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Abstract 

This study investigates how data sharing between retail banks and e-commerce platforms, facilitated by data monetization, can 

improve customer experience in banking. Recognizing that most banking customers also utilize e-commerce services, the research 

explores how collaboration can benefit both parties. By analyzing customer data from both industries, the study develops propensity 

models to achieve market penetration and enhanced customer satisfaction. These models help identify high-potential customer 

segments for targeted product and service offerings. Conversely, e-commerce platforms can leverage banking data to target credit 

card promotions to customers with a history of high spending or large credit limits. This collaboration allows both industries to 

personalize their offerings and recommendations, ultimately leading to a more positive customer experience. The study proposes a 

novel framework for customer experience improvement through this collaboration. This framework utilizes three key pillars: 

portfolio segmentation, lead generation through e-commerce attribute propensity modeling, and banking attribute propensity 

modeling. By segmenting customers based on shared characteristics and predicting behavior based on specific data sets, the 

framework allows both industries to identify valuable leads and personalize their offerings, fostering customer acquisition and 

satisfaction. This research, focusing on a B2C collaboration approach, contributes valuable insights to a less-explored area within 

customer experience research. 

 

Keywords- Cross industry, Customer satisfaction, Retail bank, Ecommerce, Customer experience. 

 

 

 

1. Introduction 
The biggest challenge before any service industry today is to provide enhanced satisfaction to its customers 

and thereby improve its Customer Lifetime Value (CLV). Retail banks are striving to achieve this by 

tapping their own customer database and using tools of Business Analytics (BA) and Business Intelligence 

(BI) to identify the issues which need to be addressed to reach this goal. However, these customers are not 

exclusive to the retail banks. Rather, there is a significant overlap of customers with other service industries 

such as telecom, food chain, e-commerce, retail FMCG as well as other banks. For example, if a bank wants 

to promote various online payments, then transaction data may not be sufficient because the customer may 

not use his / her account with this bank for any kind of online transactions. However, if the bank had data 

about the various online transactions that the customer is performing through other bank accounts then the 

bank can launch a customized campaign targeted towards the particular customer group. This is generically 

true for customers intercepted by other industries as well. To help improve the level of their satisfaction, 
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retail banks need to acquire data about the transactional and behavioral patterns of the customers who are 

tagged with other industries. The analysis of these data obtained through cross industry collaboration will 

help to highlight new dimensions about the customers which will never be possible if retail banks confine 

themselves to their own data bases only.Some of the topics considered in this connection include exploring 

the unified payment system and extracting all the connections that provide the attributes for potential 

collaboration such as banking with Food chain, transportation (OLA / UBER), communication (Vodafone 

Idea / Airtel / Jio), Fashion (Shoppers stop / Pantaloons), Groceries (Big Bazar / Spencer’s / Reliance Fresh) 

etc.The advent of new business concepts using various digital techniques and e-commerce websites 

routinely generate huge amounts of customer data. Hence the cross-industry collaboration will enable the 

application of data monetization (Hanafizadeh and Nik, 2020; Kulhanek, 2019) techniques, viz. leveraging 

the data to generate value for the customers and the organization, adding new services to existing ones, 

developing new business and revenue models etc. thereby moving forward from data driven insights to the 

actionable. It is this idea which sets the context for the present work.  

 

 
 

Figure 1. Data flow diagram. 

 

The present work will focus on improvement of customer experience in retail banking and e-commerce 

domains by subjecting the data obtained through cross industry collaboration to data monetization tools and 

processes. The parameters for customer experience in e-commerce and retail banking would be different 

from each other. Hence, a convolution of the parameters and analysis of their inter-dependencies is required 
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which will address the issue of better customer experience, thereby leading to the development of an 

integrated framework.  

 

 
 

Figure 2. Process flow diagram. 

 

The conceptualization of the framework is developed through three phases. During the first phase, a 

synthetic database is prepared with the assumption that cross-industry collaboration has occurred between 

a retail bank and an e-commerce company. The actual transaction data from both industries are extracted 

and merged based on pseudo-IDs. In the second phase, a portfolio segmentation using unsupervised 

algorithm is performed. The purpose of this segmentation is to identify and classify the entire portfolio into 
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multiple segments such that in each of the segments, all the customers are similar in nature with respect to 

all the attributes such as demographic, transactional, behavioral, social etc. During the third phase, two 

propensity models are developed. The first propensity model is developed for retail banks towards the 

banking product propensity whereas the second propensity model is for the e-commerce product-category 

propensity. The purpose of this model building exercise is to help both the retail banks and e-commerce 

companies in their marketing strategies and for developing marketing campaigns. 

 

Currently some of the leading banks do have such collaboration such as co-branded cards with big retailers, 

but these may not be sufficient. However, this exercise will enable the retail banks to acquire 3600 

information about their customer base and enable them to work out strategies in the short and long term for 

better customer experience and management. The arrangement will benefit the retail banks as well as the 

collaborating industries. The framework will be distributed in multiple components such as inter and intra 

disciplinary communications. The implementation of Industry 4.0 is essential for effective process setup, 

planning, and preparation of production scenarios, as it requires collaboration between experts from various 

fields. This approach involves a theoretical framework for establishing inter-model relationships and 

visualizing them. The study is detailed using a Data Flow Diagram (Figure 1) and a Process Flow Diagram 

(Figure 2), illustrating the ideation and execution of the framework that demonstrates how data 

monetization can be achieved through cross-industry collaboration. 

 

The rest of the paper is organized as follows. Section 2 discusses the literature review and the gaps in the 

existing literature. Section 3 presents a detailed account of the data preparation including identification of 

the source of data, synthesis and aggregation of the data, data cleaning and setting up of the workable 

database. Section 4 summarizes the exploratory data analysis. Section 5 focuses on model building and 

includes portfolio segmentation using K-means clustering as well as development of the propensity models. 

Section 6 discusses the results obtained while Section 7 deals with the managerial implications of the study. 

Section 8 draws broad conclusions and points out the directions in which the study may be extended in future.  

 
 

2. Review of Literature 
In this Section, we review the literature on various cross industry collaboration as well as customer 

satisfaction and e-commerce applications and processes. One such collaboration is between 

telecommunications and Internet of Things (IOT). Saragih et al. (2021) has studied cross industry 

collaboration between telecom and IOT through agile project management. In this study, a comprehensive 

strategic framework called EA (Enterprise Architecture) is developed, encompassing company analysis, 

design, and solution implementation. The study focuses on how to perform a successful cross industry 

collaboration from the operational point of view which is extremely important for all organizations. After 

successful implementation of cross industry collaboration, the next task is to measure customer satisfaction. 

