field of machine learning, particularly in business-critical applications
like customer churn prediction, model interpretability has emerged as a critical concern. As
businesses increasingly rely on complex models to guide decision-making, the ability to
understand, trust, and act upon model predictions becomes paramount. Interpretability refers
to the degree to which a human can understand the cause of a decision made by a model.
Without interpretability, the predictions made by these models, no matter how accurate, can
be of limited practical value because decision-makers may not fully trust or understand the
model’s reasoning.

2.3.1. The Need for Interpretability in Business Contexts

For a business, particularly in sectors like telecommunications, where customer churn can
have significant financial implications, it is not enough to know that a customer is likely to
churn. It is crucial to understand why the model predicts that a customer will churn. This
understanding allows businesses to design targeted interventions that address the root causes
of churn. For example, if a model indicates that customers with a specific contract type are
more likely to churn, a company can proactively offer these customers tailored retention
offers.
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Interpretability is also critical for regulatory compliance. Many industries are subject to
regulations that require businesses to explain and justify decisions made by automated
systems, especially when those decisions affect customers. A model that lacks interpretability
cannot meet these regulatory standards, putting the business at risk of legal and financial
penalties.

2.3.2. LIME: A Key Tool for Model Interpretability

Among the tools available for enhancing model interpretability, Local Interpretable Model-
agnostic Explanations (LIME) stands out as a particularly powerful and versatile method. LIME
is designed to provide local explanations for individual predictions, meaning it can explain why
a model made a specific prediction for a specific instance.

LIME works by creating an interpretable model that approximates the predictions of the
original complex model in the vicinity of a particular instance. Here’s how it works:

1. Perturbation: LIME generates new data points by making slight variations to the
features of the instance being explained. These new data points are then fed into the original
model to create predictions.

2. Weighting: LIME assigns weights to these perturbed instances based on their
similarity to the original instance. Instances that are closer to the original instance are given
higher weights.

3. Surrogate Model: LIME fits a simple, interpretable model (like a linear model) to
these weighted instances. This surrogate model is designed to approximate the behaviour of
the original model in the local region around the instance being explained.

4. Explanation: The coefficients of the surrogate model are then used to explain the
original model’s prediction for the instance. These coefficients indicate the contribution of
each feature to the prediction.

2.3.3. Detailed Example of LIME in Action

Let’s consider an example from the customer churn prediction model developed in this
project. Suppose the model predicts that a specific customer is highly likely to churn. Using
LIME, we can generate a local explanation for this prediction. LIME might reveal that the
customer’s high likelihood of churn is primarily due to factors such as having a month-to-
month contract, high monthly charges, and a lack of online security services.

LIME’s ability to break down the prediction into understandable components allows business
analysts to see not just the “what” (the prediction) but also the “why” (the reasons behind
the prediction). This makes it easier to take specific actions, such as offering the customer a
discounted rate or a long-term contract, to reduce their likelihood of churning.
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2.3.4. Advantages of LIME

] Model-Agnostic: One of the biggest advantages of LIME is that it is model-
agnostic, meaning it can be applied to any machine learning model, regardless of its
complexity or architecture. This flexibility makes LIME an invaluable tool for interpreting a
wide range of models, from simple decision trees to complex neural networks.

] Local Interpretability: LIME focuses on local interpretability, providing
explanations that are specific to individual predictions. This is particularly useful in scenarios
where understanding the decision-making process for specific cases is more important than
understanding the model as a whole.

J Actionable Insights: By breaking down predictions into interpretable
components, LIME enables businesses to take targeted actions based on the specific factors
driving customer behaviour. This makes LIME not just a tool for understanding but also a tool
for driving business strategy.

2.3.5. Challenges and Considerations

While LIME is a powerful tool, it is not without its challenges. One limitation is that LIME
approximates the original model locally, which means the explanations it provides are
inherently approximate. This can sometimes lead to inconsistencies, especially if the original
model is highly non-linear or if the features interact in complex ways.

Additionally, the choice of the surrogate model and the parameters used in LIME can influence
the explanations it generates. This requires careful tuning and validation to ensure that the
explanations are both accurate and meaningful.

2.3.6. Conclusion

In summary, model interpretability is essential for making machine learning models actionable
in real-world business contexts. Tools like LIME provide a practical way to bridge the gap
between complex models and the need for understandable, trustworthy predictions. By
enabling businesses to understand the reasons behind model predictions, LIME not only
facilitates better decision-making but also helps build trust in automated systems, making it a
critical component of modern data-driven strategies.

This extended section should provide a comprehensive understanding of the importance of
model interpretability, with a specific focus on how LIME plays a critical role in making
machine learning models more understandable and actionable. Let me know if you need any
further adjustments!
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2.4. Partial Dependence Plots (PDPs) and Their Application

Partial Dependence Plots (PDPs) are a model-agnostic interpretability technique that helps
visualise the effect of a single feature on the predicted outcome, holding all other features
constant (Friedman, 2001). PDPs are particularly useful for understanding the relationship
between a feature and the target variable, providing a global perspective on how changes in
feature values impact model predictions.

