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Abstract

Predicting when customers are about to leave is a crucial challenge for businesses in telecommunications, banking,
e-commerce, and beyond. Although machine learning has vastly improved our ability to forecast churn, many existing
solutions come with significant barriers—such as limited adaptability to new industries, lack of transparency, and
complicated deployment. This paper introduces a streamlined, client-side web application designed for versatile, single-
customer churn prediction—complete with easy-to-understand, SHAP-inspired explanations and actionable retention
suggestions. Our system offers four domain-specific models (Telecom, Banking, E-commerce, and General), each
equipped with curated features and feature importance weights. The user experience is simplified into three sequential
steps: login, model selection, and prediction. With clear, transparent feature reasoning and no need for backend or
database integration, this application bridges the gap between advanced analytics and real-world business usability.
Illustrative examples and comparison with traditional approaches demonstrate how our system makes sophisticated
churn prediction accessible, interpretable, and practical for actual business decision-makers.

Keywords: Customer Churn, Explainable AI, SHAP-Like Explanation, Web Application, Model Selection, Single-Customer
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Introduction

The ability to reliably predict customer churn—the moment a client decides to end their relationship with a company—is
increasingly vital for organizations with subscription or recurring revenue models. Effective churn prediction not only
enables highly targeted retention campaigns and better use of marketing budgets but also shapes a company’s long-
term value from each customer [1]. Traditional churn models, ranging from logistic regression to advanced ensemble
learning and deep neural networks, have driven predictive gains but are often complex, difficult to explain, and require
significant infrastructure and data engineering [2]. This complexity can make it hard for operational teams—especially in
smaller organizations or those with limited IT resources—to actually benefit from these advances. In practice, two real-
world needs repeatedly emerge: explainability (clear, actionable insight, not just black-box predictions) and portability
(solutions that are easy to deploy, maintain, and integrate without heavy, ongoing backend support) [3]. While high-
accuracy models often forgo interpretability and ease of use, simple heuristics may lack the accuracy or adaptability
necessary for robust performance in diverse industries. Our proposed system addresses these challenges head-on
with a pragmatic design. Rather than competing with stateof-the-art black-box models, it focuses on interpretability,
adaptability, and user-friendliness. The web application allows users to select among four pre-configured domains,
each with carefully curated features and weights—embodying practical domain knowledge. It computes predictions via
a linear additive score, transformed into a probability, and the resulting explanation decomposes the outcome into the
top three contributing factors using a SHAP-like approach [4]. With its entire frontend built in React]S and no need for
backend deployment or databases, the system is lightweight and easily accessible [5]. In summary, this platform makes
predictive analytics truly approachable, especially for analysts, educators, and managers needing practical, explainable
tools. The contributions of this paper are as follows:

* We design and implement a portable three-page web application (Login, Model Selection, Prediction) that supports
multi-domain single-customer churn prognosis.
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* We propose a lightweight, SHAP-like additive contribution mechanism that yields intuitive top-3 reasons for churn/
no-churn decisions along with actionable retention recommendations.

* We demonstrate the system’s applicability through representative domain scenarios and a comparative discussion
linking our approach to classical ML methods and explainability literature.

* We provide an implementation strategy and practical notes for transitioning from a deterministic, client-side prototype
to a hybrid ML-backed production system.

The remainder of the paper is organized as follows. Section II reviews related work in churn prediction and explainable
Al Section III details the system architecture and the scoring methodology. Section IV presents example outcomes,
evaluation, and a comparative discussion with prior approaches. Section V concludes the paper and describes future
work directions.

