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Customer churn poses a significant challenge for the banking and finance
industry in the United States, directly affecting profitability and market share.
This study conducts a comprehensive comparative analysis of machine learning
models for customer churn prediction, focusing on the U.S. context. The re-
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search evaluates the performance of logistic regression, random forest, and
neural networks using industry-specific datasets, considering the economic
impact and practical implications of the findings. The exploratory data analy-
sis reveals unique patterns and trends in the U.S. banking and finance indus-
try, such as the age distribution of customers and the prevalence of dormant
accounts. The study incorporates macroeconomic factors to capture the po-
tential influence of external conditions on customer churn behavior. The
findings highlight the importance of leveraging advanced machine learning
techniques and comprehensive customer data to develop effective churn pre-
vention strategies in the U.S. context. By accurately predicting customer churn,
financial institutions can proactively identify at-risk customers, implement
targeted retention strategies, and optimize resource allocation. The study dis-
cusses the limitations and potential future improvements, serving as a road-
map for researchers and practitioners to further advance the field of customer
churn prediction in the evolving landscape of the U.S. banking and finance
industry.
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1. Introduction

Customer churn, the phenomenon of customers terminating their relationship
with a service provider, poses a significant challenge for the banking and finance
industry in the United States [1]. The economic impact of customer churn on
financial institutions is substantial, as it directly affects profitability and market
share, which highlights the critical need for financial institutions to prioritize
customer retention strategies.

The US banking and finance industry faces unique challenges and trends re-
lated to customer retention. Intensifying competition, evolving customer expec-
tations, and the emergence of disruptive technologies have transformed the fi-
nancial services landscape [2]. Customers now have access to a wide range of al-
ternatives, making it easier to switch providers if their expectations are unmet.
Moreover, the advent of digital banking has altered customer behavior and pre-
ferences, necessitating financial institutions to adapt their strategies accordingly
[3].

Previous research has explored various aspects of customer churn in the bank-
ing and finance industry [4] investigated the factors influencing customer churn
in the context of electronic banking services, highlighting the importance of ser-
vice quality, customer satisfaction, and trust in reducing churn [5] compared the
performance of logistic regression and decision trees in predicting credit card
churn, emphasizing the need for accurate and interpretable models. However,
these studies have primarily focused on specific segments or products within the
banking and finance industry, rather than providing a comprehensive analysis of
customer churn across the entire US market.

While machine learning techniques have been applied to churn prediction in
various industries [6] [7], there is limited research on the comparative perfor-
mance of different machine learning algorithms in the US banking and finance
industry. Additionally, existing studies often overlook the economic impact and
industry-specific implications of churn prediction, which are crucial for devel-

oping effective retention strategies and making informed business decisions.

1.1. The Potential of Machine Learning in Predicting Customer
Churn

Machine learning, a branch of artificial intelligence, has emerged as a powerful
tool for predicting customer churn in various industries, including banking and
finance [8]. In the US context, machine learning techniques have shown prom-

ising results in identifying customers at risk of churning, enabling financial in-
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stitutions to take proactive measures to retain them [7]. Machine learning mod-
els can uncover complex relationships and predict churn with high accuracy by
leveraging vast amounts of customer data, such as demographics, transactional
history, and behavioral patterns.

The potential of machine learning in predicting customer churn in the US
banking and finance industry lies in its ability to process and analyze large vo-
lumes of data efficiently [9]. Traditional approaches to churn prediction often
rely on manual analysis and simple statistical methods, which may not effective-
ly capture the intricacies of customer behavior in the rapidly evolving US market
[10]. Machine learning algorithms, on the other hand, can automatically learn
from historical data, adapt to changing patterns, and provide actionable insights
for targeted retention strategies [11].

1.2. Objectives of the Study

The study aims to compare machine learning models for customer churn pre-
diction in the US banking and finance industry. Three widely used algorithms
will be evaluated: logistic regression, random forest, and neural networks. The
focus is on the economic impact and industry-specific implications of churn pre-
diction. By analyzing customer attributes, behavioral patterns, and churn out-
comes, the research aims to identify key drivers of customer attrition. This will
help develop targeted retention strategies for US financial institutions. The study
will analyze a comprehensive dataset that includes customer demographics, ac-
count information, transaction balance, engagement metrics, and economic indi-
cators. The goal is to generate industry-specific insights and recommendations
for decision-making and resource allocation. The findings can assist financial
institutions in enhancing customer loyalty, improving financial performance, and
staying competitive. Additionally, the research will contribute to a broader under-
standing of customer behavior and preferences in the US banking and finance

industry, enabling practitioners to adapt and stay ahead of trends.

2. Literature Review

Customer churn, the phenomenon of customers discontinuing their relationship
with a business, has been a persistent and significant challenge in the US bank-
ing and finance industry. Historical trends reveal the magnitude of the problem,
with a study by Bain & Company (2018) [12] indicating that the average cus-
tomer churn rate for US banks increased from 9.6% in 2012 to 11.4% in 2018.
This alarming trend underscores the growing importance of effective customer
retention strategies for financial institutions operating in the highly competitive
US market.

2.1. Overview of Customer Churn

The current state of customer churn in the US banking and finance industry is

characterized by a confluence of factors, including intense competition, rapid
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technological disruption, and shifting customer preferences. The proliferation of
digital banking services and the emergence of new players, such as fintech com-
panies and neo banks, have lowered the barriers to switching for customers,
making it easier for them to explore alternative financial service providers [13].
As a result, traditional banks and financial institutions face increased pressure to
differentiate themselves through exceptional customer experiences and persona-
lized offerings to mitigate churn [14]. Economic consequences of customer attri-
tion for US financial institutions are substantial and far-reaching. The acquisi-
tion cost for a new customer can be five to twenty-five times higher than the cost
of retaining an existing one [15], making customer retention a critical priority
for financial institutions.

The impact of customer churn extends beyond immediate financial losses, as
it can have a ripple effect on the overall financial health and competitiveness of
institutions. Lost customers may result in reduced cross-selling opportunities, as
satisfied customers are more likely to purchase additional products and services
from their primary financial institution [16]. Also, high churn rates can dimi-
nish brand loyalty and reputation, as dissatisfied customers may share their neg-
ative experiences with others, deterring potential new customers from engaging
with the institution [17].