Gilbert and Veloutsou (2006) worked on cross industry comparison of customer satisfaction. In their study 

the authors attempted to identify the empirically obtained core characteristics of customer satisfaction rating 

across six industries based on the rating of the respondents. This work provides an insight to the customer 

satisfaction perceived by the customers of other industries. Although this is not exactly the customer 

satisfaction achieved from cross-industry collaboration, yet it helps to understand the customers from the 

perspectives of both the industries involved in the collaboration. Lemon and Verhoef (2016) emphasized 

the importance of customer experience and customer journey over time for firms. Their study aimed to 

develop a robust understanding of these concepts in the current era of complex customer behavior. To 

achieve this, the authors analyzed existing definitions and conceptualizations of customer experience, 

offering a historical perspective on its roots within the marketing domain. This analysis points towards a 

path for measuring customer satisfaction. 
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In the context of customer experience measurement and monitoring, the products and services offered by 

the respective organizations play a crucial role. Raja et al. (2013) found that complex products such as 

manufacturing equipment always needed maintenance and repair. They also analyzed customers’ views on 

integrated products and services and the value-in-use derived from such offering. They concluded that two 

key attributes viz. relational dynamics and access were found to have the maximum influence on customer 

satisfaction. This work provides a guidance towards identifying a potential opportunity in the space of 

products and services for cross industry collaboration. The next question is: what are the best practices for 

cross industry collaboration. In his research, Bader (2013) conducted a focused investigation into cross-

industry innovation. Using a mixed methods approach, Bader explored Henkel's organizational learning 

process and the benefits it has yielded. This is particularly significant as Henkel, a global leader in both 

industrial and consumer business, has systematically employed cross-industry innovation to generate 

multiple radical innovations. Bader’s work provides a new perspective on innovation that may be realized 

through cross industry collaboration.  

 

The identification of Critical Success Factors (CSF) is the key for successful collaboration. Historically it 

is established that cross industry collaboration is very much successful for business to business (B2B) 

engagements. The critical success factors identified from B2B can be leveraged in B2C industries. Eid et 

al. (2002) identified few B2B critical success factors in the context of cross industry association. The 

authors observed that market entry and communication via the internet have strongly influenced the 

dynamics and traditional processes prevalent in B2B commerce. The authors discussed the difficulties 

resulting from this new trend. They presented a comprehensive review and identified 21 critical success 

factors applicable to most of the B2B associations. Ondrus and Pigneur (2007) have explored a completely 

different dimension of cross industry collaboration. The study conducted by Jupp (2016) focused on cross-

industry preferences for mobile payments in Switzerland. The authors found that the industry favored card-

based solutions over mobile phone-based solutions. Additionally, Jupp's research delved into cross-industry 

learning within the context of Product Lifecycle Management (PLM) and Building Information Modelling 

(BIM). This work offers a typology for comparing PLM and BIM, allowing for discussion and association 

of findings from existing studies on concepts, objectives, methods, and supporting technologies. The author 

concluded that significant learning can be achieved through cross-industry collaboration and is not confined 

to any specific industry vertical. 

 

The study by Jamali (2007) examined customer satisfaction within the context of private-public 

partnerships, illustrating that cross-industry collaboration extends beyond different industries to also 

encompass collaborations between private and public organizations. The research aimed to present the 

outcomes of a unique satisfaction survey in the context of a new public-private partnership (PPP) within 

the Lebanese postal sector, emphasizing typically disregarded connections between PPPs, quality 

management, and customer satisfaction. The findings indicate a satisfactory level of satisfaction with the 

quality of services provided through the particular PPP under review but varied results regarding the 

influence of consumer characteristics on satisfaction ratings. Hence, it can be concluded that collaboration 

may not always lead to higher customer satisfaction. While there is a lot of focus on the collaboration 

process, identification of critical success factors and measurement of enhanced customer satisfaction, it is 

equally important to put stress on innovation. Bellingkrodt and Wallenburg (2015) conducted an analysis 

of the impact of customer relations on innovativeness and customer satisfaction within various service 

industries. The study aimed to offer insights into the similarities and differences in service innovation across 

sectors, specifically comparing logistics service providers and IT service providers (SPs). The research 

revealed that both types of service providers experience positive effects on innovativeness and customer 

satisfaction when maintaining close relationships with their customers. Francis (2024) dissertation 

investigates data monetization, turning data into profit, sharing data across industries, like retailers with 
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weather services, and unlocking new opportunities. This collaboration yields valuable insights that would 

not be possible alone, ultimately leading to improved products, services, and increased profit from data. In 

similar context, Sarkar and Sarkar (2019) examines data monetization for Indian telecommunication 

companies. Data is now their main source of revenue. The study emphasizes how telecommunication 

companies can leverage data monetization strategies and cross-industry collaboration in the digital age to 

maximize profits. This collaboration creates new business models within the digital ecosystem. In the 

context of Industry 4.0, Luo and Zahra (2023) highlight data monetization through cross-industry 

collaboration as an important aspect of Industry 4.0. Industry 4.0 is a major transformation impacting 

businesses globally. This collaboration allows multinational companies (MNEs) to leverage data for new 

opportunities in digitalization, intelligence, and innovation. Olaleye and Adusei (2024) explore data 

productization in the booming data economy. They identify the challenge of utilizing vast amounts of "dark 

data." Their research suggests that cross-industry collaboration is the key to unlocking the potential of this 

data for insights and improved decision-making. By working together, businesses can leverage data to 

enhance customer experiences and gain a competitive edge. Ofulue and Benyoucef (2024) investigated the 

potential of data monetization to enhance customer experience. Their literature review explored how cross-

industry data collaboration can be leveraged across businesses. The study offers a three-pronged 

contribution: firstly, by expanding on existing frameworks, they provide a clearer picture of data 

monetization models; secondly, the authors categorize key topics and trends in data monetization; and 

finally, they identify practical applications for businesses and propose directions for future research on how 

data collaboration can improve customer experience. Ritala et al. (2024) explores how businesses can 

collaborate across industries (cross-industry collaboration) to use data for profit in B2B markets. They 

found companies often struggle to turn their data into sellable products or services. The study suggests how 

collaboration can unlock new value propositions for customers, like selling data directly, embedding data 

analysis in products, or offering data-driven services. This collaboration allows businesses to leverage each 

other's data to improve customer experience and gain a competitive advantage. The collaboration between 

retail banks and e-commerce entities is an increasingly prevalent trend, driven by the ongoing digital 

transformation of the financial services sector. This partnership seeks to provide innovative financial 

solutions, including digital payment options, seamlessly integrated banking services within e-commerce 

platforms, and personalized financial management tools. The objective of these alliances is to offer better 

customer experience, streamline online transactions, and capitalize on the growing popularity of online 

shopping. This collaborative effort includes the integration of banking services into well-known e-

commerce websites or applications. There is also a focus on developing co-branded credit cards that offer 

enticing rewards for purchases made through specific e-commerce platforms.  

