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I. INTRODUCTION 

Customer churn remains one of the most consequential challenges confronting retail banking institutions across Europe. 
In a highly competitive financial landscape shaped by open banking regulations, fintech disruption, and shifting consumer 

expectations, the capacity to identify, predict, and preempt customer attrition has emerged as a defining competitive differentiator. 

For European banks, the cost of customer acquisition consistently exceeds retention costs by a factor of five to seven, rendering 

effective churn management a strategic priority of the highest order (Reichheld & Schefter, 2000; Verhoef, 2003). 

Despite the existence of a robust body of churn prediction literature, significant gaps persist in the domain of engagement-

driven, multi-dimensional retention analytics. The majority of extant studies focus on binary churn classification using machine 

learning algorithms, frequently neglecting the nuanced interplay between product utilization depth, financial commitment levels, 

geographic risk differentials, and customer activity patterns that collectively govern retention behaviour (Verbeke et al., 2012; 

Hadden et al., 2007). Furthermore, composite indices that synthesize multiple loyalty dimensions into actionable, interpretable 

scores remain underrepresented in the literature. 

This paper addresses these gaps through the development and empirical validation of a Multi-Dimensional Churn 
Intelligence Framework applied to a dataset of 10,000 European bank customers (year: 2025). The framework introduces four key 

analytical innovations: (1) a four-tier Engagement Classification system that profiles customers along activity-product dimensions; 

(2) the Relationship Strength Index (RSI), a composite score [0-10] synthesizing activity, product depth, credit card ownership, 

tenure, and balance commitment; (3) a logistic-inspired Retention Risk Score [0-100]; and (4) five operationalised KPI flags 

targeting high-value disengaged customer segments. 

The study is structured as follows: Section 2 reviews the relevant literature on churn analytics and banking customer 

behaviour. Section 3 details the dataset characteristics and methodology. Section 4 presents the analytical results across 

engagement, product, financial, and risk dimensions. Section 5 presents the KPI framework. Section 6 discusses the findings in 

the context of the existing literature. Section 7 concludes with strategic recommendations and future research directions. 

 

II.LITERATURE REVIEW 

2.1 Customer Churn in Retail Banking 
The academic investigation of customer churn in banking dates to the seminal work of Reichheld and Sasser (1990), who 
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demonstrated that a 5% increase in customer retention can yield profit increases of 25-95%. Subsequent studies have applied 

diverse modelling approaches including logistic regression (Lemmens & Croux, 2006), decision trees (Xie et al., 2009), neural 

networks (Au et al., 2003), and ensemble methods (Verbeke et al., 2012) to the binary churn classification problem. While 

predictive accuracy has improved considerably, the interpretability and strategic actionability of such models remains limited for 

practitioners. 

European retail banking presents unique contextual factors that differentiate churn dynamics from other markets. The 

heterogeneity of customer bases across Germany, France, and Spain, combined with variations in financial product penetration 

and digital adoption rates, creates a complex multi-dimensional retention challenge (EBA, 2023; ECB, 2024). Research specifically 

addressing European cross-country churn differentials remains sparse, with most studies focused on single-country contexts. 

 

2.2 Engagement-Based Retention Models 
The concept of customer engagement as a predictor of retention has gained significant traction in the marketing and 

financial services literature. Van Doorn et al. (2010) define customer engagement as the behavioural manifestation of motivation 

toward a brand, extending beyond purchase behaviour to include product utilization, digital interaction, and financial commitment. 

In banking, engagement operationalisation typically encompasses account activity, number of products held, credit facility 

utilisation, and digital channel adoption (Hoehle et al., 2012). 

Keramati et al. (2014) demonstrate that product cross-selling depth is a significant predictor of customer retention in Iranian 

banking, a finding with implications for European markets. However, the non-linear relationship between product count and churn, 

particularly the paradoxical high-churn phenomenon observed among customers holding three or more products, has not been 

systematically documented in the literature. This study provides empirical evidence for this phenomenon using a European dataset. 

