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ABSTRACT: Intensifying of competition among modern retail companies necessitates a transition from big data to
enhanced intelligence through optimization of the still-unknown customer journey by means of artificial intelligence
and business analytics. Such a transition calls for a rethinking of conceptual foundations and development of a data
ecosystem. Data constitute a fundamental part of modern intelligent systems. The new-age retail environment produces
tremendous amounts and varieties of data about customer experiences during their journey, both online and offline. A
model-based customer-journey-mapping and touchpoint-optimization technique and its supporting architecture are
presented. Other needed technologies encompass a wide spectrum of artificial intelligence techniques for machine
learning, deep learning, and natural language processing. Regulatory and ethical aspects of the exploitation of such a
data ecosystem support the smart retail business.

Customer journey mapping defines all stages of customer experience with a company or brand and includes its online
and offline components. Every stage encompasses several touchpoints for customer experience assessment: awareness,
consideration, intent, evaluation, purchase, consumption, and advocacy. For a comprehensive customer-journey model,
advanced customer experience metrics are required in addition to those for each touchpoint: net promoter score,
customer satisfaction score, customer lifetime value, customer engagement score, and customer effort score. All
customer-journey metrics determine the optimization of touchpoint impact on profit.
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L. INTRODUCTION

Despite research attesting to the superior predictive capability of Al-powered big-data analytics for product research
and development, product assortment, pricing, promotion, location and channel strategies, inventory management, and
websites, little progress has been made in optimising the customer journey in smart retail. Al-driven predictive
analytics and machine-learning infrastructures require different sources, methods, and models compared with those for
Al-development processes. Mapping and optimising the customer journey remains a critical challenge. Answers to two
key questions are therefore vital to promote and support future investment in research, development, and
implementation: What theories underpin Al-powered big-data analytics for optimising the customer journey? What data
ecosystems are needed to enable developers and entrepreneurs to successfully implement Al-powered big-data
analytics for optimising the customer journey?

Four interconnected theories are core to Al-driven and machine-learning predictive-analytics products and services: (1)
data, (2) analytics, (3) intelligence, and (4) optimisation. In the context of smart retail, three further hypotheses focus
specifically on mapping and optimising the customer journey: (1) effective mapping and analysis of the customer
journey requires integration of multiple frameworks and models; (2) Al-powered big-data analytics must be capable of
mapping the entire customer journey and optimising it across all functional areas; and (3) the effectiveness of customer-
journey mapping and optimisation is best evaluated at the individual-journey level.
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1.1. Overview of AI-Driven Transformation in Retail Analytics

Al technologies are penetrating every aspect of human society. Creating and developing smart environments is
providing immense opportunities for improving human life while addressing major global challenges. Smart retail is
one major area gaining attention, where the main objective is to transform the retail services by improving all key

indicators according to customer expectations.
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Fig 1: Optimizing the Smart Retail Customer Journey: An Interrelated Data and Analytics Ecosystem for Real-
Time Insight Alignment

Research shows that real-time customer insights based on captured customer feedback and behavior generated along
the entire customer journey and provided to the relevant decision-makers throughout the journey are among the main
factors that can add value and improve success. These insights can be derived from vast amounts of structured and
unstructured data by applying advanced data analytics techniques. The numerous techniques available include machine
learning, deep learning, natural language processing, etc. Nevertheless, capturing, enhancing, preparing, merging, and
processing the required data, used individually or in combination, in a timely manner in line with business requirements
and objectives pose a significant challenge.

Although a major focus is advancement of technique performance, the big-area question is how to optimally utilize the
most appropriate technique to derive the required findings for tailored applications with defined goals. How the
customer experience can be optimized and business goals attained relies on ensuring that the analytics techniques
applied address the real business needs. Based on the above observations and on the existing literature, comprehensive
and interrelated data and analytics ecosystem models have been proposed that support customer journey mapping and
optimization.
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II. THEORETICAL FOUNDATIONS OF AI-DRIVEN ANALYTICS IN RETAIL

Data, analytics, intelligence, and optimization constitute the key theoretical cornerstones of innovative business
intelligence approaches exploiting Al capabilities to transform the retail customer journey into a store of data accessible
for Al-based data analytics purpose. Seamless integration with available Al-driven big data analytics technologies
supports a more precise mapping of customer journey processes and facilitates the identification of the significant
journey moments for journey optimization.