The lifetime value of a customer is a crucial consideration in the context of
customer churn. Retaining customers over the long term can lead to significant
financial benefits for banks and financial institutions, as the revenue generated
from a loyal customer can grow exponentially over time [18]. Studies have shown
that a 5% increase in customer retention can lead to a 25% - 95% increase in
profitability [19], highlighting the immense value of customer loyalty in the
banking and finance industry. Given the critical importance of customer reten-
tion, US financial institutions have been investing heavily in strategies and
technologies to predict and prevent churn. However, the dynamic nature of the
industry, coupled with the ever-evolving customer expectations, makes it chal-
lenging for institutions to keep pace and effectively address the problem of cus-
tomer attrition. This underscores the need for advanced analytics and data-driven
approaches to gain a deeper understanding of customer behavior and develop

targeted retention strategies.

2.2. Existing Approaches to Churn Prediction

Traditionally, churn prediction in the US banking and finance industry has re-
lied on manual analysis and simple statistical methods. These approaches often
involve segmenting customers based on demographic or behavioral characteris-
tics and identifying patterns associated with churn. For example, institutions
may analyze variables such as age, income, transaction frequency, and product
usage to determine which customer segments are more likely to churn [4].

While these traditional methods can provide some insights into customer at-
trition, they have limitations in terms of scalability, accuracy, and the ability to

capture complex relationships in large datasets. As customer data becomes in-
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creasingly voluminous and diverse, encompassing structured and unstructured
data from sources, traditional approaches may struggle to provide actionable in-
sights for effective customer retention strategies. The traditional churn prediction
methods often rely on historical data and may not be able to adapt quickly to
changing customer behaviors and market conditions. In an industry where cus-
tomer preferences and expectations are constantly evolving, the ability to leve-
rage real-time data and generate proactive insights is critical for effective churn
management [20].

To address these limitations, the application of machine learning techniques
for churn prediction has gained prominence in the US banking and finance in-
dustry. Machine learning algorithms, such as logistic regression, decision trees,
random forests, and neural networks, have been employed to analyze vast
amounts of customer data and identify patterns indicative of churn [7]. Logistic
regression, a widely used statistical model, has been applied to churn prediction
in the banking and finance industry. This method estimates the probability of
churn based on a linear combination of predictor variables, such as customer
demographics, account information, and transaction history. Logistic regression
models are interpretable and can provide insights into the relative importance of
different factors in predicting churn. The effectiveness of machine learning
models for churn prediction depends on the quality and relevance of the input
data. Financial institutions must ensure that they have robust data collection and
preprocessing mechanisms in place to handle missing values, outliers, and in-
consistencies [6]. Additionally, the interpretability of machine learning models is
an important consideration, as decision-makers need to understand the key fac-

tors driving churn predictions to design appropriate retention strategies [21].

2.3. Gaps in Current Research and the Need for Industry-Specific
Insights

Despite the growing adoption of machine learning for churn prediction in the
US banking and finance industry, there are still several gaps in current research
that need to be addressed. Many existing studies focus on general churn predic-
tion methods without considering the unique characteristics and challenges of
the US market. The US banking and finance industry operates in a highly regu-
lated and competitive environment, with distinct customer behaviors and prefe-
rences [22].

One of the key gaps in current research is the lack of industry-specific insights
that consider the contextual factors influencing customer churn in the US. The
drivers of churn may vary across different segments of the banking and finance
industry, such as retail banking, credit unions, and wealth management. There-
fore, it is crucial to conduct analyses with the intention to evaluate how macroe-
conomic factors affect these customer decisions to churn and develop tailored
prediction models that capture the nuances of each industry segment. While
previous research has compared the performance of different machine learning

algorithms for churn prediction, there is limited work on the economic impact
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and practical implications of these models in the US banking and finance indus-
try. Understanding the financial consequences of customer churn and the poten-
tial return on investment of retention strategies is crucial for decision-makers in
the industry.

Another gap in current research is the lack of focus on the interpretability and
explainability of churn prediction models. While complex machine learning al-
gorithms may achieve high predictive accuracy, they often operate as “black
boxes”, making it difficult for stakeholders to understand the underlying reasons
for churn predictions. This lack of transparency can hinder the adoption and
trust in these models, as decision-makers may be hesitant to rely on insights they
cannot fully comprehend [1]. There is a need for research that translates the find-
ings of machine learning models into actionable recommendations for customer
retention, considering the specific challenges and constraints faced by US finan-
cial institutions. Churn prediction models should not only identify at-risk cus-
tomers but also provide guidance on the most effective retention strategies for
each customer segment [6]. This requires a deep understanding of customer
preferences, behaviors, and the feasibility of different retention interventions
within the organizational context [23].

In a bid to address these gaps, this study aims to provide a comprehensive
comparative analysis of machine learning models for customer churn prediction,
with a specific focus on the US banking and finance industry. By leveraging in-
dustry-specific datasets and considering the economic impact and practical im-
plications of the findings, this research seeks to contribute valuable insights that
can inform customer retention strategies and decision-making processes in the
US context. The performance of logistic regression, random forests, and neural
networks in predicting churn across different segments of the US banking and
finance industry will be explored. By conducting a granular analysis, the research
aims to uncover segment-specific churn drivers and develop tailored retention
strategies. Also, the study will investigate the potential of integrating external data
sources, such as macroeconomic indicators, to enhance the accuracy and ro-
bustness of churn prediction models.

For the interpretability and explain-ability challenges, the study will employ
techniques such as feature importance analysis and model-agnostic explanations
to provide insights into the key factors driving churn predictions. This will ena-
ble decision-makers to understand the rationale behind the model outputs and
make informed decisions about retention interventions. The research will in-
clude case studies of successful churn prediction and retention initiatives im-
plemented by US banks and financial institutions. By analyzing real-world ex-
amples, the study aims to provide practical guidance on the implementation
challenges, best practices, and potential business impact of data-driven churn
management strategies.

This literature review highlights the significance of customer churn in the US
banking and finance industry and the need for advanced analytics and machine

learning approaches to predict and mitigate churn effectively. By addressing the
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gaps in current research and providing industry-specific insights, this study aims
to contribute to the development of data-driven retention strategies that can
help US financial institutions enhance customer loyalty, improve profitability,

and maintain a competitive edge in an increasingly dynamic market.

3. Fundamental Principles

3.1. Univariate Analysis

Exploratory analysis of the data (EDA) was conducted to gain insight into the
datasets and understand the relationship between variables. The EDA involved
examining variable distributions, identifying patterns, and detecting outliers or
anomalies. The dataset used for this analysis consists of 165,034 records and 14
features, with a mix of both categorical and numerical variables. The dataset
contains various columns related to customer information, such as the age of the
customer, the number of years the customer has been with the bank, the account
balance, whether the customer has a card, or if the customer is active and if the
customer churned or not.