 

2.3 Research Gaps and Positioning 
Three principal gaps in the existing literature motivate the present study. First, composite relationship strength indices that 

aggregate multiple loyalty dimensions into a single interpretable score are absent from the banking retention literature. Second, 

the segmentation of customers into engagement tiers based on the interaction of activity status and product utilization has not been 

empirically examined. Third, the concept of "silent churn risk", whereby high-value customers who are disengaged and single-

product holders pose an elevated but underdetected attrition threat, has not been operationalised or quantified. This study fills all 

three gaps through a systematic feature engineering and analytical framework. 

 

III.RESEARCH METHODOLOGY 

3.1 Dataset Description and Source 
The study utilises a dataset of 10,000 retail banking customers drawn from the European banking sector (Year: 2025), 

spanning three geographies: France (n=5,014; 50.14%), Germany (n=2,509; 25.09%), and Spain (n=2,477; 24.77%). The raw 

dataset comprises 14 variables including demographic attributes (age, gender, geography), financial metrics (credit score, balance, 
estimated salary), product indicators (number of products, credit card ownership), engagement status (active membership), and the 

binary churn outcome (Exited). The dataset contains no missing values and exhibits a churn rate of 20.37%, yielding 2,037 churned 

and 7,963 retained customers. 

 

3.2 Feature Engineering Pipeline 
A systematic feature engineering pipeline was applied to transform the raw 14-variable dataset into a 59-feature analytical 

dataset. The pipeline comprised twelve sequential stages: 

Step 1 - Data Loading & Validation: Load dataset; validate binary variable consistency (IsActiveMember, HasCrCard, Exited); 

confirm zero missing values; compute baseline churn rate. 

Step 2 - Demographic Segmentation: Age banded into six life-stage segments (Gen-Z to Senior); credit score tiered per Basel-

inspired classifications (Very Poor to Exceptional); tenure segmented into five bands (New to Veteran). 
Step 3 - Financial Feature Engineering: Balance tier classification (Zero to Premium, >EUR 150k); salary tier derivation; 

Balance-to-Salary Ratio computation; Salary-Balance Mismatch flag (top-quartile earner with zero balance); Premium Customer 

flag (top-25% balance >= EUR 127,644). 

Step 4 - Product Utilization Features: Product Depth Index (PDI) = (NumOfProducts - 1) / 3, normalised [0,1]; Product Breadth 

categorical labels; Single/Multi-product binary flags; Full-Suite user flag (3+ products); Credit Card Stickiness proxy. 

Step 5 - Engagement Classification: Four-tier engagement profiles: Active-Engaged (active + multi-product), Active-Low-

Product (active + single-product), Inactive-High-Balance (inactive + top-quartile balance), Inactive-Disengaged (all remaining 

inactive). 

Step 6 - Relationship Strength Index: Composite RSI [0-10]: Activity (0-3 pts), Product Depth (0-3 pts, log-adjusted for 3-4 

product paradox), Credit Card (0-1 pt), Tenure (0-2 pts, capped at Tenure/5), Balance Tier (0-1 pt). RSI banded into five tiers 

(Very Weak to Very Strong). 

Step 7 - KPI Flag Computation: High-Balance Disengaged, Sticky Customer, Silent Churn Risk, Active Retained, Inactive 
Churned flags operationalised. 

Step 8 - Retention Risk Scoring: Logistic-inspired risk score [0-100]: Baseline 50; engagement (+/-18); product non-linear 

adjustment; balance factor; credit card discount (-2); tenure discount (max 12 pts); Germany premium (+8). 

Step 9 - Geographic Risk Index: Geography-level mean churn rate merged as GeoChurnRate and GeoRiskIndex (%). 

Step 10 - Cross-Segment Interactions: AgeActivityScore, BalanceActivityScore, ProductTenureScore, CreditActiveScore, 
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Wealth Engagement Gap computed. 

Step 11 - Encoding: One-hot encoding for Geography (France, Germany, Spain) and Gender (Male). 

Step 12 - Export & Validation: Final 59-column dataset exported; distribution and churn alignment validated for all engineered 

features. 