PDPs have been applied in various domains, including customer churn prediction, to provide
insights into the drivers of customer behaviour. For example, Tufféry (2011) utilised PDPs to
analyse the impact of customer tenure and service usage on churn likelihood in the
telecommunications sector. The ability of PDPs to offer clear, interpretable visualisations
makes them a valuable tool for business stakeholders who need to understand and act on the
model’s predictions.

In the context of this project, PDPs were used to interpret the predictions made by the
Gradient Boosting and Random Forest models. By visualising the effect of key features such as
contract type, monthly charges, and online security services, PDPs provided actionable
insights that could be directly applied to customer retention strategies.

2.5. Industry Applications and Case Studies

The application of machine learning to customer churn prediction has seen widespread
adoption across various industries, each adapting the models to their specific needs. In the
telecommunications industry, where customer churn is exceptionally high due to intense
competition and low switching costs, predictive models have become an essential tool for
retaining customers. For example, Hung et al. (2006) applied decision tree models to predict
customer churn in a Taiwanese mobile network, demonstrating the model’s ability to identify
high-risk customers based on usage patterns and demographic factors.

In the banking sector, Coussement and Van den Poel (2008) highlighted the effectiveness of
ensemble methods in predicting churn among credit card customers. Their study showed that
Gradient Boosting, in particular, was able to capture complex interactions between customer
attributes and churn behaviour, leading to more accurate predictions. The insights from these
models were used to design targeted marketing campaigns that significantly reduced churn
rates.

Retail industries have also leveraged churn prediction models to understand customer
behaviour and improve retention. A study by Buckinx and Van den Poel (2005) applied logistic
regression and decision trees to predict churnin a grocery retail setting, using transaction data
to identify patterns that indicated a likelihood of churn. The findings enabled the retailer to
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implement loyalty programs and personalised promotions, resulting in improved customer
retention.

2.6. Challenges and Future Directions

Despite the advancements in machine learning and interpretability techniques, several
challenges still need to be solved in the field of customer churn prediction. One of the primary
challenges is the imbalance in churn datasets, where the number of non-churners often far
exceeds the number of churners. This imbalance can lead to biased models that are more
likely to predict non-churn, thereby reducing the model’s effectiveness. Techniques such as
SMOTE (Chawla et al., 2002) have been developed to address this issue by oversampling the
minority class. Still, these approaches can introduce noise and lead to overfitting if not
carefully managed.

Another challenge is the trade-off between model complexity and interpretability. While
complex models such as deep neural networks and ensemble methods offer superior
predictive performance, their lack of transparency can be a significant drawback in business
contexts where decision-making must be explained and justified. The development of
interpretable machine learning models that do not sacrifice accuracy remains an ongoing area
of research, with new techniques and frameworks continually emerging.

Looking forward, the integration of real-time data and dynamic modelling presents an exciting
frontier in churn prediction. As businesses increasingly adopt digital transformation, the
ability to monitor and predict customer behaviour in real time will become a critical
competitive advantage. Future research could explore the application of streaming data
analytics and online learning algorithms to enhance the timeliness and relevance of churn
predictions.

2.7. Conclusion of Literature Review

The literature on customer churn prediction and interpretability in machine learning
underscores the rapid evolution and growing complexity of predictive models, as well as the
increasing importance of understanding and mitigating customer churn across various
industries. Traditional statistical methods, such as logistic regression and survival analysis,
have long been used to explore the relationships between customer attributes and churn,
providing a foundational understanding of customer behaviour. However, these methods have
limitations, particularly in handling large, complex datasets with non-linear interactions,
which has led to the widespread adoption of more sophisticated machine-learning
techniques.
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The emergence of machine learning models, including decision trees, Random Forests,
Gradient Boosting, and neural networks, has significantly enhanced the ability to predict
customer churn with greater accuracy and precision. These models have demonstrated their
capacity to process vast amounts of data, uncover hidden patterns, and provide actionable
insights that can directly inform business strategies. However, the complexity of these models
introduces challenges related to interpretability, which is crucial for ensuring that predictions
are understandable, trustworthy, and actionable by business stakeholders.

Interpretability has become a central theme in the application of machine learning to
customer churn prediction. The literature highlights the development of various
interpretability frameworks, such as LIME and SHAP, which provide both global and local
explanations of model predictions. These tools have proven invaluable in bridging the gap
between model complexity and the need for transparency in decision-making. LIME, for
example, enables businesses to understand the specific factors driving individual customer
predictions, facilitating targeted interventions. Similarly, SHAP offers a comprehensive
approach to feature importance, allowing for a deeper understanding of how different factors
contribute to churn across the entire dataset.

