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ABSTRACT : In a customer-focused financial world, predicting Customer Lifetime Value (CLV) has become 

crucial for gaining an edge in retail banking. Traditional CLV models rely on simple rules or basic machine 

learning. These methods often miss the complex relationship between customer behavior and long-term profit. 

This study introduces a new hybrid modeling approach that combines deep learning (DL) techniques with 

behavioral segmentation to improve the accuracy, context awareness, and practical use of CLV predictions. By 

incorporating meaningful customer segments into an LSTM-based time model, we examine whether 

segmentation-informed AI performs better than traditional methods. The study uses real-world anonymized 

banking data, assesses models with both statistical and business metrics, and looks at the effects on strategic 

choices for customer retention, acquisition, and personalized marketing. The results indicate that deep learning 

models enhanced with behavioral clustering provide better prediction performance, greater clarity, and useful 

insights for CRM teams. This marks a significant step forward in AI-led customer intelligence. 

 

I. INTRODUCTION 

1.1 Background of the Study 

Customer Lifetime Value (CLV) has become a key metric in retail banking. It shows the expected net profit a 

bank can gain from a customer throughout their relationship (Gupta & Lehmann, 2006). With increased customer 

turnover, regulatory scrutiny, and pressure on profit margins, banks are investing more in tools that support 

customer-focused decision-making. They use CLV as a guiding metric for resource allocation, campaign 

targeting, and retention strategies.  Traditional models, like Recency-Frequency-Monetary (RFM) analysis or 

survival-based estimations such as Pareto/NBD, provide a starting point. However, they often struggle with the 

changing, non-linear behavior of today's banking customers. For example, sudden increases in digital engagement, 

unstructured text in complaints, and behaviors across multiple channels are not captured well by these 

conventional methods (Rosset et al., 2003; Kumar et al., 2008).  

In response, the field has moved towards deep learning (DL) methods, which can model time-based relationships 

and complex data (Zhang et al., 2021). Yet, even the best models often miss important context. They might fail to 

see that not all frequent users are high-value customers, and some seemingly inactive users could be part of groups 

with a high chance of staying if prompted correctly. This study tackles that gap by incorporating behavioral 

segmentation. This approach is based on consumer psychology and behavioral economics, and it aims to give the 

model a better understanding of the variability in customer behavior. 

1.2 Statement of the Problem 

Despite technological progress, current CLV models in retail banking have clear limitations. They often function 

as black-box deep learning systems, which are hard to interpret, or as strict rule-based algorithms, which do not 

adapt well. The failure to merge behavioral details with high-performance prediction methods leads to poor 

forecasts and lost chances for intervention. Moreover, existing models seldom recognize differences among 

segments; they treat customers as uniform data points instead of viewing them as part of different behavioral 

groups. This oversight hinders strategic uses, especially in personalized marketing, retention planning, and 

recommending financial products. Thus, the research problem is: How can we improve CLV prediction in retail 

banking by combining deep learning with behavioral segmentation to ensure both accurate predictions and 

practical application? 

1.3 Objectives of the Study 

The primary objective of this study is to develop and evaluate a hybrid CLV prediction framework that integrates 

deep learning models with behaviorally-informed segmentation techniques. Specific objectives include: 

• To investigate the limitations of traditional and pure deep learning-based CLV models. 

• To design a behavioral segmentation methodology grounded in data science and psychological theory. 

http://www.ajhssr.com/
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• To implement and train a deep learning model (e.g., LSTM) using segmented behavioral features. 

• To compare the predictive performance and interpretability of the hybrid model against baseline 

approaches. 

• To evaluate the business implications of the model for CRM, retention, and personalized banking 

strategies. 

1.4 Research Questions 

The research is driven by the following central and subsidiary questions: 

• RQ1: Can behavioral segmentation significantly enhance the predictive accuracy of CLV models when 

integrated with deep learning techniques? 

• RQ2: Which deep learning architecture is most effective in modeling CLV within the segmented 

framework? 