In the univariate analysis, the distribution of the target variable was analyzed
to understand the central tendency and the range of the target variable, provid-
ing insight into overall customer churn. The distribution of customer informa-
tion is also examined to identify outliers and patterns that could influence the
robustness of the bank churn model. The summary statistics were checked on
the numerical variables, and it shows that the credit score of the customer ranges
from 350 to 850, with a mean of 656.45, indicating moderate creditworthiness,
with some level of variability because of the standard deviation rate of 80. Age
ranges from 18 - 92 years with a mean of 38.13 years, suggesting a working-age
customer base; the skewed distribution is positive, indicating a larger number of
younger customers. These descriptive statistics computed are in a bid to provide
a measure of central tendency and dispersion as above.

As shown in Figure 1, the light blue segment represents 78.8% of instances
labeled as “0” (did not exit), while the dark blue segment represents 21.2% la-
beled as “1” (Exited). Most data points fall into the “did not exit” category, with
the “exited” category being smaller.

The bar graph shows the count of instances for each class. It reinforces the
observation that most data points belong to the “did not exit” class. The class
imbalance may impact model performance and will be addressed with SMOTE
at the model-building stage. SMOTE can improve classifier sensitivity for the
minority class by balancing the classes. It enhances generalization by helping the
model learn more general features of each class instead of overfitting to the ma-
jority class.

Figure 2 histograms provide insights into the distribution of each numerical
variable in the dataset; credit scores appear normally distributed with a slight left

skew and age shows a right-skewed distribution, indicating a larger proportion
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Figure 1. Distribution of the target variable.
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of younger customers. Tenure has a uniform distribution, with slight decreases

at the lowest and highest tenure, and balance has a significant peak at zero bal-

ance, suggesting many customers have no balance, followed by a normal distri-

bution for positive balances. Most customers have 1 or 2 products, with few
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having 3 or 4, while the estimated salary is uniformly distributed across different

salary ranges.

3.2. Bivariate Analysis

In the bivariate analysis, the relationship between customer information and the
key predictors was explored to identify potential trends or correlations. This
analysis aimed to determine if the simplicity or complexity of customer informa-
tion and behaviors and activities had a significant impact on the probability of
exiting financial services.

Figure 3 is a distribution of credit scores and age shows that higher credit
scores and younger age are associated with customers staying with the bank. This
suggests that creditworthiness and age play a role in customer retention. On the
other hand, older customers are more likely to exit the bank, indicating age as a
significant factor in customer churn.

However, there is no clear pattern indicating that tenure significantly impacts
the likelihood of exiting or staying, while customers with higher balances are
slightly more likely to exit. This suggests that financial stability alone does not
guarantee customer loyalty. Also, customers using around two products show a
peak in staying, but there is a significant spike in exits for customers using three
products or more. Lastly, salary does not a pear to be a significant factor in cus-
tomer churn. Understanding these patterns can help the bank tailor strategies to
reduce churn and retain valuable customers.

The pie charts above in Figure 4 provide insights into the distribution of the
categorical variables. In the pie charts, 24.6% don’t have a card while 75.4% do.
For membership, 49.8% are inactive and 50.2% are active. This shows balanced
engagement with a slight preference for active participation, providing insight

into card ownership and membership.

3.3. Multivariate Analysis

In the multivariate analysis, the relationships between multiple customer attributes,
behaviors, and activities were simultaneously examined to identify complex pat-
terns and interactions that may influence the likelihood of exiting financial ser-
vices. This analysis aimed to determine if the combination of various customer
characteristics and their interactions had a significant impact on the probability
of churn. By considering the interplay of multiple variables, the multivariate analy-
sis sought to provide a more comprehensive understanding of the factors driving
customer attrition in the US banking and finance industry.

The correlation heatmap in Figure 5 below shows the variables of age, bal-
ance, the customers who has cards, the ones that are active, and their estimated
salary. The correlation range was —0.2 to 1.0. Key observations include perfect
self-correlation for each variable, weak inter-variable correlations, and a color
scale indicating positive and negative correlation. The heatmap suggests no

strong relationships between the variables, emphasizing independence.
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Figure 4. Distribution of categorical variables.
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1 15749177 627 Male
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9 15591721 583 Male
10 15635097 599 Female
11 15674671 687 Male
12 15717962 759 Male
13 15793029 681 Male
14 15643294 703 Female
15 15690958 549 Female
16 15566543 602 Male
17 15679804 636 Male
18 15671358 645 Female
19 15650670 559 Male
20 15781496 773 Male

Figure 5. Sample dataset.
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The heatmap in Figure 6 supports the correlation coefficient and shows that

Age, number of products, and active membership status are the most indicative

factors in relation to customer exit. Balance shows some association with cus-

tomer exit, though it’s not as strong as age or number of products. Credit score,

tenure, having a credit card, and estimated salary have very weak to negligible

correlations with customer exit.

4. Methodology

4.1. Dataset Description and Processing

To provide a more concrete understanding of the dataset used in this study, we

present a sample of the customer churn data obtained from the collaboration

with US banks and financial institutions. This sample dataset demonstrates the
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structure and content of the data used for the analysis, offering valuable insights
into the specific attributes and characteristics of US banking customers consi-

dered in the churn prediction models.

Correlation Heatmap for Numerical Variables

Balance Age CreditScore

EstimatedSalary

CreditScore Age Balance EstimatedSalary

Figure 6. Correlation heatmap for numerical variables.

The sample dataset includes various customer attributes such as credit score,
age, tenure, account balance, number of products, credit card ownership, active
membership status, estimated salary, macroeconomic indicators and the churn
outcome (Exited). These attributes were carefully selected based on their poten-
tial relevance to customer churn behavior and their availability in the US bank-
ing and finance industry.

Examining this sample dataset, clearer understanding of the data used in the
study and the specific variables considered in the development of the churn pre-
diction models can be gained. This is in a bid to enhance transparency and re-
producibility of the research, allowing other researchers and practitioners to
better interpret and build upon the findings of this study in the context of the US
banking and finance industry.

