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Abstract 
The retail sector is one of the most data-intensive industries in the world. Retailers collect a wide variety of data from various 

sources across the enterprise, from the e-commerce transaction logs to supply chain activities, customer service conversations, 

and marketing campaigns. The availability of big data in retail is a double-edged sword—while the amount of data presents 

opportunities, the effectiveness of customer analytics initiatives also relies heavily on data quality and governance. Reliable, 

governed, and proactive customer data engineering is essential for operational and analytical workloads across the retail 

ecosystem since analytics-based decisions undertaken by marketers, customer service, and product development teams impact 

customer experience and ultimately the bottom line. This requires an engineering approach to customer data and a focus on 

how it is governed, processed, segmented, transformed into features, and served to data scientists, visualization tools, and 

digital platforms. 

 

The data landscape within retail can be categorized based on the stages of the data life cycle starting from data sources 

and ingest to data quality and governance, data modeling for Analytics, data storage, pipeline orchestration, and finally feature 

engineering of customer behavior catered for modeling and analysis. Customer-related data used for data sciences use cases 

can be broadly divided into two categories: identity data responsible for a single customer’s identity and behavioral data that 

enables analysis of the customers’ actions, including visits, purchases, interactions, and conversations, over time and in 

response to various marketing push messages. 

 
Keywords: Retail Big Data Analytics, Customer Data Engineering, Retail Data Governance, Data Quality Management, 

Omnichannel Retail Data, E-Commerce Transaction Logs, Supply Chain Data Integration, Customer Service Analytics, 
Marketing Data Pipelines, Retail Data Lifecycle, Data Ingestion And Processing, Retail Data Modeling, Analytics-Oriented 
Data Storage, Pipeline Orchestration, Feature Engineering In Retail, Customer Identity Data, Customer Behavioral Data, 
Customer Journey Analytics, Personalization And Segmentation, Data-Driven Retail Decisions. 

 

I. INTRODUCTION

 

The emergence of e-commerce has made possible the 

collection of detailed data on the behavior of buyers, 

including the times, types, characteristics, and quantities 

of items of interest, as well as sorting, rating, and 

purchasing decisions. In addition to data from customer 

interactions with the company’s website, data from other 

social networks and platforms have begun to provide even 

more insight into customer behavior. Both buzz and sales 

data have led to changes in the way product suppliers are 

chosen, prices set, advertising and marketing campaigns 

designed, and suppliers identified and managed. Tracking 

the activity of customers during their visits to retail stores 

has also become possible, with comment cards and 

redemption notes allowing for more direct involvement 

and feedback from customers, and a reward system 

providing incentives for customers to remain loyal to a 

supermarket or shopping center. As personal data becomes 

increasingly available and companies help create “digital 

twins” in the digital world, the ability to analyze customer 

behavior and preferences will be expanded. 

 

Despite the variety of data generated, identifying 

important trends or interesting facts is not simply an 

exercise in sophisticated statistics. Many behaviors cannot 

be explained simply by observing changes in details over 

time. Abnormally high sales figures captured by cluster 

detection algorithms can be further investigated through 
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statistical techniques to identify surprises. Evaluations of 

the effectiveness of marketing campaigns can combine 

statistical hypothesis testing with graphical display tools. 

Emerging data, mining, analytics, and visualization 

techniques can help organizations remain profitable in an 

environment where product life cycles are constantly 

shortened and competition becomes fiercer. Information 

systems and data management systems have matured to be 

able to support the integration of diverse types of data in 

homogeneous formats, facilitating the use of user-friendly, 

yet high-performance data mining tools. 

 

 Overview and Objectives 
Data is an important landscape for many 

organizations including retailers willing to analyze 

customer behavior and learn new patterns. Retailers 

accumulate data from multiple sources such as web 

applications, point of sales, warehouse management 

systems, delivery services, etc. The actual challenge is not 

data storage, but data quality and data governance, 

ensuring the datasets ingested meet compliance and 

privacy regulations before and after processing. When 

analyzing data it is critical to have high-performance 

models ready to speed up the analysis cycle. Data 

Engineering delivers the right models to make data-driven 

decisions in near real-time, such as offering new 

promotions to specific customer segments or analyzing 

customers most likely to churn. 