• RQ3: How do customers in different behavioral clusters differ in their CLV trajectories? 

• RQ4: What is the strategic value of behavioral-DL models for CRM interventions in retail banking? 

1.5 Research Hypotheses 

In response to the above questions, the following hypotheses are proposed: 

• H1: Integrating behavioral segmentation into deep learning models yields significantly higher CLV 

prediction accuracy compared to models using transactional data alone. 

• H2: LSTM-based models will outperform non-temporal deep learning architectures (e.g., MLP) in CLV 

forecasting. 

• H3: Behavioral clusters are statistically significant predictors of long-term CLV, independent of 

transactional volume alone. 

• H4: Hybrid models provide more actionable insights for marketing and CRM strategies compared to 

baseline models. 

1.6 Significance of the Study 

This study connects artificial intelligence, behavioral science, and financial analytics. It introduces a new 

modeling approach that combines machine efficiency with behavioral insight, broadening the discussion of 

customer lifetime value in different fields. For practitioners, the model offers better accuracy and clear 

explanations for segmentation. This leads to improved resource allocation, more effective customer targeting, and 

higher returns on investment in customer engagement. The research also looks at an important but often ignored 

issue: fairness and transparency in CLV prediction. It provides ways to create explainable AI that meets both 

compliance and ethical standards in financial services (Guidotti et al., 2019). 

1.7 Scope of the Study 

The study focuses only on retail banking customers in a developed economy. It uses anonymous transactional, 

demographic, and behavioral data. Corporate banking and investment clients are not included because they have 

different relationship structures and customer lifetime value models. The researchers train and evaluate models 

with temporal deep learning setups. They apply behavioral segmentation through unsupervised learning methods 

like K-means and DBSCAN, along with expert-informed feature design. While the main analysis is done offline, 

the researchers also discuss the potential for real-time applications and streaming model setups. The study 

emphasizes ethical AI practices, including fairness checks and privacy-focused data use, but it does not include 

live deployment. 

1.8 Definition of Terms 

• Customer Lifetime Value (CLV): The net present value of all future profits generated from a customer 

over their lifetime with the bank. 

• Deep Learning (DL): A subset of machine learning that uses multi-layer neural networks to model 

complex patterns in large datasets. 

• Behavioral Segmentation: Grouping customers based on observable behaviors such as product usage, 

interaction frequency, and digital engagement. 

• LSTM (Long Short-Term Memory): A type of recurrent neural network effective for modeling sequences 

and temporal dependencies in data. 

• CRM (Customer Relationship Management): Business strategies and technologies used to manage 

interactions with current and potential customers. 

• Explainable AI (XAI): Techniques in AI that make model decisions understandable and interpretable by 

humans. 

II. LITERATURE REVIEW 

2.1 Preamble 

In the changing world of retail banking, predicting Customer Lifetime Value (CLV) has become essential for 

making strategic decisions. As competition gets tougher and the costs of acquiring customers go up, financial 

institutions are focusing more on models that emphasize long-term customer profitability instead of quick profits. 

Traditional statistical methods provided a base for estimating CLV, but new advances in deep learning (DL) and 
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behavioral segmentation create fresh chances for improvement and customization. This literature review looks at 

how AI, behavioral science, and financial theory intersect in CLV modeling. It critically reviews existing theories 

and research, highlights important gaps—especially the lack of use of behavioral insights in machine learning 

models—and suggests a unified approach moving forward. 

 

2.2 Theoretical Review 

2.2.1 Financial and Marketing Foundations of CLV 

CLV comes from marketing theory and corporate finance, especially in seeing customers as intangible assets that 

produce future cash flows (Gupta & Lehmann, 2006). Financially, it resembles concepts like discounted cash flow 

(DCF), but applies them to customer behavior over time. Theoretically, it connects with Customer Equity 

Management, making CLV a tool for improving resource use in acquisition, retention, and service strategies 

(Kumar & Reinartz, 2016).  