Existing theory and operational framework provide the basic ingredients for the proposed Al-optimized customer
journey analytics model. In-depth scientific investigations of the retail customer journey process have resulted in a
broad range of retail customer journey research hypotheses drawn from the customer journey mapping processes. The
data analytics and optimization branches of intelligence and knowledge have been investigated and reflected in the
framework that allows deep dive into detail in these domains. Translating an operational retail customer journey
mapping matrix into process-oriented customer journey business intelligence requires preceding big data datafication of
retail customer journey processes and touchpoints. Datafication of the retail customer journey is the process of utilizing
data for business decisions and describes a dataset under the influence of a context in the process of collecting,
processing, and storing.

Equation 1) Customer journey stages — funnel equations (counts + conversion)
1.1 Stage counts
Let:
e N, =number of customers in stage s, where s € {Awr, Con, Int, Eval, Pur, Cons, Adv}
These counts come from event logs (impressions, visits, add-to-cart, checkout, repeat purchase, review/referral, etc.).
1.2 Stage-to-stage conversion rate (step-by-step)
From stage s to next stage s + 1:
1. Define “converted” customers:
Ngos41 = Noya
(when stage counts are nested; i.e., everyone in s + 1 must have passed through s)
2. Define conversion probability:

Ns—>s+1
CRss41 = N,
3. Substitute:
1.3 Overall funnel conversion (awareness — purchase)
1. Define:
NPur
CRAwr—»Pur = m
2. Or as product of step conversions:
Eval N
s+1
CRAwr—»Pur = 1_[ T
N
s=Awr
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Illustrative Customer Journey Funnel (Synthetic Example)
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2.1. Understanding the Role of Al in Transforming Retail Analytics

The contemporary retail landscape has evolved into a fast-paced and disruptive environment, characterized by hyper-
concurrent customer interactions across multiple channels and devices. Retailers are increasingly hooking into these
rich customer data streams sourced from the various customer engagement touchpoints through their digital and
physical sales environments. Kesharwani (2022) argues that the integration and proper utilization of these huge data
volumes can provide an organization with sustainable competitive advantages in terms of personalized marketing,
improved customer service, efficient operations, and platform-based business strategies. Retailers thus need to define a
robust Big Data-based analytic strategy to gain deeper customer insights, enhance future decision-making, and optimize
all stages of the customer journey across the physical, digital, and social media channels.

A critical requirement for advancing such analytics within the complex Big Data retail ecosystem is the application of
Al-driven concepts and techniques for optimizing the customer journey across the customer lifecycle. Al techniques
such as machine and deep learning, natural language processing, and optimization are increasingly being used in
customer journey mapping and optimization tasks. Retailers need to determine specific objectives for applying these
advanced concepts, identify the appropriate Al technique for achieving the desired outcomes, and propose performance
evaluation metrics.

III. DATA ECOSYSTEMS FOR SMART RETAIL

Smart retailing is enhanced by Al-powered intelligent data analysis, enabled by powerful analytical engines processing
and analyzing rich data sourced from multi-layer smart data ecosystems. Intelligence is solidly based on data, and data
from many different sources needs to meet established quality criteria and be suitably integrated to enable smart
intelligence. The current chapter considers data sources for smart retailing intelligence, the integration architecture for
these data sources, the required data quality parameters, and the requirements for interoperability between layer-level
systems.