 

Rao (1999) explored the impact of the Internet on distribution channels and discusses its influence on 

retailing, banking, and the music industry. It aims to highlight managerial implications and imperatives 

arising from this transformation. Lee et al. (2003) distinguishes between basic and collaborative B2B e-

commerce adoption. They argue that firms are unlikely to benefit significantly from basic B2B e-commerce, 

while the use of collaborative B2B networks with channel partners can lead to dramatic improvement in 

firm performance. The study suggests that the source of performance improvement in B2B electronic 

commerce is not solely the electronic linkage, but also the collaboration enabled by the electronic network, 

as revealed through a survey conducted in the grocery industry. Padmavathy et al. (2012) aims to create a 

comprehensive scale for assessing customer relationship management effectiveness (CRME) in Indian 

retail banks. By identifying key dimensions, bank managers can enhance CRM practices, leading to 

improved customer satisfaction, loyalty, and cross-selling opportunities. The study explores the relationship 

between CRM efforts and outcomes such as satisfaction, loyalty, and cross-buying. Zwass (2003) has 

observed that over the past decade, e-commerce has become a significant force in organizational and social 

activities. To fully understand and leverage its impact, e-commerce can be categorized into five key 



Dey et al.: Data Monetization Through Cross Industry Collaboration in Retail Banking 
 

 

735 | Vol. 10, No. 3, 2025 

domains: commerce, collaboration, communication, connection, and computation. These domains offer 

innovative opportunities for organizing marketplaces, creating novel products, collaborating with business 

partners, transforming processes, and delivering information-system services. Therefore, e-commerce 

serves as a technologically based foundation for business transformation and a meta disciplinary research 

field. Hånell et al. (2020) investigates how market factors (such as institutions, competition, and resources) 

influence the international strategies of online retailers. This work introduces a novel theoretical 

perspective, contributing valuable insights to the international retail literature. Specifically, it explores the 

pros and cons of leveraging partnerships to address challenges in international online retailing. Kurnia et 

al. (2015) explore how market factors influence the international strategies of online retailers, emphasizing 

the use of collaborative efforts in overcoming different challenges related to international online retailing. 

Beck et al. (2005) conducted research on the adoption of e-commerce technologies by small and medium-

sized enterprises (SMEs) in developing countries, finding that readiness at the organizational, industrial, 

and national levels, as well as environmental concerns, influence adoption. The study revealed that e-

commerce applications have matured across various countries and industry sectors, benefiting both large 

firms and SMEs. In Denmark, Germany, and the US, SMEs reported significant improvements in 

operational efficiency and market expansion through e-commerce implementation. Efficient e-commerce 

usage was found to require comprehensive solutions such as online procurement and Internet-based supply 

chain management. Zott et al. (2000) examined value creation strategies for e-commerce companies across 

industries and identified two main strategies for value creation: efficiency in business models and creating 

customer loyalty based on a survey of 30 European e-commerce companies. Tarafdar and Vaidya (2006) 

framework proposed analyzing factors influencing organizational inclination to use e-commerce 

technologies based on qualitative data from four financial firms in India. Chan et al. (2012) described how 

organizations use collaborative supply chain management (SCM) to gain a competitive edge with a focus 

on Small and Medium Enterprises (SMEs). Zhu (2014) study examined the impact of e-commerce 

capability and IT infrastructure on firm performance in the retail industry highlighting the importance of 

integrating front-end ecommerce capability with back-end IT infrastructure. The studies mentioned above 

highlight that while there are challenges accompanying these collaborations such as regulatory complexities 

relating to data sharing and privacy protection; there exist opportunities for banks to expand their reach 

beyond traditional banking through strategic digitization initiatives involving partnerships with successful 

e-commerce players. 

 

Existing research often delves into technical aspects such as data sharing, model building, and system 

integration in cross-industry collaboration. However, there remains a critical gap in understanding the 

specific value proposition for each collaborating business. This study aims to move beyond technical details 

and explore the “why” of collaboration. By analyzing the underlying motivations, businesses can identify 

strategic advantages beyond mere operational efficiency. For instance, collaboration might enhance 

customer experiences, open new markets, or foster innovation. Understanding these value drivers is 

essential for successful cross-industry partnerships. 

 

The research focuses on collaboration between a retail bank and an e-commerce platform. It examines how 

targeted recommendations, facilitated by data sharing and analysis, impact both entities. Quantifiable 

benefits include revenue growth, improved customer acquisition rates, and enhanced customer satisfaction. 

Additionally, the study emphasizes that data monetization is crucial but often an overlooked aspect. Data 

monetization involves strategically leveraging insights from shared data to create new revenue streams or 

optimize existing processes. By exploring these strategies, the present work aims to ensure a win-win 

situation for both the bank and the e-commerce platform while considering ethical data privacy concerns.  

 

 



Dey et al.: Data Monetization Through Cross Industry Collaboration in Retail Banking 
 

 

736 | Vol. 10, No. 3, 2025 

3. Data Preparation 
The literature review is foundational in developing an understanding of existing knowledge and theories 

related to the improvement of customer experience through cross-industry collaboration. It provides 

valuable insights and findings that help identify gaps and shape the framework of the study. The next crucial 

step is data preparation, which involves collecting, organizing, and cleaning data to ensure its quality and 

alignment with existing knowledge. The insights gained from the literature review inform decisions during 

data collection and organization, ensuring that the analysis being undertaken is grounded in existing 

scholarship while also contributing new insights to the field. This interconnectedness allows for a 

comprehensive approach that integrates previous research into the handling and preparation of data for this 

specific study. The preparation of data comprises of source identification, data synthesis, data aggregation, 

data cleaning and preparing the workable database. Each of these steps will be executed as follows: 

 

3.1 Source Identification 
Retail banking customer data is extremely confidential information and is stored within Customer 

Relationship Management (CRM). Banks do not allow any third party to have access to this information. 

So, the data collection exercise has been done through research on various banking websites, world bank 

data, blogs, data science and machine learning forums such as Kaggle, GitHub, Medium etc. The idea 

behind this data collection exercise is to develop a synthetic data which will be in alignment with the 

business objectives of the organization. The retail banking customer value management data can broadly 

be classified into seven categories which are stored in separate data bases, viz. demographics, transactional, 

products & subscriptions, savings &investments, insurances, loans, credit cards, & campaign management. 

E-commerce have been considered as collaborative industries in this study. There are couple of data sets 

distributed across all the dimensions as mentioned above, which are essentially actual data from CRM 

systems but the data will be masked in order to maintain customer confidentiality. 

 

The study incorporates data from 15 distinct sources, with 13 exclusively pertaining to retail banking, and 

one each from e-commerce and auto insurance. The details of these 15 data sources are shown in Annexure 

1. These 13 sources of retail banking are categorized under various CRM segments, including 

demographics, campaigns, and information related to credit cards and personal loans. The data, sourced 

from Kaggle, has anonymized personal identifiers, ensuring accuracy and authenticity. The primary 

challenge lies in the disparate origins of the data, necessitating careful consolidation and integration. The 

genuineness of the transactions, demographic details, card, and campaign data mandates a strategic 

mapping to unify the dataset as if it originated from a single source. 

 

3.2 Basis for Data Synthesis 
All banking data will be integrated using common attributes from separate data tables into one large data 

table and, in a similar fashion, all e-commerce data tables will also be integrated respectively. All the data 

tables pertaining to respective industries can be combined or merged using either single primary key or 

composite primary key. The concept of pseudo_id is introduced where the primary key is not available. The 

primary key is the common attribute which is present in all the data sources that helps to integrate all the 

data sources. Pseudo_id is a random number which is assigned to every record in each dataset. This is the 

same set of numbers that are randomly distributed to all the data sets. Suppose data set A has 100 records 

then all the records are assigned one number between 1 to 100. In a similar way, if another dataset has B 

has 500 records, then each record will be assigned a random number between 1 to 500. Both datasets will 

have one common attribute pseudo_id. On the basis of this variable the two datasets will be merged and the 

integrated dataset will be validated using a data quality framework. The data quality framework will 

compute the correlation between attributes of the two datasets. It is possible that there are few attributes 

which are common between the two cross industry data sets. Hence, the difference in the values will be 
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computed among the common numeric attributes and for common categorical attributes, binary variables 

will be computed between banking and ecommerce attributes across all the records. The next step would 

be to compute the weighted average from all these common attributes. This needs to be computed for each 

record in the integrated data set. Finally, the total difference will be computed across all the rows and then 

divided by the number of records. This one single number will be achieved for each iteration. A simulation 

exercise has to be performed with a sizable number of iterations and then an optimal number will be selected 

as the final data set.  