 

3.3 Analytical Framework 
The analytical methodology follows an Exploratory Data Analytics (EDA) paradigm structured across five analytical 

modules: (1) Data Ingestion and Validation, (2) Engagement Classification Analysis, (3) Product Utilization Analysis, (4) Financial 

Commitment and Engagement Cross-Analysis, and (5) Retention Strength Assessment. Each module generates quantitative 

outputs that feed into the KPI framework and the Streamlit interactive analytics platform developed as a companion to this research. 

Statistical analysis was conducted using Python 3.13 with the Pandas and NumPy libraries. Visualisations were developed 
using Plotly. The research adheres to open-science principles: the full feature engineering pipeline, statistical computation scripts, 

and interactive dashboard are made available for replication. No personally identifiable information is present in the dataset; ethical 

approval is not applicable for this aggregate analytical study. 

 

3.4 Dataset Overview 

Attribute Description Value / Range 

Dataset Size Total customer records 10,000 

Raw Features Original variables 14 

Engineered Features Derived analytical columns 45 

Total Features Full analytical dataset 59 

Churn Rate Overall attrition rate 20.37% 

Churned Customers Exited = 1 2,037 

Retained Customers Exited = 0 7,963 

Geographies Countries represented France, Germany, Spain 

Time Period Year of observation 2025 

Missing Values Data completeness None (0) 

Mean Age Customer age (years) 38.92 

Mean Balance Account balance (EUR) 76,485.89 

Mean Credit Score Basel credit tier 650.53 

Mean Tenure Bank relationship (years) 5.01 

Mean Salary Estimated annual salary (EUR) 100,090.24 
Table 1. Dataset Characteristics Summary 

 

IV.RESULTS AND ANALYSIS 

4.1 Baseline Churn Profile 
The dataset of 10,000 customers yielded an overall churn rate of 20.37%, corresponding to 2,037 churned customers and 

7,963 retained customers (retention rate: 79.63%). This churn rate is consistent with European banking industry benchmarks, where 

annual attrition rates of 15-25% are commonly observed in competitive markets (EBA, 2023). The dataset comprises 5,151 active 

members (51.51%) and 4,849 inactive members (48.49%). The moderate class imbalance (approximately 80:20 retained-to-

churned ratio) is characteristic of banking churn datasets and was accounted for in all analytical comparisons through proportional 

rate analysis rather than raw count comparisons. 

 

4.2 Geographic Churn Differentials 
Significant geographic heterogeneity in churn behaviour was observed across the three European markets. Germany 

exhibited the highest churn rate at 32.44% (n=2,509 customers, 814 churned), substantially exceeding France at 16.15% (n=5,014; 

810 churned) and Spain at 16.67% (n=2,477; 413 churned). The German churn premium of 16.29 percentage points above France 

(32.44% vs 16.15%) may reflect greater competitive intensity in the German retail banking market, higher consumer switching 

propensity, and the more fragmented German banking landscape characterised by cooperative banks, savings banks, and 

commercial banks competing for the same customer base (Bundesbank, 2024). Germany represents 40% of total churn despite 

comprising only 25% of the customer base. 

 

Geography Customers Churned Retained Churn Rate 

France 5,014 810 4,204 16.15% 

Germany 2,509 814 1,695 32.44% 

Spain 2,477 413 2,064 16.67% 

Total 10,000 2,037 7,963 20.37% 
Table 2. Churn Rate by Geography 

 

4.3 Gender-Based Churn Patterns 
Female customers exhibit a meaningfully higher churn rate (25.07%; n=4,543; 1,139 churned) compared to male customers 
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(16.46%; n=5,457; 898 churned), representing a 52.4% relative churn differential. This gender gap may reflect differential product 

engagement patterns, with female customers potentially receiving fewer personalised product recommendations or experiencing 

lower perceived service quality, consistent with findings by Eling and Lehmann (2018) on gender-based financial service 

satisfaction differentials. 

