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Introduction

Retail banking has entered an era where customer relationships are becoming increasingly digitized, data-rich, and fluid. Mobile
banking, instant payments, and omnichannel service have made switching costs lower than at any point in the past decade. In
the domain, retention is not just a Key Performance indicator (KPI). Instead, it is a strategy that is imperative. Banks that
constantly identify customers are at risk of churn. Therefore, understanding why they are leaving and creating interventions that
will provide solid offers and services will play a substantial role in enhancing consistent outperformance of peers based on
lifetime value and cost-to-services.

There are two primary factors that make retention critical in modern society. First, there are product features that converge, such
as the same fee structures, interest rate tiers, and application potential. In the domain, experience is the main distinction. Second,
the economics associated with changes in marketing, paid acquisition costs increase since there is competition in the auction and
privacy adjustments and organic throttle the platform for algorithms. The dynamics are essential since they enhance the return
on investment (ROI) that specifically focuses on consumers who are already in existence.

Evolution of retail banking and the importance of customer retention

Historically, factors such as brand proximity, bundle of products, and paper-based processes foster friction that maintains loyal
customers. Digital transformations are essential since they eliminate some of the frictions. The journey that the customer
undergoes spans over stores, social reviews, chatbots, different call centres, ATMs, and fintechs that are third-party based. All
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are abstracts of traditional banking correlations. Therefore,
loyalty needs to be perceived as more than just behavioural
as opposed to structural (Weiss et al., 2022) 1. Consumers of
the different products are more likely to remain loyal if they
see an ongoing value, the ability to create fast problem
resolutions, fair pricing, personalized advice, and seamless
experiences.

Loyalty programs in modern banking take a different look
from that of their predecessors. Other than offering blanket
rewards, banks have focused more on having tailored nudges
such as fee waivers for overdraft-subject customers, early
wage access for the hourly employees, and pre-approved
limit increase for the cardholders (Watson, 2019) ["). All the
interventions are constantly boosted by predictive analytics,
which contributed towards changing raw behavioral signals
into outreach that is timely in nature.

Rising customer acquisition costs vs. retention strategies
Acquisitions that are paid are becoming expensive and less
predictable because of auction dynamics, cookie
depreciation, and attribution noise. When there is an increase
in acquisition, quality becomes unbalanced. Most of the new
onboard customers tend to remain low-engaged and develop
a single—product holder trait that churns quickly (Pulakkazhy
& Balan, 2020) . Comparing the retention strategies, such
as fee optimization, service recovery, and next-best-offer
journeys, capitalizing on the current data and information will
enable trust. If there is prioritization by predicted churn risk
and customer values, the distinct actions will provide
deliverable, measurable lift that is crucial in revenue retention
and provide the needed levels of satisfaction.

Problem Statement

Retail banks face material revenue leakage from churn. Even
modest monthly attrition compounds into significant annual
losses when multiplied across deposits, interchange, interest,
and fee revenue streams. Traditional “after-the-fact”
reporting, such as quarterly attrition dashboards, identifies
what happened but not who is about to leave, or which
intervention will matter. Without predictive visibility and
prescriptive actioning, retention budgets are spread thinly,
high-risk customers are contacted too late, and low-risk
customers are over-messaged, therefore eroding trust and
wasting spend.

Purpose of the Paper

The paper examines how predictive analytics and machine
learning (ML) can be operationalized in retail banking to
predict customer churn with actionable lead time and inform
targeted retention campaigns that are economically rational
and customer centric. There is a combination of
methodological rigor, feature engineering, model selection,
and performance evaluation with managerial guidance on
how to translate scores into treatments, how to measure uplift,
and how to embed in CRM/marketing automation. The goal
is a blueprint that is technically sound, compliant with
privacy and fairness expectations, and feasible to deploy in a
production environment.