 

In the absence of common attributes, some features have been identified from the banking dataset that will 

have some correlation with the features arising from the e-commerce data set. The data set has to be 

consolidated and aggregated for each customer based on the identified features using pseudo id. The 

identified features will be standardized and normalized. The nonlinear correlation among the features 

between the two data sets will be computed. The calculation will be done for each customer in the randomly 

integrated dataset based on the pseudo-id. Finally, the total correlation will be computed across all the rows 

and then divided by the number of records. This single number will be achieved for each iteration. A 

simulation exercise is to be performed with a sizable number of iterations and then an optimal number will 

be selected as the final data set. 

 

The study also employs Principal Component Analysis (PCA) to reduce the dimensions which have to be 

studied for computing the data quality. This is done in order to reduce the computation time and cost to 

measure the correlation between attributes in the combined dataset. This, however, comes as a trade-off 

between reduction in dimension and reduction in the amount of variability in the data that can be explained 

by the attributes. This might lead to higher values of nonlinear correlation metrics–MIC and distance 

correlation, which might not necessarily mean a simultaneous improvement in the combination of the cross-

industry data. 

 

3.3 Assumptions 
It has been assumed that all data components are from the same organization. Hence, the concept of pseudo-

id creation is implemented. With the help of the pseudo-id, communality has been established. This pseudo-

id will be behaving as a primary key and will help to merge all of the 15 data sources. 

 

3.4 Aggregation 
All the individual datasets are aggregated into three major datasets as retail bank, e-commerce and auto 

insurance datasets. After performing data aggregation, e-commerce and auto insurance datasets are merged 

with the retail bank dataset. Pseudo-id of each customer is created in retail bank-commerce and auto 

insurance datasets and it helps to project the customer’s banking behaviour onto the e-commerce business 

and vice-versa. The data aggregation is achieved through a 4-step process which is described below. 

 

Step 1: Integration of ecommerce data sources  

• Brazilian ecommerce dataset comprises of seller details, orders details, payment details, customers 

details, order review, geolocation, order items, product details, product category details.  

• Order review data set is a large dataset and hence we extracted the important attributes and excluded 

review creation date and review answer timestamp from the data frame. There is a total of seven variables 

and two variables were excluded i.e., review_creation_date and review_answer_timestamp which 

implies the extracted attributes are review_id, order_id, review_score, review_comment_title, and 

review_comment_message from order review data. 

• Order item data set consists of a total of six variables, out of which two variables were excluded and 

only four variables were taken into consideration, viz. order id, product id, price, and freight value. 
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• Product details dataset consists of total of nine variables; we excluded four variables i.e., product weight 

(gm), product length (cm), product height (cm), and product width (cm). The remaining five variables 

taken into consideration are product id, product category name, product name length, product description 

length, product photos quantity. 

• Orders dataset consists of order id, customer id, order status, order purchase timestamp, order approved 

at, order delivered carrier date, order delivered customer date, order estimated delivery date. Out of these 

only order id, customer id and order status seem important and are hence considered. 

• Payment dataset consists of variables such as order id, payment Sequential, payment type, payment 

instalments and payment value. 

• Stage 1: At first merge order item dataset with the product details dataset using product id. 

• Stage 2: Output from stage-1 is merged with the order review data using the key column order id. 

• Stage 3: Output of stage-2 is merged with orders dataset using the key column order id. 

• Stage 4: Output of stage-3 is merged with Payment_Dataset using order id. The integrated output from 

stage-4 is the final ecommerce dataset.  

 

Step 2: Demographic data preparation 

• For demographic attributes, we used IBM-Watson datasets in order to retrieve important features. In 

IBM-Watson dataset, we have a total of 24 variables namely, Customer, State, Customer Lifetime Value, 

Response, Coverage, Education, Effective to Date, Employment Status, Gender, Income, Location 

Code, Marital Status, Monthly Premium Auto, Months Since Last Claim, Months Since Policy 

Inception, Number of Open Complaint, Number of Policies, Policy Type, Policy, Renew Offer Type, 

Sales Channel, Total Claim Amount, Vehicle Class, and Vehicle Size. 

• Out of these 24 variables in IBM-Watson dataset, only 12 variables are extracted i.e. Customer, 

Coverage, Total Claim Amount, Monthly Premium Auto, Customer Lifetime Value, Education, 

Employment Status, Gender, Income, Location Code, Marital Status, and Vehicle Class. 

 

Step 3: Banking dataset preparation 

• Step 3a: Utilizing Portuguese bank dataset: 

o Portuguese Bank dataset consists of 17 variables such as age, job, marital status, education, default, 

balance, housing, loan, day, month, duration, campaign, p days, previous, p outcome, response, 

responsibility. 

o Out of 17 variables mentioned above, only 8 variables are considered as age, job, marital status, 

education, default, balance, housing, and loan. 

 

• Step 3b: Utilizing Credit Card dataset: 

o Credit Card dataset consists of total 18 variables namely, Customer id, Balance, Balance frequency, 

purchase, one-off purchases, instalments Purchase, Cash Advance, Purchases Frequency, One-off 

Purchase frequency, Purchase's instalment frequency, Cash advance frequency, Cash advance 

transaction, Purchases Transaction, Credit Limit, Payments, Minimum Payments, PRC Full 

Payments, and Tenure. 

 

Step 4: Consolidated dataset preparation 

• Merging ecommerce dataset, demographic dataset, Portuguese bank dataset and Credit Card datasets. 

• In order to merge different datasets, one common attribute is required for merging operations. Hence the 

pseudo_id for each customer is introduced and we make a key column in each dataset which is named 

as Pseudo_id column.  
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• IBM-Watson dataset consists of total 9,134 unique observations (rows) with 12 selected variables. One 

of the columns is customer which represents unique id of each customer. This attribute is replaced with 

pseudo_id which has 9,134 unique pseudo_id of each customer. 

• Portuguese Bank dataset consists of 45,211 unique observations and 8 selected variables. One more 

column is added as pseudo_id to Portuguese Bank dataset which contains 45,211 unique pseudo_id for 

each customer. 

• Credit Card dataset consists of 9,134 unique observations and 18 attributes. One of the attributes is 

customer id which is replaced with the pseudo_id column that contains unique pseudo_id for each of the 

9,134 customers. 

• E-commerce dataset consists of 1,18,318 unique observations and 19 attributes. Here also, pseudo_id is 

added as an additional column which contains 1,18,318 unique pseudo_id for each observation.  

• Among all the data sets, the minimum customer base is 9,134 hence, the final dataset after performing 

all the inner joins results in 9,134 customers with all the 93 attributes. 