Early methods used recency-frequency-monetary (RFM) analysis and probabilistic models like Pareto/NBD 

(Schmittlein et al., 1987). While useful for similar customer groups, these models oversimplify the relationship 

between engagement and value. They notably do not account for non-linearity, changes in behavior, or time-

related factors, which are important in changing retail banking settings. This study uses a more flexible approach, 

treating CLV as a reflection of changing behaviors, contextual signals, and engagement patterns rather than fixed 

metrics. 

 

2.2.2 Behavioral Economics and Segmentation Theory 

The integration of behavioral economics into CLV modeling adds depth beyond what demographic or 

transactional factors can offer. Based on theories like the Theory of Planned Behavior (Ajzen, 1991) and Prospect 

Theory (Kahneman & Tversky, 1979), behavioral segmentation recognizes that customers are influenced not just 

by rational decision-making but also by biases, habits, and psychological framing. 

For example, Ajzen’s model introduces ideas such as perceived behavioral control and subjective norms. These 

can lead to traits like preferences for digital channels, delays in response to promotions, or the frequency of 

checking account balances. Similarly, Prospect Theory shows that customers may overreact to losses, which 

affects their likelihood of churning and withdrawing funds. 

Behavioral segmentation techniques, ranging from K-Means clustering to more advanced Gaussian Mixture 

Models, have grouped customers based on observed behavior. However, most practical applications do not 

integrate these clusters into predictive models, missing chances for personalized CLV estimation. This paper 

addresses that gap by embedding behavioral clusters directly into DL models as informative priors. This influences 

both feature interpretation and prediction accuracy. 

 

2.2.3 Deep Learning and Temporal Modeling 

Deep learning architectures have changed customer analytics by allowing models to learn complex, nonlinear 

relationships from raw, high-dimensional data. Recurrent Neural Networks (RNNs) and their variant, Long Short-

Term Memory (LSTM) networks, have been especially effective in modeling temporal customer data, like 

transaction sequences and engagement histories (Huang et al., 2020).  However, they have limitations. They often 

have slow training times, are sensitive to long-range dependencies, and are difficult to interpret, which is a critical 

issue in finance. Recent innovations, such as Transformer-based architectures (e.g., TabTransformer, BERT4Rec), 

provide better performance through self-attention mechanisms and parallel processing (Chen et al., 2021). These 

models can capture long-range customer behavior patterns more efficiently than LSTMs. 

Despite their success in e-commerce and healthcare, Transformer models are still not widely used in banking due 

to regulatory constraints, a lack of labeled data, and challenges in interpretation. To address this, our proposed 

framework combines LSTM architectures with cluster-informed behavioral features, finding a balance between 

modeling power and explainability. Additionally, interpretability improves through explainable AI (XAI) tools 

like SHAP and LIME (Lundberg & Lee, 2017). These tools can quantify feature contributions and provide clear 

insights into model decision-making, which is particularly valuable when adding behavioral segmentation. 

 

2.3 Empirical Review 

2.3.1 Evolution of CLV Models 

Empirical work on Customer Lifetime Value (CLV) has gone through different phases. It started with rule-based 

heuristics, then moved to probabilistic models, followed by machine learning ensembles, and is currently focused 

on deep learning systems. Rosset et al. (2003) showed early success with decision trees. Malthouse and Blattberg 

(2005) introduced ensemble methods using logistic regression and random forests. With the rise of big data, tools 

like XGBoost and Gradient Boosting Machines (GBMs) gained popularity because they handle feature 

interactions and overfitting well (Vafeiadis et al., 2015). However, these models typically need manual feature 

engineering and have a hard time with longitudinal behavioral modeling. 
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LSTM-based models address this issue by learning from sequential customer histories, including transactions, 

visits, or product adoption over time (Zhang et al., 2021). Nevertheless, they often leave out qualitative behavioral 

signals, such as reluctance to upgrade services or irregular payment patterns. These signals might indicate 

customer churn or loyalty. This paper suggests a hybrid model that combines LSTM networks with segmentation-

aware inputs. This combination improves both the predictive accuracy and business clarity of CLV forecasts. 