Behavioral analysis is an important research area in 

casinos, e-commerce, and finance. Behavior is usually 

modeled through metrics based on customer purchases, 

such as RFM (Recency/Frequency/Monetary Value) 

analysis. However, these criteria do not take into account 

all the customer possible interactions with the business. 

For Retailers, further patterns found in the customers' 

journey through the data architecture can boost the quality 

of the analysis. Recognizing that RFM is a poor metric to 

explain customer behavior in a Casino (L. Viana et al., 

2017), a Customer Behavior Analysis based on Events is 

proposed. The foundation for this analysis is data 

engineering, and in detail, a set of principles regarding data 

sources, quality, modeling, processing, and features 

driving the final Customer Behavior Analysis is presented. 

The proposal demonstrates how behavior can be modeled 

through Events and not restricted to purchases. 

 

This section uses data engineering to provide RFM-

like models and events to classify different groups of 

Retail customers on their behavior, improve strategies to 

increase sales and reduce churn, and decrease the number 

of customers re-activated on a campaign. 

 

 

 

 

 
Fig 1 Beyond Transactional Metrics: An Event-Driven Data Engineering Framework for Advanced Customer Behavioral 

Analysis and Churn Mitigation in Retail Ecosystems 
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II. DATA LANDSCAPE IN RETAIL 
 

In retail, the need for data is ubiquitous. Data for 

behavioral analysis typically exists in multiple sources, 

including structured transactions databases, semi-

structured web and mobile platforms, and unstructured 

social media. Getting the needed data into a data analytics 

platform is essential for retail companies wishing to gain 

experience-based customer insights. Data quality, 

integrity, availability, and governance for the analysis of 

customer behavior are critical to gaining trust and adoption 

by analytics and business teams. 

Retailers examine customer behavior to identify 

opportunities and assist in long-term planning. Analytics 

requires a foundation of shared data from multiple sources, 

spanning holidays, seasons, and years, and is typically 

built from the details of every transaction and customer 

event, so elements of the entire customer journey can be 

explored. Even with data at scale in a data warehouse or 

lake, it needs to have the right format, cleansing, 

accessibility, and depth to meet performance benchmarks 

for batch and real-time processing. 

 

 
Graph 1 Equation A) RFM constructs (Recency, Frequency, Monetary) 

 

The frames RFM as: customers who purchased 

recently, frequently, and spend more are more valuable; it 

also notes typical 1–5 scoring per dimension. 

 
 Define the raw transactional data 

Assume a transaction table with: 

 

 customer 𝑖 

 transaction times 𝑡𝑖1, 𝑡𝑖2, … , 𝑡𝑖𝑛𝑖  

 transaction amounts 𝑎𝑖1, 𝑎𝑖2,… , 𝑎𝑖𝑛𝑖  

 analysis “as-of” (reference) date 𝑇 

 

Let the window be [𝑇 −𝑊,  𝑇] (e.g., last 180 days). 

 

 Recency (days since last purchase) 

 

 Last transaction time for customer 𝑖: 
 

𝑡𝑖
last = max{𝑡𝑖𝑗} 

 

 

 Recency (time gap from reference date): 

𝑅𝑖 = 𝑇 − 𝑡𝑖
last  

 

If measured in days: 

 

𝑅𝑖(days) = days(𝑇) − days(𝑡𝑖
last) 

 

 Interpretation:  

smaller 𝑅𝑖 is “better” (more recent). 