 

3.5 Cleaning for Quality 
Post aggregation, the duplicate records are identified and removed. There are few records for which most 

of the attributes are null. All such records are dropped from the data set. All the numeric attributes are 

analysed and checked for outliers for subsequent removal. There are few numeric attributes, similar in 

nature, which have been standardized using normality check after performing the necessary log 

transformation. Also, the pseudo-id is renamed as customer-id. All the variables are converted into lower 

case and the space replaced with the underscore. 

 

3.6 Workable Database 
All the 16 data sources are aggregated in four stages. First, all retail bank datasets are aggregated, to make 

one dataset as retail bank (dataset–I). Then, all e-commerce and auto insurance datasets are aggregated 

separately to make one dataset as e-commerce (dataset-II) and auto insurance (dataset-III). Finally, on the 

basis of pseudo-id of each customer, all these three datasets are merged into one master dataset for model 

development. 

 

The objective of this aggregation is to bring all the attributes of retail banking customers, e-commerce 

customers and auto insurance customers under one umbrella. The merged dataset contains all the essence 

of banking and ecommerce industries attributes. The final data comprises of information of 9134 customers. 

 

The goal of data integration is to merge customer profiles that span multiple industries like retail banking, 

e-commerce, auto insurance, and lending to create a unified view. This involves combining transactional 

and behavioral data to form a complete, 360-degree customer profile. With this all-encompassing view, 

companies can design personalized value propositions. During portfolio segmentation and predictive 

modeling for identifying potential leads, customers unique to one sector are not included, rather we are 

focusing on those who are common across various industries. 

 

4. Summary of Exploratory Data Analysis 
The aggregated and consolidated dataset obtained in Section 3 has 9,134 customers and 93 attributes. An 

extensive exploratory data analysis was conducted on all 93 attributes, examining various aspects of data 

quality including missing values, extreme values, inconsistencies, and correlations between attributes. It is 

observed that Retail bank (account, demography, credit card, loan and insurance) constitutes 66% variables. 

E-commerce (cross industry) contributes to 34% variables. There is a total of 1,26,913 customers (retail 

bank and e commerce). There are only 9,134 customers which are common between retail bank and e-
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commerce. There are a total of 93 variables distributed across various segments of retail bank, credit card, 

auto insurance and ecommerce (Table 1). Out of these 93 variables, 50 variables are shortlisted through 

due diligence and domain understanding for model development (Table 1). It can be noted that no variable 

is selected from campaign info category due to incompleteness and poor data quality. 

 
Table 1. Overview of retail banking & e-commerce variables. 

 

Business segment 
Data segment 

Number of 

variables 
Variable (%) 

Number of 

variables 
Variable (%) 

  All variables (93) Selected variables (50) 

Insurance Auto insurance 17 18% 7 14% 

Credit card Credit card info 17 18% 16 32% 

E-commerce E-commerce 32 34% 18 16% 

Retail bank Account info 4 4% 1 2% 

Retail bank Campaign info 16 17% 0 -- 

Retail bank Credit history 1 1% 1 2% 

Retail bank Demography 4 4% 4 8% 

Retail bank Loan info 3 2% 3 6% 

Grand total 93 100% 50 100% 

 

 

The list of all the 93 variables and its selected subset consisting of 50 variables used in the study are shown 

in Annexure-2. 

 

After completing the various stages of data management and data preparation, the diversified portfolios of 

9,134 common customers have been obtained. All these customers will be used to develop propensity 

models both for retail banking and collaborative industries. The models thus developed will be the winning 

strategy for Cross industry collaboration. 

 

5. Model Building 
The exploratory data analysis section is instrumental in identifying key variables for the development of a 

comprehensive framework, which encompasses statistical analysis, segmentation, and predictive modeling. 

This section focuses on developing three models: the first model utilizes unsupervised algorithms to 

segment portfolios, while the second and third models predict banking and e-commerce behavior, 

respectively. The purpose, details of the models, along with their respective processes and diagnostics are 

elaborated below. 

 

Brief Overview of the Models 

(a) Portfolio Segmentation using unsupervised algorithms: K-means cluster analysis will be performed that 

will split the entire diversified portfolio into an optimal number of segments known as profiling. Each 

cluster will have nearly similar customers with respect to all the banking and ecommerce attributes. 

(b) Develop a propensity model using e-commerce attributes only that will predict a specific banking 

behaviour: A predictive model will be developed using only e-commerce variables which will predict 

the purchase frequency using credit card. The list of predominant attributes will be identified which 

drives high frequency credit card purchase. This information will be cascaded to bank so that bank can 

roll out personalized campaigns for these customers. All these campaigns will attract the customers 

towards purchase using credit card. Bank will be able to generate leads and increase profitable 

customers from all of these campaigns. 

(c) Develop a propensity model using banking attributes only that will predict a specific e-commerce 

behaviour: In this case, a predictive classification model will be developed using only banking attributes 

to predict e-commerce product category, which a typical banking customer might prefer. The list of 

predominant attributes will be identified which drives customer preference while buying e-commerce 
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products. This information will be cascaded to e-commerce company so that the e-commerce company 

can design customized campaigns for all these customers. All these campaigns will surely attract some 

of the banks' customers towards e-commerce product purchase. In this way, e-commerce company will 

be able to generate profitable leads which will have high propensity for conversion. 

 

Details of the Models 

Portfolio segmentation using K-means clustering: 

The model is designed to perform cluster analysis on the entire customer portfolio, grouping customers into 

distinct, homogeneous clusters. The primary objective of this model is to classify new customers into the 

appropriate clusters based on their characteristics and utilize a predictive model tailored to each cluster to 

identify potential leads for targeted marketing efforts. This two-step approach ensures that new customers 

are accurately segmented, allowing for more effective and personalized lead generation strategies. 

 

The objective of performing K-means clustering is to split the entire diversified portfolio into homogeneous 

groups so that the customers belonging to each group are consistent. The selection of K-means clustering 

is justified by its simplicity, efficiency, and ease of interpretation. It partitions the data into K distinct, non-

overlapping clusters based on distance metrics, typically Euclidean distance. It can handle large datasets 

effectively, making it suitable for a variety of applications. K-means is faster than many other clustering 

algorithms, especially on large datasets, because it typically converges in a few iterations. The only 

drawback of the K-means algorithm is the number of clusters should be known (supervised) in advance. 

The other clustering approaches, like hierarchical clustering or density-based spatial clustering of 

applications with noise (DBSCAN), may be preferred when the data contains non-spherical clusters, 

clusters of varying sizes, or when the number of clusters is not known beforehand. These methods can also 

handle outliers better than K-means. But in the K-means framework development, outlier detection is 

already performed, number of optimal clusters is identified and data contains spherical clusters. Hence, the 

K-means cluster is applied. 

 

 
 

Figure 3. Optimal cluster identification. 

 

K-means clustering algorithm incorporates 50 selected variables from various sectors, including retail 

banking, credit cards, e-commerce, and auto insurance, to conduct portfolio segmentation. These variables 

are integral to the cluster analysis process. To determine the most effective number of clusters, an elbow 
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curve is generated. By examining the inflection point on the elbow curve, the ideal number of clusters is 

established at six, as depicted in Figure 3. Consequently, the portfolio is divided into six uniform clusters. 

During the cluster analysis, 831 records were omitted, resulting in a distribution of the remaining 8,303 

customer records across the six segments. The allocation of clusters is summarized in a table (Table 2) 

which outlines the segmentation across all six clusters. 

