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Abstract: To enhance the effectiveness of artificial intelligence (AI) and machine learning (ML) in
online retail operations and avoid succumbing to digital myopia, marketers need to be aware of
the different approaches to utilizing AI/ML in terms of the information they make available to
appropriate groups of consumers. This can be viewed as utilizing AI/ML to improve the customer
journey experience. Reflecting on this, the main question to be addressed is: how can retailers
utilize big data through the implementation of AI/ML to improve the efficiency of their marketing
operations so that customers feel safe buying online? To answer this question, we conducted a
systematic literature review and posed several subquestions that resulted in insights into why
marketers need to pay specific attention to AI/ML capability. We explain how different AI/ML
tools/functionalities can be related to different stages of the AIDA (Awareness, Interest, Desire, and
Action) model, which in turn helps retailers to recognize potential opportunities as well as increase
consumer confidence. We outline how digital myopia can be reduced by focusing on human inputs.
Although challenges still exist, it is clear that retailers need to identify the boundaries in terms of
AI/ML’s ability to enhance the company’s business model.

Keywords: AIDA model; analytics; artificial intelligence; digital myopia; machine learning

1. Introduction

In this new era of online shopping, where goods and services are increasingly being
placed online, consumers are expected to become actively engaged in comparing online
product information and sharing their knowledge through online customer reviews. In
addition to this, they are expected to interact more with a chatbot/avatar (which is a form
of artificial intelligence (AI)) that is supported by machine learning (ML). Since the start of
the COVID-19 pandemic, new digital business models have transformed retailer–consumer
interaction. For example, according to the IMRG Capgemini Online Retail Index, total
online retail sales increased by over 36% in 2020 compared with the same period for 2019 [1].
This transformation of the retailing sector, coupled with rapid change in online technology
that facilitates buying through the utilization of AI and ML [2,3], has resulted in a number
of changes in retailing.

Reflecting on the impact and consequences of COVID-19, brings to the fore a number of
issues, one of which is the rise in fake news and the harmful consequences of it (e.g., actual
deaths from the disease and additional deaths attributed to fake medicines). The rise in the
infodemic [4] (p. 671) is now being given attention, and marketers are required to note that
consumers may not be able to distinguish fake news from genuine news. Consequently, they
may suffer stress and anxiety when trying to make a distinction between the two, which
leads to a re-evaluation of how consumers view information usage. Di Domenico et al. [5]
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(p. 334) report that the dissemination of fake news “involves creators who develop and
use fake social media profiles to spread fake news online”. This is of concern to marketers.
In addition, Di Domenico et al. [5] (p. 335) report that “Firms are increasingly opting for
online advertising, so fake news creators are incentivized to deliver greater volumes of
fake content to drive more online traffic”. A concern that arises is how can consumers who
are not aware of such issues, distinguish fake news from credible information? How can
retailers help consumers to recognize the signs and make an informed judgement based on
their interpretation of what is genuine news? This requires that marketers pay attention to
the process of communication and how consumer behavior is influenced through various
forms of interaction.

The type of interaction between consumers and retail companies is changing rapidly,
and increased attention is being given to the benefits of implementing new online technol-
ogy, such as AI/ML, that provides consumers with a better interactive shopping journey
experience [6–9]. By taking advantage of AI/ML tools, marketers can deploy different
types of AI/ML learning (e.g., mechanical, cognitive, and intuitive) to better understand
how changes in consumer perception manifest and how consumers view the usefulness of
interactive tools. Although research in AI/ML and marketing has recently been carried
out, the focus is more on human–computer interaction or the use of technology in decision
making. There is, therefore, a need to undertake further research into the application of AI
and ML in a marketing context [10]. Hence, a question that arises is how can marketers
evaluate the use of AI/ML so that the most suitable tools are chosen to help retailers interact
with online users? Understanding the difference in AI/ML learning capabilities allows mar-
keters to focus business operations and make adjustments in terms of marketing strategy
implementation [11]. For example, developing AI–CRM (artificial intelligence–customer
relationship management) systems can help marketers utilize customer data and link the
findings with new product opportunities [12].

Digital technology, which includes the Internet of Things (IoT), artificial intelligence
(AI), machine learning (ML), big data, and cloud computing, is advancing at a rapid pace.
It is associated with data gathering and analysis, data storage, and the dissemination
of information and is providing retailers with an opportunity to both expand their cus-
tomer base and get close to customers by requiring marketers to manage the customer
journey experience more effectively [13–15]. However, digital technology also presents
retailers with a challenge in terms of the investment needed in digital infrastructure and
connectivity [16,17]. This is partly due to issues in platform compatibility, for example,
which may cause the customer to experience disruptions in communication that affect their
search for information. Consequently, the consumer may have negative feelings toward the
retailer/brand as they experience a high level of dissatisfaction. The level of dissatisfaction
can increase when a data/information breach occurs and is mishandled, as was the case
with Yahoo [18] (p. 3).

It can also be noted that there are challenges associated with the use of existing AI/ML
learning algorithms [19,20], due to algorithmic biases [21], and different forms of network
connectivity, which result in issues relating to interoperability. These challenges are the
cause of digital myopia that result in unintended outcomes (e.g., negative word-of-mouth
and poor online reviews). Marketers need to deal with these challenges by viewing an
online purchase experience through the eyes of the consumer.

To deal with the challenges in a coordinated and planned manner, marketers are focus-
ing on hyperpersonalization and the benefits associated with it. For example, consumers
have an array of smart devices that provide a direct link between them and retail companies.
These devices allow a consumer to search a company’s website and click on products of
interest. Such connectivity is useful because it allows marketers to monitor the actions
of customers and build up a picture of their lifestyle and how they shop. Collecting data
across a range of customer segments allows marketers to analyze data and produce insights
into current and evolving consumer trends. AI/ML aids the process by analyzing data
relating to an individual’s buying habits. This helps marketers to devise sales promotions
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and loyalty schemes and interpret feedback from consumers, the objective of which is to
foster cocreation through digital clienteling [22] (p. 18).