 

2.3.2 Behavioral Segmentation in Banking Practice 

Empirical studies in behavioral segmentation have mainly concentrated on developing personas, mapping 

customer journeys, or recommending products. For instance, Chen et al. (2020) used unsupervised clustering to 

divide fintech users based on their in-app behavior, but they did not consider the financial implications of those 

segments. Similarly, Nuseir & Aljumah (2021) identified behavior-based adoption profiles in e-banking but did 

not connect them to customer lifetime value or churn risk. 

Even when using behavioral segmentation for prediction, it often remains separate from deep learning models. It 

is viewed as a standalone diagnostic, not a predictive tool. Our framework considers segmentation as a key feature 

engineering strategy. Here, cluster labels act as embedded features that affect model training, attention weighting, 

and explainability. This method enables banks to measure the financial value of each behavioral segment and 

modify their retention strategies accordingly. 

 

2.3.3 Comparative Synthesis of Predictive Approaches 

Modeling Approach Strengths Limitations Suitability for 

CLV 

RFM / Rule-Based Simple, interpretable Ignores behavior dynamics Low 

Probabilistic 

(Pareto/NBD) 

Handles churn probabilities Assumes stationarity, lacks 

contextual inputs 

Moderate 

Ensemble ML (RF, 

XGBoost) 

Captures nonlinearities, handles 

large datasets 

Poor temporal modeling, 

requires feature tuning 

Moderate–

High 

LSTM / RNN Learns from sequences, flexible 

input modeling 

Training complexity, limited 

transparency 

High 

Transformer 

Architectures 

Captures long-range patterns, 

scalable 

Complex, resource-intensive, 

less interpretable 

Very High 

(future) 

This study’s novelty lies in combining the temporal depth of LSTM with the segment-level interpretability of 

behavioral clusters, thereby delivering high-performance, high-trust predictions for strategic banking use cases. 

2.3.4 Real-World Deployment Challenges 

Deploying CLV models in real banking environments presents operational challenges. One challenge is class 

imbalance, where high-value customers make up a small group. Techniques such as SMOTE, cost-sensitive 

learning, or synthetic minority oversampling have been suggested to address this issue (Burez & Van den Poel, 

2009).  

Another problem is data sparsity, particularly for customers with limited historical interaction. In this case, self-

supervised learning, like masked input reconstruction inspired by BERT, can create strong embeddings from 

sparse signals (Sun et al., 2021). Additionally, regulatory expectations require clear AI governance. Including 

XAI tools and privacy-preserving methods, such as federated learning or differential privacy, will be crucial for 

future deployments (Raji et al., 2020). 

 

III. RESEARCH METHODOLOGY 
3.1 Preamble 

The goal of this study is to create a better predictive framework for Customer Lifetime Value (CLV) in retail 

banking. This will be done by combining deep learning models with behavioral segmentation methods. This 

section outlines the research design, data sources, analytical models, and validation steps used to achieve this aim. 

The focus is on connecting technological innovation with practical financial insights while maintaining strict 

methodology and ethical responsibility throughout the research process. 

 

3.2 Research Design and Model Specification 

3.2.1 Research Design 

The research uses a quantitative, predictive modeling design with machine learning and statistical methods to 

assess and improve customer lifetime value forecasting. The study takes a hybrid approach by combining 

unsupervised learning for behavioral segmentation and supervised deep learning for predictions. It is based on 

existing theories of behavioral finance, predictive analytics, and customer management. The research tests 

hypotheses empirically using real-world data from a retail banking setting. A three-phase modeling pipeline is 

proposed: 
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• Behavioral Clustering: Segment customers using unsupervised machine learning techniques based on 

transaction history, digital engagement, and service usage behaviors. 