Smart retail intelligence is driven by numerous different data sources, spanning the entire customer journey and the
back-end support operations of the retailer. These data sources include smart storefronts (for customer location and
movement analysis), transaction processing, finished product quality examination, ICT-system-level and customer-
service applications, as well as data generated during fulfilment and service delivery activities. The data generated at
these different source points of the customer journey happen at different frequencies, at different time intervals, are of
different types, and belong to different categories. Such diverse characteristics are expected to create serious challenges
for aggregation of the data within the customer journey in data lake environments, unless the technical design
architecture and governance framework clearly specify the data-acquisition frequency, complexity, consistency, and
controllable factors associated with the data aggregators and enable data model design specific to the targeted analysis
objective or hypothesis.
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Metric Illustrative value
NPS 27.00

CSAT (Top-2 box %) 67.00

CES (Ease %) 68.33

CLV (simple discounted, INR) | 3155.20

3.1. Building Robust Data Ecosystems for Enhanced Retail Intelligence

Data-driven intelligence has gained considerable attention in the big data era, leading to the concept of the data
revolution. Organizations are constantly striving to enhance their intelligence through the collection, integration, and
analysis of various types of data for making better-informed decisions. Data ecosystems are crucial in achieving such
intelligence. Data ecosystems are dynamic, evolving, and organized communities built around data that enable parties
to share data for mutual benefits. Four components constitute dynamic data ecosystems: data entities, stakeholders,
associated data and analytics, and technology
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Fig 2: Optimizing Retail Intelligence within Dynamic Data Ecosystems: A Framework for Collaborative Data
Integration and Correlated Request Fulfillment

Four main data integration architectures support analytic operations in retail settings, namely, data silos, data lakes,
data warehouses, and multi-model databases. However, even with the necessary architecture for data integration,
enhancing retail intelligence requires careful consideration of data quality, data interoperability, and data quality during
the Customer Journey Mapping process. Improving data quality can also help organizations meet data requests more
quickly and cheaply. In a collaborative environment, different business partners, with their proprietary data, may create
their own focus area and discuss the associated data risk. It is common to see these partners articulate different types of
analysis requests on the focus area, which can then lead to their parties requesting the same data for their separate
analysis. Such data requests may have high correlation, and data custodians should consider grouping and fulfilling
these requests together.

Stage Customers | Stage conversion to next
Awareness 10000 0.6200
Consideration | 6200 0.6290
Intent 3900 0.7179

IJRAI©2023 |  AnISO 9001:2008 Certified Journal | 10044



http://www.ijrai.com/
mailto:editor@ijrai.com

International Journal of Research and Applied Innovations (IJRAI)

| ISSN: 2455-1864 | www.ijrai.org | editor@ijrai.org | A Bimonthly, Scholarly and Peer-Reviewed Journal |

|| Volume 6, Issue 6, November-December 2023||

DOI:10.15662/1JRAIL.2023.0606030

Stage Customers | Stage conversion to next
Evaluation 2800 0.5714

Purchase 1600 0.7500

Consumption | 1200 0.5833

Advocacy 700 —

IV. METHODS FOR CUSTOMER JOURNEY MAPPING AND OPTIMIZATION

Customer journey mapping, a principle in service design research, visualizes steps taken by customers to fulfill a goal,
such as buying a product. In a marketing context, customer journeys integrate sub-processes such as information
search, online or offline purchase, usage experience, and word-of-mouth communication within a coherent framework.
Mapping the customer journey enables strategists to view customer highlights and pain points across touchpoints,
facilitating experience improvement.

In the customer journey of a retail business, the aforementioned purchase and consumption processes are typically
irrelevant for external customers. The customer journey for a retail business can therefore be divided into five stages:
(1) pre-visit information search; (2) offline store visit (driven by individual information need, related to seasonal
purchases or scheduled purchase of high-involvement products); (3) purchase in store, promoted by the omni-channel
system (linked to real-time inventory information or price discrepancy between online and retail); (4) usage of goods or
services, related to online and offline reviews or recommendations within social networks; and (5) post-visit word-of-
mouth communication. All stages feature various customer touchpoints for interaction and information exchange with
the business. The purpose is to collect and analyze information from real-time user data to facilitate customer journey
optimization and enhance overall business performance in the retail industry.