Despite these advancements, challenges remain in balancing model accuracy with
interpretability. As machine learning models become increasingly complex, the trade-off
between predictive power and the ability to explain model decisions becomes more
pronounced. This tension is particularly evident in the use of deep learning models, which,
while highly accurate, often operate as “black boxes,” making it difficult for businesses to
justify and act on their predictions. The literature suggests that ongoing research is needed to
develop models that do not sacrifice interpretability for accuracy, particularly in industries
where transparency is essential for regulatory compliance and stakeholder trust.

The literature also points to the need to address data challenges, such as class imbalance,
which can skew model predictions and reduce effectiveness. Techniques like SMOTE have
been introduced to mitigate these issues. Still, they come with their own set of challenges,
including the potential for overfitting and the introduction of noise into the model. Future
research must continue to explore and refine these techniques to ensure that models are both
robust and reliable in predicting customer churn.

Looking ahead, the integration of real-time data and the development of dynamic, adaptive
models represent promising directions for future research. As businesses increasingly operate
in digital environments, the ability to monitor and respond to customer behaviour in real-time
will be a critical competitive advantage. This shift will require models that can continuously
learn from new data, adjust predictions on the fly, and provide timely, actionable insights.
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In conclusion, the literature on customer churn prediction and machine learning
interpretability provides a rich foundation for understanding the current capabilities and
limitations of predictive models. While significant progress has been made in improving
accuracy and developing interpretability tools, the field continues to grapple with the
challenges of model complexity, data quality, and the need for transparency. As the demand
for interpretable, data-driven decision-making grows, ongoing research and innovation will be
essential in developing models that are not only accurate and predictive but also
understandable and actionable, ensuring that businesses can effectively leverage these tools
to enhance customer retention and drive long-term success.
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3. METHODOLOGY

This section details the methodology for developing and evaluating machine learning models
for predicting customer churn. The process involved several key stages: data collection,
preprocessing, model development, training, evaluation, and interpretation.

3.1. Data Collection:

The dataset used in this project, known as the Telco Customer Churn dataset, was sourced
from a publicly available repository. It contains records of customer demographics, account
information, and service usage from a telecommunications company. The dataset includes
7,043 customer records with 21 features, along with the target variable Churn, which indicates
whether a customer has churned (left the company) or not.

Dataset Overview:

o Total Records: The dataset consists of 7,043 customer records, each
representing a unique customer.

o Features: There are 21 features in the dataset, which include a mix of
categorical, numerical, and binary variables. These features encompass various aspects of
customer profiles, such as:

. Customer Demographics: Includes gender, SeniorCitizen, Partner, Dependents.

o Account Information: Includes tenure, Contract, PaymentMethod,
MonthlyCharges, TotalCharges.

J Service Usage: Includes features like PhoneService, Multiplelines,
InternetService, OnlineSecurity, TechSupport, and others.

J Target Variable: The target variable is Churn, which indicates whether a
customer has left the company (churned). This is a binary variable where “Yes” indicates
churn, and “No” indicates that the customer has remained with the company.

This dataset provides a rich source of information for building predictive models aimed at
identifying customers at risk of churning. By leveraging a comprehensive set of features that

capture customer behaviour, the model can make informed predictions, helping the business
to implement effective retention strategies.

3.2. Data Preprocessing:

Before the data was used in model training, several preprocessing steps were undertaken to
ensure the quality and relevance of the dataset:

1. Handling Missing Values:
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The TotalCharges column, which initially contained some missing values, was converted from
a string to a numeric type. The missing values were then imputed with the column's median
value to ensure the dataset was complete and consistent.

2. Encoding Categorical Variables:
Categorical features such as gender, Contract, PaymentMethod, and others were converted
into numerical format using one-hot encoding. This process involved creating binary columns
for each category within these features, allowing the machine learning models to process
these categorical variables effectively.

3. Feature Scaling:
Numerical features like tenure, MonthlyCharges, and TotalCharges were standardised using
StandardScaler. This step transformed the data so that these features had a mean of 0 and a
standard deviation of 1. Standardising ensures that each feature contributes equally to the
model’s learning process, which is particularly important for models sensitive to feature
scales, such as Logistic Regression and Neural Networks.

4. Balancing the Dataset:
The target variable Churn was imbalanced, with a higher number of non-churners compared
to churners. To address this imbalance, the Synthetic Minority Over-sampling Technique
(SMOTE) was applied to the training data. SMOTE generates synthetic samples for the minority
class (churners), balancing the dataset and preventing the models from becoming biased
toward the majority class.

3.3. Model Development:

The development of the customer churn prediction models followed a systematic approach,
leveraging multiple machine learning algorithms to ensure a robust and accurate prediction
system. The primary goal was to build models that predict customer churn with high accuracy
and provide interpretable insights that can be utilised for business decision-making.

3.3.1. Model Selection:
Five different machine learning algorithms were selected for the task of predicting customer
churn. These algorithms were chosen based on their proven effectiveness in classification
tasks and their ability to handle the specific characteristics of the dataset:

1. Logistic Regression: A linear model often used as a baseline for binary classification
problems. Logistic Regression is interpretable and performs well when the relationship
between features and the target is approximately linear.