 

 Frequency (Purchase Count in the Window) 
 

 Count transactions in the window: 
 

𝐹𝑖 =∑𝟏

𝑛𝑖

𝑗=1

[𝑡𝑖𝑗 ∈ [𝑇 −𝑊,  𝑇]] 

 

where 𝟏[⋅] is an indicator (1 if true, else 0). 
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 Monetary (total spend in the window) 
 

𝑀𝑖 =∑𝑎𝑖𝑗

𝑛𝑖

𝑗=1

⋅ 𝟏 [𝑡𝑖𝑗 ∈ [𝑇 −𝑊,  𝑇]] 

 

 Data Sources and Ingest 

From a data engineering perspective, retail customer 

behavior analysis encompasses the techniques and 

frameworks that facilitate data ingestion, quality assurance 

and governance, storage, processing, feature engineering 

and modeling—all with the end goal of producing a set of 

well-engineered features that support customer-vicinity 

behavior-based machine-learning models in a cloud 

platform environment. Many of these features support a 

round-trip paradigm in which machine-learning models 

iteratively segment customers into target groups for 

customer relationship management programs; a second set 

of features support dedicated churn prediction and 

predictive lifetime-value modeling projects. 

 

Data from multiple sources are needed to analyze 

customer behavior. RFM models require transaction data, 

while churn-prediction models similarly benefit from the 

consideration of customers’ recency, frequency and 

monetary activity characteristics. Marketing campaigns, 

events surrounding the campaigns, and other contextual 

factors are also important sources of information. Attribute 

information from both internal and external exploration 

also supplements the behavioral view of the customers and 

their surroundings. To support this comprehensive 

collection of sources, a data pipeline collects the data in a 

"best-available quality" mode, reshaping the data along the 

way to fit a behavioral-event schema. 

 

 Data Quality and Governance 

Reliable data is a prerequisite for insights about 

customer behavior. Yet ensuring high data quality is a 

major challenge because data is often ingested into the data 

platform in raw form and can contain errors due to 

incorrect schemas, inconsistencies, repetition, and other 

issues (e.g., missing values, outliers). Data quality 

assurance should be built into data pipelines along with the 

ETL/ELT processes that prepare the data for analytics. 

Such validation uses a set of wholesome rules to 

automatically assess quality at different stages within the 

pipeline, applying remediation where possible and alerting 

users as needed. Performance can be monitored to track 

execution time and resource consumption across different 

data sources, pipelines, or components. 

 

Many organizations have established enterprise data 

governance frameworks. These policies cover not only the 

availability of relevant, reliable, and high-quality data but 

also how data can be shared and used. Data catalogs act as 

central repositories for organizing metadata, including 

data definitions, schemas, lineage details, and contact 

points for different data domains that users can consult for 
clarification on ambiguous data elements—adopting a 

common language makes collaboration easier. Automated 

data lineage tracking provides insight into data 

transformations, helping users trace the steps that a 

particular attribute has gone through, enabling auditing 

efforts, and allowing them to trust the quality of the 

combined dataset for subsequent analytics. 

 

III. DATA MODELING FOR BEHAVIORAL 

INSIGHTS 
 

RFM, or recency/frequency/monetary analysis, is a 

classic marketing analysis technique that works on the 

principle that customers who recently purchased, who 

purchase frequently, and who spend money contribute the 

most to a company's bottom line. Typically, scores 

between one and five are assigned to recency, frequency, 

and monetary dimensions, with higher values representing 

a smaller customer base but higher business impact. 

External tools such as DataRobot or Alteryx can be used 

to create radial plots of the derived RFM scores. RFM 

analysis can be conceptualized in terms of an intermediate, 

higher-level feature for customers in a data lake, rather 

than requiring raw transactional data to be available for 

each new analysis. 

 

The fundamental idea behind behavioral personas is 

that a company should dedicate specific resources to 

developing strategies around certain customer groups. 

Instead of creating different departments for each persona, 

companies may require a central analytics function to 

uncover the personas, often based on data from existing 

resources. Recent work on behavioral personas employs a 

persona identification framework that provides an intuitive 

methodological description along with the technical 

motivations and considerations that underpin the proposed 

solutions. 

 

 Entity Resolution and Customer Identity 
Although every customer interaction is captured in a 

unique session entry, once customer identity is established, 

behaviors must be aggregated into customer records for 

analysis. In the presence of multiple identity spaces, 

implementing a customer-centric identity store and entity 

resolution procedure is essential. The identity store 

maintains identities and links across identity spaces (e.g. 

credit/debit card transactions, ecommerce login name, 

loyalty identifiers), while the entity resolution process 

seeks to resolve these identities into a unique customer 

identity for each behavioral record. 