4.1. Customer Journey Mapping

Customer journey mapping in smart retail begins with the understanding that the retail journey of a customer involves
six phases: need awareness, information gathering, consideration, purchase, use, and post-use evaluation. These phases
can be further broken down into several touchpoints. The customer journey map resembles a customer experience
pyramid with three primary bases at the bottom—the customer segment, brand evaluation for reference, and product
area. Identified segments participate in a more in-depth journey map. A comprehensive journey map includes
touchpoints, stages, key actions, metrics, pain points, and opportunities.

Bang and Wang (2021) emphasize that optimizing the journey, clarifying the business-related smart retail trajectory
segments, and quantifying these stages according to changes in sales metrics require a plethora of customer journey
metrics. For example, interest levels at the funnel's top influence audience size at the bottom, while bounce and repeat
rates provide insight into advertising channel effectiveness. However, sharing audience-quality, real-time-state
information across channels can reduce marketing costs and enhance return-on-investment. Journey modeling also
helps identify business-themed troubleshooting topics that impact conversion rates. The task then shifts from journey
mapping to optimization and is often modeled as a prediction problem, requiring different metrics for the target line and
above-or-below points.
lllustrative Touchpoint Impact on Profit (Synthetic Example)
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Equation 2) Experience metrics

2.1 Net Promoter Score (NPS)

Survey question (0-10): “How likely to recommend?”
e Promoters: scores 9-10 — count P

e Passives: 7-8 — count A

e Detractors: 0—6 — count D

e TotalT=P+A+D

Step-by-step:

2. Promoter share:

3. Detractor share:

4. NPS definition:
NPS = (p —d) x 100
4. Substitute:

NPS—(P D>x100
“\T T

2.2 Customer Satisfaction Score (CSAT) — Top-2 box version
Assume a 1-5 scale; “satisfied” often means 4 or 5.

Let r; be rating of customer i, i = 1..n.

Step-by-step:

3. Indicator of satisfaction:

1, r; €{4,5}
3 > — ) l )
1(r; = 4) {0, otherwise
4. Fraction satisfied:
1 n
—Z 1(r; = 4)
n n
i=1

3. Convert to percentage:

n
1
CSATrop = ;Z 1(r; > 4) | x 100

i=1

4.2. Predictive Analytics and Personalization

Prediction entails anticipating future behavior predicated upon both historic data patterns and contemporary
circumstances, whether for solely decision-making, for intelligence of an intelligent actor, or to facilitate interaction
with an adaptive system. Predictive models capable of correlating relevant analysis factors with anticipated behavior
can therefore furnish Al agents with suggestions for when the appropriate action is likely to be highly beneficial or, for
sponsors of social agents, to delineate the antecedent conditions under which the target actions might be of particular
interest.

Personalization involves interfacing adaptation to individual consumers or groups in a manner that extends beyond
basing the state of all stimuli upon their collective average behavior up to any specific time; rather, the aim is to foster
especially profitable, or at least favorable, connections with specific individuals or groups of individuals. Thus,
personalizing an interaction path entails dynamically predicting the behavior of specific individuals or markets and
adjusting individual or targeted touchpoints toward optimizing the entire interaction across multiple participants.
Because genuinely personal experiences depend upon current context, prediction is critical for making personalization
effective and valuable on all scales.
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V. AI TECHNIQUES FOR BIG DATA IN RETAIL

Machine Learning (ML) and Deep Learning (DL) are closely related areas of research with numerous applications in
retailing. Artificial Neural Networks (ANNs), Recurrent Neural Networks (RNNs) and Convolutional Neural Networks
(CNNs) are also applicable in retail analytics. Investigations addressed Customer Satisfaction Prediction, Customer
Loyalty Prediction, Customer Relationship Management, Customer Churn Prediction, Customer attrition Prevention,
Demand Forecasting, Product Demand Prediction and Facial Recognition. Data mining algorithms have been compared
for Customer Lifetime Value prediction, product demand forecasting and expert decision-making. These algorithms
have also been used for identifying key areas of online shopping sites and evaluating service quality. Support Vector
Machines (SVM) have been proposed for predicting the end point of the customer journey and Semantic Network-
based Classification Methods (SNCM) for improving online purchase intention prediction.