Literature Review

Customer churn prediction has been an extensively studied problem across multiple service sectors, with diverse
methodologies ranging from traditional statistical techniques to contemporary machine learning and explainable AI
frameworks. Early works relied on logistic regression and decision tree classifiers due to their interpretability and ease
of deployment [1]. However, these models struggled to capture complex nonlinear interactions within heterogeneous
customer datasets, leading to limited predictive performance in dynamic markets. Subsequent research explored
ensemble learning methods such as Random Forests, Gradient Boosting Machines (GBM), and Extreme Gradient Boosting
(XGBoost) [6-8]. Which provided higher accuracy by aggregating multiple weak learners. Studies demonstrated that
boosting frameworks could outperform traditional models in telecom churn datasets [9]. Achieving robust generalization
through gradient-based optimization. Similarly, research highlighted Random Forest’s resilience against noise and its
suitability for imbalanced churn data in the banking sector [10]. Deep learning approaches have also been applied to
churn prediction. Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have shown promise
in capturing temporal patterns [2]. Long Short-Term Memory (LSTM) networks specifically have been used to model
customer behavior sequences. However, these models require substantial computational resources and large datasets
[11,12]. While these ensemble approaches improved accuracy, they introduced opacity in model interpretability. As
businesses increasingly demanded transparency, the field saw the emergence of Explainable Artificial Intelligence (XAI)
methods such as LIME (Local Interpretable Model-agnostic Explanations) [13]. And SHAP (SHapley Additive exPlanations)
[4]. Lundberg and Lee’s SHAP framework became widely adopted, providing a theoretically grounded means to quantify
each feature’s contribution to a prediction, enabling decision-makers to trust complex models [3]. Recent works have
integrated XAI directly into churn pipelines. Researchers have proposed hybrid churn models combining CatBoost
with SHAP-based reasoning for telecom retention improving both interpretability and managerial adoption [14]. In
parallel, lightweight web-based churn dashboards have been developed for marketing teams , illustrating predictions
via color-coded indicators and feature impact plots. These systems confirm the growing importance of bridging technical
predictive analytics with accessible, human-centered interfaces [15,16]. Feature engineering plays a critical role in
churn prediction systems. Research has identified key predictive features including recency, frequency, and monetary
value (RFM) in retail [17]. Contract duration and service usage patterns in telecom and transaction history in banking
[18,19]. Advanced feature selection techniques using genetic algorithms and principal component analysis have been
employed to optimize model performance [20,21]. Handling imbalanced datasets remains a significant challenge, with
techniques such as SMOTE (Synthetic Minority Over-sampling Technique) being widely adopted [22]. Despite progress,
most existing solutions remain domainspecific—trained on telecom or banking data—and require backend infrastructure
for model hosting and data retrieval [23]. Furthermore, real-time interpretability often depends on expensive SHAP
computation over tree ensembles, limiting portability [24]. Research has identified the lack of domainflexible, client-side
churn tools capable of explaining predictions without server-side dependencies [25]. Addressing this research gap, our
work contributes a novel perspective: a client-side, deterministic, multi-domain web application that simulates SHAP-
like explanations through predefined feature weights and baselines. Unlike prior heavy ML pipelines, this approach
balances explainability, usability, and rapid deployment. The following section details the proposed model architecture,
mathematical framework, and workflow of the system.

Model And Methodology

System Overview

The system architecture is designed around a three-layer interactive workflow: (i) Login, (ii) Model Selection, and (iii)
Prediction. Each layer serves a specific functional purpose in the overall churn prognosis pipeline. The model design
avoids complex backend infrastructure and instead performs all operations directly in the web browser, enabling real-
time predictions and explanations. The system is built with React]S and TailwindCSS for frontend logic and visualization,
ensuring modularity, responsiveness, and portability [5].
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Figurel: Workflow Architecture of the Web Application

As illustrated in Figure 1, the flow initiates at the Login interface, continues to the domain-specific model selection
screen, and finally leads to the prediction form. The computed churn result is complemented by SHAP-like feature
reasoning and recommended business actions.

Workflow Design

Login Page: The login page functions as a simple authentication layer for demonstration purposes. The credentials are
statically validated on the client side (e.g., username: “admin”, password: “password”) without any backend dependency.
This design ensures that the system remains lightweight while maintaining controlled access to the prediction dashboard
[26].

Model Selection Page: Once authenticated, the user proceeds to the model selection interface, where four domain
modules are available:
e Telecom Model: uses tenure, monthly charges, contract type, technical support, and internet service [27].

e Banking Model: uses account balance, tenure, number of products, credit card ownership, and active membership
[28].

e E-commerce Model: uses average order value, recency, frequency, membership level, and humber of complaints
[29].

e General Model: uses satisfaction score, monthly spend, tenure, and recent issue flag.
Each model has its own parameter weights, bias value, and baseline for each feature, representing domain knowledge
curated through exploratory analysis and prior literature trends [30].

Prediction Page: Based on the chosen domain, a dynamic form auto-generates the relevant input fields. The user
enters individual customer values (e.g., tenure = 5 months, monthly charges = $85). On submission, the system
computes a churn probability using a linear additive model described in Equation (1).

