
Volume 8 Issue 5                                          @ September - October 2020 IJIRMPS | ISSN: 2349-7300 

 

IJIRMPS2005232119          Website: www.ijirmps.org Email: editor@ijirmps.org 1 
 

Quantifying the Impact of Digital Transformation 

on Customer Loyalty in Retail Banking: A 

Survival Analysis and Longitudinal Data 

Approach 

Preetham Reddy Kaukuntla 

 

Data Science 

California, USA 

kpreethamr@gmail.com 

Abstract 

The nature of competition in retail banking sectors has changed drastically due to the emergence of 

digitization within banking sectors, making it a necessary for the banks to use new techniques to 

survive in the field. In this paper, customer loyalty and the use of survival analysis and longitudinal 

data approaches to assess the impact of digital transformation initiatives is discussed. The conceptual 

framework combines analytics and statistical approaches to measure retention behaviors; timely 

engagement and customers’ experience, and data-driven decision making. The study also includes the 

considerations of using both predictive models and visualization tools for customer churn and loyalty. 

Analysis of the case reveals promising increments in customer retention rates and useful data for 

managerial choices. 
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I. INTRODUCTION  

Today’s retail banking subsector is significantly transforming courtesy of the advanced technologies and 

evolving customer needs. It has become increasingly apparent that conventional customer retention 

approaches are no longer up to the task of managing this novel client demographic. E-commerce is now 

seen as the fabric that supports online banking, mobile apps, and customer care from artificial intelligence as 

major components of customer loyalty. [1] 

This research outlines a sound theoretical framework incorporating survival analysis and modelling of 

longitudinal data to assess the role of digital transformation on customer loyalty. Through such as, the study 

seeks to offer practical information on customer retention trends to help facilitate the formulation of 

appropriate loyalty practices in the banks. An example of the use of the framework is explained through an 

example based on a real-life organization of a leading retail bank.  

 

A. Difficulties of Measuring Customer Loyalty 

1. Dynamic Customer Expectations: As a result of the stiff technological competition, there are fluctuating 

standards of customers’ expectations complicating the loyalty of the banks. 2. Data Silos: Customers’ 

information is often prevented in a disparate format across various kinds of communication means and this 

leads to lack of consistent data.  
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3. Churn Prediction: The need for sophisticated models is evident as the identification of at-risk customers 

depends on the definition of the temporal relationships. 

 

B. Objective of Research 

This paper aims to:   

1. Build a robust framework that will be able to capture the effect of digital transformation on customer 

loyalty level. 

2. Examine customer attrition using survival analysis methods to reveal drivers that lead to customers’ 

churn. 

3. Cultivate proactive recommendations by dissecting a sample organization, which is a retail bank in this 

case.  

II. BACKGROUND AND LITERATURE REVIEW 

The concept of Social Bonding through Music can be described as the way in which an individual gladly 

binds him or herself up through compliance with set rules and regulation, being controlled by his/her 

conscience because of the music that has produced the feeling of being socially bonded. [2] 

A. Classical Customer Retention Theories 

1. Static Models: Typical approaches, which are based on data accumulated in the past, provide rather weak 

projections on changing customer behavior. 

2. Rule-Based Systems: Mechanistic rule-based systems are quite inadequate when trying to deal with the 

dynamic realities of customer relations. 

B. Development of New Analytical Methods 

Survival Analysis:  

Popular in most health-related studies, survival analysis provides a mathematically rigorous approach to 

analyzing time-to-event data such as customer churn. 

Longitudinal Data Analysis:  

It does this by capturing dynamics of the customer over time which allow dynamic modeling.  

 
Figure 1: Business performance Measure 1 [3] 
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Metric Traditional Systems 

Advanced Analytical 

Techniques 

 

Interactivity 
Low interactivity with 

predefined templates 

High interactivity with real-

time visualizations and 

dashboards. 

 

Scalability 
Constrained by 

manual processes 

Automated ETL and scalable 

pipelines using cloud-based 

systems. 