Natural Language Processing (NLP), an interdisciplinary field of linguistics and artificial intelligence, enables the
recognition and understanding of human languages and is therefore particularly important for improving Customer
Experience. Sentiment analysis, which involves text classification into categories such as positive, negative or neutral,
also requires NLP methods. Sentiment analysis of social media content provides insights into brand perception, while
movie reviews reveal user opinions and feelings. Apart from these applications, NLP techniques are utilized for
tracking user reaction to marketing campaigns, understanding marketing messages, and classifying product reviews
expressed in natural languages. Other NLP applications include Customer Voice Mining, Customer Insights
Identification, Customer Feedback Analysis and Conversational Agents. Some modelling proposals require
unstructured text inputs, making pre-labelling unfeasible, while Poor Data Quality, data Labelling Efforts, Overfitting
and Processing Time must also be considered.

Equation 3) Touchpoint optimization on profit — math model
A practical mathematical form is:

3.1 Profit as baseline + touchpoint lift

Let:

Touchpoints indexed by t = 1..T

Decision variable x; = investment level / intensity (budget, impressions, staffing hours, etc.)
a, = marginal profit contribution per unit of x;

¢; = cost per unit of x;

B = budget

I1, = baseline profit without extra intervention

Step-by-step:

4. Net profit contribution per touchpoint:

(@ — ce)x;
5. Total profit:

T
=1+ Z(at —C) Xt
t=1

T
thxtSB

4. Budget constraint:

t=1
5. Nonnegativity (and optional upper bounds x; < u;):
x; =0
5. Optimization statement:
T T
max I1, + Z(at —C)X; St Z xe <B,x, =0
X1.XT = o
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3.2 If you want “journey-aware” optimization (stage conversions)
Let stage conversion at step s be a function of touchpoints affecting that stage:

CRS—>5+1(x) =0 Bs0+ Z Bst xt)
teT(s)

1 . T
= Is logistic.

where 0(z) = o

Then purchases:
Eval

Nour (@) = Npe+ | | CResrn @

S=Awr

and profit could be:

M (x) = margin - Np,(x) — z Cr Xt
t

5.1. Machine Learning and Deep Learning Applications

Various machine learning and deep learning methods are tailored to different aspects of retail analytics. Specific
models excel in predicting whether a purchase will occur, others provide recommended offers, and still others
contribute to providing an overall score for the satisfaction of the customers. Predictive analytics requires methods that
can accommodate the unique characteristics of the data being analyzed, including quality, quantity, availability, type,
and nature. For decision-related problems, research findings support the need for neural networks rather than decision
trees. Accuracy is generally not the primary consideration; rather, it is important for the chosen supervised learning
method to provide valuable output for the decision process. Customer and sales forecasts and market-basket analysis
require the support of specific methods such as time series and association rule techniques, respectively, that are outside
the realm of predictive analytics.

Despite these specialities, it is believed that the different areas of retail analytics might benefit from a common
approach. The data available for customer journey analytics is often vast, noisy, and represents reality only
approximately. Consequently, a large volume of discarded relevant information is likely. Therefore, using different
types of learning methods in ensembling techniques is of great value (and is widely applicable). Such ensembling
directs the mining process towards a broad overview. Retailers can collect customers’ whole journeys autonomously,
thus allowing for large-sample analyses, as well as testing for new factors deemed important. Different models provide
complementary aspects and, combined, explain the package of decisions in a full celebrity-cadre-behaviour way.
Resampling techniques and neural networks that automatically model the underlying relations, allow for more
continuous media-campaign allocation and for a more robust approach in terms of prediction certainty.

