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Abstract: Customer churn, the loss of customers who stop using a company's products or services, is a
major concern for subscription-based and service-oriented businesses because retaining an existing
customer is generally less costly than acquiring a new one. Machine learning has become a central
approach for identifying customers who are likely to leave so that retention action can be taken in
time. This review paper examines customer churn prediction with emphasis on its underlying concepts,
commonly used techniques, applications, benefits, limitations, and future directions. The review
considers statistical and classical machine learning models such as logistic regression, decision trees,
and support vector machines, as well as ensemble methods such as random forests and gradient
boosting. It also examines practical concerns including class imbalance, feature engineering, model
interpretability, data quality, privacy, and the gap between prediction and effective retention decisions.
The paper argues that a churn model is valuable only when it is accurate, explainable, and connected
to a clear business action. Effective adoption requires suitable evaluation metrics, careful handling of
imbalanced data, and collaboration between analysts and business teams. Future work is likely to
combine churn prediction with explainable Al, real-time analytics, customer lifetime value, and uplifi
modelling. The review concludes that the practical value of churn prediction depends less on
algorithm choice alone and more on how well predictions are interpreted and used..
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L. INTRODUCTION
Customers are the most important asset of any service-oriented business. In industries such as telecommunications,
banking, insurance, e-commerce, and subscription media, customers can often switch to a competitor with little effort.
When a customer stops using a service, the business loses not only current revenue but also the future value that the
relationship would have generated. This loss of customers is known as customer churn.
Early research in relationship marketing observed that keeping existing customers is often more economical than
attracting new ones. As organizations began to store detailed records of customer behaviour, including usage, billing,
complaints, and transactions, it became possible to study the patterns that precede churn. Machine learning methods can
learn from these historical records and estimate the probability that a given customer will leave in the near future. Such
estimates allow retention teams to focus limited effort and budget on the customers who are most at risk.
This review examines customer churn prediction from an analytical and business perspective. It focuses on the
background of the problem, major techniques, key concepts, applications, advantages, challenges, research gaps, and
future scope. The objective is not to identify a single best algorithm, but to understand which methods and practices
make churn prediction reliable and useful in real organizations.
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II. BACKGROUND AND OVERVIEW OF CUSTOMER CHURN
Customer churn can be defined as the termination of the relationship between a customer and a business. In contractual
settings, such as mobile plans or insurance policies, churn is visible because the customer formally cancels the service.
In non-contractual settings, such as online shopping, churn is not directly observed, and analysts must define it using a
period of inactivity. This difference strongly affects how a churn problem is formulated and measured.
Churn can also be described as voluntary or involuntary. Voluntary churn occurs when the customer decides to leave
because of price, dissatisfaction, a better competing offer, or changing needs. Involuntary churn occurs for reasons such
as payment failure or account closure by the company. Most predictive work concentrates on voluntary churn because
it is the form that retention activity can influence.
Churn prediction is usually treated as a supervised classification problem in which each customer is labelled as churned
or retained. The task is difficult because churners are normally a minority of the customer base, and because the reasons
for leaving differ from one customer to another. A model with high overall accuracy may therefore still be of little
practical value if it fails to identify the customers who actually leave.

III. LITERATURE REVIEW
Research on churn prediction has examined a wide range of algorithms and application areas. Early studies commonly
used logistic regression and decision trees because they are simple to build and easy to explain. Later comparative
studies evaluated neural networks, support vector machines, and ensemble methods, and generally reported that
ensemble approaches such as random forests and boosting often achieve stronger predictive performance on tabular
customer data.
The literature also draws attention to the problem of imbalanced data. Studies on sampling methods, including random
undersampling and synthetic oversampling, show that the way class imbalance is handled can change model
performance noticeably. Research on evaluation further argues that accuracy alone is misleading and that measures
such as precision, recall, Fl-score, area under the ROC curve, and lift should be used, along with profit-oriented
measures that reflect business value.
A consistent theme is the importance of interpretability and business relevance. A prediction without an explanation
gives retention teams little guidance on what action to take. More recent work therefore combines high-performing
models with explanation techniques that show which features influence an individual prediction, and with hybrid
approaches that try to balance accuracy and transparency.