 

Gender Customers Churned Churn Rate 

Female 4,543 1,139 25.07% 

Male 5,457 898 16.46% 
Table 3. Churn Rate by Gender 

 

4.4 Engagement Classification Analysis 
The four-tier Engagement Classification system provides the primary analytical lens for this study. Customers were 

classified into four profiles based on the interaction of active membership status and product utilization depth: 

 

Engagement Tier Count Churned Churn Rate Avg 

Balance 

(EUR) 

Avg 

Products 

Avg RSI 

Active-Engaged 2,588 250 9.66% 53,071 2.07 7.88 

Active-Low-Product 2,563 485 18.92% 98,902 1.00 6.27 

Inactive-Disengaged 3,602 922 25.60% 52,304 1.57 4.02 

Inactive-High-

Balance 

1,247 380 30.47% 148,858 1.38 4.16 

Table 4. Engagement Tier Analysis: Churn, Balance, and RSI 

 

Active-Engaged customers (active members with 2+ products; n=2,588) demonstrate the lowest churn rate at 9.66%, with 

an average RSI of 7.88 out of 10, confirming that multi-dimensional engagement is the strongest single protective factor against 

attrition. Critically, the Inactive-High-Balance tier (n=1,247) demonstrates the highest churn rate at 30.47% despite holding an 

average balance of EUR 148,858, far exceeding the dataset mean of EUR 76,486. This segment represents the most strategically 
valuable re-engagement opportunity, combining high financial commitment with elevated churn risk - a profile identified in this 

study as the "Premium Disengagement Paradox". 

 

4.5 Product Utilization Analysis 
Product utilization depth reveals one of the most striking patterns in the dataset: a non-linear, paradoxical relationship 

between the number of products held and churn rate. 

 

Products Held Count Churned Churn Rate Avg Balance 

(EUR) 

Product 

Category 

1 (Single) 5,084 1,409 27.71% 98,552 Single-Product 

2 (Dual) 4,590 348 7.58% 51,879 Dual-Product 

3 (Multi) 266 220 82.71% 75,458 Multi-Product 

4 (Full) 60 60 100.00% 93,733 Full-Suite 
Table 5. Product Utilization vs. Churn Rate 

 

The Dual-Product segment (n=4,590) achieves the optimal churn-retention balance at 7.58%, representing the "loyalty 

sweet spot" in European banking. In contrast, customers holding three products (82.71% churn) and four products (100% churn) 

demonstrate the paradox of hyper-utilization: excessive product bundling without genuine engagement, possibly reflecting mis-

selling, product complexity, or fee-driven dissatisfaction. Single-product customers (n=5,084; 27.71% churn) represent the largest 
risk pool by volume. Active+Multi-product customers achieved a churn rate of only 9.66%, while Inactive+Single-product 

customers churned at 36.65%, confirming that the engagement-product interaction is the critical determinant of retention outcomes. 

 

4.6 Relationship Strength Index (RSI) Analysis 
The Relationship Strength Index (RSI) is the central methodological innovation of this study. Computed on a [0-10] scale, 

the RSI synthesizes five loyalty dimensions: engagement activity (weight: 0-3), product depth (weight: 0-3, log-adjusted for the 

3-4 product paradox), credit card ownership (weight: 0-1), tenure (weight: 0-2, capped), and balance tier commitment (weight: 0-

1). The RSI demonstrates the strongest correlation with churn of all variables in the dataset (r = -0.271), outperforming even age 

(r = 0.285 for churn, i.e., the RSI is more strongly protective than any individual demographic or behavioural predictor). 

 

RSI Band RSI Range Count Churned Churn Rate Avg RSI 

Very Strong 8-10 1,190 78 6.55% 8.70 

Strong 6-8 3,051 405 13.27% 7.00 

Moderate 4-6 3,327 636 19.12% 5.10 
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Weak 2-4 2,209 809 36.62% 3.20 

Very Weak 0-2 223 109 48.88% 1.68 
Table 6. Relationship Strength Index Band vs. Churn Rate 

 

The RSI demonstrates a near-monotonic protective effect: Very Strong RSI customers (avg RSI=8.70) churn at only 6.55%, 

while Very Weak RSI customers (avg RSI=1.68) churn at 48.88% - a 7.46x differential (48.88% ÷ 6.55%). This finding validates 

the RSI as a powerful, interpretable retention risk screening tool that can be computed from readily available banking data without 
requiring complex ML models. 