 

The identity store supports two types of identity 

links: 1) deterministic links, which are created when a 

customer logs in to make an ecommerce purchase, and 2) 

probabilistic links that are based on a combination of 

credit/debit card transactions (same geographical location, 

common time, common point of sale, etc). These 

deterministic and probabilistic identity links are used when 

an identity needs to be resolved to a customer identity for 

the features being generated, thus allowing for customers 
to be identified even when they have not logged in to the 

website for the last transaction or are non-registered users. 
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Fig 2 Customer-Centric Entity Resolution: A Hybrid Deterministic-Probabilistic Identity Framework for Cross-Channel 

Behavioral Aggregation 

 

 Behavioral event schemas 

Behavioral event schemas address the conceptual 

design of the information captured. When modelling web 

and app interactions in a detailed way, the informational 

foundation also commonly follows the behavior of the 

clickstream, using a session as the core concept. A session 

consists of a set of ordered browser or application events 

associated with the same user in a specific timeframe. 

When analyzing web interactions, the data is typically 

organized in the form of sessions. Each session captures 

the interactions of a specific user in a timeframe where 

interactions to other sites outside the main site do not take 

place. 

 

Combining the notion of session with the concept of 

replaying a session enables web event schemas to naturally 

cover a wide variety of topics relating to customer 

behavior analysis and simulation. The model contains all 

individual session interactions, enabling analysis of 

patterns that predate transactions, bounce rates, conversion 

rates, page exits, flow patterns, touch points, and more. All 

web event captures are identified by their respective 
session IDs, allowing the replaying of a session to show a 

customer navigation as a video. 

 

Apps also track similar interactions, but often using 

different types of events than browser styles. The 

paradigm behind analyzing these interactions is typically 

not identifying sessions but observing the sequence of 

actions and types of actions taken by the user. Therefore, 

app event schemas capture the individual event patterns 

for each user. Although not structured as sessions, tools for 

sequence mining associate visits to different categories 

with specific user types. 

 

IV. DATA STORAGE ARCHITECTURES 
 

When discussing data storage architecture, one often 

hears about the conflict between data lakes and data 

warehouses. Data lakes accept structured and unstructured 

content and provide limited governance and quality 

assurance capabilities. Data from a data lake is often 

replicated into a data warehouse or similar structure, from 

which production workloads are run. The data warehouse's 

primary demand is for well-structured data. The lake and 

warehouse models thus serve opposite purposes, 

amplifying the demand for both. The concept of a 
lakehouse derives from the observation that the two needs 

co-exist in almost all enterprises. By applying carefully 

considered governance, quality, and optimization to a data 

lake, it is possible to support both consumption models 
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with a single data architecture. The lakehouse principle 

allows analysts, data scientists, and data engineers to draw 

upon one set of shared assets, while reducing the risk of 

introducing defective or inconsistent data into an 

enterprise's marketing mix. 

 

Most retail enterprises combine both batch and 

streaming storage models, while few rely predominantly 

on just one. Although streaming storage systems can be 

very lightweight, such as Apache Kafka, more frequently 

they are implemented using the additional capabilities 

incorporated into distributed file systems from cloud 

hyperscalers like Microsoft, Amazon, and Google. It is 

probable that in most non-bank financial enterprises a 

purpose-built streaming data store would be defined as a 

secondary store and only created when needed—indeed, 

beyond necessary disaster recovery and security 

requirements, the only other redundancy normally 

considered is to ensure that a suitable streaming store is 

provisioned and available for near-real-time applications. 

 

 
Graph 2 Equation B) Converting Raw R, F, M into 1–5 Scores (Quintile Scoring) 

 

The assigning scores 1–5 per dimension. 

 

 Rank-Based Binning (Quintiles) 

Let 𝑄𝑘(⋅) denote the 𝑘-th quintile threshold (20%, 

40%, 60%, 80%). 