2. Decision Tree Classifier: A non-linear model that splits the data into subsets based
on the most significant features. Decision Trees are highly interpretable and can capture
complex relationships in the data.
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3. Random Forest Classifier: An ensemble method that builds multiple decision trees
and averages their predictions to improve accuracy and reduce overfitting. Random Forest is
robust to overfitting and can handle large datasets with higher dimensionality.

4. Gradient Boosting Classifier: This is another ensemble method that builds trees
sequentially, with each tree correcting the errors of the previous ones. Gradient Boosting is
particularly effective in scenarios where the goal is to maximise predictive performance.

5. Neural Network (Multi-layer Perceptron): A model that can capture complex, non-
linear relationships in the data. While less interpretable, Neural Networks can offer strong
predictive performance when tuned appropriately.

3.3.2. Data Preparation for Modelling:
Before feeding the data into these models, several preprocessing steps were applied:

* One-Hot Encoding: All categorical variables were converted into a binary format
using one-hot encoding, allowing the models to process these features effectively.

® Feature Scaling: Numerical features (tenure, MonthlyCharges, TotalCharges) were
standardised to have a mean of 0 and a standard deviation of 1, ensuring they contribute
equally to the model training process.

e Balancing the Dataset: To address the class imbalance in the target variable (Churn),
the Synthetic Minority Over-sampling Technique (SMOTE) was applied. This technique
generates synthetic samples for the minority class, ensuring the model does not become
biased toward the majority class.

3.3.3. Training Process:
The dataset was split into training and testing sets, with 80% of the data used for training the
models and 20% reserved for testing their performance. The following steps were followed
for each model:

1. Model Initialization: Each model was initialised with its default parameters, with
specific adjustments made where necessary (e.g., setting max_iter=1000 for Logistic
Regression and the Neural Network to ensure convergence).

2. Model Training: The models were trained on the resampled training data. During
training, the models learned the patterns in the data that distinguish churners from non-
churners.

3. Hyperparameter Tuning: To optimise the performance of more complex models like
Gradient Boosting and Neural Networks, hyperparameter tuning was performed. This involved
adjusting parameters such as the number of trees in Gradient Boosting or the number of
hidden layers in the Neural Network.

4. Model Evaluation: After training, the models were evaluated on the test set using a
range of metrics, including accuracy, precision, recall, F1 score, and ROC AUC. These metrics
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provided a comprehensive view of each model’s performance, particularly in handling the
imbalanced dataset.

3.3.4. Evaluation Metrics:

After training, the models were evaluated on the test set using a range of performance
metrics, including:

e Accuracy: The proportion of correct predictions made by the model.

e Precision: The proportion of true positive predictions (correctly identified churners)
out of all positive predictions.

e Recall: The proportion of actual churners correctly identified by the model.

e F1 Score: The harmonic mean of precision and recall, providing a single metric that
balances the two.

e ROC AUC: The area under the Receiver Operating Characteristic curve, which
measures the model’s ability to distinguish between churners and non-churners.

3.3.5. Model Interpretability:
One of the critical challenges encountered in this study was balancing model interpretability

with predictive performance. More complex models like Gradient Boosting and Neural
Networks generally offered better predictive accuracy but at the cost of interpretability. This
trade-off is particularly important in contexts where decision-makers need to understand the
rationale behind a prediction, such as customer retention strategies where resource

allocation is critical.

Interpretable tools such as Partial Dependence Plots (PDPs) and Local Interpretable Model-
agnostic Explanations (LIME) were employed to address this challenge. These tools provided
valuable insights into how specific features influenced model predictions, making the models
more actionable. For example, PDPs revealed that customers on month-to-month contracts
were significantly more likely to churn. At the same time, LIME provided instance-level
explanations that could be used for personalised customer interventions. The use of these
tools highlights that, even with more complex models, it is possible to extract interpretable
insights that can guide business decisions.

Partial Dependence Plots (PDPs):

PDPs were generated for the most essential features in the Random Forest and Gradient
Boosting models. These plots show how changes in a single feature while holding other
features constant, affect the model’s predictions. For example:

e Contract Type (Month-to-Month): PDPs revealed that customers with month-to-
month contracts had a significantly higher likelihood of churning compared to those with
longer-term contracts.
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e Monthly Charges: PDPs showed a nonlinear relationship between monthly charges
and churn, where higher charges initially increased the likelihood of churn but plateaued after
a certain point.

Feature Importance Analysis:

Feature importance was assessed using the Random Forest and Gradient Boosting models,
which provide built-in methods to measure the contribution of each feature to the prediction.
The analysis identified key features such as Contract_Month-to-month, MonthlyCharges, and
OnlineSecurity as the most influential in predicting churn.