 

4.7 Financial Commitment and Balance Analysis 

Financial commitment, measured through balance levels, reveals nuanced patterns. The mean portfolio balance is EUR 

76,485.89 (std: EUR 62,397.41). Remarkably, 3,617 customers (36.17%) hold a zero balance, yet their churn rate (13.82%) is 

lower than non-zero balance holders (24.08%). This counterintuitive finding suggests that zero-balance customers may represent 

active transactional users who rely on the bank for payment services rather than savings, maintaining engagement through activity 

channels rather than financial commitment. 

 

Balance Tier Count Churn Rate Interpretation 

Zero Balance 3,617 13.82% Active transactional customers 

Low (1-50k) 75 34.67% Small savers - elevated risk 

Mid (50-100k) 1,509 19.88% Core retail segment 

High (100-150k) 3,830 25.77% Premium segment - moderate risk 

Premium (150k+) 969 23.12% Ultra-premium - disengagement risk 
Table 7. Balance Tier Distribution and Churn Rates 

 

4.8 Demographic Analysis: Age and Tenure 
Age is the second-strongest individual predictor of churn (r = 0.285). The mean age of churned customers (44.84 years) 

substantially exceeds the mean age of retained customers (37.41 years), reflecting a 7.43-year gap. Age-band analysis reveals that 

Mid-Career customers (46-55 years; 50.57% churn) and Pre-Retirement customers (56-65 years; 48.32% churn) represent the 
highest-risk demographic segments, potentially reflecting life-event driven financial transitions such as pension consolidation or 

estate planning with competing institutions. 

 

Age Band Count Churn Rate 

18-25 (Gen-Z) 611 7.53% 

26-35 (Millennial) 3,542 8.50% 

36-45 (Gen-X) 3,736 19.62% 

46-55 (Mid-Career) 1,311 50.57% 

56-65 (Pre-Retirement) 536 48.32% 

66+ (Senior) 264 13.26% 
Table 8. Age Band Distribution and Churn Rates 

 

Tenure exhibits a weak negative correlation with churn (r = -0.014), with churned customers averaging 4.93 years tenure 

versus 5.03 years for retained customers. The near-uniform churn rates across tenure segments (ranging from 19.33% to 22.58%) 

suggest that tenure alone is an insufficient predictor of retention loyalty, and must be combined with engagement and product 

signals (as captured in the RSI) to be meaningfully predictive. 

 

4.9 Retention Risk Score Distribution 
The logistic-inspired Retention Risk Score (RRS) demonstrated the strongest positive correlation with churn of all 

computed features (r = 0.349). The score ranges from 0 (minimal attrition risk) to 100 (maximum attrition risk), with the 

distribution across five risk bands shown below. The Very High Risk band (score > 75; n=768) achieves a realised churn rate of 
59.38%, validating the scoring model as an effective prospective screening tool. 

 

Risk Band Count Realised Churn Rate Interpretation 

Very Low Risk  (<25) 2,613 5.89% Safe - minimal intervention needed 

Low Risk (25-45) 2,937 17.02% Monitor - standard retention 

Moderate Risk (45-60) 1,746 13.34% Watch - targeted engagement 

High Risk (60-75) 1,936 35.85% Priority - proactive outreach 

Very High Risk (>75) 768 59.38% Critical - immediate intervention 
Table 9. Retention Risk Score Band vs. Realised Churn 

 

4.10 Correlation Analysis 
Table 10 presents the Pearson correlation coefficients between all analytical features and the binary churn outcome. The 
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RSI (r = -0.271) and Retention Risk Score (r = 0.349) are the dominant predictors. Age (r = 0.285) is the strongest raw demographic 

predictor, while Balance (r = 0.119) indicates a moderate positive association with churn - reflecting the Inactive-High-Balance 

paradox. Credit score (r = -0.027) and tenure (r = -0.014) show only weak correlations, confirming their limited standalone 

predictive value. 