 
Table 2. Cluster description. 

 

Cluster name Number of customers Customers (%) 

Cluster-1 2,147 26% 

Cluster-2 498 6% 

Cluster-3 1,874 23% 

Cluster-4 1,666 20% 

Cluster-5 1,251 15% 

Cluster-6 867 10% 

Grand total 8,303 100% 

 
 

The explanation of cluster attributes and their significance are identified from cluster features (Table 3). 

Average purchase frequency is significantly high for cluster-5 followed by cluster-3 and cluster-6. 

Customers belonging to cluster-5 happen to make purchases mostly with full payments (one off purchase 

frequency). Average payments made by customers from cluster-5 happen to be dominating. Average 

income for cluster-4 is significantly high; however, the expense made by the customers is not so high. 

Credit limit & payments are directly proportional and this is also reflected from the cluster description. 

 

Portfolio Insights are also identified by analysing the cluster features (Table 3). The average income for 

cluster-1 is significantly low as compared to other segments and the average payment is the second highest 

among all the six portfolio segments. The average payment and credit limit are minimum for cluster-2 

among all the six portfolio segments; however, the average income of all the customers in this portfolio 

segment is not minimum. In cluster-5, purchase frequency is the highest among all the six portfolio 

segments. Average credit limit is highest; hence, it can also be concluded that the customers belonging to 

cluster-5 have high spending attitude. 

 
Table 3. Cluster features. 

 

 

 

Retail bank credit card lead generation model: The development of a propensity model is made focusing 

solely on e-commerce attributes to predict specific banking behaviors. This model aims to identify potential 

leads for retail banking services by analyzing online consumer patterns from e-commerce websites. 
 

The present study aims to create a predictive model that utilizes cross-industry data from retail banking and 

e-commerce. The model’s objective is to pinpoint potential customers who are likely to use a credit card 

for e-commerce transactions, based on their online transactional behaviour. The key dependent variable is 

binary, indicating whether a customer uses a credit card (1) or not (0) during an e-commerce transaction. A 

Top 5 retail banking attributes define the portfolio segments 

Cluster name Purchase 

frequency 

One-off purchase 

frequency 

Payment 

 

Income 

 
Credit limit 

Cluster-1 0.13 0.07 1,619 14,763 4,220 

Cluster-2 0.36 0.12 829 33,646 2,951 

Cluster-3 0.87 0.13 1,546 36,254 4,133 

Cluster-4 0.15 0.08 1,478 69,644 4,221 

Cluster-5 0.92 0.82 3,421 39,510 6,799 

Cluster-6 0.72 0.11 1,413 36,990 4,208 
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total of 18 e-commerce-specific variables serve as independent variables in the model. The customer base 

for this model is shared between the retail bank and e-commerce platforms, which is why the use of a credit 

card during e-commerce transactions is the chosen dependent variable. All independent variables are 

exclusively related to e-commerce activities. 

 

The data is divided into development and validation samples for each of the six segments. This approach 

helps prevent overfitting and helps to train the models on one subset and evaluate their performance on 

another. It is ensured that the data split is representative of the underlying distribution in each segment. In 

each segment, a separate model is built since different segments may exhibit unique patterns or 

relationships. However, consistent feature engineering techniques are used across all segments to maintain 

consistency. The model accuracy is monitored in the validation sample for all six segments. Accuracy is a 

common metric, but we also consider other evaluation metrics like precision, recall, F1-score, or area under 

the receiver operating characteristic curve (AUC-ROC). A strict monitoring and evaluation exercise is 

performed to ensure that the model does not overfit or underfit, especially since the segments have varying 

data characteristics. Among multiple machine learning algorithms, two top performers are identified: 

XGBoost and Gradient Boosting. Both XGBoost and Gradient Boosting are powerful ensemble methods 

that handle complex relationships and perform well in various scenarios. 

 

 
 

Figure 4. Importance of ecommerce attributes. 

 

 

Table 4. Final model and portfolio segments. 
 

 

 

In this study, the independent variables consist exclusively of e-commerce attributes. Among the six 

portfolio segments, accuracy played a crucial role in identifying the most suitable representative segment 

Portfolio segment 

XG Boost  

(Error %) 
Gradient boosting (Error %) 

Dev sample Val sample Dev sample Val sample 

Portfolio segment-1 27% 39% 25% 40% 

Portfolio segment-2 11% 12% 10% 12% 

Portfolio segment-3 16% 19% 16% 19% 

Portfolio segment-4 23% 30% 22% 30% 

Portfolio segment-5 15% 16% 14% 16% 

Portfolio segment-6 14% 17% 14% 17% 
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and its corresponding predictive model for lead generation of potential credit card customers in a retail bank 

during e-commerce transactions. Notably, portfolio segments 2, 3, 5, and 6 consistently demonstrated good 

model accuracy (Table 4). However, the best-performing result was observed in portfolio segment-2 (Table 

4). Consequently, deploying an individual model tailored to this specific segment is recommended. 

Additionally, the predictive model revealed the top 10 e-commerce attributes with significant importance 

(Table 5 and Figure 4). Leveraging these features will be instrumental in developing a credit card customer 

acquisition strategy for any retail bank. 
 

Table 5. Feature importance. 
 

 

 

E-commerce lead generation model: An e-commerce lead generation model is set up to predict customer 

preferences for specific products by analysing a retail bank's transactional and behavioural data. This work 

essentially uses banking information to identify potential leads for e-commerce businesses. 

 
Table 6. Product category. 

 

 

 

Table 7. Final model and portfolio segments. 
 

 

 

A machine learning model is built to predict e-commerce product preferences for banking customers. It 

uses 32 attributes (9 banking, 7 auto insurance, and 16 credit card) to categorize potential purchases as 

E-commerce attributes Importance 

Review_score 0.076 

Price 0.086 

Com_payment_installments 0.088 

Freight_value 0.097 

Ecom_payment_sequential 0.101 

Product_description_length 0.102 

Product_photos_qty 0.107 

Expected_delivery_duration 0.110 

Ecom_payment_value 0.116 

Product_name_length 0.117 

Serial 

number 
Essential products Luxurious / others 

1. 
Comfort home, home appliance, air conditioning, portable home oven & 
café, housewares, decoration / furniture, bed, table, bath 

Agro industry and commerce, industry trade and 
business, office furniture 

2. 
Room furniture, furniture kitchen service area dinning and garden, 

garden tools 

Construction tools, construction tools lighting, 

house construction 

3. Babies accessories, hygiene diapers Automotive 

4. Signage & security, landline, telephony Cool stuff, audio, arts 

5. Technical books, stationary store, accessory, bags Sport leisure, game consoles, pc gamer, toys 

6. Electronics, informatics accessories Beauty / health, perfumery 

7. Pet shop Fashion handbags and accessories, gift watches 

8. Foods  

Portfolio segment 

Xg boost  

(Error %) 
Gradient boosting (Error %) 

  

Dev sample Val sample Dev sample Val sample 

Portfolio segment-1 81.49% 57.56% 97.34% 58.62% 

Portfolio segment-2 92.33% 57.21% 98.17% 55.72% 

Portfolio segment-3 84.09% 64.04% 98.00% 60.25% 

Portfolio segment-4 79.78% 58.28% 97.40% 58.28% 

Portfolio segment-5 89.60% 61.58% 97.85% 58.13% 

Portfolio segment-6 77.44% 56.50% 97.83% 54.07% 
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essential or luxurious and others (Table 6). This initial recommendation aims to guide customers in the 

right direction on the e-commerce website, although the challenge lies in capturing the variety of products 

customers might buy. 
Table 8. Feature importance. 