Retailers are now moving toward deploying humanoid AI to produce a better customer
shopping experience (e.g., use of an avatar in a virtual shopping environment) [23,24].
However, when retailers adopt a digital technology that is AI/ML-powered, they need to
decide whether to standardize or adapt the communication message. They also need to
give attention to how the product information is made available (e.g., provide accurate and
quality information via AI humanoid avatars or via a search engine for example). Hence,
it is useful for marketers to understand how online buying behavior is analyzed through
various AI/ML tools and how the results can be interpreted. By viewing the customer
shopping journey experience and process as spiral and continuous in nature, marketers
can formulate and implement an online marketing policy that makes the customer feel
appreciated and willing to buy online. By placing the online marketing activity in a holistic
setting, marketers can collaborate with staff in other departments (e.g., sales and finance)
and ensure that the after-sales service in place is customized. Please consult Figure 1.
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Customization is important as it allows a retailer to meet consumer requirements. This
ensures customer expectations are met and increases customer–company engagement that
leads to satisfaction and a (re)purchase [25]. In addition to understanding what makes a
customer feel safe buying online, it is necessary for retailers to understand the differences
associated with various AI/ML tools and how they are used in relation to marketing
strategy development and implementation. The AIDA (Awareness, Interest, Desire, and
Action) model [26] can be considered relevant in terms of helping marketers to avoid
pitfalls associated with digital myopia as it can help them to link the different stages of
the customer needs process with appropriate forms of information. This can be viewed
as knowledge enhancement. By linking product information with product usage, it is
possible to define customer group behavior and meet an individual’s expectations. Hence,
the application of the AIDA model in conjunction with the use of appropriate AI/ML
tools can help marketers understand the application of marketing theory better. It can also
help marketers to develop new perspectives and broaden their knowledge base through
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applying an analysis to big data that allows them to interpret the findings in a meaningful
way [27,28].

2. Materials and Methods

Reflecting on the transformation of the retailing sector, we formulated the main
research question as: how can retailers utilize big data through the implementation of
AI/ML to improve the efficiency of their marketing operations so that customers feel
safe buying online? We answer the question from two different perspectives: (1) how AI
contributes to enhancing consumer engagement with emphasis on the utilization of AI/ML
to fine-tune market analysis and (2) how digital myopia can be reduced by linking the
AIDA model with AI/ML so a marketer can interpret the results from an AI/ML analysis
and formulate an online customer-centric, safety-oriented marketing policy. To the best of
our knowledge, no research has been undertaken relating to reducing digital myopia and
enhancing online safety through increasing consumer confidence in the context of big data.
In this paper, online safety is defined as consumers feeling that they have received relevant
and truthful information that gives them confidence to make a purchase. We bear in mind
that: “Big data requires technical infrastructure, processing tools, and techniques to cope
with the volume, velocity, variety, and generate value out of the data collected” [11] (p. 392).
Hence, we pay attention to how different types of AI/ML learning are placed within the
context of online marketing provision. Furthermore, we link the separate stages of the
AIDA model [26] with different types/functions of AI/ML (e.g., mechanical, analytical, and
intuitive) so that marketers can identify different analytical AI/ML tools to analyze big data
so that they can assess the appropriateness of the organization’s marketing strategy [14].
This approach is supported by Du et al. [29] and Vollrath and Villegas [28], who highlight
the importance of theoretical marketing models/concepts and the use of AI/ML to analyze
big data so that digital myopia is avoided.

It is useful to reflect on what digital myopia is. Digital myopia occurs when marketers
do not understand (i) the context within which different AI/ML learning occurs and
(ii) how they should interpret the results of the data analysis from a customer’s perspective.
The aim of which is to improve the organization’s marketing capability and deliver better
value to customers [7] through an appropriate marketing strategy. Our contribution is
helping marketers to increase the awareness of consumers so that they can distinguish
between accurate and erroneous information and feel safe buying online. Understanding
and cognizing (unforeseen) challenges, such as negative reactions from customers in
relation to their dissatisfaction toward a product/brand, will help retailers to promote their
products better.

Considering that we were studying an aspect of the customer journey, it was consid-
ered relevant to undertake a systematic literature review that contained an interpretive
focus [15] (p. 200) and was composed of four distinct stages [15] (pp. 201–203) and [30]
(p. 287). (1) Scoping (the context was digital marketing). (2) Search (e.g., relevant peer-
reviewed academic journal articles were identified through Google Scholar and Mendeley)
and analysis. The word search included AI/ML, chatbot, digital marketing, online customer
journey, and the AIDA model. Filtering was used to screen out less relevant publications
based on thematic fit. The papers selected were from top 3- and 4-star rated academic jour-
nals. (3) Research gaps were identified [31] (p. 99), and additional reference sources were
obtained (e.g., most relevant academic journal articles). (4) Through the process of reading
both directly related and indirectly related academic journal articles, the researchers were
able to identify additional influential academic papers [30] (p. 287). The most influential
academic journals used in the study are listed in Table 1. Each academic paper was read
independently by the researchers, and their notes were combined and then reviewed so
that only the most relevant material was included in the study. Guidance was taken from
Xiao and Watson [31] as regards the steps in the systematic literature review. Please see
Figures 2 and 3. It was interesting to note that although the year search was from 1970 to
January 2022, Figure 2 portrays the publications dating from 2008.
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Table 1. List of most influential academic journals with the key research gaps identified: AI, AIDA,
and online shopping journey.

Journals Topics Research Gaps

Journal of Marketing

Omnichannel from a manufacturer’s
perspective.

The data that are needed for retailers and
manufacturers that aid the vertical marketing process.

Privacy regulation.

Informational challenges in omnichannel
marketing.

How to build incremental data from multiple sources.
Privacy concerns.

Information capturing as fuel for growth.
Identifying the right time to reflect on data captured
for panning development. How to identify the right

algorithm.

Agility of marketing and big data. How to identify gaps in customer expectation.

Marketing agility: Antecedents and
future research.

How to create a suitable environment to match
personality traits and the agile marketing

environment.

Capturing data—from a strategic
perspective.

How to be aware of the importance of intersections in
new data, changes in consumer behavior, and

deliverability.

Journal of Retailing

Retailing—from academic to practitioner.
How to facilitate collaboration between academia and

practitioners to solve problems. Future growth
through data sharing.

Strategizing retailing in the new
technology era.

How a digital display evokes a positive sensory
response environment augmented. How virtual retail

technology stimulates physical experience.

Forging a meaningful consumer–brand
relationship.

How to connect with individual customers one-to-one
in order to provide uniqueness vis-à-vis ability to use

one-to-many models.