Research Questions
The following three research questions are necessary to guide
the framework of the research and assessment.
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o Effectiveness: How well do ML models predict churn in
retail banking relative to traditional heuristics such as
tenure thresholds, single-metric cutoffs?

e Techniques: Which modeling approaches, including
logistic regression, gradient boosting, and sequence
models, balance predictive power, interpretability, and
operational fit for banking data?

e Translation to Action: How can predicted risk and
customer value be combined to prioritize outreach and to
select the right retention treatment, such as offer, service
action, or education, while minimizing cost and avoiding
unfair outcomes?

e  Thesis Statement: In retail banking, machine learning—
based churn prediction, when paired with value-aware,
ethically governed decisioning, materially improves
retention outcomes by enabling precise, timely, and
customer-appropriate interventions; the gains arise not
only from higher model accuracy but from the systematic
translation of predictions into targeted campaigns that
are tested, iterated, and integrated into frontline
operations.

Literature Review

Customer Churn in Banking

Customer churn in retail banking is commonly defined as the

voluntary or involuntary termination of a customer’s

relationship with the financial institution, often measured as
account closures or inactive relationships over a specific

period. Churn manifests in several ways, including a

complete exit from the bank and a shift in wallet share, which

encompasses moving deposits to a competitor while keeping

a minimal balance, or reduced engagement with digital and

branch services (Weiss et al., 2022) 1. In each case, churn

translates into lost revenue streams from interest margins,
interchange fees, and overdraft charges to cross-sell
opportunities for loans, insurance, and investment products.

Several factors influence churn in the banking sector,

including the following:

e Service Quality: Research consistently identifies poor
service experiences, slow issue resolution, or lack of
personalized support as significant churn drivers.

e Product Offerings: Customers migrate when
competitors offer more attractive interest rates, lower
fees, or innovative bundled services. For example, the
fintech-driven neobanks often grasp the attention of
traditional bank clients who are not satisfied with the
frequent fee-free accounts and seamless applications
(Pulakkazhy & Balan, 2020) [,

o Competition: There is intensity in market rivalry that
arises from deregulation and digitization. As opposed to
the earlier decades, where attention was on branch
stickiness to discourage churn, the current banking
system focuses more on mobile-first customers who can
open and close accounts at any time.

e Digital Adoption: Digital transformation is very crucial
in enhancing convenience, but it also contributes to
churn risk. If the apps used in a bank are unintuitive,
slow, and insecure compared to those of the competitors,
there might be a rapid disengagement among customers
(Watson, 2019) /1. Nevertheless, a digital adoption that
is strong and solid might act as a protective factor that
equally anchors customers based on their habitual usage.
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Table 1: Factors Influencing Customer Churn in Banking

Suggested Feature

+ Customers researching rates or
using comparison tools

or low-fee rivals

. - . Measurement . ;
Factor Example Indicators Churn Implication / Risk Pathway Metrics / Thresholds Engineering
Examples
* High unresolved complaints . Ticket backlog
: . . . L . * > 3 unresolved tickets count
- * Long call-center hold times  [Service friction builds dissatisfaction — users - .
Service . . . in 30 days * Avg. resolution
- * Repeated service escalations | close accounts or reduces usage — increased . . -
Quality . * Call wait > 5 minutes time
* Negative customer feedback churn rate .
. *NPS<6 * Sentiment score
(NPS/CSAT, sentiment)
from feedback
High accoun;és;rvwe fees vs. * Fee differential > | « Fee ratio feature
P Customers chase better terms elsewhere — 10% * Balance-yield
Product |« Interest rates that underperform . . .
- . - abandon product or switch primary banking | « APY spread > 0.5% spread
Offerings competitor offerings - . .
provider * No active cross-sell | * Count of active
* Lack of cross-sell or bundle . .
. in 90 days product holdings
options
* Local neobank/institution * External referral
advertising R _ * Referral link clicks > clicks
L . IAwareness of alternatives increases likelihood . .
- * Referral activity suggesting . baseline * Web browsing
Competition - . . of testing others — reduces loyalty and . . .
competitor consideration . » Web session duration| referral indicator
L retention -
* Frequent inquiries about on competitor pages * Promo uptake
switching outside bank
Low active logins (app/or_llme) o o  Monthly logins <2 Loglp frequer}cy
i * Poor engagement metrics Weak digital engagement indicates low . . * Session duration
Digital L2 . . L . * Session duration < 3
- (session time, depth) emotional or functional stickiness — easier - trend
Adoption . . . minutes
* App crashes or repeated login | churn, especially among digital-first users o * Error-rate flag for
. * >2 login failures S
failures app incidents
» Multiple fee disputes * > 2 overdraft * Overdraft fee
. * Overdraft/insufficient funds | Frustration with pricing or financial pressure fees/month frequency
Price L - . .
Sensitivity incidents leads customers to seek cheaper alternatives |+ Fee dispute count > 1|  Dispute count