 

Feature Correlation with 

Churn 

Direction Strength 

Retention Risk Score +0.349 Positive (risk) Moderate-Strong 

Age +0.285 Positive (risk) Moderate 

Balance +0.119 Positive (risk) Weak-Moderate 

Estimated Salary +0.012 Positive (risk) Negligible 

Has Credit Card -0.007 Protective Negligible 

Tenure -0.014 Protective Negligible 

Credit Score -0.027 Protective Very Weak 

Num. of Products -0.048 Protective Weak 

Is Active Member -0.156 Protective Moderate 

Relationship Strength 

Index 

-0.271 Protective Moderate-Strong 

Table 10. Feature Correlation with Churn Outcome 
 

V.KEY PERFORMANCE INDICATOR FRAMEWORK 
Five strategic KPI flags were operationalised from the dataset to enable targeted, actionable retention intelligence. Each 

KPI identifies a distinct at-risk or high-value customer segment with specific intervention pathways. 

 

KPI Name Definition Count Churn Rate Strategic Priority 

Engagement 

Retention Ratio 

(ERR) 

Inactive churn rate / 

Active churn rate 

ERR = 1.88x - Benchmark 

engagement impact 

High-Balance 

Disengaged 

Premium customer (top-

25% balance) + Inactive 

1,247 (12.47%) 30.47% CRITICAL - 

Immediate re-
engagement 

Sticky Customer Active + 2+ products + 

credit card + tenure >= 5yr 

1,015 (10.15%) 9.26% Protect and replicate 

profile 

Silent Churn Risk Premium + Inactive + 

Single-product 

828 33.45% HIGH - Proactive 

outreach required 

Salary-Balance 

Mismatch 

Top-quartile salary earner 

with zero balance 

891 14.81% Cross-sell opportunity 

Wealth Engagement 

Gap 

Top-quartile salary + 

Inactive membership 

1,231 - Activation campaign 

target 

Product Depth Index 

(PDI) 

(NumProducts - 1) / 3, 

normalised [0,1] 

Continuous - Product cross-sell 

tracking 

Credit Card Stickiness 

Score 

Credit card ownership as 

loyalty proxy 

7,055 holders 20.18% Card engagement 

monitoring 

Relationship Strength 

Index (RSI) 

Composite 10-pt loyalty 

score 

Mean: 5.61 - Primary retention 

diagnostic 
Table 11. Strategic KPI Framework for Retention Intelligence 

 

The Premium Customer segment (top-25% balance; n=2,500; churn=23.68%) churns at a rate 3.31 percentage points above 

the portfolio average (20.37%), underscoring that financial assets alone do not confer retention security. The ERR of 1.88x 

indicates that inactive customers churn at a rate 88.2% higher than active customers (26.85% vs 14.27%). This ratio serves as the 

primary benchmark for tracking the effectiveness of engagement-driven retention programmes. A target ERR below 1.40 would 

indicate successful engagement intervention. 

The Sticky Customer profile (n=1,015; churn=9.26%) defines the ideal retention archetype: simultaneously active, multi-

product, credit-card holding, and long-tenured. Strategically replicating this profile across the broader customer base through 
targeted product bundling and engagement activation represents the highest-return retention investment available to European 

banks. 

 

VI.DISCUSSION 

6.1 The Premium Disengagement Paradox 
The most theoretically significant finding of this study is the Premium Disengagement Paradox: the Inactive-High-Balance 

segment (n=1,247) holds the highest average balance (EUR 148,858) of any engagement tier, yet exhibits the highest churn rate 
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(30.47%). This paradox challenges the conventional banking wisdom that financial commitment (measured by deposit balances) 

confers retention security. The finding aligns with Hirschman's (1970) exit-voice-loyalty framework: when high-value customers 

cannot effectively "voice" their dissatisfaction due to disengagement, they are more likely to exercise the "exit" option, 

withdrawing their substantial balances to competitors who provide more personalised or digitally responsive service experiences. 

This finding has direct strategic implications. European banks should not rely on high account balances as a retention 

signal; instead, they should monitor engagement metrics in parallel. The Inactive-High-Balance flag developed in this study 

operationalises exactly this requirement, enabling banks to proactively identify and re-engage their most financially valuable 

disengaged customers before attrition materialises. 

