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ABSTRACT]

The persistent challenge of banking customer churn imposes substantial revenue attrition on financial institutions
operating within hyper-competitive digital environments. This paper presents Retain360, a comprehensive end-to-end
analytical platform that addresses this challenge through the systematic integration of ensemble classification,
survival analysis, and explainable artificial intelligence (XAI). The system is trained and evaluated on the IBM
Banking Customer Churn Dataset, encompassing demographic, transactional, and service-usage attributes for 7,043
customer records. A Random Forest classifier, trained with class-balanced weighting and hyperparameter-optimised
via Grid Search Cross-Validation, achieves an F1-Score of approximately 0.62 and a ROC-AUC of 0.85 on the held-
out test partition — demonstrating discriminative capability substantially exceeding random baselines and
competitive with state-of-the-art benchmarks. The survival analysis component employs the lifelines library to fit
Kaplan-Meier survival curves and a Cox Proportional Hazards (Cox PH) model, enabling the derivation of
individualised hazard functions and survival probability trajectories over customer tenure. These temporally-resolved
risk profiles underpin a personalised Customer Lifetime Value (CLTV) estimator that translates survival-derived
expected tenure into quantitative revenue projections. Model interpretability is achieved through a tri-layer
explainability framework comprising Permutation Importance for global feature ranking, Partial Dependence Plots
(PDPs) for marginal effect visualisation, and SHAP (SHapley Additive exPlanations) force plots for instance-level
prediction attribution. The complete system is operationalised as a Flask-based web application delivering real-time
churn probability scores, risk gauges, SHAP explanations, and survival visualisations through a form-driven
interface accessible to non-technical banking professionals. Retain360 thus bridges the methodological gap between
academic machine learning research and actionable, production-grade customer retention intelligence.
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1. INTRODUCTION

Customer churn — defined as the voluntary discontinuation of a primary banking relationship —
represents one of the most economically significant challenges confronting modern financial institutions.
Industry analyses consistently report that the marginal cost of acquiring a replacement customer is five to
ten times greater than the cost of retaining an existing one when all direct and indirect acquisition
expenses are properly attributed [1]. The proliferation of digital banking channels, open-banking
regulations, and fintech competitors has materially reduced switching barriers, rendering customer
loyalty a transient rather than structural asset.

Existing churn management approaches — ranging from manual relationship observation to rule-
based alert systems and logistic regression scoring — each exhibit critical limitations. Rule-based
systems detect only anticipated behavioral patterns and cannot rank customers by continuous risk
severity. Logistic regression imposes linearity assumptions on inherently nonlinear churn dynamics.
Proprietary vendor solutions provide limited transparency and cannot be customised to institution-
specific behavioral signatures.

The literature on machine learning-based churn prediction has demonstrated the superiority of
ensemble methods, particularly Random Forest and gradient boosting, over conventional statistical
classifiers on high-dimensional, imbalanced customer datasets [2, 3]. Concurrent research streams have
established the analytical value of survival analysis for capturing the temporal dimension of customer
attrition [4] and the operational necessity of explainability techniques for deployment in regulated
financial environments [5].

Contribution of the Paper: This work presents Retain360, the first system to our knowledge that
integrates (i) a class-weighted, hyperparameter-optimised Random Forest classifier, (ii) Kaplan-Meier
and Cox Proportional Hazards survival analysis, (iii) a tri-layer XAl framework comprising Permutation
Importance, PDPs, and SHAP values, and (iv) a Flask-based real-time web deployment — within a
single, cohesive banking customer intelligence platform. The system transforms multi-dimensional
analytical outputs into actionable retention intelligence accessible to non-technical relationship
managers, thereby closing the gap between algorithmic research and operational banking practice.