 

For Frequency (higher is better): 

 

𝐹𝑖
score =

{
 
 

 
 
1 𝐹𝑖 ≤ 𝑄20(𝐹)

2 𝑄20(𝐹) < 𝐹𝑖 ≤ 𝑄40(𝐹)

3 𝑄40(𝐹) < 𝐹𝑖 ≤ 𝑄60(𝐹)

4 𝑄60(𝐹) < 𝐹𝑖 ≤ 𝑄80(𝐹)

5 𝐹𝑖 > 𝑄80(𝐹)

 

 

For Monetary (higher is better) same form: 

 

𝑀𝑖
score = QuintileBin(𝑀𝑖) 

 

For Recency, because lower recency is better, we reverse 

it: 

 

 First compute the quintile bin the same way (lower 

recency → lower bin). 

 Then invert: 

 

𝑅𝑖
score = 6 − QuintileBin(𝑅𝑖) 

 

So the most recent customers end up with score 5. 

 

 RFM code and/or composite score 
A common representation: 

 

RFM_code
𝑖
= (𝑅𝑖

score,  𝐹𝑖
score ,  𝑀𝑖

score) 

 

Sometimes collapsed to a single number: 

 

RFM_sum
𝑖
= 𝑅𝑖

score + 𝐹𝑖
score +𝑀𝑖

score 

 

Or weighted (if a business values one dimension 

more): 

 

RFM_weighted
𝑖
= 𝑤𝑅𝑅𝑖

score + 𝑤𝐹𝐹𝑖
score

+𝑤𝑀𝑀𝑖
score, 𝑤𝑅 + 𝑤𝐹 +𝑤𝑀 = 1 

 

 

 Data Lakes versus Data Warehouses 

Data Lakes enable storing structured and 

unstructured data with minimal data quality control, 
usually leveraging distributed file systems. In combination 

with cloud computing, they enable very low ingestion 

costs and often serve as the one and only data storage of 

an organization because they can fulfill multiple data 
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storage roles (operational, warehouse, etc.) and allow a 

Data-as-a-Service architecture. 

These rhetorical advantages have made lakes popular 

in retail customer behavior analytics. Yet, they only reduce 

upfront costs and management complexity at the cost of 

making data harder and thus costlier to consume, risking a 

bottleneck for analytics. They are nevertheless optimal for 

Audio-Video Processing or Internet-of-Things Data. But 

preventing more than three lake usage patterns helps 

preserve the Data Warehouse's advantages over lakes as a 

petabyte-scale repository for analysis-ready data. A 

Lakehouse Storage Structure, combining a lake and a 

warehouse, may fulfill these patterns. 

 

 Lakehouse Principles for Retail Analytics 

An architectural evolution has combined the 

advantages of data lakes and data warehouses in the 

“lakehouse,” a data management technology that seeks to 

harness the advantages of each model while eliminating 

their major drawbacks. At a general level, lakehouses are 

a set of integrated data management processes and services 

that enable the following: 

 

 Unified storage for all data assets within a single 

system that is used as a central repository by different 

teams: analytics, machine learning, artificial 

intelligence, reporting, and business intelligence. 

 Direct access to data from a wide range of 

analytics/microservices tools for use cases involving 

numerous ad hoc queries. 

 Support for data sharing and collaborative development 

processes that span different business domains. 

 Support for schema evolution and governance 

capabilities that last while the data is available. 

 

Numerous embellishments on this general story have 

been created by the industry players that are involved in 

the space, including technology providers (such as 

Databricks), large cloud providers (such as Microsoft 

Azure and Amazon Web Services), and data management 

companies (such as Cloudera). All of these companies 

have invested massively in customer-facing lakehouse 

products. Major success stories have already surfaced: for 

example, notable customers have been identified for 

Databricks, and Microsoft Azure Synapse has been 

deployed across many organizations. 

 

In the case of retail organizations, the major 

principles associated with a lakehouse definition can be 

tailored specifically to fit retail business activities, data 

requirements, and data strategy concepts. 