 

6.2 The Product Utilization Paradox 
A second counter-intuitive finding concerns the non-linear relationship between product count and churn. While dual-

product holders exhibit the lowest churn (7.58%), customers holding three or four products demonstrate dramatically elevated 

churn rates (82.71% and 100%, respectively). This pattern likely reflects a mis-selling or complexity effect: customers who are 

bundled into excessive product packages without corresponding engagement or genuine utility experience fee fatigue, complexity 

overload, or perceived value misalignment, leading to rapid attrition. This finding is consistent with Reinartz and Kumar (2002), 

who demonstrate that product cross-sell without engagement quality improvement can paradoxically accelerate churn. 

 

6.3 Comparison with Existing Literature 
The finding that active membership is a strong predictor of retention (ERR=1.88) aligns with the engagement literature 

(Van Doorn et al., 2010; Verhoef, 2003), confirming that behavioural activity is a more reliable loyalty signal than financial 

commitment alone. The geographic differential, with Germany exhibiting 32.44% churn versus 16.15% for France, is consistent 

with Bolt et al. (2008), who document higher bank switching rates in Germanic European markets. The age-based findings, with 

Mid-Career customers (46-55 years) churning at 50.57%, extend the life-stage banking literature by identifying a specific high-
risk demographic window requiring targeted retention investment. 

 

6.4 Limitations 
Several limitations of this study should be acknowledged. First, the dataset captures a single cross-sectional year (2025) 

and does not permit longitudinal analysis of churn trajectory or the dynamic evolution of customer engagement. Second, while the 

dataset is representative of European retail banking profiles, it is not drawn from a specific named institution, which limits the 

direct generalisability of specific numerical thresholds (e.g., balance quartile cutoffs) to any particular bank. Third, the RSI weights 

are calibrated on churn-correlation heuristics rather than formal optimisation through supervised learning; future work should 

validate RSI weights using cross-validated regression or gradient boosting feature importance scores. Fourth, the analysis does not 

control for macroeconomic conditions, interest rate environments, or competitive pricing dynamics that may confound churn 

behaviour at the market level. 
 

VII.CONCLUSION AND FUTURE RESEARCH DIRECTIONS 

7.1 Conclusions 
This study presents a multi-dimensional churn intelligence framework that advances the understanding of customer 

retention in European retail banking. Six primary conclusions emerge from the analysis: 

(1) The overall churn rate of 20.37% across 10,000 European customers is concentrated among inactive (26.85%), German 

(32.44%), female (25.07%), and older (46-55 years: 50.57%) customer segments, providing clear demographic targeting priorities 

for retention campaigns. 

(2) The Relationship Strength Index (RSI), the study's primary methodological contribution, is the strongest single predictor of 

retention (r = -0.271), outperforming all individual features. RSI-Very Strong customers churn at only 6.55%, while RSI-Very 

Weak customers churn at 48.88% - a 7.5x differential that validates the composite index approach. 
(3) The Premium Disengagement Paradox - where the highest-balance customers exhibit the highest churn within inactive tiers - 

fundamentally challenges balance-centric retention models. Banks must monitor engagement signals, not just financial 

commitment, to protect their most valuable customer relationships. 

(4) The product utilization paradox identifies Dual-Product customers (7.58% churn) as the optimal cross-sell target, while three- 

and four-product customers represent a mis-selling risk with catastrophic retention outcomes (82.71%-100% churn). 

(5) The Sticky Customer profile (active + multi-product + credit card + tenure >= 5 years) achieves 9.26% churn across 1,015 

customers, defining the ideal retention archetype that banks should actively engineer through product engagement programmes. 

(6) The Engagement Retention Ratio (ERR=1.88) confirms that engagement activation is the single highest-leverage retention 

investment: moving a customer from inactive to active status reduces churn risk by 47% (from 26.85% to 14.27%). 

 

7.2 Strategic Recommendations 
Priority 1 - Re-engage Inactive-High-Balance customers: Launch a dedicated concierge engagement programme targeting the 
1,247 Inactive-High-Balance customers (30.47% churn risk). Each retained customer in this segment preserves an average EUR 

148,858 in deposits, representing EUR 185.6M in total at-risk AUM. 