5.2. Natural Language Processing for Customer Insights

Various tools, technologies, and techniques focus on understanding customer needs, preferences, opinions, and
experiences through unstructured text sources. For instance, online reviews about retailers, their brands, competitors,
and the industry in general can deliver valuable insights when investigated properly. Therefore, the first step in an NLP
analysis is the identification of the data source(s), which can include Web scraped reviews, social media posts (e.g.,
Twitter, Reddit, or Facebook), survey text (e.g., open-ended questions) or feedback comments (e.g., quality evaluation
of a product or service), audio transcripts of customer service calls, and textual comparisons of products from online
retailers. When conducting sentiment analysis in social media, the existence of a larger corpus helps to avoid
particularities related to the segments, products, and services (e.g., emojis or memes), and the sentiment classification
can rely on deep learning. The analysis of a customer’s complete journey, from attraction to retention/loyalty, can use
the analysis of the reviews of more focused but more detailed locations, such as mid and last steps.
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Fig 3: From Specialized Models to Integrated Ensembles: A Robust Framework for Decision-Centric Retail
Analytics

The type of analysis shapes the textual corpus generation. Topic modeling methods (e.g., Latent Dirichlet Allocation or
Non-Negative Matrix Factorization) generally need larger data distributions, while analysis focusing on particular
brands, products, retailers, locations, or services are more suitable for word frequency or word-cloud analysis.
Identifying important terms may also help direct more specific analyses on those topics by using sentiment analysis or
sentiment classification. Sentiment classification, in turn, can shed more light on a particular subject (a product, brand,
store, or company) or aspect (service, price, quality, and others) by providing the sentiment associated with it, and
enables comparison based on different groups, and even comparison with the industry or competition in sentiment
analysis on Twitter. Such techniques may also take advantage of transfer learning by using pre-trained models on
customer experiences (e.g., Customer Review Sentiment Analysis across Domains). Given that most models are trained
in English due to the quantity of available data (e.g., in the Amazon repository), techniques like translation or
dictionaries extend sentiment classification to other languages.
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VI. DATA GOVERNANCE, ETHICS, AND PRIVACY IN RETAIL ANALYTICS

A thorough data governance framework is a prerequisite for successful Smart Retail initiatives. Responsibility for data
ownership, custodianship, and stewardship must be clearly defined and communicated among stakeholders and
management levels. Trade-offs between data governance and democratization must be carefully assessed when
enabling broader access to analytics-driven insights. Ethical frameworks can provide guidance when assessing sensitive
decisions that directly affect customers and broader society. Transparency around algorithmic procedures and choices,
especially related to customer feedback and sentiment analysis, is a requirement for managing reputation risks.
Transparency and oversight are increasingly being demanded for ML algorithmic decision-making, along with a
readiness to provide explanations for actions taken by agents, such as chatbots or virtual agents. Privacy by design
principles must be embedded within all development work focused on data, its usage, analytics and algorithm creation
are often governed by local regulation but also possess common requirements for customer trust and mitigation of
reputation damages.

The analytical processes executed against the data can yield higher-level considerations requiring higher levels of
privacy governance. Models for analytics and rapid customer feedback that require more significant processing of data
are susceptible to damage from potential PI leaks. Compliance with regulatory requirements assists in generating public
trust, and good practice in these analytics remains a high concern and priority. Overall data governance and assurance
frameworks that allow for distributed data ecosystems require additional scrutiny and good governance practices for
further privacy assurance.

Illustrative Customer Engagement Score Over Time (Synthetic Example)
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Equation 4) Predictive analytics equation
A standard purchase-probability model:
Logistic regression (purchase vs not)
Let y; € {0,1} indicate purchase for customer i, and x; be features.
Step-by-step:
5. Linear score:
zi=Bo+ BT

6. Convert score to probability via logistic:

pi=POi=1x) =———
5. Final:

1
1+ exp(—(Bo + B7x))

P(y; =1lx) =

6.1. Navigating Data Governance, Ethical Considerations, and Privacy Challenges in Retail Analytics
Data governance—comprising principles, policies, and procedures for data management—facilitates the effective use
of data, aligning it with organizational strategies. Key elements include data quality, integrity, security, and legal
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compliance. Implementing a governance structure for big data presents additional challenges associated with massive
volumes, varied formats, and multiple stakeholders; hence, a hybrid approach—combining a centralized framework
with decentralized implementation—proves most effective. In Al-powered analytics, effective data governance
establishes processes for managing data assets, enforcing privacy regulations, and building customer trust.