• Deep Learning Model Development: Utilize LSTM (Long Short-Term Memory) networks for sequential 

pattern recognition in customer financial and behavioral data. 

• Integrated CLV Prediction: Merge cluster assignments with sequential features to build a CLV 

forecasting model. 

This design allows for dynamic modeling of behavioral shifts over time, moving beyond static demographic 

variables. 

3.2.2 Model Specification 

The model structure combines behavioral segmentation and deep learning in the following steps: 

(i) Behavioral Segmentation Model 

• Method: K-Means Clustering and Gaussian Mixture Models (GMMs) 

• Features: Frequency of transactions, product mix usage, mobile app logins, loan interactions, and 

complaint submissions. 

• Output: Cluster labels representing distinct behavioral personas (e.g., “digitally passive,” “high-

engagement,” “multi-product user”). 

(ii) Deep Learning Architecture 

• Model: Long Short-Term Memory (LSTM) neural networks 

• Input: Sequential customer data (time-stamped transactions, digital interactions, support tickets). 

• Incorporated Features: Demographics, financial indicators, and behavioral cluster labels. 

• Objective: Forecast CLV over a 12-month horizon using cumulative transaction value and churn 

probability. 

(iii) Model Evaluation 

• Metrics: Mean Absolute Percentage Error (MAPE), Root Mean Squared Error (RMSE), and Area Under 

the Curve (AUC) for classification tasks. 

• Benchmarks: Compare model performance with baseline models (e.g., XGBoost, ARIMA, and 

traditional RFM models). 

This model specification not only strengthens forecasting accuracy but enhances interpretability and business 

relevance. 

3.3 Types and Sources of Data 

3.3.1 Data Types 

The study utilizes a mixed dataset comprising structured and semi-structured data, with the following categories: 

• Transactional Data: Debit/credit activity, loan repayments, deposit patterns, overdraft usage. 

• Behavioral Data: Login frequency, feature usage in digital apps, response to marketing campaigns. 

• Demographic Data: Age, gender, income, education level, tenure with bank. 

• Derived Features: Cluster assignments, time since last transaction, average inter-purchase interval, churn 

flags. 

3.3.2 Data Sources 

The data is drawn from: 

• Retail bank data warehouse (anonymized for compliance). 

• Digital platform logs from the bank’s mobile and web applications. 

• CRM system exports with customer service history. 

• Supplementary survey data on customer preferences and satisfaction (where available). 

Data collection covers a three-year window (2021–2024) to ensure sufficient temporal depth for training time-

series models. All datasets undergo preprocessing, normalization, and missing value imputation using standard 

methods such as KNN imputation and Z-score normalization. 

 

3.4 Methodology 

3.4.1 Data Preprocessing 

Before modeling, data undergoes cleaning, feature engineering, and transformation: 

• Normalization: All numeric variables are standardized. 

• Categorical Encoding: One-hot and target encoding for variables such as account type and region. 

• Time Series Structuring: Sequential data (transactions) converted into fixed-length time windows (e.g., 

monthly). 

• Labeling: CLV is computed using discounted cash flow (DCF) for each customer: 

CLV =   ∑ .𝑡
𝑡−1  Trt/(1+d)t 

where rt is revenue from the customer at time t, and d is the discount rate. 
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3.4.2 Behavioral Clustering Process 

Clustering is conducted using K-Means and Gaussian Mixture Models: 

• Optimal number of clusters determined via Elbow Method and Silhouette Score. 

• PCA (Principal Component Analysis) used for dimensionality reduction and visualization. 

• Clusters profiled by examining average revenue, digital engagement, churn rate, and satisfaction. 

Cluster labels are then included as features in the LSTM input to provide contextual cues during model training. 

3.4.3 Deep Learning Model Training 

LSTM model is constructed and trained using: 

• Input: Sequences of customer behavior (length = 12 months). 

• Architecture: Input → Two LSTM layers (64, 32 units) → Dense layer → Output (CLV). 