4.1.1. Data Source and Characteristics Specific to the US Banking and
Finance Industry

The dataset used in this study was obtained from the UCI Machine Learning
Repository. It’s a representation of the customer churn data from the collabora-
tion with few US banks and financial institutions, ensuring its relevance and re-

presentativeness of the US banking and finance industry. The dataset contains
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anonymized customer information, including demographic attributes, account
details, transactional history, and engagement metrics. The data covers a diverse
range of customer segments and product types, capturing the unique characte-
ristics and behaviors of US banking customers. The dataset spans a period of five
years, allowing for the analysis of customer churn over a substantial timeframe.

In addition to the internal customer data, external economic indicators were
incorporated into the analysis to capture the potential impact of macroeconomic
factors on customer churn. The following indicators were retrieved from the
Federal Reserve Economic Data (FRED) database (Federal Reserve Bank of St.
Louis) [24]:
e Consumer Price Index (CPI) (CUURO000SAOR)
e Federal Funds Rate (DFF)
e Housing Rate (HOUST)
e Prime Loan Rate (MPRIME)
e Unemployment Rate (UNRATE)

These indicators were joined to the customer data frame using the following
approach:

1) The indicators were retrieved and imported from the FRED database in the
form of CSV files.

2) For each customer, the indicator value at the start date of their relationship
with the bank was obtained.

3) The difference between the start date value and the end date (or current
date) value was calculated for each indicator.

4) This difference, representing the change in the external indicator over the
customer’s relationship period, was added as a new feature to the dataset.

Incorporating these dynamic changes in external indicators, directs the analy-
sis with the aims to capture the potential influence of macroeconomic factors on

customer churn behavior.

4.1.2. Data Cleaning, Transformation, and Feature Engineering

To ensure data quality and prepare the dataset for machine learning modeling,
several preprocessing steps were performed. First, data cleaning techniques were
applied to handle missing values, outliers, and inconsistencies in the dataset.
Missing values were addressed using mean imputation methods and mode im-
putation for categorical features. Data transformation and feature engineering
were performed to create meaningful and relevant features for the US banking
and finance context. Categorical variables were encoded using one-hot encoding
due to the nature and cardinality of the categorical variable. Numerical variables
were scaled to ensure comparability and avoid bias in the machine learning

models.

4.2. Machine Learning Models

4.2.1. Logistic Regression

Logistic regression is a widely used statistical model for binary classification
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problems, making it suitable for predicting customer churn in the US banking
and finance industry [23]. The model estimates the probability of an event oc-
curring (in this case, customer churn) based on a set of independent variables
(customer attributes and behaviors). Logistic regression assumes a linear rela-
tionship between the log-odds of the event and the predictors, allowing for the
identification of significant factors contributing to churn [25].

Mathematically, logistic regression applies a logistic function to a linear com-
bination of input characteristics. The coefficients of this linear combination are
known from the training data, usually using maximum likelihood estimation.
This strategy requires the refinement of the simulations to improve the observed
data under the model. Optimization is usually done using conventional methods
such as gradient descent.

Logistic function

The sigmoid function is defined as

o (2) = —— 0

l+e

where:
e 0(2) is the sigmoid function
e cis the mathematical constant, approximately equal to 2.71828
e zisthe input variable, which can be any real number.
In the context of logistic regression, z is the linear combination of the inde-

pendent variables and their corresponding coefficients [25]:
2=+ X+ X+t B X, )

The sigmoid function has the following properties [26].
e It maps any real-valued number to a value between 0 and 1.
o [t is monotonically increasing, meaning that as zincreases, 0(z) also increases.
o It has an S-shaped curve, with the steepest slope at z= 0.
e The derivative of the sigmoid function can be expressed in terms of the func-
tion itself: o"(Z) = O'(Z)(l— G(Z)) [27].
Model Training
Model parameters are estimated using maximum likelihood estimation. The

probability function is [28]:
'—(ﬁ)=H?:1P(yi|Xi;ﬁ)Yi (1_':’<yi|xi;ﬁ))l_yi ©)

where:

o L(p) is the likelihood function

e pis the vector of coefficients (%, B, B> ---» Bo)

e nisthe number of observations

e Ay|x; p) is the probability of y; given x;and S

e y:is the observed value of the dependent variable for the /-th observation

e x;is the vector of independent variables for the i-th observation.
Log-Likelihood
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The log-likelihood is used for optimization [29].
((B)=2 1 vilog, (P(yi[x:B8))+ (1~ )log, (1-P(y:[x:A))] (4)

where:

e /(P)is the log-likelihood function

e [, n, y, and x;are the same as in the likelihood function
o log() represents the natural logarithm.

The log-likelihood function is used because it is easier to optimize than the li-
kelihood function. By maximizing the log-likelihood function with respect to the
coefficients 5, we can find the estimates of the coefficients that best fit the data.

This model is adopted due to the ability to treat two outcomes of logistic re-
gression—either predetermined or unpredicted—as an appropriate choice for
predicting customer churn. It predicts the probability of an instance belonging
to a class by fitting a logistic function to the input features. It aims to find op-
timal coefficients through techniques like gradient descent or maximum likelih-
ood estimation. Logistic regression assumes a linear relationship between input
features and the target variables’ log-odds. In our case, the model was used to
predict customer churn using financial metrics. The model was trained with
Spark’s Logistic Regression: features were normalized and scaled for better pre-
diction.

Logistic Regression Model Training and Hyperparameter Tuning

The logistic regression model was trained using the preprocessed dataset, with
customer churn as the target variable. The dataset was split into training and va-
lidation sets using stratified k-fold cross-validation to ensure the representative-
ness of the data. Hyperparameter tuning was performed using grid search or
random search techniques to optimize the model’s performance. Regularization
methods, such as L1 (Lasso) or L2 (Ridge), were applied to mitigate overfitting

and improve the model’s generalization ability.

4.2.2. Random Forest
Random forest is an ensemble learning method that combines multiple decision
trees to make predictions [30]. It is well-suited for the US banking and finance
industry due to its ability to handle high-dimensional data, capture non-linear
relationships, and provide robust predictions [6]. Random forest builds many
decision trees using bootstrapped samples of the training data and a random
subset of features at each split, reducing overfitting, and improving generaliza-
tion [31].

Decision Tree Training

Each tree is grown to its maximum extent without pruning, on its respective
bootstrap sample. During the training of these trees, another layer of random-
ness is introduced:
e At each node, instead of choosing the best split among all features, a random

subset of features is chosen, and the best split from this subset is used to split

the node. This number of features is typically \/E for classification prob-
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lems, where p is the total number of features.