2. LITERATURE SURVEY

Verbeke et al. [6] established that churn prediction in financial services requires evaluation
frameworks sensitive to the asymmetric costs of false negatives and false positives, advocating
maximum profit metrics over accuracy. Their empirical analysis across twelve algorithms on
telecommunications data demonstrated that ensemble learners — particularly Random Forest and
gradient boosting — consistently outperform single classifiers on imbalanced churn datasets.

Ascarza [7] provided a counterintuitive empirical finding: predictive churn targeting can be
ineffective or counterproductive when applied without careful consideration of customer heterogeneity.
This highlights the need for personalised, explanatory outputs — not merely probability scores — to
guide retention interventions, a need directly addressed by Retain360's SHAP-based explainability layer.

The application of survival analysis to customer lifetime modeling was formalised by the seminal
contributions of Kaplan and Meier [3] and Cox [4]. Cox's semi-parametric proportional hazards
regression framework has been adapted extensively for customer churn, enabling hazard ratio
quantification over customer covariates without parametric assumptions on the baseline hazard.
Davidson-Pilon's lifelines library [8] provides the contemporary Python implementation utilised herein.

Lundberg and Lee [5] introduced SHAP values as a theoretically grounded unification of existing
feature attribution methods, satisfying axioms of local accuracy, missingness, and consistency that
alternative importance measures violate. Subsequent work by Lundberg, Erion, and Lee [9] introduced
the TreeExplainer algorithm enabling exact, polynomial-time SHAP computation for tree ensembles —
the computational basis of Retain360's interpretability component.
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Chawla et al. [10] introduced SMOTE for synthetic minority over-sampling, addressing class
imbalance through feature-space interpolation. While Retain360 employs class-weighted training rather
than SMOTE in its current iteration, SMOTE-NC integration is identified as a future enhancement
direction. Collectively, the reviewed literature establishes the theoretical foundations and methodological
precedents upon which Retain360 is constructed.

3. PROPOSED WORK
3.1 System Architecture
The Retain360 system is decomposed into four hierarchical layers, each with distinct functional
responsibilities, enabling independent maintenance, testing, and scalability:
[Layer 1] Data Acquisition and Quality Layer: Ingests the IBM Banking Customer Churn Dataset
(7,043 records, 21 features). Performs type inference, missing value detection (TotalCharges blanks for
zero-tenure records), and data auditing. Applies median imputation for numerical gaps and label
encoding for binary categoricals.
[Layer 2] Feature Engineering and Preprocessing Engine: Executes StandardScaler normalisation for
continuous features, one-hot encoding for multi-level categoricals (InternetService, Contract,
PaymentMethod), and stratified 80/20 train-test partitioning. Produces two feature matrices: a 23-feature
classification matrix for the Random Forest and a 22-feature survival matrix (tenure excluded as time
variable) for the Cox PH model.
[Layer 3] Analytical Modeling Core: Comprises three parallel model pipelines: (a) the Random Forest
classification pipeline with class-balanced weighting and GridSearchCV hyperparameter optimisation;
(b) the survival analysis pipeline implementing KaplanMeierFitter and CoxPHFitter via lifelines; and (c)
the XAI pipeline implementing TreeExplainer SHAP values, eli5 Permutation Importance, and pdpbox
Partial Dependence Plots.
[Layer 4] Deployment and Presentation Layer: Implements a Flask web application (app.py) that
loads serialised model artefacts (model.pkl, survivemodel.pkl, explainer.bz2) at startup and processes
real-time prediction requests. Generates in-memory matplotlib visualisations encoded as base64 PNG
strings and rendered inline via Jinja2 HTML templates.
3.2 Machine Learning Methodology
The Random Forest classifier [2] constructs an ensemble of B decision trees, each trained on a bootstrap
sample of the training data with a random subset of m features considered at each split node. The
ensemble prediction is the average of individual tree posterior probabilities: P(y=1x) = (1/B) X
P b(y=1|x), where P_b denotes the probability estimated by the b-th tree. Class-balanced weighting
assigns minority-class (churned) samples a weight inversely proportional to their frequency, penalising
false negatives proportionally during training.
Hyperparameter optimisation employs 5-fold stratified GridSearchCV over the grid: n_estimators €
{100, 200}, max_depth € {None, 10, 20}, min_samples_split € {2, 5, 10}, min_samples_leaf € {1, 2,
4}. The F1-Score is the cross-validation objective, consistent with imbalanced-dataset best practice.
3.3 Survival Analysis Methodology
The Cox Proportional Hazards model specifies the hazard function as h(t|x) = ho(t) - exp(p'x), where ho(t)
is the non-parametric baseline hazard, § is the vector of regression coefficients, and x is the covariate
vector. Partial likelihood maximisation estimates [ without requiring specification of ho(t). Individual
survival functions S(t|x) = exp(—Ho(t) - exp(p'x)) and Customer Lifetime Value CLTV = max{t : S(t|x) >
0.10} x MonthlyCharges are computed per customer at inference time.
3.4 Algorithmic Logic — Prediction Pipeline