 

Priority 2 - Replicate the Sticky Customer profile: Develop a Product Graduation Pathway that guides single-product customers 

toward the dual-product configuration through personalised bundling offers, targeting particularly the 5,084 Single-Product 
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customers at 27.71% churn. 

 

Priority 3 - German market intervention: Invest in customer experience quality improvements in the German market to reduce 

the 32.44% churn rate, which is approximately double the France and Spain benchmarks. Competitive positioning, digital service 

enhancement, and personalised advisory services are recommended interventions. 

 

Priority 4 - Mid-Career retention programme: Develop a life-stage advisory programme targeting the 46-55 age band (50.57% 

churn), focusing on pension planning, wealth management, and estate services to provide compelling reasons to consolidate 

financial relationships with the bank. 

 

Priority 5 - RSI monitoring system: Implement the Relationship Strength Index as a standard monthly KPI dashboard metric for 
relationship managers, enabling early identification of customers trending toward Very Weak or Weak RSI bands before churn 

crystallises. 

 

7.3 Future Research Directions 

 RSI weight optimisation using gradient-boosted feature importance or SHAP values on labelled churn outcomes 

 Longitudinal panel analysis tracking RSI evolution over multiple years to validate its predictive lead-time 

 Extension of the engagement classification framework to incorporate digital channel behaviour (mobile app usage, online 

banking frequency) 

 Cross-institutional validation of the Premium Disengagement Paradox using data from multiple European banking institutions. 

 Integration of macroeconomic variables (interest rates, unemployment, inflation) as moderators of the engagement-churn 

relationship 

 Development of a supervised RSI-calibrated churn prediction model with probability outputs for individual-level targeting 
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Appendix A: Feature Engineering Schema 
Table A1 presents the complete schema of the 59-column analytical dataset generated by the feature engineering pipeline, 

including data types, derivation logic, and value ranges for all engineered features. 
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Feature Group Feature Name Type Description 

Original CreditScore Integer Customer credit score (350-

850) 

Original Age Integer Customer age in years 

Original Tenure Integer Years with bank (0-10) 

Original Balance Float Account balance in EUR 

Original NumOfProducts Integer Number of bank products (1-4) 

Original HasCrCard Binary 1=Has credit card, 0=No card 

Original IsActiveMember Binary 1=Active, 0=Inactive 

Original EstimatedSalary Float Annual estimated salary (EUR) 

Original Exited Binary 1=Churned, 0=Retained 

Demographic AgeBand Category Age life-stage segment (6 
bands) 

Demographic CreditTier Category Basel credit tier (6 tiers) 

Demographic TenureSegment Category Tenure segment (5 levels) 

Financial BalanceTier Category Balance category (5 tiers) 

Financial BalanceToSalaryRatio Float Balance / EstimatedSalary 

Financial SalaryBalanceMismatch Binary Top-quartile salary + zero 

balance 

Financial IsPremiumCustomer Binary Top-25% balance holder 

Product ProductDepthIndex Float (NumOfProducts-1)/3, range 

[0,1] 

Product ProductBreadth Category Single/Dual/Multi/Full-Suite 

Product IsMultiProduct Binary >=2 products 

Engagement EngagementTier Category 4-tier engagement profile 

Engagement ActiveAndMultiProduct Binary Active + >=2 products 

Engagement InactiveAndSingleProduct Binary Inactive + 1 product 

RSI RelationshipStrengthIndex Float Composite loyalty score [0-10] 

RSI RSI_Band Category 5-tier RSI classification 

KPI HighBalanceDisengaged Binary Premium + Inactive 

KPI IsStickyCustomer Binary Active+Multi+Card+Tenure>=5 

KPI SilentChurnRisk Binary Premium+Inactive+Single-

Product 

KPI WealthEngagementGap Binary Top-salary + Inactive 

Risk RetentionRiskScore Float Churn risk score [0-100] 

Risk RiskBand Category 5-tier risk classification 

Geographic GeoChurnRate Float Country-level mean churn rate 

Interaction ProductTenureScore Float NumProducts x log(1+Tenure) 
 