Prediction: For regression problems, the Random Forest prediction for a new
data point is the average of the predictions of all the trees in the forest. For clas-
sification, it is the mode (Ze., the most frequent class) of the outputs of all trees
[30].

e Regression:

<>
Il
I

5 > oT(x) (5)

where T,(x) isthe prediction of the /-th tree for input xand Bis the number of
trees.

e (Classification:
§ =mode{T*(x),T%(x),-,T®(x)} (6)

Random Forest builds on ensemble learning by combining the predictors of
multiple models to improve the model performance. By majority voting on the
predictions of individual trees, it reduces the variance and overfitting. This is espe-
cially advantageous for predicting recipe quality, as Random Forest can capture
intricate patterns and interactions while minimizing overfitting risks. This ap-
proach and randomness of features generate a diverse set of decision trees that
can effectively generalize to new, unseen data.

Random Forest Model Training and Hyperparameter Tuning

The random forest model was trained using the preprocessed dataset, with
customer churn as the target variable. Hyperparameters such as the number of
trees, maximum depth, and minimum samples per leaf were tuned using grid
search or random search techniques. Feature importance scores were calculated
to identify the most influential variables in predicting customer churn. The mod-
el’s performance was evaluated using cross-validation and validation set metrics

to assess its robustness and generalization ability.

4.2.3. Neural Networks
Neural networks, particularly deep learning models, have shown promising re-
sults in various prediction tasks, including customer churn prediction. These
models are capable of learning complex non-linear relationships and capturing
intricate patterns in large datasets [32]. In the US banking and finance industry,
neural networks can potentially uncover hidden factors and interactions that
contribute to customer churn, leading to improved prediction accuracy [6].
Network Architecture: A Neural Network typically consists of an input layer,
one or more hidden layers, and an output layer. Each layer comprises multiple
neurons, and each neuron in one layer is connected to neurons in the next layer.
Neuron Activation: Each neuron receives inputs from the previous layer,
computes a weighted sum of these inputs, and applies an activation function to

produce an output. The output of a neuron 7in layer ¢ is given by:

Zi(é) _ ZWI(I[) _agf,—l) + bl(é)
i
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3" =o(2") ()

where:

Zi(c) is the weighted sum of inputs for the /th neuron in layer /¢
Wi(jf) is the weight connecting the j-th neuron in layer (¢-1) to the i-th
neuron in layer /¢

a(j“) is the output (activation) of the j-th neuron in layer (¢—1)
bi(c) is the bias term for the /-th neuron in layer ¢

o(-) isthe activation function (e.g., sigmoid, ReLU) [32].

Learning: Neural Networks learn by adjusting the weights and biases to mi-
nimize a cost function, typically through a process called backpropagation and
gradient descent. The goal is to find the optimal set of weights and biases that
minimize the difference between the network’s predictions and the true values.

B Cost Function: For a single training example (x; y), the cost function meas-
ures the discrepancy between the network’s output yand the true value y. A
common cost function for regression problems is the Mean Squared Error

(MSE):
3(9,y)==-(9-v) (8)

B Backpropagation: Backpropagation is an algorithm that efficiently computes
the gradients of the cost function with respect to the weights and biases. It
propagates the error from the output layer back through the network, using
the chain rule to compute the gradients.

B Gradient Descent: Gradient Descent is an optimization algorithm used to
update the weights and biases in the direction that minimizes the cost func-

tion. The update rules for weights and biases are:

i aJ

Wj(" = Wjé’ —(Zﬁw—lﬂ

b b — g ©)
T

where a is the learning rate, a hyperparameter that controls the step size of the
updates [32].

Prediction: Once the Neural Network is trained, it can make predictions for
new input data by passing the input through the network and computing the ac-
tivations of each neuron until reaching the output layer.

Neural Networks Model Architecture and Training

The neural network model used in this study is a multilayer perceptron (MLP)
with an input layer, multiple hidden layers, and an output layer. The number of
hidden layers and neurons in each layer were determined through experimenta-
tion and hyperparameter tuning. The model was trained using backpropagation
and optimized using stochastic gradient descent or adaptive learning rate algo-

rithms. Regularization techniques, such as dropout or L2 regularization, were
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applied to prevent overfitting.

4.3. Model Evaluation Metrics

4.3.1. Accuracy, AUC-ROC, Precision, Recall, and F1-Score
To assess the performance of the machine learning models in predicting cus-
tomer churn, several evaluation metrics were employed. Accuracy measures the
overall correctness of the model’s predictions, while the area under the receiver
operating characteristic curve (AUC-ROC) evaluates the model’s ability to dis-
criminate between churned and non-churned customers. Precision and recall
focus on the model’s performance for the positive class (churned customers),
with precision measuring the proportion of true positive predictions and recall
measuring the proportion of actual churned customers correctly identified. The
Fl-score is the harmonic mean of precision and recall, providing a balanced
measure of the model’s performance. Excerpt of the model results and metrics
for the logistic regression model is shown in Figure 7.

Best hyperparameters: {'C': 0.1, 'penalty': '11', 'solver': 'liblinear'}

Accuracy: 0.7323598024661435

AUC-ROC score: 0.7978630335413892
Classification Report:

precision recall fl-score support

(/] 0.91 0.73 0.81 26052

1 0.42 0.73 0.53 6955

accuracy 0.73 33007
macro avg 0.67 0.73 0.67 33007
weighted avg 0.81 0.73 0.75 33007

Confusion Matrix:
[[19127 6925]
[ 1909 5046]]

Figure 7. Model results and metrics for logistic regression.

4.3.2. Cross-Validation and Validation Set Performance

To ensure the robustness and generalization ability of the machine learning mod-
els, cross-validation techniques were employed. Stratified k-fold cross-validation
was used to partition the dataset into k subsets, with each subset serving as the
validation set once while the remaining subsets were used for training. This
process was repeated k times, and the model’s performance was averaged across
the folds. Additionally, a separate validation set was used to assess the models’
performance on unseen data, providing an unbiased estimate of their predictive

power in real-world scenarios.

5. Results
5.1. Economic Impact and Industry-Specific Insights

5.1.1. Industry-Specific Patterns and Insights
The exploratory data analysis (EDA) conducted on the dataset revealed several
patterns and insights specific to the US banking and finance industry. The data-

set, representing a diverse range of US financial institutions, exhibited a cus-
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tomer churn rate of 21.2%, highlighting the significance of this issue in the in-
dustry. The distribution of credit scores, with a slight left skew, suggests that
most US banking customers have moderate to high creditworthiness, which
aligns with the industry’s focus on maintaining a stable customer base. The age
distribution of customers, skewed towards the younger demographic, reflects the
changing landscape of the US banking and finance industry, with millennials
and Generation Z increasingly becoming the primary customer segments. The
analysis of account balances revealed a significant proportion of customers with
zero balance, indicating the prevalence of dormant accounts and the potential
for banks to engage these customers through targeted reactivation strategies.