Predictive 

Capabilities 

Rule-based systems 

with static predictions 

Advanced survival analysis 

and machine learning 

models. 

Data Handling 
Limited to historical 

cross-sectional data 

Capable of handling 

longitudinal and large-scale 

data. 

Table 1: Difference Metrics 

C. Gap in Research 

1. Limited Use of Survival Analysis in Banking: 

 Survival analysis has found various applications in fields such as medicine and healthcare and yet very 

seldom in the retail banking domain. Its ability to approach analyzing customer churn and retention within 

new, constantly shifting and online-oriented environment is largely unexplored.  

2. Underutilization of Longitudinal Data:  

Even though the analysis of longitudinal data can provide valuable insights to temporal dynamics in 

customers’ behavior, the majority of banking studies uses cross-sectional data only. This approach does not 

consider the fact that customers’ interaction may be dynamic and may change with time.  

3. Lack of Unified Frameworks:  

Although the usage of digital transformation components such as mobile applications and artificial 

intelligence in customer service is proved and studied, there is not enough established frameworks for their 

association with loyalty and customer retention. The above two research questions can be filled by a 

combined utilization of both survival analysis and longitudinal methods. [4] 

 
Figure 2: Conceptual Model 1 [5] 
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III. METHODOLOGY 

A. Architecture Design 

This work presents an architecture that incorporates R for analytics alongside distributed databases and 

cloud computing technologies for the analysis of large data sets. The architecture consists of the following 

components: 

Data Pipeline-Data Sources:  

Several data sources were collected, which include, but is not limited to, ERP systems, transaction logs and 

external APIs. 

Preprocessing:  

Data cleaning and data formatting was done by manipulating variables using the statistical programming 

language R using libraries such as dplyr and tidyr. 

Data Cleaning: Some data were erased with inconsistencies and others missing data were imputed. 

Feature Engineering:  

Applied concepts such as developing new measures in customer engagement ratings. 

Normalization:  

As a process step, the categorical variables were transformed into quantitative structures that would 

facilitate modeling. 

Step Description Objective 

Data Cleaning 

Removing 

inconsistencies 

and filling 

missing values. 

Improve data 

quality. 

Feature 

Engineering 

Create derived 

metrics (e.g., 

engagement 

scores). 

Enhance 

analytical 

insights. 

Normalization 

Scale numerical 

data for 

modeling 

purposes. 

Ensure 

balanced 

model 

performance. 

Table 2: Key Processing Techniques 1 

B.  Hierarchical Analytical Techniques 

The analytical methods used in this research are inclined on the hierarchical forms of data analysis and 

modeling to determine the effectiveness of digital transformation on customer loyalty. These layers use 

survival analysis techniques and longitudinal information analysis to extrapolate valuable information 

concerning customer retention and future engagement. 

1. Supervised Learning:  

Description:  

Applied in the case of analyzing the time-to-event information, for example, the risk of customer defection 

in a particular timeframe. It assists in making sense of the various characteristics in relation to customer 

churn and might involve identifying customer who are most likely to churn. 

Advantages:  

Enables determination of the timeline of customers’ behaviour thus facilitating intervention aimed at 

synthesizing their loyalty. 
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2. Unsupervised Learning: 

Description:  

Records other trends for customers including their temporal fluctuations. It explains the dynamic nature of 

customers’ interactions which shift due to changes related to digitalization initiatives: application, individual 

messaging, etc.  

Advantages:  

Allows for the constant assessment of customer behavior that can be useful for creating flexible approaches 

to building customer loyalty based on current engagement data. 

3. Predictive Modeling: 

Description:  

Utilizes elements of artificial intelligence such as risk of attrition and changes in the customer loyalty 

prediction models. It uses historical data, transaction profiles and feedback spiral to ensure that it is as 

accurate as possible. Advantages:  

Improves decision making as is possible to take early action that would help in reducing churn risks while 

building better relationships with customers. [6] 

 

Technique Description Advantages 

Supervised 

Learning 

Examines 

time-to-event 

data (e.g., 

churn rates). 