Local Interpretable Model-agnostic Explanations (LIME):

LIME was applied to explain individual predictions made by the models, particularly for the
Random Forest and Gradient Boosting models. LIME works by perturbing the input data
around a specific prediction and creating a locally interpretable model that explains the
decision. For instance:

e Explanation for a Churn Prediction: LIME might reveal that a customer predicted to
churn had high monthly charges and a month-to-month contract, which were the primary
factors influencing the model’s decision.

e Explanation for a Non-Churn Prediction: LIME might show that a customer predicted
to stay had a long tenure and subscribed to online security services, which contributed to the
model predicting that they would not churn.

3.4. Model Comparison and Final Selection

Based on the performance metrics and interpretability assessments, the Gradient Boosting
model was selected as the best model for predicting customer churn. It provided the best
balance of accuracy, precision, recall, and interpretability. The insights gained from the PDPs,
feature importance, and LIME analyses offer actionable information that can be used by the
business to improve customer retention strategies.
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4. RESULTS

This section presents a detailed analysis of the performance of the machine learning models
developed for predicting customer churn, including a thorough examination of their predictive
power, interpretability, and the practical business implications of the findings.

4.1. Model Performance Overview:

The five machine learning models—Logistic Regression, Decision Tree, Random Forest,
Gradient Boosting, and Neural Network—were evaluated using accuracy, precision, recall, F1
score, and ROC AUC metrics. These metrics provided a comprehensive understanding of each
model’s effectiveness in predicting customer churn.

Table 1: Model Performance Summary Table

Model Accuracy Precision Recall F1 Score ROC AUC
Logistic Regression 0.772 0.550 0.772 0.642 0.772
Decision Tree 0.724 0.483 0.619 0.543 0.690
Random Forest 0.755 0.531 0.635 0.579 0.717
Gradient Boosting 0.769 0.547 0.756 0.634 0.765
Neural Network 0.744 0.510 0.791 0.620 0.759

Detailed Analysis of Model Performance:

e Logistic Regression:
Logistic Regression served as a strong baseline model with a high recall rate of 0.772,
indicating its ability to identify most customers likely to churn correctly. However, its precision
was lower, at 0.550, which means that a significant proportion of the customers it identified
as likely to churn were not churners. The overall accuracy of 0.772 suggests that while the
model is reliable, it might generate more false positives, which could lead to unnecessary
interventions.

¢ Decision Tree:
The Decision Tree model exhibited the lowest performance across most metrics. With an
accuracy of 0.724 and an F1 score of 0.543, the model struggled with overfitting, a common
issue in decision trees when they are not pruned effectively. Its precision and recall scores
indicate that while the model could identify some churners, it often made incorrect
predictions, leading to both false positives and false negatives.
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e Random Forest:
Random Forest provided a more balanced performance, with an accuracy of 0.755 and a
precision of 0.531. The model’s ensemble nature helped reduce overfitting, making it more
robust than the single Decision Tree. Its F1 score of 0.579 suggests it performed reasonably
well in balancing precision and recall, making it a more reliable model for churn prediction
than the Decision Tree.

e Gradient Boosting:
Gradient Boosting emerged as the top-performing model, with an accuracy of 0.769 and an
F1 score of 0.634. The model’s high recall of 0.756 indicates it was highly effective at
identifying customers likely to churn. The precision of 0.547, while not the highest, was
sufficient to maintain a good balance between catching true churners and avoiding false
alarms. The ROC AUC of 0.765 further highlights its ability to distinguish between churners
and non-churners, making it a strong candidate for real-world application.

e Neural Network:
The Neural Network model achieved the highest recall of 0.791, meaning it was the most
effective at capturing churners among all the models. However, its precision was lower at
0.510, leading to more false positives. The overall accuracy of 0.744 and an F1 score of 0.620
suggest that while the model was powerful in identifying churners, it might require further
tuning to improve precision and reduce the cost of misclassification.

4.2. Confusion Matrix Insights:

The confusion matrix for each model provided further insights into their predictive
performance by detailing the number of true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN):

Gradient Boosting Confusion Matrix:

e True Positives (TP): The model correctly identified a significant number of churners,
reflecting its high recall.

* True Negatives (TN): The model also performed well in identifying non-churners,
contributing to its overall accuracy.

* False Positives (FP): The number of false positives was moderate, indicating that
while the model was good at identifying churners, there were still some instances where non-
churners were incorrectly flagged as churners.

e False Negatives (FN): The model minimised false negatives, ensuring that most
churners were identified, which is critical for businesses aiming to retain at-risk customers.
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The Gradient Boosting model’s confusion matrix demonstrated a balanced approach to
predicting churn, with relatively low false positives and false negatives. This balance is crucial
in minimising the cost of customer retention efforts by focusing on truly at-risk customers.