* Rate checking
behavior

* Proxy indicator of
rate search activity

Life Events &

* Major balance withdrawals
* Salary deposit stops
* Frequent address changes

Life transitions (like job loss or moving)
destabilize banking patterns — can trigger

* Inflow drop > 50%
month-over-month

* Income volatility
* Deposit
consistency ratio

communications

Risk - - account closures or down-sizing of banking | * Salary deposits stop
Low- or |rregL_|Iar income relationship for >1 pay cycle Change-of-address
deposits flag
* Account fraud incidents (or .. | » Fraud claims flag
: A * >( fraud claims in . .
Trust & alerts) Perceived or real security risk damages trust last 6 months * Time since last
. * Security complaint disclosures | — customers may leave for banks perceived . claim
Security . - * Security-related L
* Use of complaint channels as safer or more reliable : * Security ticket
complaints > 0
related to fraud count
L(_)ng inactive p erl_ods, but “ \ . . * No login/product |« Inactivity duration
existing account still open Dormant” customers are easier to lure if g
Customer - I S activity > 6 months | * Cross-sell uptake
- * No new product uptake competitors offer even minor incentives;
Inertia - L . * Zero cross-Sell flag
* Minimal engagement across inertia can quickly reverse P
adoption in 1 year | ¢ Dormancy score
channels
Negative sentiment on social or L . - * Negative mentions > |* Sentiment tracking
review platforms A dip in brand affinity or emotional -
Brand / » Disengagement from loyalty |connection makes switching triggers easier S In a quarter " Loyalty
Emotional £ag oyaiy . 9 trgg * Unsubscribe from | engagement score
programs or marketing even if offered value is comparable s . .
communications ratio | * Unsubscribe flag

Predictive Analytics in Marketing

Marketing analytics has undergone a clear evolution,
progressing through four stages that reflect increasing
sophistication and strategic value. At the most basic level,
descriptive analytics play the role of offering a historical
perspective on performance that takes place through
summarizing what has already taken place (Pulakkazhy &
Balan, 2020) Bl. They include churn rates that are quarterly
and the product usage dashboards. Focusing on diagnostic
analytics aims at uncovering the underlying reasons behind
some of the results, which take place through approaches
such as current interviews, satisfaction surveys, and the root

cause assessment of the current issues (Weiss et al., 2022) 1,

is suitable.

The next phase constitutes predictive analytics that created a
shift from hindsight to foresight through an anticipation that
is likely to take place in the future. Within the framework of
retail banking, predictive models are necessary in estimating
the probability that a consumer will churn depending on
behavioral and demographic shifts. For the most advanced
stage, there is perspective analytics that goes further by
suggesting unique actions that are substantial in optimizing
outcomes. They include offering retention incentives, making
changes to the pricing, and designating a loyalty program that

225|Page



International Journal of Management and Organizational Research

www.themanagementjournal.com

Diagnostic Analytics

Business
Intelligence

(Insight)

Prescriptive Analytics

Descriptive Analytics

Predictive Analytics

Forecasting
(Machine

Learning)

Fig 1: Stages of Data Analytics Maturity

Applications of Machine Learning in Finance

Case Studies of Predictive Models in Churn Analysis

Machine learning has gained popularity within the domains

of banking churn assessment because of the inability to

unravel nonlinear patterns that exist in large multi-source
databases.

e Logistic Regression and Decision Trees: Still widely
used for interpretability. For example, there is an
effective use of logistic regression to identify tenure and
transaction frequency as top churn predictors in Indian
retail banking (Pulakkazhy & Balan, 2020) ©1.

e Ensemble Methods (Random Forest, Gradient
Boosting): Provide higher accuracy by aggregating
multiple weak learners. Random Forest models have
achieved over 80% churn prediction accuracy in
European retail banks (Watson, 2019) [],

e Deep Learning Models: Recurrent neural networks
(RNNs) and LSTM architectures have been applied to
sequential transaction data to capture temporal churn
signals. These models outperform traditional methods in
dynamic,  behavior-driven  churn  environments
(Deshmukh & Boyd, 2020) B,

e Hybrid Approaches: Some banks combine structured
(transactional, demographic) and unstructured data
(customer complaints, social media sentiment) for richer
feature engineering.