The impact of technology in retailing.

How to identify causality of the effect of technology in
retailing and the effect of the adoption of technology
in retail outcome as well as the retail ecosystem. The

effect of the block chain in retail.

Retail marketing communication—right
time, right message.

How to combine different approaches to identify an
optimal message for the right person and at the right

time.

Journal of Management
Information Systems Advanced customer analytics.

To test Kernel theory in an actual business
environment vis-à-vis identifying an appropriate

analytical technology/algorithm.

California Management
Review

Understanding the role of AI in
engagement marketing.

How to manage information sharing between
buyer–supplier for efficiency. Storing and processing

data vis-à-vis appropriate technology. The issue of
trust in personalized engagement.

International Journal of
Research in Marketing

ML learning and AI in marketing.

The importance of leveraging rich digital information
to address emerging issues in firm–consumer

relationships. Challenges in aligning ML learning
methods with marketing research challenges.

Factors affecting the study of marketing
issues.

Challenges to recognize the importance of topics
instead of relevance. How to trade off in a systematic

manner and identify variables to investigate.

Important issues in evolving marketing.

ICT and its impact on the marketing landscape. Focus
on different methodological approaches. Linking

marketing theory development with impractical or
practical issues in marketing.

Source: The authors.
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The methodological approach adopted incorporated an integrated component as the
researchers focused on an emerging topic and provided a new interpretation of the subject
matter [32] (p. 357). Figure 1 can be viewed as the guiding conceptual structure, and the
AIDA model can be viewed as the guiding theory. The main objective was to produce a
conceptual framework that made reference to a new way of thinking that was derived
through critical analysis and synthesis [32] (p. 363). Reflecting on the fact that a systematic
literature review would reveal a number of research questions [33] (p. 518), the researchers
paid attention to the relevance of the questions and remained mindful not to generate
peripherical questions when undertaking the critical analysis. Attention was also paid to
how the findings were to be presented [33] (p. 520). Because of the complexity involved,
attention was given to conceptualization and visualization through frameworks, as the
researchers were able to draw on their knowledge and produce a thematic synthesis.

3. Results
3.1. The ADIA Model and AI/ML

The AIDA (Awareness, Interest, Desire, and Action) model represents a well-utilized
hierarchy of effects model [26] that measures the effectiveness of communication of an
advertisement and is used by marketers to devise a marketing communications strategy.
The hierarchical framework suggests that consumers respond to an advertisement in a
sequential way: cognitively—thinking through the mental processes that reflect an individ-
ual’s own beliefs/thoughts; affectively—general feeling/emotion, which can attribute to a
brand; and conatively—consumer behavior of (intention) doing/purchasing [26]. Although
the validation of the sequential thinking process is known to be inconclusive [34], it is
useful to understand which aspects (emotional or cognitive) consumers are more likely to
place emphasis on vis-à-vis the motivation to purchase a product [35].

In relation to the effectiveness in timing of the message, it should be noted that the
notion of message receiving to increase an effect in a particular time is no longer linear [28].
Especially in a digital shopping environment, a consumer’s decision making evolves with
each social exchange of information from various social media sites as well as the company’s
website, and the consumer no longer buys a brand in isolation but in totality of experience.
This places the brand in a social context and includes the purchasing process [36] as well as
the motivation for purchase (either hedonic or utilitarian) and how/when it is used. An
example of this is Walmart’s express delivery service, which allows shoppers to pick what
they want, pay for it, and have the product delivered to them in the way they want [6].
Consideration is needed as to how marketers can shape their interaction with consumers vis-
à-vis deploying and managing AI appropriately. According to Vollrath and Villegas [28],
Google deployed a simple framework of awareness through seeing and evaluation by
thinking and action, and this was followed up by providing care through managing
postpurchase experience. Through the utilization of digital marketing analytical tools,
the issue of creating awareness relates to identifying segmentation groups (e.g., selected
products images/messages to specifically defined segments) so that a customer’s need can
be aligned with the company’s offering [37].

Online retailers can use the AIDA model to create awareness for existing prod-
ucts/services through organizing various marketing activities, such as advertisements,
promotions, and/or sponsorship through a website, to stimulate consumer interaction
and build a positive relationship [35]. In this context, the AIDA model is used as both
an indicator of what marketing activities are needed and how these different activities
should be integrated. The AIDA model can also be used as an evaluative tool for selecting
appropriate AI/ML tools for gathering and analyzing data to support marketing activities.
Consumer insights are matched with operational capabilities and allow marketers to create
trust through positioning. However, although digital capability is viewed as enabling
marketers to analyze various types of data in a short time period, marketers need to under-
stand the level of consumer interpretation in terms of image–product fit and a consumer’s
motivation to purchase. This is relevant in terms of aligning market data with insights
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that allow a personalized relationship with customers to be formed. By implementing a
high-level customer service policy, retailers can ensure the customer is valued and their
personal data and purchase details are kept secure.

3.2. The Impact of Artificial Intelligence (AI) and Machine Learning (ML)

Hamilton et al. [36] suggest that the consumer shopping journey is no longer con-
sidered a linear process but a series of interactions with the company through website
information searches and machine-aided interaction (e.g., chatbots or Amazon’s Alexa
or Apple’s Siri) as well as social media influence (blogger) interaction, which is proving
influential in terms of changing consumer habits [13]. This suggests that marketers need to
consider carefully how connectivity facilitates information transfer through appropriate
apps and platforms and strengthens customer engagement.

Online searches for products and related information, aided by voice- or text-based
interaction with AI, is now mainstream. Retailers, such as Gucci, Burberry, and Louis
Vuitton, proactively use a chatbot facility to interact with potential customers, and this
enables them to make a purchase 24/7 [38]. The use of the latest technology to assist the
consumer’s online shopping journey helps marketers make specific product information
available in various forms and creates a new shopping experience that is enjoyable and
generates dialogue among consumers. This results in additional sales through electronic
word of mouth. The benefits of AI and ML, therefore, are known to include price optimiza-
tion, the identification of certain consumer groups, and recording the reactions of people
online, which are learned and acted upon through AI/ML.