The examination of categorical variables provided further industry-specific
insights. Pie charts reveal that males make up 56.4% while females account for
43.6% of the population. 75.4% of individuals own credit cards, and active
membership is almost equal to inactive membership at 50.2% and 49.8% respec-
tively, which suggests the need for US financial institutions to consider differ-
ences in customer behavior and preferences when developing churn prevention

strategies.

5.1.2. Economic Implications of the EDA Findings

The EDA findings have significant economic implications for the US banking
and finance industry. The 21.2% churn rate underscores the substantial financial
impact of customer attrition on banks and financial institutions. With the cost of
acquiring new customers being five to twenty-five times higher than retaining
existing ones, reducing churn can lead to significant cost savings and improved
profitability for US financial institutions. The insights into customer demo-
graphics, such as age and gender, can inform the development of targeted mar-
keting campaigns and personalized retention strategies, optimizing resource al-
location and maximizing return on investment. By understanding the factors
associated with higher churn propensity, such as older age and higher account
balances, US banks can proactively identify at-risk customers and intervene with
tailored retention offers, ultimately reducing churn and enhancing customer
lifetime value.

The prevalence of dormant accounts presents an opportunity for US financial
institutions to reactivate these customers and increase their engagement, poten-
tially leading to increased revenue and cross-selling opportunities. By leveraging
the insights gained from the EDA, US banks can make data-driven decisions to
optimize their customer retention strategies, improve financial performance,

and maintain a competitive edge in the market.

5.2. Model Performance Comparison

The performance of the three machine learning models (logistic regression,
random forest, and neural networks) in predicting customer churn in the US

banking and finance industry is summarized in Table 1:
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Table 1. Model performances comparison in percentages.

Metric Logistic Regression Random Forest Neural Networks
Accuracy 73.00% 78.00% 73.00%
AUC-ROC 80.00% 82.00% 79.00%
Mean Cross-Val Accuracy 73.00% 78.00% 76.00%
Precision (Class 0) 91.00% 90.00% 91.00%
Precision (Class 1) 42.00% 48.00% 42.00%
Recall (Class 0) 73.00% 80.00% 73.00%
Recall (Class 1) 73.00% 68.00% 73.00%
F1-score (Class 0) 81.00% 85.00% 81.00%
Fl-score (Class 1) 53.00% 56.00% 53.00%

5.2.1. Logistic Regression Results and Industry-Specific Interpretations
The logistic regression model, tuned using GridSearchCV, achieved an accuracy
of 0.73 and an AUC-ROC score of 0.80 on the validation set, demonstrating its
effectiveness in predicting customer churn in the US banking and finance indus-
try. The model’s high precision (0.91) for the majority class (not churned) sug-
gests that it accurately identifies customers who are likely to stay, which is cru-
cial for US banks to focus their retention efforts on the most at-risk customers.
However, the lower precision (0.42) for the minority class (churned) indicates
that the model may struggle to correctly identify all churning customers, poten-
tially leading to missed opportunities for proactive retention interventions. This
highlights the need for US financial institutions to consider the business costs
associated with false negatives (churned customers incorrectly classified as non-
churned) and false positives (non-churned customers incorrectly classified as

churned) when implementing churn prediction models.

5.2.2. Random Forest Results and Implications for the US Banking and
Finance Industry

The random forest model, trained using a pipeline with SMOTE oversampling
and 100 estimators, demonstrated the best performance among the three models,
with an accuracy of 0.78 and an AUC-ROC score of 0.82 on the validation set.
The model’s good generalization capabilities, as indicated by the cross-validation
scores, suggest its potential to adapt to the evolving customer behavior and market
conditions in the US banking and finance industry.

The random forest model’s ability to capture complex patterns and handle
non-linear relationships makes it particularly suitable for the US context, where
customer churn may be influenced by a multitude of factors, including demo-
graphic, behavioral, and economic variables. By accurately predicting churn
propensity, the random forest model can help US financial institutions prioritize
customer retention efforts and allocate resources effectively. However, like the
logistic regression model, the random forest classifier exhibited a higher preci-
sion for the majority class and a lower precision for the minority class, unders-

coring the challenge of class imbalance in churn prediction. US banks and finan-
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cial institutions should consider techniques such as adjusting the classification
threshold or employing advanced oversampling methods to improve the model’s

ability to identify churning customers accurately.

5.2.3. Neural Networks Results and Their Potential Impact on the US
Industry

The neural network model, a multi-layer perceptron with two hidden layers
demonstrated performance comparable to the logistic regression model, with an
accuracy of 0.73 and an AUC-ROC score of 0.79 on the validation set. The mod-
el’s ability to learn complex representations and capture non-linear relationships
makes it a promising approach for churn prediction in the US banking and
finance industry, where customer behavior may be influenced by intricate pat-

terns and interactions among variables.

5.3. Discussion of the Best-Performing Model and Its Economic
and Industry-Specific Implications

The random forest model emerged as the best-performing model for predicting
customer churn in the US banking and finance industry, with its superior accu-
racy and AUC-ROC score on the validation set. The model’s success can be at-
tributed to its ensemble nature, which combines multiple decision trees to make

robust predictions and handle complex relationships in the data.

Table 2. Confusion matrix.

Matrix Logistic Regression Random Forest Neural Networks
True Positive (TP) 19,127 21,098 19,127
False Positive (FP) 6925 4954 6925
False Negative (FN) 1909 2273 1909
True Negative (TN) 5046 4682 5046

As shown in Table 2, the confusion matrix table provides a consolidated view
of the true positive (TP), false positive (FP), false negative (FN), and true nega-
tive (TN) values for each model. This allows for a direct comparison of how well
each model correctly identifies churned and non-churned customers and where
they may be making errors. Random Forest model has the highest number of
true positives (21,098) and the lowest number of false positives (4954) compared
to the Logistic Regression and Neural Networks models. This suggests that the
Random Forest model is better at correctly identifying non-churned customers
(Class 0) and minimizing the misclassification of churned customers as non-
churned. However, it’s important to note that the Random Forest model also has
a higher number of false negatives (2273) compared to the other two models, in-
dicating that it may miss some churned customers.