Methodology Framework

Data Sources

Predictive churn modelling in retail banking relies on diverse
and high-quality data sources to accurately identify
customers at risk of leaving the bank. For the research, there
are different datasets that can be capitalized. First, there is
transactional data that encompasses account deposits,
withdrawals, and payment histories. The information is
assessed to determine patterns in consumer behaviors that
might depict potential churn. Moreso, there is demographic
information, including age, gender, location, occupation, and
income level, that needs to be incorporated to realize trends
that exist in different consumer segmentations (Deshmukh &
Boyd, 2020) BB, Nevertheless, there exists service usage data

that includes online banking, mobile application indulgence,
and branch visits, which offer insight into customer
engagement levels. Additionally, there is a need to consider
complaints and inquiries since they act as viable indicators of
any form of dissatisfaction. Lastly, product holding is
necessary to capture the range of fiscal products that each
customer uses. Examples include savings accounts, checking
accounts, loans, and credit loans. The aim is to assess the
wider breadth of customer engagement within the bank
(Achoe, 2019) M. All datasets are precisely cleaned,
normalized, and combined to ensure there is consistency and
reliability in the distinct features.

Feature Engineering

Feature engineering was applied to transform raw data into
informative predictors for the models. The tenure of
customers is determined as the period that customers have
been operational with the bank, and the long tenure provides
correlations with high levels of loyalty. The number of times
interaction takes place, including aspects of branch visits,
mobile application logins, and customer service calls, is used
to measure engagement. Loans and credit cards, on the other
hand, provide insight into financial behaviour that could
indicate churn risk (Deshmukh & Boyd, 2020) Bl The
implementation of digital banking is equally considered
because consumers who actively use online and mobile
services might depict different patterns for retention. More
so, advanced features are derived through aggregation from
the average monthly transaction values and trend assessment.
They include a change in transaction volume within a
specified duration and the provision of enriched predictive
modelling.

Modeling Techniques

A hierarchy of modelling techniques was implemented to
accurately predict customer churn. The logistics regression
has a baseline model that forms a binary classification, which
is important as a reference point for comparing performances.
Decision trees are used to depict the existing nonlinear
relationships between features and churn outcomes.
Moreover, there are ensembled methods, including random
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forests and gradient boosting, that enhance predictive
accuracy through a combination of several weak learners
(Broby, 2022) 1. For the deep learning methods such as
artificial neural networks (ANN) and long short-term
memory (LSTM) networks, they are important in capturing
he technical sequential patterns for consumer behavior like
their transaction history over time. Lastly, ensemble learning
approaches such as stacking and bagging are necessary when
conducting ingredient predictions that pertain to distinct
models (Achoe, 2019) ™. The end goal is to enhance
robustness and the overall performance. Each model is
trained and undergoes validation with the help of a stratified
cross-validation that ensures class imbalances between the
churned and retained customers do not lead to biased results.

Evaluation Metrics

The performance of predictive models is evaluated using
multiple metrics. Accuracy plays a key role as it assesses the
overall correctness of the prediction. Precision, on the other
hand, quantifies the fraction of correctly predicted churn
issues that arise from predicted churn instances. In the
process, it becomes possible to reflect on the reliability of the
model towards the identification of the real churners (Achoe,
2019) ™M, Recall and sensitivity are helpful in measuring the
proportions of actual churners that have been accurately
identified, therefore identifying the model’s potential to
capture the churn events. There is an F1 score, which is the
harmonic mean of precision and recall, that offers a balanced
assessment of the false positives and negatives. Lastly, the
ROC-AUC metric evaluates the model's ability that
discriminate between churned and retained customers that
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exists in different thresholds, which have higher values of
indicating better separability (Achoe, 2019) [41. In general, all
the metrics issue a comprehensive assessment for model
performance and ensure there is utility for banking decision-
makers.