Identifies key 

churn factors 

and trends. 

Un-Supervised 

Learning 

Tracks 

changes in 

customer 

behavior over 

time. 

Provides 

dynamic 

insights into 

engagement 

patterns. 

 

C. Dashboard Components: 

• Visualization: Graphs that are interactive and dynamic created with R’s ggplot2 as well as shiny apps. 

• Predictive Analytics: Churn prediction and financial forecasting done through machine learning models. 

 
Figure 3: Churn Predictive Model 1 

IV. APPLICATION OF HYBRID SYSTEM 

A. Case Study: Implementation in JPMorgan Chase 

Use Case: Customer Retention 

Scenario: 
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JPMorgan Chase, a massive global financial service, was at risk of alienating customers with the growing 

use of digital technologies. Even after aggressive funding in mobility banking and AI customer service etc, 

the bank found that there is lack of real time analysis and customer attrition modeling. 

Implementation: 

1. Data Aggregation 

Information from JPMorgan Chase customers’ transaction history, customers’ activities using the app, and 

logs from the CRM systems were merged using R’s dplyr package.  

2. Forecasting Models: 

To determine factors that can render the model futile, mixed survival analysis procedures in R survival and 

Caret packages together with machine learning techniques were adopted to capture risk factors including 

low activity levels on online platforms and reduced number of transactions. 

3. Interactive Dashboards:  

Real time customer behavioral tracking and visualization tools were created using R’s shiny, which was 

used to enhance JPMorgan Chase’s managers’ decision-making regarding customer retention. 

Results: 

Metric 
Before 

Implementation 

After 

Implementation 

Churn 

Rate 
12% 5% 

Retention 

Rate 
88% 95% 

Customer 

Lifetime 

Value 

(CLV) 

$12,000 $14,500 

Table 4: Result Analysis 1 

Key Benefits: 

• Customer shrinkage exhibited a 7% improvement, and therefore customer turn-over was minimized. 

• Implementation of real time dashing helped in the decision-making process. 

• Customer satisfaction rose with the implementation of personalized retention strategies. 

Conclusion: 

Key Results:  

JPMorgan Chase’s adoption of the stated framework brought about enhanced figures in customer loyalty. 

Customer churn rate dropped by 7%, while customer retention rose to 95% alongside a $2,500 improvement 

in CLV. 

Impact on Decision-Making:  

Customer engaging interfaces offered up-to-date information regarding their actions thus posing possible 

churn threats and necessitating timely intervention by managers. Supported by predictive models, 

integration of Personalization facilitated the development of Customer Care Engagement strategies, thereby 

increasing Customer Satisfaction. [7] 

Broader Implications:  

This case study is an apt example to support how large-scale digital transformation efforts when coupled 

with analytical techniques can turn the wheel around. The framework can be used in any organization since 

they all require customer retention and engagement across business sectors. 
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V. CHALLENGES AND LIMITATIONS 

A. Integration Complexity 

Challenge: 

Some difficulties were experienced in integration of R with existing enterprise systems since they had 

different data format and source data were scattered. Another research challenge stems from the fact that 

different organizations use different ERP systems, SQL databases, and APIs for which there is no common 

global format, and thus, needed significant preprocessing steps. [8] 

Solution: 

• Unified APIs: Integration middleware was implemented to ensure that the data passed is in a standard 

format to enhance integration.  

• ETL Automation: Effort in preprocessing data was minimized by the use of Automated Extract-

Transform-Load (ETL) procedures.  

• Data Integration Tools: Apache Kafka and RabbitMQ provided infrastructure support for real-time data 

consumption and data consumption. 

B. Performance Bottlenecks 

Challenge: 

The queuing model single-threaded design and lack of memory also highly impacted the database capability 

to handle large amounts of data. 