AI is machine-based, human-like intelligence, and ML, which is a subset of AI and
is algorithm-based [39], allows retailers to uncover insights through data mining from
structured (e.g., sales data) and unstructured data (e.g., blogs, documents, video, and im-
ages) [27,40]. Furthermore, insights can be established from semistructured data that appear
on social networks, such as the Twitter platform [41]. Semistructured data can be assigned
internal semantic tags and categorized and analyzed using deep mining tools/models.
This can be viewed as helpful as it provides an additional opportunity to utilize big data.
There are, however, different types of AI/ML, and it is important for marketers to take
cognizance of this. For example, a neural network represents supervised learning and
is representative of a human brain as the nodes in the network train data to mimic the
connectivity associated with human brain activity [27]. In the case of unsupervised learning,
K-means clustering places individuals in groups and monitors their interactions [27], and in
the case of reinforcement learning, actor–critic methods help an agent to determine optimal
action [42].

There are many forms of AI and ML, such as the recommend system (e.g., user rat-
ings), which enables collaborate filtering and content-based filtering, and a conversational
agent/AI chatbot (either voice-based or text-based) to assist different consumers to satisfy
their needs during their online shopping journey. What makes consumers engage in online
shopping, according to Ashfaq et al. [43], is the quality of the service, which includes
accurate information, the ability to navigate the website, and the perceived entertainment
associated with the search. In addition to retailers providing accurate information in a
timely manner through the deployment of a conversational agent and/or recommend
system, for example, retailers also need to consider how they can fulfil a consumer’s emo-
tional needs through the deployment of advanced AI. Guha et al. [7] report that in online
learning, AI can read the emotions of participants while they interact online, which helps
the provider to personalize the interaction by responding to a participant’s needs and thus
make them feel comfortable. Fulfilling consumer needs can also be considered from the
perspective of whether the retailer places emphasis on meeting utilitarian (inexpensive,
functional, and requiring minimum effort or accurate product information) needs or hedo-
nic (pleasure, emotional, and psychological) needs [44,45]. A question that arises is: what
aspects do marketers need to pay attention to when selecting the most appropriate AI/ML
tools so that marketing operations are enhanced and repeat business materializes?
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Often AI and ML are used interchangeably as they are related to the harnessing of data
and are deployed in data-centered retail technologies [46] as well as the integration of AI
and ML in a firm’s website design to fit a retailer’s specific needs. Hence, the level of data
richness and connectivity in terms of the digital ecosystem needs to be considered when
establishing the purpose of implementing AI and/or ML to achieve the full effectiveness of
AI and ML deployment [47]. For a retailer and channel member organizations to integrate
their marketing plans, secure connectivity and data sharing among partner organizations
in the supply chain are imperative. However, accessing and/or sharing consumer data
among channel partners is not easy due to various reasons. Some partners in the supply
chain guard their consumer data very closely for their own improvement [17], and issues
of data standardization and unification present challenges also [16]. There are resource
limitations regarding interoperability between systems and networks in the context of
the supply chain vis-à-vis data accessibility, and attention needs to be given to reducing
blindness in capturing consumer data as well as identifying relevant data that are needed
for specific tasks that are in line with the firm’s strategy [6,28,29,48].

Although there are advantages associated with deploying advanced AI that is intu-
itive and empathetic in building relationships with consumers through social touch and
human-like interaction, it should be noted that there are some risks involved. For example,
individuals who are highly sensitive toward privacy might react against a system’s auton-
omy as well as chatbot and humanoid AI [17,43,49] as they feel discomfort due to a lack of
trust in the AI’s unknown capability [50].

3.3. The Link between the AIDA Model and the Use of AI/ML

The objective of marketers is to deploy digital technology more effectively than
those working for the competitors and provide superior value through communication
(e.g., accurate and current information) with customers, so that there is a match between
the product’s visual image and the locally preferred image that is of interest to a specific
group/individual through personalization [51]. Roggeveen et al. [25] explain the impor-
tance of aligning a retailer’s brand identity with a consumer’s identity so that customer
engagement is increased. This can be done through the retailer utilizing visual aspects
online via their website. This highlights the need to create messages/cues that appeal to
a particular group of consumers. Hence, marketers need to evaluate the data obtained
through analysis and interpret the results in relation to specific marketing activities. Taking
this into account, a question arises: how can marketers differentiate the results of the data
analysis to gain insights into consumer shopping behavior so that communication with con-
sumer groups is improved? The logic underpinning this view is that by providing accurate
information, the company will be viewed as trustworthy, and the (potential) customer’s
confidence will increase. As a result, potential customers will make a purchase online.

The use of AI for data mining and consumer purchase history provides insightful
information that marketers can draw on to plan promotional strategies. In addition, it
should be noted that potential blind spots that coincide with the use of AI in relation to its
functionality (e.g., based on consumer clicking habits and what appears in the next click)
require retailers to link the right product with a specific type of promotion that matches the
customer’s need [25]. This can be viewed as trustworthiness in the context of a safe website.

To use AI and ML tools more effectively from a marketing and sales perspective, it is
useful to reflect on how the AIDA model creates desire by creating stimulus through articu-
lating images and messages that are more relevant and which appeal to a specific target
audience. By reflecting on the AIDA model and linking it with different functions of AI and
ML, marketers can better organize and frame messages and create product images in rela-
tion to a specific marketing objective (e.g., create awareness of a product/brand or desire)
and in relation to groups of customers and also produce realistic marketing strategies.

As can be seen in Table 2, the subconcepts in the ADIA model are not linear in a
digital marketing environment. Nevertheless, the subconcepts are helpful as they allow
marketers to understand why different types of data are needed and to focus their analysis
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on a particular target group/segment that has been identified for the product offering.
For example, awareness in a traditional marketing context depends on where, when, and
how an intended message reaches out among the potential target audience. In a digital
marketing environment, the effort of identifying a potential target audience depends on the
quality, size, type, and source of data and its analysis. At the awareness stage, the cognitive
thinking process in a traditional marketing context focuses on the consumer and how an
individual responds to the message a firm has created. In a digital marketing environment,
staff place emphasis on how the firm can identify the potential target audience through
mining the data and analyzing various data sources. The psychology of the cyclical firm–
consumer relationship, in traditional marketing, places the emphasis on a firm trying to
lead the consumer to act/purchase a product by influencing the consumer and getting
them to identify with and respond to the message in the advertisement. However, in digital
marketing, the emphasis is more on how a firm can push a consumer to act/purchase a
product through them identifying with a group, and this involves undertaking customiza-
tion and personalization of the message using social influence (e.g., through social media).
Retailers use various AI/ML tools to convince the potential consumer that the product is
right for them, and the message portrayed is reinforced by an influencer, who may in fact
be a well-known celebrity.