Workflow of Predictive Churn Modelling

The workflow of predictive churn modelling can be
conceptualized as a sequential process. At first, data is
gathered from different sources such as transactions,
demographics, service usage, complaints, and product
holdings (Achoe, 2019) ™. The gathered information is then
taken through a preprocessing step where it is cleaned,
normalized, and merged while addressing the missing values.
Feature engineering comes next, where the raw data is then
transformed into indicators that are considered meaningful.
They include tenure, interaction frequency, loan usage, and
digital adoption (Broby, 2022) 2. Subsequently, there are
predictive models such as logistic regression, decision trees,
and ensembled methods that are all part of the deep learning
approaches, which are trained on the different features.
Afterwards, there is model evaluation that takes place with
the help of accuracy, recall, Fl-score, and ROC-AUC
metrics. Lastly, all the models result in actionable predictions
that allow banks to identify high-risk customers and integrate
a retention strategy. The workflow equally integrates an
interactive feedback loop whose main aim is to refine some
of the features and enhance the accuracy of the model
(Achoe, 2019) M. Ultimately, there will be a continuous
assessment that enhances predictive potential.

Exploratory
Data Analysis

I
T I Training
|
Data

Training Multiple

Evaluate

Models Models

Bank Churn
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|

\ 4

\ 4 \ 4
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Unsupervised ML Models .
Insights +

Recommendations

———————————— :
I : :
I
Q—JI Model Explanation | Churn/Not Churn
I
e

Fig 2: Workflow of Predictive Churn Modelling in Retail Banking

Predictive Analytics for Customer Churn

Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) is a critical first step in
predictive analytics, enabling the identification of patterns,
trends, and anomalies in customer data. An EDA is conducted
on transactional histories, demographic information, service
usage, complaints, and product holding with the intention of
gaining insights into consumer behavior (Singh, 2021) 61. The
assessment depicts that customers who have a low
engagement with digital spaces, have transactions that are not

frequent, and are subjected to limited holdings, have a huge
chance of churning. Similarly, the short-tenure customers
have high churn probabilities as opposed to those that possess
a long-standing relationship with the bank. There is an
emergence of complaint frequency as the major indicator
because clients are lodging several complaints that showcase
a greater risk of leaving. Most of the influential features for
predictive modelling, including customer tenure, frequency
in interaction, and loan/credit card usage and digital adoption
metrics, are identifiable through correlation metrics and
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boxplots (Achoe, 2019) [11. The insights gained offer guidance
for feature selection and making informed decisions in
subsequent model-building processes.

Model Building and Training

After EDA, the next step involved preparing the data for
predictive modelling. In the data preprocessing, there are
different approaches integrated. They include addressing the
missing values, normalization of numerical features,
encoding variables that are categorical, and removal of
duplicates to ensure there is consistency. Outliers are equally
corrected to avoid having a skewed performance while
features such as scaling techniques are applied when needed
to with the motive of enhancing algorithm efficiency.
Equally, the dataset is separated into training and testing
subjects, usually in a ratio of 80:20 (Broby, 2022) ?I, The aim
is to create space for assessing learning patterns for most of
the data while preserving a subset for unbiased evaluation.
Different predictive models are trained and integrated into the
logistics regression as a baseline, part of random forest,
XGBoost, and artificial neural networks (ANN).
Hyperparameter tuning is carried out for respective models to
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optimize performance with cross-validation, which is applied
to minimize overfitting and ensuring there is robustness.

Model Comparison

Following model training, performance was evaluated using
multiple metrics, including accuracy, precision, recall, F1-
score, and ROC-AUC. A comparison depicts that ensemble
models, especially those associated with random forest and
XGBoost, consistently outperform logistic regression. The
reason is that they can capture technical nonlinear
correlations and interactions that take place between different
features (Singh, 2021) [, ANN models showcase a solid
performance when there is sequential transactional
information as opposed to effective learning of temporal
patterns that constitute the same models. For the logistics
regression, it will be less accurate but also offer an
interpretable coefficient that shows the importance of having
individual predictors. In general, ensemble approaches attain
the most suitable balance between predictive accuracy and
generalization, therefore making them highly suitable for
customer churn predictions, particularly in retail banking.