 

V. DATA PROCESSING AND PIPELINE 

ORCHESTRATION 
 

Data processing in data engineering comprises a 

variety of techniques designed to convert ingested raw 

input data into useful derived data for consumption—
whether for analysis, data science, machine learning, or as 

input to business processes. Two major considerations are 

whether the processing is performed in batch mode or in 

streaming mode, and therefore incurring latency; and 

whether the processing is performed via Extract-

Transform-Load (ETL) or Extract-Load-Transform (ELT) 

patterns. The choice between the two patterns arises from 

the architectural layout, whether data ingestion proceeds 

from an operational environment to a separate data model 

designed for consumption or insight generation, or rather 

a central store serves as a consolidating repository for raw 

data supporting diverse use cases. 

 

Batch processing creates sets of derived values from 

longer-lived raw data stores in response to schedule-based 

orchestration. Event-driven streaming processing reacts 

dynamically to changes in close proximity, leveraging a 

real-time or near real-time capability to produce small 

lateness. It can either retract old data values or append new 

data values as they changes occur. 

 

 Batch and Streaming Processing 
Data processing in a retail context can be broadly 

categorized into batch and streaming processing. Many 

retail customer behavior analytical workloads are 

inherently batch driven, utilizing data stored in a data 

warehouse. In practice, however, data is often generated in 

real-time, and business stakeholders envision real-time 

down-streaming use cases that are partly realized through 

batch processing or by making data available sooner in a 

streaming format and iteratively refining it with successive 

batch processing cycles. Customer behavior analytics 

continues to be an active area of research. Results are used 

to define customer segments, generate customer personas, 

and create audience segments for marketing campaigns in 

retail business functions. Retail customer behavior 

analytical workloads can be performed using traditional 

batch processing and simple tools, but business 

stakeholders also require quick-and-dirty analyses in 

response to business queries to further define behavioral 

segments for various business functions. A specific group 

of behavioral segments may also change rapidly, raising 

the need and importance of supporting business queries 

with data stored in a streaming format. 

 

Load patterns of different retail business functions 

are different, with the retail sales function generating the 

hottest data and other business functions supporting real-

time and near-real-time use cases with some delay. A 

significant portion of business functions is also supported 

by batch processing, leveraging existing historical data to 

respond to queries but with delays beyond business 

tolerance. Although the batch processing approach 

satisfies business needs in many cases, the evolving needs 

of some business functions are being enabled by 

streaming, including key functions of generating 

marketing audience segments using customer behavior 

segments and personas. A small library of reusable 

components for customer behavior analysis is available for 

business stakeholders to consume directly to support 
business queries in a timely manner while enabling data 

engineers to refine these analyses incrementally in a batch-

processing manner. 
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Fig 3 Hybrid Analytical Architectures in Retail: Integrating Stream-Batch Convergence and Reusable Component Libraries 

for Real-Time Customer Persona Synthesis 

 

 ETL/ELT Patterns and Tools 

ETL (extract, transform, load) and ELT (extract, 

load, transform) pipelines flow through retail data 

landscapes to automate the ingestion and preparation of 

data for analysis. Deciding between the contrasting 

paradigms depends upon the architecture, purpose, 

resources, and tools being used. For example, a classic 

data warehouse consuming structured sources through 

scheduled jobs would favour ETL. In contrast, trivial data 

lakes using ungoverned diverse sources might exploit 

ELT, although this is usually a bad idea due to 

performance, quality, and maintenance implications. 

Retail use cases across both batch and streaming process 

engines could benefit from a hybrid approach, 

implemented in Apache Spark or Kafka. 

 

The top level of a lakehouse architecture runs a query 

layer that encapsulates data in the underlying lake and 

serves many types of analysis. Data in the query layer is 

not directly written to; instead it is built through periodic 

jobs in batch or streaming. Within a batch job, data 

engineers create, refresh, materialise, or clean tables. 

Within a streaming job, data is continuously pushed into a 

table or view that can be used for visualisation or machine 

learning. Storing feature sets in these ways simplifies 

consumption and makes data engineering more scalable. 