Governance of data utilized for Al-powered analytics should encompass regulations for stimulating its ethical use in
society. Indeed, studies report that the lack of ethical and legal considerations is detrimental to such analytics.
Furthermore, public concerns for data ethics and privacy of all parties (retailers, suppliers, consumers) involved in an
Al-powered customer journey must guide the overall analytics process. Retailers also need to ensure transparency and
robustness of the employed Al algorithms. Moreover, guidelines should be established to avoid inappropriate and
malicious uses of the analytics. Finally, a solid data-risk-management strategy is key for trustworthy customer
interaction.

Governance of data utilized for Al-powered analytics should encompass regulations for stimulating its ethical use in
society. Indeed, studies report that the lack of ethical and legal considerations is detrimental to such analytics.
Furthermore, public concerns for data ethics and privacy of all parties (retailers, suppliers, consumers) involved in an
Al-powered customer journey must guide the overall analytics process. Retailers also need to ensure transparency and
robustness of the employed Al algorithms. Moreover, guidelines should be established to avoid inappropriate and
malicious uses of the analytics. Finally, a solid data-risk-management strategy is key for trustworthy customer
interaction.

VII. CONCLUSION

Al's predictive capabilities are the most promising lever to achieve a deep understanding of customer behavior and
preferences and consequently offer a personalized customer experience within the retail ecosystem. However, the
technological implementation of Al-powered predictive analytics represents only one of the primary elements of a
successful strategy.

The research outlined the factors that every retailer, platform, and marketplace must take care of to achieve a solid
retail intelligence Data Ecosystem Data Engineering for modeling the Customer Journey Mapping Optimization and
Data Chanels Management design an architecture able to collect and integrate data from every possible data source
across the organization, including processes, customers, products, operations, marketing & sales, and finance. Use the
acquired data to build and optimize the entire Customer Experience Journey from awareness to retention. Leverage the
channel data to enhance intelligence on how to bash & enjoy revenues.

Data Ecosystem Composition

Channel Optimization

Predictive Analytics

Cross-0Org Data Integration
Customer Journey Mapping

Fig 4: Data Ecosystem Composition
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7.1. Summary and Future Directions in AI-Driven Retail Analytics

Al-driven analytics leverage data acquisition and integration from multiple sources within and beyond organizational
boundaries, resulting in data ecosystems that provide a holistic perspective for enhanced intelligence by overcoming the
traditional silos of proprietary business data of market players. Customer journey mapping and optimization have
emerged as high-interest research areas, supported by the foundation of a theoretical framework, encompassing the
customer journey concept and stages, touchpoints along the journey, and the metrics for mapping the journey. Al
techniques appropriate for customer journey mapping and optimization have been examined.

Analysts and researchers are focusing on Al techniques based on machine learning and deep learning for Al-driven big
data analytics, data-driven decision-making, and intelligent process automation in almost all aspects of business
operations. In retail, a large and fast-growing sector, these techniques serve customer behavior prediction, sales
forecasting, supply chain and inventory management, customer journey mapping, recommendation systems, and
efficiency improvement in operations like warehouse and store management. The natural language processing (NLP)
subfield of Al is particularly suitable for analyzing large volumes of unstructured textual data for insights into product,
service, and brand sentiment among customers, and for automatically interpreting customer feedback on products and
services. The dependent data for specific applications determine their importance and weight in overall customer
journey mapping and optimization within the retail sector.

Al-driven analytics for smart retail organizations leverage data from heterogeneous sources, apply advanced algorithms
for value extraction, and ensure that the results are suitably processed and integrated into the systems and processes that
will make best use of them. Thus, the analysis incorporates analytics foundations, a representation for novel retail data
ecosystems, customer journey mapping and optimization workflows for customer-facing analytics, and models for the
synthesis of these elements into a coherent Al-driven data analytics capability that responds to the current needs of
smart retail organizations.
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