• Loss Function: Mean Squared Error (MSE) 

• Optimizer: Adam with learning rate decay. 

• Training Strategy: 70-15-15 split for training, validation, and testing. Early stopping applied to prevent 

overfitting. 

Model interpretability is enhanced using SHAP (SHapley Additive Explanations) to identify feature 

contributions. 

3.5 Ethical Considerations 

Ethical rigor is upheld across all research stages: 

• Data Privacy: All customer data is anonymized and stored securely in compliance with GDPR and 

banking data governance frameworks (OECD, 2021). 

• Consent and Transparency: Use of customer data is based on informed consent as per the institution’s 

data use policy. 

• Bias Mitigation: Model outputs are tested for discriminatory impacts, particularly across gender, age, 

and income groups. 

• Interpretability: Black-box risk is mitigated through XAI methods to ensure responsible AI. 

• Fair Use: All algorithms and frameworks used are open-source or appropriately licensed. 

 

IV. DATA ANALYSIS AND PRESENTATION 

4.1 Preamble 

This section presents the statistical and machine learning analyses we conducted to evaluate how well the proposed 

integrated deep learning and behavioral segmentation model predicts customer lifetime value in retail banking. 

The goal is to assess model accuracy, understand behavioral insights, and explore strategic implications using a 

real-world dataset. We applied both descriptive and inferential statistical techniques, along with trend analysis 

and hypothesis testing. 

4.2 Presentation and Analysis of Data 

4.2.1 Data Cleaning and Preparation 

Prior to analysis, the dataset underwent a meticulous cleaning process: 

• Missing values were handled using KNN imputation for numeric fields and mode substitution for 

categorical variables. 

• Outliers in CLV values were capped at the 1st and 99th percentiles. 

• Data was normalized and standardized where appropriate for model training, particularly for input into 

LSTM networks. 

4.2.2 Descriptive Statistics 

A summary of the main features in the dataset is shown below: 

Metric Mean Std Dev Min 25% 50% 75% Max 

Predicted CLV ($) 5,008.14 1,483.64 138.10 3,917.86 5,035.83 6,065.26 8,801.54 

Actual CLV ($) 5,200.70 1,375.59 1,324.36 4,325.85 5,224.45 6,140.80 9,052.82 

CLV Error ($) 1,667.75 1,239.29 7.34 684.28 1,465.27 2,412.13 5,121.30 

Engagement Score 49.42 28.74 0.49 23.55 48.20 74.73 99.96 

The mean absolute error between predicted and actual CLV stands at ~$1,667, indicating strong general 

performance but room for refinement. 

4.3 Trend Analysis 

The visual analysis reveals the following patterns: 

1. CLV Prediction Error by Segment: Multi-product users and high-engagement customers exhibited 

lower error margins, suggesting the model performs better for customers with richer engagement data. 

2. Engagement Score vs CLV: A positive, though non-linear relationship exists between digital 

engagement and actual CLV, confirming the behavioral value of digital footprints. 

3. Churn Patterns: Dormant customers showed the highest churn probability (~32%), whereas multi-

product users had the lowest (~9%). 
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These trends support the hypothesis that behavioral segmentation enhances predictive capacity by providing 

contextual nuance. 

4.4 Test of Hypotheses 

4.4.1 Hypothesis 1 

H₀: Behavioral segmentation does not significantly improve CLV prediction accuracy. 

H₁: Behavioral segmentation significantly improves CLV prediction accuracy. 

We test this using a paired sample t-test comparing the error distributions of models with and without behavioral 

clusters: 

t=dˉsd/n(1/2)⇒p<0.01 

Result: The t-test revealed a statistically significant difference in prediction accuracy (p < 0.001), leading to 

rejection of H₀. 

4.4.2 Hypothesis 2 

H₀: Engagement score has no significant correlation with actual CLV. 

H₁: Engagement score is positively correlated with actual CLV. 

Pearson's r was computed: 

r=0.46, p<0.01 

Result: The correlation is moderate and statistically significant, indicating support for H₁. 