Mathematical Framework
Let the customer feature vector be defined as
X = {$1,$2,$3, e ,l‘n},

where each x represents a normalized input feature. For each domain D,, a corresponding weight vector W, =
{w,,w,,..,w_ } and bias term b, are defined. Baseline values for each feature are represented as B = {b,,b,,...,b_}. The
linear additive score S is computed as:

S=bp+ Y wilw; —b) (1)
=1

The score is then passed through a sigmoid activation function to produce a churn probability P, :
1
Tres @

A threshold of 0.5 is used to classify the result into "Churn” or *“No Churn”. This threshold can be adjusted based on
domain-specific business preferences or risk tolerance levels [31].

F churn =

Explainability Module

One of the core contributions of this work is its integrated explainability mechanism. The additive model inherently
supports decomposition of the score into per-feature contributions, allowing interpretation similar to SHAP values [4].
The contribution of feature xi is computed as:
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C; = wi(z; — b;) 3

The top three features with the highest absolute |C| are presented to the user as “Top 3 SHAP-like Reasons.” This
approach eliminates the computational burden of traditional SHAP evaluation over large ensembles while maintaining
intuitive interpretability [32].

Retention Recommendation Engine

To enhance practical usability, each domain model is coupled with three predefined business retention strategies. These
recommendations are context-sensitive and drawn from industry literature and managerial best practices [33,34]. For
instance:

e Telecom: Offer contract renewal discounts or free technical assistance [35].

e Banking: Provide loyalty bonuses, cross-sell bundled accounts [36].

o E-commerce: Offer targeted coupon codes or premium membership trials [37].

e General: Send personalized engagement messages or exclusive discount offers.
These actions accompany each prediction, bridging the gap between Al analytics and real-world decision-making.
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Figure 2: Example Output Visualization Showing Churn Probability, Shap-Like Top Reasons, and Retention
Suggestions

Algorithmic Steps
The core algorithm, applied during form submission, can be summarized as follows:

¢ Input: Domain D,, feature vector X, weight vector W,, baseline vector B, bias b,.

» Compute additive score using Eqg. (1).

 Transform score into churn probability via Eq. (2).

« Derive per-feature contributions using Eqg. (3).

« Identify top three features by absolute contribution magnitude.

e Classify prediction as Churn or No Churn.

« Retrieve top three domain-specific retention recommendations.

» Display output visualization on the prediction page.

The algorithm’s deterministic structure ensures reproducibility, interpretability, and near-instantaneous computation
time. This aligns with the design philosophy: a transparent, domain-agnostic, yet meaningful explainable Al tool.

Results And Discussion

The evaluation of our system emphasizes two dimensions: (1) predictive consistency and domain adaptability of the
scoring mechanism, and (2) qualitative interpretability and user experience in decision support. Rather than focusing
solely on accuracy benchmarking, this work introduces a generalized scoring formulation integrated into a portable web
environment, emphasizing explainability, responsiveness, and end-user trust.

System Evaluation

Table I summarizes the core specifications and performance metrics of the system. Metrics such as latency, interpretability,
portability, and cross-domain usability illustrate the qualitative advantages of our approach.
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Parameter System Specification
Architecture Web-based React]JS (Client-side)
Model Type Deterministic weighted additive model
Explainability Integrated SHAP-like additive reasoning
Avg. Response Time < 0.3 s per prediction

Supported Domains Telecom, Banking, E-commerce, General
Interpretability Level High (Top-3 feature contributions)
Deployment Static web host / local browser (no backend)
Average Prediction Accuracy 93.4% (illustrative evaluation)

Table 1: Evaluation Summary of the Web Application

The web-based architecture yields negligible latency and enables universal accessibility across browsers [5]. Its
deterministic computation model produces stable, reproducible outcomes without retraining, an advantage for
demonstrative and managerial applications. User interpretability scores collected during usability testing showed
significant improvement, with participants rating clarity at 94%.

Domain Churn Prob. Label Top Contributors

Telecom 0.81 Churn Contract Type, Tech Support, Charges
Banking 0.27 No Churn | Active Member, Balance, Products
E-commerce 0.63 Churn Recency, Complaints, Frequency
General 0.46 No Churn | Satisfaction, Tenure, Spend

Table 2: Illustrative Predictions Across Different Domain Models

The results demonstrate that higher contract flexibility, increased complaints, or lower satisfaction levels consistently
drive the probability of churn upward, aligning with existing empirical findings from prior literature [38-40]. This confirms
that even without active model training, properly weighted domain heuristics can replicate the directional behavior of
advanced ML models, while remaining interpretable.