Table 2. How AI contributes to enhancing consumer engagement.

Traditional Thinking Current Thinking—Digital Marketing with the
Use of AI

Consumer Shopping
Funnel

Online Marketing
Efforts

Thinking Process: Use
of/Function of AI/ML

AI/ML Contribution
to Increase

Effectiveness
Opportunity to Create

Awareness

Awareness:
Through
advertisements.
Sending promotional
message.
Support identified
sponsor.

Web advertisements.
Social media presence.
Supports opinion
leader.
Affiliated with other
brands/firms.

Cognitive.
Mechanical and/or
analytical.

Social media.
Affiliated marketing.
Blogger.
Audio and video.
Social listening.
Use of ML (supervised
learning) to identify
(potential) segments.

Exploring and
acquiring customers
via mining data
(structured,
semistructured, and
unstructured).

Interest:
Create brand personal-
ity/characteristics.
Band attributes: colour,
taste, smell, and texture.
Information about
products.
Brand image.

Content creation:
Creating and posting
video clips on a regular
basis.
Blogging.
(Re-)sharing of branded
content.
Advertise games.
Ingame interaction.

Cognitive and/or
Affective.
Analytical and/or
Intuitive.

Social media.
Affiliated marketing.
Blogger/microblogs.
Gamification.
Content marketing.
Live chat.
Search engine (e.g.,
Adthena, Coveo, and
Salesfire); SEO.
Live-language
translation.
Personalized message.
Personalized e-mail
messenger.
Mezi (travel planning).
Pandora (music).
Alexa, Siri, and
Cortana.
Replica, etc.
Use of ML (supervised
and unsupervised
learning); redefining
consumer interests and
forming groups based
on segmentation.

Developing (potential)
customer groups based
on initial clustering and
data analysis.
Big data.
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Table 2. Cont.

Traditional Thinking Current Thinking—Digital Marketing with the
Use of AI

Consumer Shopping
Funnel

Online Marketing
Efforts

Thinking Process: Use
of/Function of AI/ML

AI/ML Contribution
to Increase

Effectiveness
Opportunity to Create

Awareness

Desire:
Produce a unique
aspiration that causes
mental change in the
consumer’s mind and
makes them think
differently.
(Consumer
comprehends message
and conviction).

Community groups.
Special promotion for
particular groups (e.g.,
price sensitive group
versus latest trend).
Special product
information for a
particular group (e.g.,
L’Oréal, Ogilvy in
Nestlé).

Affective.
Analytical and/or
Intuitive and/or
Empathy.

Content marketing.
Blogger/microblogs.
Sharing (pictures and
videos).
Ria (track health eating
level/pattern).
Search console (by
Google analytical tool
for tracking).
Expert system to
integrate customer
characteristics with
other data to send a
message, etc.
Recommend system for
personalization.
Use of ML (supervised
learning, unsupervised
learning, and
reinforcement
learning); provides
further personalized
information; allows an
individual to interact
and gain an answer to a
particular question.
AI learning.

Defining customer
groups and leverage
through ability to send
customized and/or
personalized messages
based on the result of
combining various data
sets and interpreting
market and consumer
intelligence.

Action:
Consumer takes action
to purchase.

Buy.
Become a referee for a
brand.

Conative.
Analytical/
Mechanical.

Chatbot (e.g., Totango,
Voyado AI that
prevents customer
churn or increases
upsell opportunity).
PayPal.
AI learning.

Initial customer
retention strategy
through establishing
trustworthy and easy
payment system.

After care (in digital) Managerial business analysis.

Various supervised and
unsupervised learning
(e.g., Zaius). Data
exploitation.

Customer retention and
loyalty based on
follow-up survey of
customer experience of
purchase; third-party
service delivery; social
listening and
observation of
customer churn.
Structured,
semistructured, and
unstructured data.

Source: The authors.

A unique aspect of the use of AI/ML in digital marketing is that it provides an
analytical function during the various stages of the consumer’s journey (from the retailer’s
effort to reach out to the consumer, interact with the consumer, encourage the consumer
to interact, and influence the consumer into purchasing the product) [27,46,52,53]. Table 2
shows examples of different AI/ML applications that help to create awareness and at
the same time help to generate interest as AI/ML can be implemented for social media
listening vis-a-vis the ability to send personalized messages to specific individuals and
groups of people.

One of the advantages of the AIDA model is that it helps retailers to deliver continuous
customization through AI/ML that considers current and evolving needs that are based
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on future forecasts. This is done by combining various datasets for analysis (e.g., media
mining, sentence analysis, and record of customer churn) [27]. This allows marketers to
map current trends against expected trends and plan sales promotions. AI and ML have
the advantage of linking the marketing planning process with customer service delivery as
it allows marketers to consider seasonal trends, peaks, and unexpected demand.

AI and ML can understand, interpret, and tailor offers to specific customers based on
customer needs through the process of an automation/recommend system that ensures
that customers receive the best deal [27]. In addition, in relation to the online consumer
shopping experience, the interaction with an avatar in a virtual shopping environment
provides customers with accurate information about the product and its availability, and
consumers find the interaction with an avatar to be fun and enjoyable as it enhances the
virtual shopping experience [23]. The use of an avatar, coupled with a voice-activated
personal assistant [52], enriches the virtual shopping experience of the shoppers as they are
able to relate to the information, giving them a higher level of satisfaction.

The deployment of technology assists the functional aspects of the business process
and helps fashion the business model and resulting marketing strategy. Prepurchase and
postpurchase consumer behavior is becoming increasingly influenced by automation [27].
Well-known business models, such as Amazon with Alexa in support, are providing a
means to establish engagement in terms of customer–technology relations that encourage
consumers to spend more time searching for products that they are looking for. Hence,
AI and ML allow consumers and potential consumers to find various alternative options
among similar product categories and, at the same time, help marketers to adopt a hy-
perpersonalization approach. What does surface, however, is the standardization versus
personalization debate vis-à-vis utilitarian and hedonic needs. The question that arises
is: what aspects do marketers need to consider when setting an online marketing policy?
Marketers need to consider how the deployment of technologies (e.g., AI, ML, Internet
of Things (IoT), big data, and cloud computing) in the retail sector allows the company
to become more customer-centered. Hence, marketers need to rethink their company’s
online marketing policy in terms of how the consumer-centered approach in relation to the
product mix takes into account issues relating to cost, closeness to local consumer groups,
establishment of a relationship with customers through a communication-oriented rapport,
and fulfillment of customer expectations through a unique service.