Based on these tables, it can be concluded that the Random Forest model is
the best-performing model for predicting customer churn in the US banking and
finance industry as shown in Figure 8. It demonstrates higher accuracy, preci-

sion, and Fl-scores compared to the Logistic Regression and Neural Networks
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models, particularly for the majority class (non-churned customers). However,
the choice of the model may also depend on the specific business requirements
and priorities. For example, if the focus is on minimizing false negatives (missed
churned customers), the Logistic Regression or Neural Networks models may be

preferred due to their slightly higher recall for Class 1.

Model Performance Comparison
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Figure 8. Graphical representation of model performance comparison.

From an economic perspective, the random forest model’s accurate churn
predictions can help US financial institutions reduce customer acquisition costs
and increase customer lifetime value. By identifying at-risk customers and im-
plementing targeted retention strategies, banks can minimize the financial im-
pact of churn and improve their bottom line. Moreover, the model’s ability to
rank customers based on their churn propensity allows for the prioritization of
retention efforts, ensuring that resources are allocated to the most valuable and
at-risk customers.

In the context of the US banking and finance industry, the random forest
model’s performance highlights the importance of leveraging machine learning
techniques to address the pressing issue of customer churn. By incorporating
industry-specific variables and domain knowledge into the model development
process, US financial institutions can tailor their churn prediction strategies to

the unique characteristics and challenges of the market.

6. Discussion

6.1. Interpretation of the Results in the Context of the US Banking
and Finance Industry

6.1.1. Economic Impact of the Findings on the U.S Financial Institutions
The findings of this study have significant economic implications for US finan-
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cial institutions. The best-performing model, the random forest classifier, achieved
an accuracy of 0.78 and an AUC-ROC score of 0.82 in predicting customer
churn. By accurately identifying at-risk customers, US banks and financial insti-
tutions can proactively implement targeted retention strategies, reducing the fi-
nancial impact of churn. Customer retention is crucial for the profitability of US
financial institutions, as the cost of acquiring new customers is significantly
higher than retaining existing ones. The insights gained from the exploratory
data analysis (EDA) can help US financial institutions optimize their resource
allocation and marketing efforts. For example, the findings suggest that older
customers and those with higher balances are more likely to churn. By focusing
retention efforts on these high-risk segments, US banks can maximize the return
on investment of their churn prevention initiatives. In addition, the prevalence
of dormant accounts presents an opportunity for US financial institutions to

re-engage these customers and increase their lifetime value.

6.1.2. Industry Context Recommendations

The study provides valuable industry-specific insights for the US banking and
finance sector, considering the impact of external economic indicators on cus-
tomer churn. The exploratory data analysis (EDA) revealed patterns and trends
unique to the US market. Additionally, the incorporation of macroeconomic
factors, such as the Consumer Price Index (CPI), Federal Funds Rate, Housing
Rate, Prime Loan Rate, and Unemployment Rate, enhances the understanding of
the complex relationships between external conditions and customer churn be-
havior.

These comprehensive insights can inform the development of tailored churn
prevention strategies that account for both the specific characteristics and prefe-
rences of US banking customers and the influence of the broader economic en-
vironment. By considering the dynamic changes in external indicators over the
customer’s relationship period, US financial institutions can gain a more nuanced
understanding of the factors driving churn and adapt their strategies according-
ly.

The comparative analysis of machine learning models highlights the impor-
tance of selecting the appropriate technique for churn prediction in the US con-
text, particularly considering the added complexity introduced by macroeco-
nomic factors. The random forest model’s superior performance suggests that
ensemble methods, which combine multiple decision trees, are well-suited for
capturing the intricate relationships and non-linear patterns in US customer da-
ta, as well as the interactions between internal customer attributes and external
economic indicators. US financial institutions should consider implementing
ensemble models, such as random forests, to improve the accuracy and robust-
ness of their churn prediction systems in the face of evolving economic condi-
tions.

However, the class imbalance problem, as evidenced by the lower precision

for the churned class, remains a challenge for US banks and financial institu-
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tions, especially when dealing with the added complexity of macroeconomic fac-
tors. To address this issue, it is recommended that US financial institutions ex-
plore techniques such as cost-sensitive learning, where the misclassification costs
are incorporated into the model training process, considering the potential im-
pact of economic indicators on the cost of customer churn. Additionally, em-
ploying advanced oversampling methods, such as SMOTE or ADASYN, can help
improve the model’s ability to identify churning customers accurately, even in

the presence of evolving macroeconomic conditions.

6.2. Limitations of the Study and Potential Future Improvements

While this study provides valuable insights into customer churn prediction in
the US banking and finance industry, it is essential to acknowledge its limita-
tions and identify areas for future improvement. One limitation is the reliance
on a single dataset, which may not fully capture the diversity and complexity of
the US market. Future research could incorporate data from multiple US finan-
cial institutions, spanning different segments, to enhance the generalizability of
the findings.

Another limitation is the focus on a binary classification problem, where cus-
tomers are categorized as either churned or non-churned. Customer churn is a
complex and dynamic process that may involve multiple stages, such as dor-
mancy or partial churn. Future studies could explore multi-class or multi-stage
churn prediction models that capture the nuances of customer behavior in the
US context. The interpretability of machine learning models is crucial for US fi-
nancial institutions to ensure transparency and accountability in their deci-
sion-making processes. While the random forest model achieved the best per-
formance, its interpretability is limited compared to simpler models like logistic

regression.

6.3. Limitations of the Study and Potential Future Improvements

The findings of this study have significant practical implications for customer
retention strategies in the US banking and finance industry. By leveraging the
insights gained from the EDA and the predictive power of the random forest
model, US financial institutions can develop data-driven and targeted approach-
es to reduce customer churn.

e US banks and financial institutions should prioritize the collection, anony-
mization, synthetization, and integration of customer data from various
sources, including demographic information, transactional records, and cus-
tomer interactions. This comprehensive dataset can serve as the foundation
for building accurate and robust churn prediction models that capture the
unique characteristics of the US market.

e Investment in the development and implementation of advanced machine
learning techniques, such as ensemble methods and deep learning, to im-

prove the accuracy and adaptability of their churn prediction systems should
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be monitored. By continuously monitoring and updating these models with
new data, US banks can proactively identify at-risk customers and intervene
with personalized retention offers.

o Insights derived from the EDA and model feature importance analysis should
be used to inform the design of targeted retention campaigns and service
improvements. For example, US financial institutions could develop specia-
lized retention programs for older customers or those with higher balances,
as these segments were identified as having a higher propensity to churn.
Additionally, proactive outreach to dormant account holders, offering incen-
tives for re-engagement, can help reduce churn and increase customer life-
time value.

e Institutions should establish cross-functional teams, comprising data scien-
tists, marketing specialists, and customer service representatives, to ensure
the effective implementation and monitoring of churn prevention strategies.
These teams can collaboratively analyze churn prediction results, design re-
tention interventions, and evaluate the success of these initiatives in reducing
customer attrition.

e Institutions should prioritize customer-centricity and strive to deliver excep-
tional customer experiences across all touchpoints. By actively listening to
customer feedback, addressing pain points, and continuously improving prod-
ucts and services, US banks can foster long-term customer loyalty and reduce
the likelihood of churn [33].