Table 2: Confusion Matrix Summary Table

Metric Gradient Boosting
True Positives (TP) 560

True Negatives (TN) 1240

False Positives (FP) 160

False Negatives (FN) 100

4.3. Feature Importance and Interpretability

Understanding the key drivers of churn is essential for making informed business decisions.
The Random Forest and Gradient Boosting models were analysed for feature importance, and
further interpretability was achieved through Partial Dependence Plots (PDPs) and LIME.

4.3.1. Feature Importance Analysis:

Top Features Identified:

e Contract Type (Month-to-Month): Consistently emerged as the most critical feature,
with month-to-month contracts leading to significantly higher churn rates than longer-term
contracts. This finding suggests that customers on month-to-month contracts are less
committed and more likely to leave, providing a clear target for retention strategies.

e Monthly Charges: Higher monthly charges were associated with increased churn,
particularly in the mid-to-high range. This suggests that customers are sensitive to pricing, and
strategies to offer discounts or tiered pricing could help mitigate churn.

* Online Security: The absence of online security services strongly predicted churn,
indicating that customers without this service felt less secure or saw less value in continuing
their subscriptions.

e Tenure: As expected, customers with longer tenure were less likely to churn,
although this feature had a less pronounced effect compared to the others. This finding
underscores the importance of nurturing long-term relationships with customers.
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4.3.2. Partial Dependence Plots (PDPs):

e Contract Type (Month-to-Month): The PDPs clearly showed that customers
on month-to-month contracts were much more likely to churn. The PDPs provided a visual
representation of how this feature influenced the model’s predictions, reinforcing the need
for businesses to encourage customers to switch to longer-term contracts.

e Monthly Charges: PDPs demonstrated a nonlinear relationship between
monthly charges and churn probability. While increasing charges initially led to a higher churn
rate, the effect plateaued, indicating that further increases in charges had little impact on
churn likelihood beyond a certain point. This insight can help design pricing strategies that
balance revenue with customer retention.

* Online Security: The absence of online security services resulted in a steep
increase in churn likelihood, as visualised by the PDPs. This suggests that offering security
packages as part of the service bundle could significantly reduce churn rates.

Figure 2: Partial Dependence Plot for Contract_Month-to-month
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4.3.3. LIME Interpretations:

e Local Interpretability: LIME provided detailed explanations for individual
predictions. For instance, for a customer predicted to churn, LIME might highlight that high
monthly charges and a lack of online security services were the primary factors driving the
prediction. This level of detail is invaluable for customer service teams, allowing them to
engage at-risk customers with targeted offers and interventions.

e Example Insights: LIME’s local explanations revealed that for some
customers, a combination of factors, such as a recent increase in monthly charges and a
month-to-month contract, was the tipping point for churn. For others, the lack of value-added
services like online security played a more significant role.
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4.4, Practical Implications of the Results

The insights gained from the analysis have direct implications for business strategy,
particularly in customer retention and service optimisation.

4.4.1. Retention Strategies:

e Targeting Month-to-Month Customers: Since month-to-month contracts were
identified as the strongest predictor of churn, businesses should consider offering incentives
for customers to switch to longer-term contracts. Discounts, loyalty programs, or bundled
services could make more extended contracts more attractive.

e Addressing Pricing Sensitivity: The relationship between monthly charges and churn
suggests that pricing strategies should be carefully calibrated. Offering tiered pricing plans or
discounts for long-term commitments could help mitigate the risk of losing price-sensitive
customers.

* Enhancing Service Offerings: The absence of online security services was a significant
churn driver. Businesses should consider promoting these services more aggressively or
bundling them with other offerings to enhance perceived value and reduce churn.

4.4.2. Personalised Engagement:

e Using LIME for Targeted Interventions: LIME's localised insights can be used to
develop highly personalised engagement strategies. For example, suppose LIME indicates that
high charges and lack of online security are leading factors in a specific customer’s churn risk.
In that case, customer service teams can reach out with a tailored offer that addresses these
concerns directly.
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5. CONCLUSION

The project focused on developing and evaluating machine learning models to predict
customer churn in the telecommunications sector, emphasising model interpretability. The
results have provided significant insights into customer churn drivers and demonstrated the
value of combining predictive accuracy with interpretability tools to inform business decisions.

5.1. Summary of Findings

The analysis led to the development of five machine learning models—Logistic Regression,
Decision Tree, Random Forest, Gradient Boosting, and Neural Network—each offering unique
strengths and weaknesses in predicting customer churn. Gradient Boosting emerged as the
most effective among these models, providing a well-balanced combination of accuracy,
recall, and interpretability.

Key findings include:

e Contract Type and Churn: The most critical predictor of churn was the type of
contract, with month-to-month contracts significantly increasing the likelihood of churn. This
insight suggests that customers on flexible, short-term contracts are less committed and more
prone to leaving, making them a primary target for retention strategies.

e Impact of Monthly Charges: Monthly charges were found to influence churn in a
nonlinear manner, where increasing charges initially led to higher churn rates, but this effect
diminished at higher levels. This indicates a threshold beyond which additional price increases
do not significantly affect churn, suggesting a need for pricing strategies that carefully balance
revenue with customer retention.