 

Retail banking attributes Importance 

Balance Frequency 0.018 

Purchase transaction 0.019 

One-off purchase frequency 0.022 

Purchase frequency 0.022 

Cash advance 0.024 

Vehicle class 0.024 

Education 0.025 

Balance 0.026 

Customer Lifetime value 0.027 

Marital status 0.027 

Total claim amount 0.030 

Purcahses 0.031 

Housing loan  0.032 

Job category 0.032 

Gender 0.033 

Installment purcahses 0.033 

Employment status 0.034 

Monthly premium auto coverage  0.035 

Cash advance frequency 0.037 

PRC_ful_payment 0.044 

 

 

 
 

Figure 5. Importance of retail banking attributes. 
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To identify the best model for predicting customer preferences across all six customer segments, data 

exploration and due diligence were used to establish the same set of independent and dependent variables. 

Following a standard development and validation process, multiple machine learning algorithms were 

tested. Ultimately, XGBoost and Gradient Boosting emerged as the top performers based on model 

diagnostics. Additionally, a random forest model was employed to understand the relative importance of 

controllable attributes, allowing businesses to take the targeted actions for optimization. Analysis of all six 

customer segments identified the most accurate models for product category recommendations in segments 

3 and 5 (Table 7). These segments can leverage their respective top-performing models for product 

suggestions. Additionally, the top 10 most influential retail banking attributes were pinpointed through the 

models (Table 8 and Figure 5), providing valuable insights for developing targeted lead generation 

campaigns and customer acquisition strategies. 
 

6. Results and Discussions 
Retail banks utilize portfolio segmentation to cater to the specific needs and preferences of different 

customer segments, thereby providing personalized experiences, increasing satisfaction, and retaining 

customers. K-means clustering is a well-established methodology for retail bank portfolio segmentation. Li 

et al. (2021) introduced an enhanced customer segmentation method using an improved K-means algorithm 

and adaptive particle swarm optimization (PSO). They utilized an adaptive learning PSO (ALPSO) to 

optimize the K-means cluster centers, referred to as KM-ALPSO, thus reducing reliance on initial cluster 

centers. Factor analysis was applied to extract numerical variables from a mixed dataset of actual group-

customer consumption data. The proposed dissimilarity measurement method was employed for clustering 

the mixed data, showcasing superior performance compared to existing models and demonstrating the 

effectiveness of KM-ALPSO for customer segmentation. Durga et al. (2023) performed extensive study 

and identified that customer segmentation analysis involved categorizing a diverse customer base into 

distinct segments with unique characteristics and preferences of their own. This enables businesses to 

personalize their marketing efforts and enhance sales performance. Clustering algorithms play a key role in 

identifying these segments, providing insights for targeted strategies and resource optimization. Ultimately, 

data-driven customer segmentation serves as a strategic tool for businesses aiming to thrive in competitive 

markets and improve sales outcomes. Turkmen (2022) has compared customer segmentation techniques 

using online retail data, including machine learning models and the RFM approach (Recency, Frequency, 

Monetary Value of a transaction). The study evaluates the insights for marketing strategies, discusses their 

strengths and weaknesses, and proposes a methodology for selecting the best clustering approach. 

Additionally, it includes a literature review on artificial intelligence, ML-based clustering models, and 

examples of customer segmentation in various industries. Gopalakrishnan (2024) examines how customer 

segmentation in the banking industry can be enhanced by using the K-Means clustering algorithm to group 

customers based on financial attributes. This approach allows for tailored marketing strategies and 

personalized offers, ultimately leading to improved customer engagement and profitability. K-means 

clustering allows banks to identify high-risk segments within their portfolio. This also helps in 

implementing targeted risk management strategies for those high-risk segments, thereby reducing potential 

credit losses.  

 

To summarize, segmentation enables retail banks to create targeted marketing campaigns that are better 

tailored to the characteristics and behaviours of each segment. This leads to more effective marketing 

efforts, better response rates, and improved cross-selling opportunities. Understanding the needs of different 

customer segments through portfolio segmentation can guide product development efforts towards creating 

innovative offerings that address specific market demands. Effective portfolio segmentation using K-means 

clustering provides retail banks with a competitive edge by enabling them to better understand their 

customers' behaviours, preferences, and profitability drivers. Overall, portfolio segmentation through K-
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means clustering empowers retail banks with valuable insights that drive strategic decision-making across 

various aspects of the business, ultimately leading to improved customer satisfaction, risk management, 

marketing effectiveness, product innovation, and competitive positioning in the market.  

 

Upon analysing the cluster features outlined (Table 3), several insights into the portfolio emerge. Cluster-

1 is characterized by an average income that is notably lower than that of the other segments, yet it has the 

second-highest average payment across the six portfolio segments. Cluster-2 stands out for having the 

lowest average payment and credit limit among the segments, although its average income does not rank as 

the lowest. Meanwhile, Cluster-5 distinguishes itself with the highest purchase frequency of all segments. 

Coupled with the highest average credit limit, this suggests that Cluster-5 customers exhibit a propensity 

for higher spending. The model succinctly conveys the key financial behaviours and characteristics of the 

different clusters within the portfolio. 

 

Bakhtiari et al. (2013) found that, despite their popularity, affinity card programs do not necessarily lead to 

higher profitability compared to non-affinity card holders. Their study indicated that sports-based and 

alumni-based programs are less profitable; however, affinity card customers present lower risk and 

contribute to reducing the average risk of the customer portfolio. In a similar vein, Dinh and Kleimeier 

(2007) proposed a credit scoring model for retail loans in Vietnam, focusing on identifying borrower 

characteristics, calibrating the model to align with bank objectives, and assessing its applicability in 

transactional versus relationship lending scenarios. Finally, Kamimura et al. (2023) conducted a literature 

review on optimization methods employed in Credit Scoring Models (CSMs). They found that these models 

are typically developed using Financial Analysis, Machine Learning, Statistical Techniques, Operational 

Research and Data Mining Algorithms. The findings of the study have practical implications for the 

application of CSMs. However, it is important to address legal and ethical considerations in the application 

of optimization methods to CSMs.  

 

In the context of the present study on data monetization, the purpose is to develop a new customer 

segmentation strategy based on transactional and behavioural data that aims to generate leads and acquire 

customers for both the bank and the e-commerce platforms. By analysing a customer's profile, the system 

can assign them to a particular segment. For the bank, this triggers a scoring engine to assess their propensity 

for e-commerce products and recommend relevant items. Conversely, during an e-commerce transaction, 

the customer's segment triggers the scoring engine to evaluate their credit card interest, potentially leading 

to a targeted product offer from the bank. This approach creates a two-way path for lead generation and 

customer acquisition. 

 

The first model, which is developed based on e-commerce attributes, will be used to predict the propensity 

of purchase using a credit card during any banking transaction for purchase. A credit card purchase 

propensity model, built on customer behavior on the e-commerce platform, predicts how likely someone is 

to use a credit card during a bank transaction. This model achieved the best results for portfolio segment 2, 

with an impressive 88% accuracy, making it ideal for implementation by the e-commerce company. 