In relation to deploying AI/ML and increasing operational effectiveness, the degree
of personalization and the required sophistication of AI/ML may differ depending on
the type of retailer and how the retailer is positioned in the market. For example, a high-
fashion retailer might deploy a humanoid AI with augmented reality and a search engine.
A fast-fashion retailer may only deploy a search engine that has system connectivity with
partner organizations in their supply chain. One of the key aspects that needs attention
is how retailers integrate AI so that the interface with consumers (front end) is deemed
appropriate and how AI is used to support and provide relevant information in real-time
(back end). Referring to the ADIA model stages in Table 2, “after care” is a follow-up action.
Marketers should undertake a customer satisfaction survey (post purchase) so that they
gain insights into buyer experience (including delivery of the product purchased and use
of the product) and additional information about possible new products. Such information
is useful in terms of preventing customer churn and providing a high-level, continuous,
online customer journey experience, which is aimed at customer retention.

3.4. Challenges in the Use of AI and ML in Retailing

The deployment of various AI/ML technologies helps retailers to either decrease their
overall costs by enhancing engagement through service provision from various stages in
the online shopping journey or utilize inventory so that the service is improved through
automatic checking [46]. One of the key challenges of AI/ML is that the learning capability
is determined by the algorithms that are designed based on different requirements [27].
Hence, attention is needed to the interconnectivity between different networks (e.g., net-
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work data derived from search engines and advertising platforms) and identifying the
boundaries vis-à-vis AI/ML’s ability in the context of a retailer’s business model. This
suggests that when marketers choose AI/ML tools, they need to reflect on the positioning
strategy in the industry. For example, Amazon’s strength is that it focuses on utilizing the
deep learning capability of AI for social listening and developing the profiles of web surfers
to deliver optimal effects by identifying and grouping consumers into distinguishable
segments. Amazon has integrated a voice-based search engine [27] so that consumers
can find information about the product easily, which is perceived as convenient and en-
joyable and helps them to expedite their purchase decision. One of the key aspects as
to why Amazon is able to use various AI tools is due to management’s ability to utilize
market-level information, which includes the use of third-party data and data relating to
competitors [46], which Amazon is able to refine continually based on various criteria so
that a personalized service is delivered continuously [27].

To enhance consumer engagement, marketers should consider four key questions.
First, is the data captured through various methods (e.g., social listening or data sharing
with partner organizations) sufficient for analysis in terms of assessing a specific target
audience’s need(s)? A firm’s accessibility to various social media networks takes it beyond
the firm’s social media platform, and not all the potential customers are active on social
media. In addition, regulations regarding privacy issues and GDPR (General Data Protec-
tion Regulation) are not the same worldwide because different countries have different
laws, and there are different rating systems in terms of how data are standardized. Second,
can marketers establish how the analysis is conducted (e.g., supervised learning versus
unsupervised learning)? What needs to be borne in mind here is the original source of the
data and how the data are combined (e.g., user-generated content, third-party profile data,
or scanned data). Understanding the original source of the data can have implications for
evaluating and identifying the uniqueness of the data in terms of segmentation strategy.
Third, how can marketers ensure that the AI/ML tools associated with a company’s website
are familiar to the target audience? Marketers need to attach a search engine to the com-
pany’s website that is easy to use and which allows consumers to filter and/or personalize
their search-ability for a product that they are interested in purchasing. Attention should
be given to how end users can become familiar with the different technology available.
The search engine also needs to be supported by an inventory system once the consumer
reaches the purchase stage. Fourth, is the type of payment system viewed as safe and
trustworthy by consumers? Attention also needs to be given to various types of check out
system (e.g., Apple Pay, Samsung Pay, or PayPal) as well as consumer perception toward
using a payment platform to make payments online. Some companies allow a customer
to make a payment online, and there is no extra charge, but some companies charge for
a customer to make a payment online, which customers may consider unreasonable and
which reduces their level of confidence.

In terms of prediction and personalization, it should be noted that although AI and
ML allow marketers to predict future trends/demand, AI/ML learning that is based on
patterns, characteristics, and structures, for example, is already in existence and is based
on the existing algorithms, which can result in unintended social discrimination as well
as misunderstanding [19,20,54]. Hagendorff and Wezel [19] explain the challenges that
are compounded within algorithms due to software engineers being trained in computer
science and not in sociology, psychology, or ethical or political science. Hence, they follow
the “I-methodology” (p. 357) to generalize matters based on their own personality traits and
experiences and transfer these to others, which leads to a blind spot for misunderstanding or
misinterpretation. This is a crucial point to pay attention to in relation to the categorization
of personality and clustering consumer groups vis-à-vis expected consumer responses.
Rai [21] points out the importance of recognizing “algorithmic biases” (p. 137) (bias
associated with the algorithm itself). Rai [21] explains that the AI system for supporting
two-way automated interaction between a retailer and its customers through a personalized
recommend system for products and services involves different types of AI models that
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need to trade off between accurate predictions and explanations for different choices versus
deploying a trustworthy AI system for fairness. What needs to be borne in mind is how
marketers influence consumers through various social networks and provide explanations
that influence behavior. Notwithstanding the challenges, the AIDA model can be utilized
in terms of AI/ML as can be noted in Table 3. The reader will gauge from Table 3 that the
challenges bring with them certain risks, and during the desire stage, AI/ML is used to
customize and personalize messages. Marketers are expected to interpret how an online
marketing policy will result in retaliatory action(s) from competitors and how in the action
stage, customer churn can be avoided. The main question to be addressed is: how can
marketers devise an online marketing policy that allows them to counteract the actions
of competitors? A secondary question can be posed: how can marketers devise an online
marketing policy that allows them to counteract the actions of counterfeiters? As regards
the latter, marketers can think in terms of devising a ‘safety critical system’ that offers some
form of safety assurance [55]. Safety can be viewed as AI and ML combining in the form of
the AIDA model to put the consumer at ease and to ensure that marketers create truthful
messages that are delivered to the appropriate group of consumers. Another point that
surfaces is what is referred to as ‘AI safety’ [56], and we reflect on this by suggesting that a
model and the modeling process itself can be reinforced by and through objectivity.