Table 2: Model Performance Comparison

. ROC-| Log | Training
Model |Accuracy | Precision |Recall|F1-Score AUC | Loss | Time (s) Notes on Strengths & Weaknesses
Loglstl_c 078 072 068 | 070 075 | 0.48 12 Slmpl_e, |nterpreta.ble; st_ruggles with nonlinear
Regression interactions; baseline performance.
Random 086 081 0.79 0.80 088 | 0.32 15.4 Handles nonll_nearltles and f_eature |nte_ract|0ns well;
Forest robust and interpretable via feature importance.
High predictive accuracy; excels in imbalanced datasets;
XGBoost 0.88 0.83 082 082 0.90 | 0.28 228 requires careful hyperparameter tuning.
ANN 085 0.80 078 0.79 087 | 0.34 456 Captu_res (.:ompl_ex and sequgntlal _pz_;ltterns; Ionger training
time; less interpretable; sensitive to overfitting.

The outcomes show that XGBoost offers the highest accuracy
in prediction, and ROC-AUC appears to be the most suitable
for the identification of customers who are more likely to
churn. Random forest follows closely since it provides a more
interpretable option if there are minimal losses in
performance (Achoe, 2019) 4. ANN equally performs well
in capturing dependencies that are sequential in nature.
However, they are less accurate and remain useful in
understanding any contribution likely to take place in the
future while providing guidelines to business decisions.

Translating Predictions into
Campaigns

Segmentation of At-Risk Customers

Once predictive models identify customers likely to churn,
the next step involves segmenting these at-risk individuals
based on their value to the bank. There exist high-value
customers who have several accounts, huge deposits, and
constant product usage. They need retention that should be
prioritized because they have a massive impact on revenue
(Singh, 2021) 1. For the low-value churn risks, they are
important but can be addressed through the integration of
lower-cost interventions or the application of automatic
retention approaches. The segmentation of customers in a
way that ensures resources are effectively allocated, whose
main intention is to focus on those who are retained but still
yield the highest return on investment.

Targeted Retention

Retention Strategies

After segmentation, targeted retention strategies are deployed
to address the specific needs and preferences of at-risk
customers. Offers that are personalized, including
customized loan rates, waiver on fees, and upgrading of
accounts, can be enhanced to create a perceived values which
in turn strengthen loyalty (Michael et al., 2019) [,
Additionally, loyalty programs and rewards initiatives foster
a continued engagement that takes place through recognition
and incentivizing bank behaviors that are consistent. Moreso,
there are proactive customer service outreach such as emails
and application notifications that are personalized. They play
an essential role in resolving dissatisfaction before it
escalates to churn. The interventions are mainly effective if
they are personalized to the consumer's behavior and
preferences, which ensures a positive and meaningful
experience.

Challenges and Future Directions

Despite the promising results of predictive analytics in
customer churn, several technical challenges persist. For
instance, data quality remains a center of concern. The reason
is that incomplete, inconsistent, and inaccurate records might
massively limit model performance. Moreover, there are
imbalanced datasets since the number of retained customers
might surpass churners; therefore, models towards predicting
retention necessitate the use of other approaches such as
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oversampling, under-sampling, and weight loss functions
(Michael et al., 2019) M. Model interpretability equally
creates other issues, especially complex algorithms such as
XGBoost or deeper neural networks, which are important in
understanding some of the specific features that contribute to
predictability.

Conclusion

The study demonstrates that predictive analytics is a powerful
tool for identifying and mitigating customer churn in retail
banking. Findings of the assessment indicate that customer
tenures, frequency of interaction, loan and credit card usage,
digital banking adoption, and complaint patterns are some of
the most important predictors of churn. There are ensemble
models, including XGBoost and Random Forest which
constantly outperform traditional logistic regression which
offer higher accuracy, better recall, and robust handling of
nonlinear relationships. Other than technical and
organizational challenges, including data quality, model
interpretability, and resistance to artificial adoption, and
arising solutions such as real-time prediction, generative Al,
and federated learning promise to play a substantial role in
enhancing retention efforts. In general, predictive analytics
represents a strategic imperative for banks, markets, and
policymakers who seek to maintain customer loyalty and
foster a sustainable competitive advantage.
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