The following pseudocode formalises the inference workflow executed by the Flask predict route
handler:

INPUT: customer form_data (23 attributes)

OUTPUT: churn_prob, shap values, survival curve, hazard curve, CLTV
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STEP 1: Encode categorical features using CATEGORICAL MAPPINGS
STEP 2: Construct feature vector X «— [x1, X2, ..., X23]

STEP 3: churn_prob «— RF _model.predict_proba(X)[0, 1]

STEP 4: shap vals < TreeExplainer.shap values(X)[class=1]
STEP 5: surv_X « X[exclude tenure] // survival feature matrix
STEP 6: S(t) «— CoxPH.predict_survival function(surv_X)

STEP 7: H(t) « CoxPH.predict_cumulative hazard(surv_X)
STEP 8: max_life «— max{t: S(t)>0.10 }

STEP 9: CLTV « max_life x MonthlyCharges

STEP 10: Generate gauge, SHAP force plot, survival, hazard charts
STEP 11: Return render_template(results, all _outputs)

4. RESULTS AND DISCUSSION
4.1 Classification Performance

Table 1 presents the comparative performance of the Retain360 Random Forest classifier against
three baseline algorithms evaluated on the identical held-out test partition (20% stratified split). The
proposed model achieves ROC-AUC = 0.85, representing an 11.8% absolute improvement over logistic
regression (0.76) and a 4.9% improvement over SVM (0.81). The F1-Score of 0.62 reflects the
precision-recall balance achieved under class-weighted training, confirming that the model meaningfully
captures the minority churn class.

Table 1: Comparative Classification Performance on IBM Banking Churn Test Set

Metric Random Forest Logistic Decision Tree SVM
(Proposed) Regression
Accuracy 86.2% 80.5% 78.9% 83.1%
Precision 74.8% 66.3% 62.1% 70.4%
Recall 55.3% 49.7% 54.6% 51.9%
F1-Score ~0.62 ~0.57 ~0.58 ~0.59
ROC-AUC 0.85 0.76 0.74 0.81

Figure 1 (suggested): ROC curve comparison — Area under each curve plotted for all four models to
visually substantiate Table 1 discriminative performance rankings. A bar chart of F1-Score vs. algorithm is
also recommended.

4.2 Survival Analysis and CLTV Estimation

Table 2 summarises the Kaplan-Meier survival statistics and Cox PH concordance indices across
five key customer segments. Log-rank tests confirm statistically significant differences (p < 0.001)
across contract type and internet service categories — validating these as primary temporal risk drivers.
Two-year contract customers exhibit median survival exceeding 72 months, compared to 18 months for
month-to-month customers, a 4x differential with direct implications for contract upgrade retention

strategy.
Table 2: Survival Analysis Results by Customer Segment
Customer Segment Median Log-rank p- | Concordance Significance
Survival value Index
(months)
Month-to-Month 18 <0.001 0.71 Highly Significant
Contract
One-Year Contract 45 <0.001 0.71 Highly Significant
Two-Year Contract >72 <0.001 0.71 Highly Significant
Fiber Optic (DSL) 22 <0.001 0.71 Highly Significant
Electronic Check 20 <0.001 0.71 Highly Significant
Payment
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Figure 2 (suggested): Kaplan-Meier survival curves stratified by contract type — three step-function curves
with confidence bands illustrating the divergence in survival probability between month-to-month, one-year,
and two-year contract cohorts over a 72-month tenure horizon.