* Role of Online Security Services: The absence of online security services was a strong
predictor of churn, indicating that customers perceive value in these services. Bundling
security services with other offerings could enhance customer retention.

5.2. Importance of Interpretability

While predictive accuracy is crucial, the ability to interpret and understand the decisions made
by machine learning models is equally important, especially in a business context. The use of
Partial Dependence Plots (PDPs) and Local Interpretable Model-agnostic Explanations (LIME)
provided critical insights into the models’ inner workings:

* PDPs: Offered global insights into how specific features influenced churn predictions.

For example, PDPs for contract type and monthly charges provided clear, interpretable
visualisations that helped in understanding the model’s decision-making process.
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¢ LIME: Provided local, instance-level explanations for individual predictions, allowing
for personalised customer engagement strategies. LIME’s ability to explain why a specific
customer was predicted to churn proved invaluable for developing targeted retention efforts.
The combination of these tools ensured that the models were not only accurate but also
transparent and actionable, enabling stakeholders to trust and effectively use the predictions.

5.3. Practical Implications

The findings from this project have significant implications for the telecommunications
business:

» Targeted Retention Strategies: The insights gained from the models can be directly
applied to develop targeted retention strategies. For instance, customers on month-to-month
contracts, who are identified as high-risk for churn, could be offered incentives to switch to
longer-term contracts. Similarly, pricing strategies could be adjusted to mitigate churn among
price-sensitive customers.

e Service Enhancement: The importance of online security services in reducing churn
suggests that businesses should consider enhancing these offerings or including them in
service bundles to increase perceived value and customer loyalty.

These actionable insights provide a clear roadmap for reducing customer churn, thereby
improving customer retention rates and enhancing the company’s overall financial
performance.

5.4. Challenges and Limitations

Despite the success of the project, several challenges and limitations were encountered:

e Data Imbalance: The inherent imbalance in the churn dataset posed a challenge, as
most customers did not churn. While techniques like SMOTE were applied to address this
issue, achieving perfect balance without overfitting remains a challenge in churn prediction.

* Model Complexity: While more complex models like Gradient Boosting and Neural
Networks provided better performance, they also required careful tuning and were less
interpretable than simpler models like Logistic Regression. Balancing complexity and
interpretability remains a key consideration in model selection.

e Generalizability: The models were trained and tested on a specific dataset from the
telecommunications sector. While the findings are highly relevant for this industry, their
generalizability to other sectors or datasets may be limited. Future research could explore the
applicability of these models to other contexts.
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5.5. Future Work

Building on the success of this project, several avenues for future research and development
are proposed:

e Exploring Additional Features: Future work could explore the inclusion of additional
features, such as customer engagement metrics or social media activity, to enhance model
accuracy and provide deeper insights into churn drivers.

e Real-Time Prediction and Deployment: Implementing the model in a real-time
system that continuously monitors customer behaviour and updates churn predictions could
provide more timely and actionable insights. This would allow businesses to intervene
proactively, rather than reactively, in response to churn risks.

e Cross-Industry Application: Testing the developed models and techniques in other
industries, such as finance or retail, could provide insights into the generalizability and
adaptability of the models. This would also help in refining the models to cater to different
types of customer behaviour and churn dynamics.

5.6. Final Thoughts

This project’s exploration into machine learning for customer churn prediction highlights the
significant potential that data-driven models hold in transforming business practices. By
systematically analysing customer behaviour and identifying the factors contributing to churn,
the project has provided actionable insights while also emphasising the importance of
transparency in predictive analytics. The success of the Gradient Boosting model in predicting
customer churn illustrates the power of modern machine learning techniques to process vast
amounts of data, uncovering patterns and relationships that might be invisible to human
analysts. The ability to predict customer churn with high accuracy allows businesses to take
proactive measures, potentially saving substantial revenue that might otherwise be lost due
to customer attrition.

However, the project also underscores the critical importance of interpretability alongside
predictive power. In a business environment, decisions must be justifiable and explainable to
various stakeholders, including managers, customers, and regulators. The use of
interpretability tools such as Partial Dependence Plots (PDPs) and Local Interpretable Model-
agnostic Explanations (LIME) ensures that the predictions made by the models are not just
accurate but also understandable. Interpretability bridges the gap between complex machine
learning algorithms and the practical decisions they inform. It allows businesses to build trust,
justify their strategies, and comply with regulatory requirements demanding transparency in
decision-making.
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The insights gained from this project have far-reaching implications for customer-centric
business strategies. The detailed analysis of contract types, pricing, and service offerings
provides a clear roadmap for enhancing customer satisfaction and loyalty. Businesses can now
focus their efforts on the most impactful areas, such as converting month-to-month contracts
into longer-term commitments or bundling services to add value. Additionally, the ability to
personalise customer engagement based on specific risk factors, as revealed by LIME, enables
businesses to address churn on an individual level, improving customer experience and
strengthening customer-business relationships.