Table 3. Usefulness and challenges in relation to deploying AI/ML through the AIDA lens.

AIDA Model AI/ML Usefulness Challenges

Awareness - To explore structured, semistructured,
and unstructured data.

- Issue of the full accessibility of the data.
- Knowledge of origin of the data.
- Data standardization and unification.

Interest - To develop a customer base.

- Use of appropriate threshold/criteria for clustering
consumer groups.

- Ability to track how AI/ML creates new categories for
identifying new groups and their behavior patterns.

Desire - Able to customize.
- Able to personalize.

- Ability to check how new customer changes are identified
and integrated.

- Ability to check how market information (e.g.,
competitor’s actions) are integrated in
short-term/longer-term strategies.

- Issue of how to comply with GDPR.

Action - Provide a convenient payment
mechanism.

- Ability to identify factors that affect customer churn
vis-à-vis an acceptable cost threshold.

Source: The authors.

3.5. Reducing Digital Myopia

Reflecting on the above, it can be argued that for marketers to effectively utilize
AI/ML and expand their online business operations through increased interaction with
customers, they need to combine the capabilities of AI/ML with human capabilities [7].
This is because there are challenges associated with algorithmic biases and relevance and
fullness of the data from different networks, for example. In addition, to avoid confusion
and enhance the use of AI/ML and to support online marketing operations, it is necessary
to use marketing theory as a cornerstone to assess data relevance against set criteria for
the purpose of analysis and interpretation. This has significant implications for marketing
strategy development [11,29] with regards to reducing digital myopia [28]. Figure 4 is
illustrative of how digital myopia can be reduced. The reader can take cognizance of
the fact that retailers can link the different stages of the AIDA model with the different
functions of AI/ML (e.g., mechanical, analytical, and intuitive) and apply relevant theory
(e.g., customer journey) in relation to a firm’s specific marketing strategy. Such an approach
will allow marketing strategists to deal better with unforeseen challenges associated with
the incompleteness of data and implement contingency plans based on their understanding
of the level of service provision required to satisfy specific customer groups. It will also
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force them to think in terms of delivering promotional campaigns that are viewed as
trustworthy and provide the customer with confidence to inquire further and then make
an online purchase.
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Marketers who are more focused on utilitarian and standardized products, may
place greater emphasis on supervised and unsupervised learning. This is because AI can
help consumers navigate a retailer’s website and find what they are searching for. For
example, online fast-fashion retailers, such as Oasis, Asos, Boden, and Boohoo, appear
to place much emphasis on the image of a product and display the apparel items in a
pleasant environment being worn by an actor/actress who portrays the clothes well. By
ensuring that the background against which the product is portrayed is both welcoming
and appealing, the aspirations of consumers in terms of fit and style should be met. The
experience provided to the consumer will evoke an immediate emotional response, and
by providing an easy-to-navigate website, it will be easy to find the item of interest, click
on it, and then authorize the payment. With regards to the Ted Baker website, consumers
can click on various types of products that they are interested in and feel comforted by a
chatbot that helps the consumer to receive appropriate advice about the product, styling,
availability in store, store location, and the customer service provided. Department stores,
such as John Lewis and the House of Fraser, and other luxury fashion retailers, such as
Net-A-Porter, are focused on using filtering tools. Amazon provides consumers with the
option, if they require it, to have personalized recommendations.

Some fashion retailers, such as M&S, utilize an integrated online fitting room, Texel
3D scanning technology, that allows consumers to create an avatar to represent their size,
and they gain in confidence and select the right style of garment. Although the intention
of introducing an avatar aid and a 3D fitting room is to reduce the return rate of clothes
due to a misfit in size [1], it also creates a new and positive experience for the consumer.
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During the interaction with the avatar in the fitting room, consumers find it enjoyable and
are possibly willing to share their experience with friends, which creates more interest and
the possibility of increased sales through word of mouth. Hence, marketers need to pose
the question: how can AI be used to help create a better online shopping experience that
increases engagement with consumers? Part of the answer suggests that retailers need to
personalize their product range and devise additional customer-focused services [57]. The
additional services include the scanning of data that allow the retailer to plan and thus
reduce the cycle time as the design team can easily utilize the data to find a fit between the
style of designs and type of garments [58] and seasonal variance, which is important in
terms of reducing inventory and unsold stock at the end of a season.

4. Discussion

It can be noted that through big data analysis and identifying appropriate consumer
groups based on click history in relation to different consumer motivation (utilitarian versus
hedonic), an unexpected blind spot can emerge. For example, if consumers spend more time
and effort on filtering video and other content of a brand/company either for entertainment
or learning about the product without making a purchase, it suggests that consumers are
engaged with a brand for hedonic reasons [44,45,59]. This may challenge marketers in
terms of turning engagement into sales, as retailers need to understand how the click
relates to a product’s/brand’s attributes, the influence of technology and its functionality
(related to navigation of a website, for example), and a customer’s personal traits [60]. The
key point to emerge is whether a marketer should focus their effort more on the service
element or incentives/promotions on offer [61] or provide more appropriate messages
and offers [62]. Answering this requires marketers to revisit the cocreation concept and
to establish how to design and deploy a technology-based service model. This may mean,
however, that marketers need to adopt a wider perspective than they do at present and
link AI more firmly with hyperpersonalization and digital clienteling [22]. The advantage
of this approach would be to understand better how AI links two bodies of knowledge,
such as marketing and psychology [10]. Should this be the case, marketers will be able
to embrace more fully what Følstad and Kvale [15] call customer journey mapping and
develop new knowledge.

Marketers also need to consider how individuals are influenced by their social network
vis-à-vis product purchase decisions. In relation to information sharing about a product and
its influence, Park et al. [63] found that consumers are more influenced by social networks
when they purchase hedonic products than utilitarian products. What marketers need to
consider is that cyberattacks on individuals and organizations are becoming more intense,
and because of this, they need to think more carefully about the messages and images
they provide on the organization’s website. Marketers should, therefore, adopt a proactive
approach to cyber security because a data breach will have an effect on the trust-based
relationships that are in place [18]. It is for this reason that more attention should be given
to the various stages associated with the AIDA model and how security-and confidence-
building messages can be built in to awareness provision and reinforced continually.