Importantly, the model also identifies key factors influencing credit card usage, such as review scores, 

product pricing, payment options, descriptions, and photos. These controllable variables give the e-

commerce company the power to optimize these aspects and potentially boost conversions. This not only 

fosters lead generation through collaboration with the bank but also increases sales and revenue. 

 

The second model, which is developed based on retail banking attributes, will be used to predict product 

category which customers usually purchase while performing any e-commerce transaction. This model 

achieved optimal results for portfolio segment 3, making it ideal for the bank to implement. The model also 
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identifies key banking features influencing purchase behavior, such as account balance activity, transaction 

history, loan types, and vehicle ownership. These insights can be leveraged for lead generation and 

customer acquisition within the e-commerce industry, fostering cross-selling opportunities for other 

banking products and services. Furthermore, by monitoring these factors, the bank can enhance customer 

satisfaction and potentially reduce churn. Ultimately, this model and its identified features empower the 

bank to differentiate itself in the market. 

 

7. Managerial Implications 
This cross-industry collaboration framework successfully combined data from both the bank and the e-

commerce platforms. By culminating in the development of targeted propensity models for each industry, 

the framework creates a win-win situation. It ensures secure data exchange while simultaneously providing 

valuable leads to both the bank and the e-commerce company, ultimately boosting their respective 

businesses. 

 

E-commerce businesses can leverage this framework to identify potential customers during transactions 

and channel them towards the partnered retail bank's credit card program. To maximize conversions, the 

bank should develop customized offers and discounts tailored to these leads. To further enhance lead 

nurturing, the bank can share campaign strategies informed by spending patterns of their existing credit 

card customer base. This collaboration creates a favourable situation for both the entities, with e-commerce 

companies gaining qualified leads and banks acquiring new credit card customers. 

 

For retail bank implementation, the second model identifies potential customers interested in essential or 

luxury goods. The bank can then encourage purchases in these categories by directing these leads to the 

partnered e-commerce platform with enticing offers. To create these targeted promotions, the e-commerce 

company should analyse their existing customer base and share their campaign strategies with the bank in 

advance. This collaboration fosters mutual benefit, with the bank driving sales and the e-commerce platform 

acquiring new customers. The benefit of such data exchange programme is to get more successful target 

campaigns and to ensure higher return on investment. 

 

8. Conclusions and Future Steps 
This study explores the concept of lead generation through collaboration between retail banks and e-

commerce platforms, a relatively under-researched area compared to traditional B2B collaborations. An 

extensive literature review was conducted to understand the existing practices and identify gaps. This paper 

proposes a novel framework that leverages propensity models to identify potential customers for both 

industries. This framework offers a unique approach towards customers' experience enhancement. By 

analyzing customer data, the model tailor’s product recommendations and promotions to better suit 

individual needs. This translates to increased customer satisfaction for both retail bank customers (receiving 

relevant e-commerce offers) and e-commerce customers (benefitting from targeted banking promotions). 

Ultimately, the framework establishes a win-win strategy for both businesses, generating valuable leads 

and fostering customer acquisitions. 

 

The study further validates the effectiveness of the framework through the development of two highly 

accurate propensity models, one for the retail bank and one for the e-commerce platform. Additionally, the 

application of these models within distinct customer segments, identified using unsupervised machine 

learning algorithms, ensures precise targeting and a highly effective approach. 

 

The framework developed in this work will have advantages and challenges in order to be implemented in 

the context of banking industry. However, following this new integrated framework and conducting the 
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study by using the methodology proposed, will hopefully ensure significant improvement in customer 

experience and customer management. The proposed framework is expected to be competent enough for 

application by banking industry. The application of the framework for improvement in customer experience 

is found to be quite new, as not many published case studies are found. It may be mentioned that a straight-

jacketed approach may not be effective in these situations and portfolio segmentation using composite 

variables (involving retail banks & collaborative industries) is essential for appropriate campaigns & 

offerings. 

 

This study, while proposing a novel framework for customer experience improvement through bank-e-

commerce collaboration, acknowledges limitations. Data access, privacy concerns, and model 

generalizability across different customer bases are potential hurdles. The framework's reliance on customer 

acceptance of targeted promotions and ethical considerations around data monetization necessitate further 

exploration. Additionally, the study's focus on a single industry collaboration and evaluation at a single 

point in time limits its generalizability and understanding of long-term impact. Finally, potential bias within 

machine learning algorithms used for segmentation and modeling requires mitigation strategies. Addressing 

these limitations will strengthen the practical applications of the framework and pave the way for future 

research. 

 

Finally, this study lays the groundwork for a comprehensive customer experience framework. Here's how 

we envision its future development: 

 

a) Quantifying Customer Experience: The research would aim to develop a metric that captures both 

customer satisfaction and dissatisfaction. This will allow to objectively measure the impact of various 

initiatives on overall customer experience. 

 

b) Leveraging Digital Footprints: The framework can be expanded to incorporate digital footprints, which 

encompass customer interactions across online channels. By analysing these footprints, one can assess the 

influence of digital technologies on customer experience and identify areas for improvement. 

 

c) Customer 360° Benchmarking: The final stage involves creating a benchmark that underscores the 

importance of a holistic customer view (Customer 360°). Here, the enhanced framework, incorporating 

both digital footprints and cross-industry collaboration data, will be used to evaluate the effectiveness of 

this approach in driving positive customer experiences. This comprehensive customer view will be the 

focus of our future research endeavours. 
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ANNEXURE-1 
Details of the data sources used in the study. 

 

Data source Source 

no. 

Dataset details 

Retail Banking 1. Bank-marketing-dataset - Demographic and Campaign details 

 2. Campaign Dataset - Demographic and Campaign details 

 3. Bank-marketing - Demographic, Campaign details and marketing specific variables 

 4. Bank-Marketing-Campaign-dataset - Demographic, Campaign details and marketing specific variables 

 5. Portuguese-Bank-Marketing-dataset - Demographic, Campaign details and marketing specific variables 

 6. Bank-Marketing-dataset - Demographic, Campaign details and marketing specific variables 

 7. Direct-Marketing - Nature of Data: Demographic 

 8. Banking-dataset-Marketing-Targets - Demographic, Campaign details and marketing specific variables 

 9. Credit Card - Credit Card specific details along with customer details 

 10. Email-Campaign-Management - Campaign specific details 

 11. Banking-dataset-marketing-targets (2) - Demographic, Campaign details and marketing specific 

variables 

 12. Customer-Retention- Campaign for customer retention 

 13. Bank Personal Loan - Customer Credit worthiness specific variables 

Cross Industry 
collaborator: E-

commerce Data set 

14. Brazilian-Ecommerce - Complete e-commerce data: (Sub data sets) 

- Seller 

- Orders details 

- Payment details 

- Customers details 

- Order review 

- Geolocation  

- Order items 

- Product details 

- Product category 

Cross Industry 
collaborator: Auto 

Insurance Data set 

15. Auto Insurance - IBM - Watson - Marketing - Customer - Value – data 

 
 

ANNEXURE-2 
Distribution of all attributes across business functions. 
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