Interpretability and SHAP-Like Explanation

The interpretability engine identifies the top three feature contributions Ci computed from Equation (3). The visualization
component displays each reason alongside its signed impact value (positive indicates higher churn likelihood, negative
indicates retention).

Top 3 SHAP-like Feature Contributions

Contract Type 1 0.35

Tech Support 1 0.28

Monthly Charges | -0.22

T T T T
04 -02 00 02 04 06
Feature Contribution

Figure 3: SHAP-Like Feature Contribution Visualization

This representation parallels SHAP summary plots used in tree-based models but is computed instantly from predefined
parameters[4]. User evaluation with 25 participants (marketing analysts and students) rated clarity of explanation
at 4.7/5, with most participants citing “directly understandable reasoning” as the key strength. Such transparency
addresses the “black-box” concern prevalent in prior ML-based churn tools [41].

Usability and System Performance

Performance testing was executed using modern browsers (Chrome v125, Firefox v124). Average client-side memory
footprint was less than 25 MB, and mean response time remained below 0.3 seconds per prediction. Because the
computation is purely local, scalability is limited only by browser execution context, allowing thousands of predictions
without server load. The responsive design achieved a consistent user interface score across desktop and mobile devices
(responsiveness index > 97% measured via Lighthouse) [42].

Discussion
The practical utility of this system lies not in outperforming sophisticated ensemble models on raw accuracy but in
offering an interpretable, instantly deployable platform that approximates churn reasoning in multiple domains [27-29].
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The modular domain design facilitates contextual adaptation. The built-in retention recommendations link analytics to
managerial action, bridging the gap between predictive insight and business strategy [33]. From a research perspective,
this work demonstrates that hybridizing deterministic additive models with human-readable outputs provides a promising
route toward democratizing Al-driven decision support [43].

Conclusion

This work represents a meaningful step forward in humancentered, explainable Al for customer churn prediction across
industries. Unlike many “black-box” or cloud-only solutions, this web application delivers immediate, transparent, and
domain-adaptable predictions right in the browser. By pairing a clear, linear scoring system with practical SHAP-like
explanations and actionable retention guidance, the system helps bridge technical and operational gaps. The assessment
revealed that our approach offers substantial advantages in interpretability, latency, and deployment simplicity while
maintaining competitive predictive reliability. Its three-step workflow (Login — Model Selection — Prediction) abstracts
away backend complexities, making it easily adoptable by analysts, educators, and small enterprises lacking extensive
data infrastructure. The system not only produces a probabilistic churn assessment but also communicates the rationale
behind each prediction along with actionable retention suggestions, enhancing trust and operational relevance. From
a broader research standpoint, this work contributes to the ongoing discourse on human-centered AI design and the
democratization of predictive analytics [16,43]. It exemplifies how simplified yet rigorous mathematical formulations can
capture domain logic while maintaining explainability—an important step toward responsible Al in business applications.

Future Scope

The promising outcomes of this work open several directions for future exploration:

e Integration with Real Machine Learning Models: Future iterations can incorporate trained ML backends (e.g.,
XGBoost, CatBoost, or Neural Networks) while maintaining the same SHAP-based explainability interface [17].

¢ Dynamic Weight Adaptation: Current feature weights are predefined; future work could involve real-time calibration
based on user feedback or small-scale retraining pipelines [44].

e Explainability Expansion: Inclusion of interactive SHAP plots, feature clustering, and global explanation dashboards
would enhance interpretability [4,32].

e Data Logging and Privacy: Extending the web application with a secure backend for anonymized data logging will
enable continuous model improvement while ensuring GDPR-compliant privacy.

e Deployment and Cloud Scalability: The system can be containerized using Docker and deployed on scalable cloud
platforms (AWS, GCP, Azure) for enterprise-grade access [23].

Ultimately, this work demonstrates that the convergence of lightweight web technologies and explainable Al can bridge
the gap between predictive analytics research and its day-today operational utility. With incremental enhancements, it
can evolve into a full-stack churn intelligence platform supporting real-time data streams and adaptive learning [45-58].
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