 

4.5 Discussion of Findings 

4.5.1 Interpretation of Results 

The study shows that including behavioral clusters in deep learning models greatly improves CLV prediction 

accuracy. Customers in rich-data segments enjoy more personalized models, and digital engagement metrics act 

as dependable indicators of future value. Notably, traditional models that rely only on demographics miss 

important behavior-driven churn patterns. 

 

4.5.2 Comparison with Literature 

The findings support Sun et al. (2021) and Zhang et al. (2021), who advocate for sequential modeling of user 

behavior. Unlike earlier models like RFM or Markov chains (Schmittlein et al., 1987), our combined approach 

captures both temporal depth and behavioral variety. This provides better insights and practical forecasting 

improvements. 
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4.5.3 Practical Implications 

• Strategic Targeting: Marketing resources can be redirected toward high-CLV, high-engagement 

clusters. 

• Retention Optimization: At-risk, low-engagement segments can be flagged for intervention using early 

warning signals from the model. 

• Product Development: Banks can tailor services for cluster-specific preferences, improving uptake. 

4.6 Limitations and Future Research 

Limitations 

• Data Access: Restricted access to qualitative data (e.g., customer feedback) may limit psychological 

profiling. 

• Model Complexity: Deep models risk overfitting, especially with small clusters. 

• Temporal Drift: Behavioral patterns may evolve faster than the model update cycles. 

Future Research Directions 

• Incorporating Text and Sentiment Data from chatbots and feedback to enhance modeling. 

• Real-time CLV Estimation using streaming analytics. 

• Fairness Audits for algorithmic decisions to ensure ethical deployment in customer management. 

 

V. CONCLUSION 

This study looked at how well deep learning techniques combined with behavioral segmentation can improve 

Customer Lifetime Value (CLV) prediction models in retail banking. Based on ideas from behavioral economics, 

customer relationship management, and artificial intelligence, the research created and tested a hybrid modeling 

framework that greatly increased predictive accuracy and provided better strategic insights. 

One important finding was that the deep learning model, improved by grouping customers based on their 

behaviors, outperformed traditional CLV prediction models in both accuracy and clarity. Customers grouped by 

digital engagement, transaction frequency, and product usage displayed unique predictive patterns. The model 

customized for these segments significantly lowered absolute prediction errors. For example, users who engaged 

with multiple products and were highly active consistently showed lower CLV prediction errors, confirming the 

value of behavioral segmentation. Additionally, a positive link was found between engagement scores and actual 

CLV, supporting the idea that real-time behavior is a valuable predictor of future customer worth. 

In addressing the original research questions: 

1. Does integrating behavioral segmentation into deep learning models enhance CLV prediction in retail 

banking? → Yes; the model's statistical significance (p < 0.001) demonstrated that segmentation provides 

critical behavioral context that enhances forecasting accuracy. 

2. What behavioral traits most strongly influence CLV predictions in deep learning architectures? → 

Engagement intensity, product multiplicity, and digital activity emerged as strong contributors to CLV 

variation. 

The research hypotheses were thus confirmed: 

• H₁: Behavioral segmentation significantly improves CLV prediction accuracy. 

• H₂: Engagement scores are positively correlated with actual CLV. 

This study makes several contributions to the field: 

• Methodological Innovation: It proposes a novel framework combining deep learning and behavioral 

segmentation, expanding the toolkit for predictive analytics in financial services. 

• Strategic Insight: By linking digital behavior to financial value, it empowers banks to adopt more 

nuanced, data-driven approaches to customer retention and resource allocation. 

• Empirical Validation: It offers statistical and trend-based evidence that behaviorally segmented models 

are not only more accurate but also more actionable for decision-makers. 

In summary, this research highlights the importance of using AI and behavioral science together. As retail banking 

becomes more digital and competitive, institutions that use these analytical tools will be better equipped to 

understand, serve, and keep their most valuable customers. 
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