IV. EXISTING TECHNOLOGIES AND METHODS
Several techniques are widely used for churn prediction. Logistic regression estimates the probability of churn as a
function of customer attributes and is valued for its transparency. Decision trees divide customers into groups using
simple rules and are easy to visualize. Support vector machines and k-nearest neighbours have also been applied,
although they are less commonly used in business practice.
Ensemble methods combine many models to improve performance. Random forests build many decision trees on
random samples of data and features and average their predictions, while gradient boosting methods such as XGBoost
build trees sequentially so that each tree corrects the errors of earlier ones. Neural networks and deep learning models
are also used, particularly when sequence data such as usage logs or text from customer interactions is available. Other
relevant methods include survival analysis, which models the time until churn, and clustering, which groups customers
into behavioural segments.
In practice, model quality depends on more than the choice of algorithm. Data preparation, feature engineering,
treatment of missing values, handling of class imbalance, hyperparameter tuning, and validation on unseen data all
influence results. Tools commonly used by analysts include SQL for data extraction, Python libraries for modelling,
and dashboards for communicating results to business teams.
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V.KEY CONCEPTS AND COMPONENTS
Feature engineering is a central concept in churn prediction. Raw records such as billing history, usage logs, and
service interactions are converted into meaningful variables, for example tenure, average monthly spend, change in
usage over recent months, number of complaints, and contract type. Well-designed features often contribute more to
model performance than a change of algorithm.
Class imbalance and evaluation are equally important. Because churners are fewer than non-churners, techniques such
as resampling, class weighting, and threshold adjustment are frequently needed. Evaluation should focus on how well
the model identifies customers at risk, using recall, precision, F1-score, ROC-AUC, and lift or gain charts, rather than
overall accuracy alone.
Interpretability and action complete the picture. Explanation methods such as feature importance and SHAP values help
analysts understand why a customer is predicted to churn. Customer segmentation, customer lifetime value, and
retention offers connect the prediction to a business decision. These components show that churn prediction is a process
that runs from data to action, not only a modelling exercise.

VI. APPLICATIONS OF CUSTOMER CHURN PREDICTION
In telecommunications, churn prediction is one of the most widely studied applications because the industry has large
customer bases, detailed usage data, and strong competition. Models are used to identify subscribers who may switch
providers so that tailored offers or service improvements can be provided.
In banking and financial services, churn models help identify customers who may close accounts or reduce their use of
products. Early identification allows relationship managers to review fees, services, or product fit before the customer
leaves.
Subscription-based services, including streaming platforms, software providers, and online learning platforms, use
churn prediction to monitor engagement and renewal risk. Changes in login frequency or feature use can serve as early
warning signals.
E-commerce and retail businesses apply similar methods to detect customers whose purchase frequency is declining.
Because churn is not formally declared in these settings, analysts often define it using a period without purchases and
then target reactivation campaigns at the affected customers.
Other sectors such as insurance, utilities, and human resources also use related ideas. In human resources, for example,
employee attrition prediction follows the same analytical logic, although it requires additional care because the
decisions affect individuals directly.

VII. ADVANTAGES AND BENEFITS
One major benefit is improved retention efficiency. Retention offers and outreach have a cost, and a churn model
allows a business to direct them towards customers with the highest risk rather than contacting everyone. This can
reduce unnecessary spending and improve the return on retention campaigns.
Another benefit is better understanding of customers. Analysis of churn drivers can reveal issues such as pricing
dissatisfaction, poor service quality, or weak onboarding. These findings can guide improvements to products and
services, beyond the immediate retention effort.
Churn prediction also supports planning and monitoring. Risk scores can be tracked over time, segments can be
compared, and dashboards can give managers a continuous view of retention performance. Because the models can be
refreshed with new data, they can adapt as customer behaviour changes.
These benefits should not be treated as automatic outcomes. Poor data quality, inappropriate evaluation, weak
integration with business processes, or retention actions that do not match the real reasons for churn can reduce the
value of an otherwise accurate model.
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VIII. CHALLENGES AND LIMITATIONS
The most direct limitation concerns data quality and availability. Churn models depend on accurate and complete
customer histories. Missing values, inconsistent records, and changes in how data is collected can reduce model
reliability. Public datasets used in academic work may also be cleaner and simpler than real business data.
Class imbalance and misleading evaluation are another major challenge. A model that predicts that no customer will
leave may appear highly accurate while being useless. Careful choice of metrics, sampling methods, and decision
thresholds is therefore necessary, and results should be validated on data that was not used for training.
Interpretability, privacy, and fairness must also be addressed. Complex models may achieve better predictions but can
be difficult to explain to managers. Customer data is often personal, so organizations must follow data protection
requirements and avoid using attributes in ways that may lead to unfair treatment of particular groups.
A further concern is the gap between prediction and action. Knowing that a customer is likely to leave does not show
whether a retention offer will change the outcome. Some customers would have stayed anyway, and some may be lost
regardless of the offer. Without linking predictions to the effect of interventions, retention spending may be wasted.