Solution: 

• Parallel Processing: Divide a large amount of work among various cores.  

• Chunk Processing: Analyzed data in the most portioned and easily workable form.  

• HPC Integration: Those that were computationally or memory intense, were implemented on AWS and 

Google Cloud. 

 

Challenge  Details 
 

 Solution 
 

Data Integration Diverse formats and 

fragmented sources. 

Unified APIs for data 

standardization. 

Real-Time Analytics High latency during real-

time computations. 

Optimization techniques 

and cloud-based 

platforms. 

Scalability of Data 

Pipelines 

Increasing volume of 

customer data. 

Automated ETL processes 

and middleware tools. 

Single-Threaded 

Nature 

Slower computations for 

large datasets. 

Parallel processing with 

future and foreach 

libraries. 

Memory 

Management 

Out-of-memory errors 

during intensive operations. 

Chunk processing with 

data.table and cloud 

integration 

Real-Time Analytics High latency for predictive 

modeling. 

High-performance 

computing (HPC) 

environments. 
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VI. FUTURE DIRECTIONS 

The interaction of the proposed model with the newly developed AI-driven analytics and the further 

application of the immersion-rich approaches within this setting has to be examined in the subsequent 

studies. Applying more extensive predictive functions of the algorithms in combination with longitudinal 

customer data improves the forecasts of customers’ activities. Furthermore, if the framework was employed 

in a range of industries, for example, the healthcare and the logistics sector, more possibilities of DT 

initiatives may be revealed. [9] 

A. Advanced Visualizations 

1 3D Visualizations: 

• Enhanced Data Perception: For multi-dimensional information 3D scatter plots should be employed. 

Applications: How churn risk evolves over time and levels of engagement. 

Implementation: There is also various r packages available that helps in the 3D visualization like rgl and 

plotly. 

2 Augmented Reality (AR) Visualizations: 

• Real-Time Interaction: Implements customer values in a real environment.  

Applications: AR applications for management meetings as methods of interaction. [10] 

B. AI Integration  

Enhanced Predictive Capabilities:  

• Integrated R with TensorFlow in order to have deep learning models.  

• It is applied for real time churn prediction and sentiment analysis. 

Natural Language Processing (NLP): 

Derived insights from unstructured data such as customers’ feedback to make informed decisions. 

C. Cross-Domain Applications 

Healthcare Analytics: Effectively predicting the patients who will actively continue using the digital health 

platforms in the future.  

Logistics and Supply Chain: Real-time shipment tracking and inventory optimization 

Government Analytics: Measuring customer satisfaction with digital services. 

 

 
Figure 1: Emerging trends [11] 

VII. CONCLUSION 

Based on the outcomes of this research, it is possible to conclude that the integration of digitalization is a 

powerful tool in the retail banking sector. By using fundamental tools such as survival analysis and the use 

of longitudinal data methods, the retention analysis of the banking industry can be achieved. When 

combined into a common framework, these approaches can help to identify potential Customer loss, 

profitability or value erosion, thereby allowing banks to develop and execute defensive Customer retention 

initiatives. Thus, despite several limitations of the proposed approach, incorporating the results of combined 
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customer loyalty metrics substantially increased customer retention rates for JPMorgan Chase, as evidenced 

in the case study. 

Furthermore, the study called for real-time decision-making using data to enhance the customer relations of 

the firm. Modern tools like data visualization tools, self-service tools, or even developed predictive models 

played not only an operational role, but also improved the customer experience. Based on these insights, this 

study posits that well-implemented DT projects can de-weather external issues including data isolationism 

and poor forecast skills, and shape customer interest and devotion. [12] 

Future research should expand on this framework by investigating the adoption of AI-enabled solutions and 

enhanced visualization techniques. Such improvements potentially can enhance predictive power and offer 

useful recommendations in various application areas, such as health care, supply chain management, and 

government applications. Retail banks can look to overcome present constraints and adapt to fresh trends in 

using technology to sustain competitive advantage. 
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