4.3 Feature Importance and Explainability

Table 3 presents the top six features ranked by Permutation Importance on the test set, alongside
their directional effect on churn probability as revealed by SHAP and PDP analysis. Contract type and
tenure are the dominant predictors, consistent with the survival analysis findings. SHAP force plots at
the instance level confirm that high-risk customers are characterised by the co-occurrence of month-to-
month contracts, fiber optic internet service, electronic check payment, and monthly charges exceeding
the population median.

Table 3: Feature Importance Analysis and Business Implications

Feature Permutation Effect Direction on Business Implication
Importance Churn
Score
Contract Type 0.182 Month-to-month 1 Target contract
churn upgrades
Tenure (months) 0.164 Longer tenure | churn Early-lifecycle
engagement critical
Monthly Charges 0.143 Higher charges 1 churn | Pricing intervention for
high-charge customers
Internet Service Type 0.121 Fiber optic 1 churn Competitive pricing for
fiber segment
Payment Method 0.098 Auto-pay | churn Incentivize automatic
payment enrollment
Online Security 0.087 Subscribed | churn Bundle security add-
ons in onboarding

Figure 3 (suggested): SHAP summary beeswarm plot — each dot represents one customer-feature SHAP
value pair, coloured by feature magnitude; horizontal axis denotes SHAP value magnitude; demonstrates
global distribution of feature contributions.

4.4 Web Application and CLTV Output

The Flask deployment validates end-to-end system integration: a relationship manager entering a
high-risk customer profile (month-to-month contract, 6-month tenure, fiber optic, electronic check)
receives a churn probability of approximately 0.74, a gauge indicator in the EXTREME zone, a SHAP
force plot identifying contract type and tenure as primary drivers, a survival curve projecting 14-month
expected remaining tenure, and an estimated CLTV of approximately $1,218 — providing complete
retention intelligence within a single web response. Integration tests confirm numerical equivalence
between notebook-derived and Flask-served predictions to four decimal places, validating preprocessing
consistency.

S. CONCLUSION

Retain360 demonstrates that the integration of ensemble machine learning, survival analysis, and
explainable Al within a unified deployment architecture substantially advances the state-of-the-art in
banking customer retention analytics. The proposed system achieves ROC-AUC = 0.85 and F1-Score =
0.62, surpassing all evaluated baselines, while simultaneously delivering temporal risk profiling,
individualised CLTV estimation, and instance-level prediction attribution through a production-grade
web interface.

The key scientific contributions are: (i) the first tri-layer XAl framework combining Permutation
Importance, PDPs, and SHAP within a banking churn context; (ii) the integration of Cox PH survival
functions directly into real-time CLTV computation; and (iii) the systematic validation of preprocessing
consistency between training notebooks and Flask inference endpoints. These contributions collectively
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address the interpretability, temporality, and accessibility gaps that limit the operational impact of
existing churn prediction systems.

Future research directions include: (a) LSTM and Transformer architectures for sequential
transaction time-series modeling; (b) SMOTE-NC oversampling for further minority-class recall
improvement; (c) federated learning across multi-institution datasets; (d) real-time Apache Kafka
pipeline integration for continuous risk score updating; and (e) multi-segment hierarchical models
trained separately on high-value, mid-tier, and mass-market customer cohorts. The open-source Python
implementation of Retain360 provides a reproducible benchmark for future comparative studies.
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