IX. COMPARATIVE ANALYSIS
Rule-based and statistical approaches such as simple scoring rules and logistic regression are transparent, require little
data, and are easy for business teams to accept. Their limitation is that they may not capture complex, non-linear
relationships among customer attributes, which can limit predictive performance on large and varied datasets.
Ensemble and deep learning methods can model complex patterns and often achieve stronger predictive performance.
Their main weaknesses are lower transparency, higher tuning effort, and greater data requirements. Therefore, the
strongest practical approach is not a simple replacement of simple models by complex ones. A combination of a well-
performing model with explanation tools and clear business rules is often more useful.
The comparison can be summarized as follows:

Feature Rule-Based | Classical Machine Learning | Ensemble / Deep Learning
/Statistical

Interpretability High Moderate to High Lower; needs explanation tools

Handling non-linear patterns Limited Moderate Strong

Data requirement Low Moderate High

Tuning and training effort Low Moderate Higher

Typical predictive performance | Lower Moderate Generally higher

Ease of business adoption High Moderate Needs clear explanation

X. RESEARCH GAPS
Although churn prediction has been studied extensively, several research gaps remain. Many studies rely on a small
number of public datasets, particularly from the telecommunications sector, which limits how far their findings can be
generalized to other industries and to real business conditions.
Evaluation practice also needs improvement. Many studies report accuracy or AUC without considering the cost of
retention actions or the profit gained from correct predictions. More research is needed on evaluation that reflects
business value, on models that remain reliable as customer behaviour changes over time, and on the effect of retention
interventions rather than prediction alone.
Another gap concerns responsible use. Further work is needed on privacy-preserving analytics, fairness in customer
targeting, and explanation methods that are understandable to non-technical decision makers. Organizations also need
practical frameworks that connect model outputs to retention decisions and to measurement of results.
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XI. FUTURE SCOPE AND FUTURE DIRECTIONS
Future churn prediction systems are likely to become more real-time and more integrated with business operations.
Streaming data and continuously updated models may allow businesses to detect risk signals as they appear rather than
after a fixed reporting period. Richer data sources, including text from customer support and behavioural sequences,
may further improve predictions.
Explainable Al is likely to remain important. Methods that explain individual predictions can help retention teams
understand the likely reasons for churn and select suitable actions. Uplift modelling, which estimates the effect of an
intervention on each customer, and the combination of churn risk with customer lifetime value may help organizations
focus on customers where action is most worthwhile.
Future research should also focus on fairness, privacy protection, validation across different industries, and evaluation
based on business outcomes. The objective should be better retention decisions rather than maximum model
complexity.

XII. CONCLUSION

Customer churn prediction has significant potential to support retention, planning, and customer understanding.
Machine learning methods, particularly ensemble approaches, can identify customers at risk with useful accuracy when
they are supported by good data and careful feature engineering. However, the limitations are equally significant.
Imbalanced data, misleading evaluation, limited interpretability, privacy concerns, and the gap between prediction and
action can reduce the value of a model.

The most appropriate approach is therefore a combined one in which accurate models, suitable metrics, explanation
tools, and clear retention actions work together. Analysts, managers, and organizations need shared responsibility for
data quality, ethical use, and measurement of results. Future progress should focus not only on building more accurate
models, but also on making their use more transparent, responsible, and beneficial for the business and its customers.
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