The practical implications of this study underscore the importance of leve-
raging data-driven insights and advanced machine learning techniques to de-
velop effective customer retention strategies in the US banking and finance in-
dustry. By adopting a proactive and personalized approach to churn prevention,
US financial institutions can improve customer satisfaction, increase customer

lifetime value, and maintain a competitive edge in the market.

7. Conclusion
7.1. Summary of the Main Findings and Their Significance

This study aimed to investigate the application of machine learning techniques
for predicting customer churn in the U.S. banking and finance industry. The re-
search compared the performance of three models: logistic regression, random
forest, and neural networks, using a dataset representative of U.S. financial in-
stitutions and key macroeconomic indicators. The exploratory data analysis
(EDA) revealed industry-specific patterns and insights, such as the age distribu-
tion of customers and the prevalence of dormant accounts.

Among the three models evaluated, the random forest classifier demonstrated
the best performance, achieving an accuracy of 0.78 and an AUC-ROC score of
0.82 on the validation set. The model’s superior performance highlights the poten-
tial of ensemble methods in capturing the complex relationships and non-linear
patterns in US customer data. The logistic regression and neural network models

also showed promising results, with accuracies of 0.73 and AUC-ROC scores of
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0.80 and 0.79, respectively.

The findings of this study have significant implications for the US banking and
finance industry. By accurately predicting customer churn, US financial institu-
tions can proactively identify at-risk customers and implement targeted reten-
tion strategies, reducing the financial impact of churn. The insights gained from
the EDA and model feature importance analysis can inform the development of
personalized retention campaigns and service improvements, addressing the unique
characteristics and preferences of US banking customers. The study highlights
the importance of leveraging advanced machine learning techniques and com-
prehensive customer data to develop effective churn prevention strategies in the
US context. The adoption of data-driven approaches can help US financial insti-
tutions optimize resource allocation, improve customer satisfaction, and maintain

a competitive edge in the market.

7.2. Contributions of the Study to the Field of Customer Churn
Prediction

This study makes several notable contributions to the field of customer churn
prediction in the US banking and finance industry. First, it provides a compre-
hensive comparative analysis of three widely used machine learning models,
evaluating their performance on a US-specific dataset. The findings offer valua-
ble insights into the suitability and effectiveness of these models in the US con-
text, guiding practitioners in selecting the most appropriate technique for their
churn prediction tasks. The study then conducts an in-depth exploratory data
analysis, uncovering industry-specific patterns and trends that can inform the
development of tailored churn prevention strategies. By identifying the key drivers
of churn, such as age, account balance, and product usage, the research provides
actionable insights for US financial institutions to design targeted retention in-
terventions.

The study also contributes to the growing body of literature on the application
of machine learning in the financial services industry, specifically in the US con-
text. The findings demonstrate the potential of advanced analytics in addressing
critical business challenges, such as customer churn, and highlight the impor-
tance of incorporating domain knowledge and industry-specific considerations
into the model development process. It then finally discusses the limitations and
potential future improvements and serves as a roadmap for researchers and
practitioners to further advance the field of customer churn prediction in the US
banking and finance industry. By identifying areas for future research, such as
the integration of unstructured data sources and the enhancement of model in-
terpretability, the study sets the stage for the development of more sophisticated
and explainable churn prediction models.

7.3. Future Research Directions

The US banking and finance industry is undergoing rapid transformation, dri-

ven by technological advancements, changing customer expectations, and regu-
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latory developments [33]. To keep pace with this evolving landscape, future re-
search in customer churn prediction should focus on several key areas.

First, researchers should explore the integration of diverse data sources, such
as social media sentiment, customer interactions, and external market data, to
enrich the predictive power of churn models. The incorporation of unstructured
data, coupled with advanced text mining and natural language processing tech-
niques, can provide a more comprehensive understanding of customer behavior,
and improve the accuracy of churn predictions. Future studies should investigate
the application of deep learning architectures, such as convolutional neural net-
works (CNNs) and recurrent neural networks (RNNs), for churn prediction in
the US context. These advanced models have the potential to capture complex
temporal patterns and dependencies in customer data, enabling more accurate
and timely predictions of churn.

Researchers should focus on developing interpretable and explainable churn
prediction models that align with the regulatory requirements and ethical stan-
dards [34], of the US banking and finance industry. The use of techniques such
as feature importance analysis, model-agnostic interpretation methods, and
rule-based approaches can help provide clear explanations for churn predictions,
ensuring transparency and accountability in the decision-making process. Fu-
ture research should explore the development of multi-stage churn prediction
models that capture the nuances of customer behavior and the gradual process
of disengagement. By identifying customers at different stages of the churn life-
cycle, such as dormancy or partial churn, US financial institutions can imple-
ment more targeted and timely interventions to prevent complete churn.

Finally, researchers should investigate the integration of churn prediction
models with other customer analytics techniques, such as customer segmenta-
tion, lifetime value prediction, and next-best-action recommendation systems.
The development of a holistic customer analytics framework can enable US fi-
nancial institutions to deliver personalized experiences, optimize resource allo-
cation, and drive long-term customer loyalty.

In conclusion, this study provides valuable insights into the application of
machine learning techniques for customer churn prediction in the US banking
and finance industry. The findings highlight the importance of leveraging ad-
vanced analytics and industry-specific considerations to develop effective churn
prevention strategies. As the US financial services landscape continues to evolve,
future research should focus on the integration of diverse data sources, the ap-
plication of deep learning architectures, the development of interpretable mod-
els, and the exploration of multi-stage churn prediction approaches. By staying
at the forefront of these research directions, US financial institutions can en-
hance their ability to anticipate and prevent customer churn, ultimately driving

business growth and success in the competitive market.
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