 

 

 

 

 

VI. FEATURE ENGINEERING FOR 

CUSTOMER BEHAVIOR 
 

Feature engineering maps data into features suitable 

for particular modeling tasks. In the context of customer 

behavior, various feature-generation exercises shape 

behavioral signal features that inform interventions, 

campaign target selection, and handwritten digital-signage 

messages. Event data schemas described in the previous 

section can be mined, scored, and combined into 

constructs focused on customer Recency, Frequency, and 

Monetary (RFM) activity as a basic proxy for brand 

engagement. Multiple options exist for scoring RFM 

activity schemas—time since last purchase, purchase 

count, and dollar value—but it’s advisable to experiment 

with brute-force or linear regression curves to identify the 

combination that drives ROI over test-and-learn 

campaigns. RFM constructs can also be leveraged for 

modeling-based lookalike audience building and persona 

definition. 

 

Loyalty schemes exist to create customer profiles in 

retail transaction data and stimulate customer frequency by 

offering rewards for purchase commitment. An analysis-

driven or rules-driven approach can identify brand 

categories that strongly influence customer loyalty: “buy a 

certain amount of beer or freshwater fish” might drive 

“buy beer” versus “buy beer and drink-label whisky” 

messages. For high-frequency categories, the challenge is 

to reduce churn and/or maximize value for the retailer. 

Minority-class classifiers could support a second or 
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tertiary segmentation strategy for retention messages—for 

example, differentiating non-KYC-ing customers with an 

acute reactivation signal (“last purchase OOL”)—or 

control experiment insights. 

 

 RFM and Recency/Frequency/Monetary Constructs 
Definition and operationalization of the Recency, 

Frequency, and Monetary (RFM) constructs can embellish 

the complete data documentation of retail datasets. A 

concept heavily based on the following two questions, can 

also be discussed through RFM analysis - (a) how often 

customers visit the store, (b) how much is the total money 

spent per customer. 

 

From the marketing perspective it can be concluded 

that, improving retention rate with current customers is 

easier than attempting to acquire new customers, thus the 

marketing resources are usually more effective in targeting 

existing customers. Intrigued by this concept, RFM is an 

essential tool in marketing strategy. RFM segmentation is 

used worldwide because it can help retailers forming a 

proper marketing campaign such as allocating marketing 

budgets and resources effectively. RFM is a powerful and 

widely used model that utilizes customer transaction data 

for behavioral modeling and offers critical information 

regarding the strategy. 

 

RFM analysis and modeling keeps track of customer 

behavior (the recency, frequency, and monetary spent by 

the customers) and identifies those who deliver (or are 

very likely to) the most value to the business. RFM is 

mainly used by companies focused on retaining existing 

customers or upselling, with main goal of driving 

individuals from light spenders or no-spending customers 

to heavy spenders. 

 

 
Graph 3 Equation C) Event-driven behavioral features (sessions + journey metrics) 

 

The emphasizes event schemas, often via sessions for web 

clickstream, and sequences for app behavior. 

 
 Sessionization from Raw Events 

Suppose we have events for user𝑖: 
 

(𝑒𝑖1, 𝑒𝑖2,… ), with timestamps (𝜏𝑖1 ≤ 𝜏𝑖2 ≤ ⋯) 
 

Pick an inactivity threshold 𝛥 (e.g., 30 minutes). 

 

Define a new session whenever the time gap is large: 

 

new_session(𝑘) = 𝟏[𝜏𝑖𝑘 − 𝜏𝑖(𝑘−1) > 𝛥] 
 

Then session id increments cumulatively: 

 

𝑠𝑖𝑘 = 1 + ∑ 𝟏

𝑘

𝑚=2

[𝜏𝑖𝑚 − 𝜏𝑖(𝑚−1) > 𝛥] 

 

 Session-level features 

For a session 𝑠 of user 𝑖, with events 𝐸𝑖𝑠: 
 

 Session Length: 
 

dur𝑖𝑠 = max(𝜏) − min(𝜏), 𝜏 ∈ 𝐸𝑖𝑠 
 

 Page/Event Count: 
 

events𝑖𝑠 = |𝐸𝑖𝑠| 
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 Common Journey Metrics the Alludes to (Bounce, 
Conversion, Exits, Touchpoints) 

The lists metrics like bounce rates and conversion 

rates. 