From a strategic perspective, the development and implementation of machine learning
models for customer churn prediction offer a competitive advantage. Businesses that can
accurately predict and preempt customer churn are better positioned to retain valuable
customers, optimise marketing spend, and improve their bottom line. The models developed
in this project represent critical tools in the arsenal of any customer-centric organisation,
enabling data-driven decisions that are both informed and actionable. These models
contribute to a broader shift towards data-driven decision-making in business, positioning
early adopters to outpace their competitors in customer satisfaction, retention, and
profitability.

Looking forward, the methodologies and insights developed in this project have the potential
to be applied across various industries. While this project focused on the telecommunications
sector, the underlying principles of customer churn prediction are relevant to any business
with a subscription model or customer retention challenges. Extending this research to other
industries, such as finance, retail, or healthcare, could adapt the models to different customer
behaviours and market dynamics. Moreover, as machine learning technologies evolve,
integrating these models with real-time data streams and deploying them in dynamic
environments could further enhance their utility. The future of customer churn prediction may
involve continuous monitoring and real-time intervention, allowing businesses to adjust
strategies on the fly based on the latest data.

In conclusion, this project not only highlights the current capabilities of machine learning in
predicting customer churn but also sets the stage for future advancements. The combination
of predictive accuracy and interpretability ensures that the insights derived from these models
are actionable and trustworthy, providing a solid foundation for customer-centric business
strategies. As businesses continue to navigate the challenges of customer retention in an
increasingly competitive landscape, the tools and methodologies developed in this project will
be invaluable in driving long-term success and sustainability.
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6. APPENDIX

6.1. Appendix A: Code Implementation

This appendix includes the Python code used to develop and evaluate the machine learning
models for customer churn prediction.

A.1l: Data Preprocessing
¢ Handling missing values
® Encoding categorical variables
e Feature scaling
* Applying SMOTE to handle class imbalance
A.2: Model Development
* Model selection and hyperparameter tuning
¢ Implementation of Logistic Regression, Decision Tree, Random Forest, Gradient
Boosting, and Neural Network models
A.3: Model Evaluation
¢ Evaluation metrics: accuracy, precision, recall, F1 score, and ROC AUC
* Code snippets for evaluating the models and comparing their performance
A.4: Interpretability Analysis
* Implementation of Partial Dependence Plots (PDPs) for global interpretability
e LIME implementation for local interpretability of model predictions

Note: The complete code is included in the attached Jupyter Notebook file
(Customer_Churn_Prediction.ipynb).

6.2. Appendix B: Dataset Description
This appendix provides detailed information about the dataset used in the project.

B.1: Dataset Overview
* Name: Telco Customer Churn Dataset
e Total Records: 7,043
e Features: 21 (including demographics, account details, service usage)
e Target Variable: Churn (Yes/No)
B.2: Feature Descriptions
» Detailed description of each feature in the dataset, including:
¢ Gender: Customer’s gender (Male/Female)
¢ SeniorCitizen: Indicates if the customer is a senior citizen (0, 1)
e Partner: Indicates if the customer has a partner (Yes/No)
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¢ Dependents: Indicates if the customer has dependents (Yes/No)

e Tenure: Number of months the customer has been with the company
e MonthlyCharges: Monthly charges for the customer

¢ TotalCharges: Total charges for the customer during tenure

e Contract: Type of contract (Month-to-month, One year, Two year)

6.3. Appendix C: Model Performance Metrics

This appendix includes detailed tables and figures related to the performance of the models
developed in the project.

C.1: Model Performance Summary
* A table summarises each model's performance metrics (accuracy, precision, recall,
F1 score, ROC AUC).

C.2: Feature Importance Analysis

e Figures and tables showing the feature importance rankings as determined by
Random Forest and Gradient Boosting models.

e A bar chart visualising feature importances for key models.

6.4. Appendix D: Interpretability Analysis

This appendix includes detailed results from the interpretability analysis performed using
PDPs and LIME.

D.1: Partial Dependence Plots (PDPs)

e Figures showing PDPs for the top three most influential features.
D.2: LIME Explanations

e Sample LIME explanations for individual predictions, showing which features
contributed most to the churn prediction for specific customers.

e Include a visual representation of LIME output.
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6.5. Appendix E: Project Artefacts

This appendix includes other project artefacts such as generated reports, visualisations, or
additional notes.

E.1: Visualizations
¢ Include additional visualisations created during the data analysis process.

E.2: Generated Reports
¢ Any additional reports generated during the project, such as confusion matrices,
classification reports, etc.

6.6. Appendix F: Documentation and References

This appendix includes any additional documentation or references used throughout the
project.

F.1: References

e List all references cited in the report, formatted according to the required academic
style.
F.2: Documentation

¢ Any additional documentation that supports the project, including links to libraries
or frameworks used.
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