 

Let: 

 𝑆 = set of sessions in period 

 purchase(𝑠) = 1 if session 𝑠 contains a purchase event 

 singlepage(𝑠) = 1 if only 1 page view (or 1 event of 

certain types) 

 

Then: 

 

 Conversion Rate 

 

CR =
∑ purchase𝑠∈𝑆 (𝑠)

|𝑆|
 

 

 Bounce Rate 

 

BR =
∑ singlepage𝑠∈𝑆 (𝑠)

|𝑆|
 

 

You can then aggregate per customer: 

 

CR𝑖 =
∑ purchase𝑠∈𝑆𝑖

(𝑠)

|𝑆𝑖|
 , dur𝑖 =

1

|𝑆𝑖|
∑ dur𝑖𝑠
𝑠∈𝑆𝑖

 

 

 Behavioral Segmentation and Personas 
A behavioral segmentation is a knowledge structure 

that ties intents and needs to a set of option attributes. It 

provides a perspective to interpret a broader array of other 

data. For example, retailers typically also collect product 

categories, local stores, and salespersons involved in the 

transaction. All those attributes are seen as options to 

satisfy the underlying intent or need. Moreover, profiles 

built from a single segmentation are unlikely to tie those 

attributes together with meaningful insights. Collecting 

multiple such segments for the same individuals enables 

intents and needs to emerge and become the explanatory 

structure behind the other data. 

 

Retail analytics is a prime use-case of personas. Here, 

the underlying segmentation represents a frontline service 

delivered to all the clients. One of the missions of retail 

analytics is to infer how to fulfill that need more 

effectively. In this context each of the product catalog 

items is managed in relation to that segmentation. Using 

those records, it is expected that a reasonably complete 

sample is observed. Behavioral data is often detailed 

enough to let the model represent other data only loosely 

related with the primary need. 

 

VII. CONCLUSION 
 

Combining a succinct summary of key arguments 

with forward-looking remarks, the conclusion synthesizes 

core messages and highlights points for future 

consideration. 

 

The data landscape in retail is often characterized by 

stagnation, as companies frequently focus on tactical uses 

for data in support of sales, marketing, finance, and 

inventory processes. These stand-alone tactical patterns 

yield no lessons for the future. To leverage the full breadth 

of data resources available for deep same-store sales 

growth, companies must consider data engineering outside 

of these tactical silos. The answer to this dilemma lies in 

enterprise data engineering for data analytics and machine 

learning, supporting resumed same-store sales growth 

through customer behavior.  

 

 
Fig 4 Growth Driver Prioritization 
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Engineers create scalable pipelines that fuse real-

time and day-end batch data streams into unified models 

of customer behavior. Retrospective investigation using 

these data pipelines provides insights, while also 

producing analytic and ML feature assets. Building 

features from these assets allows marketers and analysts to 

conduct instant segmentation, filtering data selected by 

multiple behavioral dimensions using common analytic 

tools of their choice. 

 

 Key Takeaways and Future Directions 
The overarching goal of effective data engineering is 

to regularly present the right analytical data to power 

management decisions and enable data product features 

that enhance profitability and customer satisfaction. 

Without data engineering, analytic development teams 

would have to manually gather, join, cleanse, and prepare 

the data for their analysis with every new analytic request. 

Furthermore, without thoughtful data governance, the 

required datasets can quickly degrade in quality as source 

systems change, new data sources are added, and 

knowledge about how the analytic datasets are created is 

lost over time. 

 

In retail, the volume of data to manage is particularly 

large, and there is a constant requirement for new customer 

behavior analyses, such as studies to guide promotions, 

loyalty programs, store design, and customer experience 

improvements. Data management teams must therefore 

provide a well-governed reservoir of high-quality data to 

meet ever-growing demand. To do so they consume data 

not only from traditional enterprise systems—

transactional, distribution, inventory, customer 

relationship management, enterprise resource planning 

systems—but also from an increasing number of emerging 

sources, such as social media, website clickstream, 

mobility, and sensor data. 
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