It can be noted that the use of an avatar and an online 3D fitting room helps fashion
retailers to both attract consumers who have a strong technology-related curiosity and
enjoy online shopping and attract those who are sensitive to environmental issues, such as
pollution and reducing waste (issues that have now been associated with fast-fashion and
unsaleable items) [25]. This suggests that by utilizing various types of AI/ML, marketers
can also identify new consumer groups and respond to their emerging needs appropriately
vis-à-vis matching an individual’s motivation and behavior with the use of a product in
a social context. In terms of a retailer delivering unique value to customers, marketers
need to consider how staff in partner organizations integrate data bases and share data by
integrating partner organizations more fully into the firm’s marketing planning process.
Such an approach can be viewed as beneficial as it allows marketers to better utilize AI/ML
for personalization.
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In relation to the implementation of humanoid AI in a consumer context, the uncer-
tainty associated with AI’s performance is known to affect the choice that consumers make
and the decision outcome [8,9]. For AI/ML to be effective or increase the effectiveness of
the interface between a company and individual consumers in the digital environment,
marketers need to pay greater attention to the prepurchase stage(s) and how consumers
search for information and share their experience with friends (e.g., via electronic word
of mouth) as well as their propensity to embrace technology for shopping. This relates to
how a retailer attracts consumers through confidence building relating to the relevance of
information in a social context (popularity of topics vis-à-vis a brand’s personality and rep-
utation among social groups) and reinforcing technology usage through online shopping
that provides safety.

It should be noted that AI is developing through time, and AI/ML capability is to
be viewed as several interlocking AI/ML capabilities. By progressing from supervised to
unsupervised learning and beyond, AI/ML is assuming a high level of decision making.
Hence, it can be suggested that the utilization of AI/ML fosters the strategic capability of the
company [30]. This is achieved through the development of marketing plans and policies
and also by helping senior managers to formulate a more market-focused business model.
Therefore, to understand how AI/ML is to be implemented requires strategic vision and a
commitment to investing in a range of platforms (business platforms, enterprise platforms,
and enabling platforms) [64] that provide the company with a sustainable competitive
advantage through relationship building.

It can be suggested that successful AI/ML integration throughout a business model
is to some degree dependent upon the insights and understanding of senior managers in
partner organizations. We acknowledge that AI is influential in terms of helping managers
devise and put in place an appropriate business model and agree with the view of Di
Vaio et al. [30] that a gap to be researched is how sustainable business models can aid
sustainable development goals through the aid of AI. There are several reasons why issues
such as this are worthy of future study. First, senior managers in partner organizations
are aware of how AI/ML can be utilized from their company’s own industry perspective
and have already established business relationships with their suppliers that incorporate
connectivity and data accessibility vis-à-vis GDPR and compliance [7,17]. Second, by
putting in place a website that incorporates AI and ML, their interaction with customers is
known to yield market data that can be utilized further, and the intelligence can be shared
with suppliers, and if appropriate, government representatives. An example of the latter
is a government department concerned with economic development and the role played
by small and medium-sized enterprises. Sharing data with supplier organizations and
external stakeholders is sensitive, but this represents an opportunity to provide appropriate
information at the right time with the right content that is perceived to be of value to the
customer/investor. In the case of the consumer, this should make them feel that they have
been understood and are perceived as a relevant information source, which can increase an
individual’s sense of confidence and worth.

Taking cognizance of the work of Gupta et al. [4], it is possible to suggest that AI can
be used to develop mitigation strategies for dealing with fake news. The approach outlined
in this paper whereby the AIDA model is used to harness AI/ML, can be considered
proactive in terms of getting consumers to understand what the truth is or indeed to look
for the truth. Identifying fake news and the source of it should help consumers deal with
misinformation from various sources, which is spread quickly via social media networks.
By understanding how and why fake news is created, it should be possible for marketers
to evaluate the motivations of those producing fake news [5] (p. 337) and help consumers
identify and relate to genuine news. The AIDA model can help provide awareness and
influence attitudinal change so that people are not mislead or defrauded into buying
counterfeit products via fake websites, for example. In addition, other security awareness
approaches can be drawn on to link AI/ML more with cyber security provision and security
awareness [65].
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5. Conclusions and Future Research

The systematic literature review highlighted how marketers can comprehend the
changing requirements of consumers through the application of AI and establish how
the use of AI contributes to enhancing consumer engagement. The objective is to reduce
digital myopia and establish firmly the link between the AIDA model and AI/ML usage.
Marketers can ensure that the various types of data (structured, semistructured, and un-
structured) are analyzed and together with other forms of market and industry intelligence
are used to position the company in the industry within which it competes. In addition to
developing a reputation for tailoring products and services to specific customer groups,
actual and potential customers will develop the confidence to engage with the company
and purchase products online.

It is clear from the study that the literature reviewed has offered a number of insights
into how the development and implementation of AI will both help retailers to adapt
to changes in the marketplace and streamline the company’s business model. The post-
COVID-19 era is likely to see continual rapid change and adaptation as companies move
increasingly to online sales. What marketers need to take into consideration is that increased
digitalization will require new and additional skills, and although AI appears to be capable
of undertaking analysis and forecasting, designated staff will be required to exercise
judgement and formulate and implement online marketing campaigns and strategies.

What emerges from the study is how marketers can reduce digital myopia by draw-
ing on marketing theory in the form of the AIDA model and work with the developers
of AI/ML to ensure that there is a full understanding of the types of AI/ML learning
(e.g., mechanical, cognitive, and intuitive). The approach undertaken in this study repre-
sented a critical appreciation of the literature and the resulting synthesis, represented by a
conceptual framework [32] (p. 362), and can be deemed a useful contribution to the existing
body of knowledge. As well as focusing attention on how marketing theory can be devel-
oped in the context of digital marketing, the findings bode well for marketing practitioners
as the guidance offered provides insights into how they can devise an appropriate digital
marketing strategy.

Future research can be undertaken to establish how retailers can increase positively
the customer online shopping experience. First, a study can be undertaken to establish
how retailers can identify appropriate AI/ML tools that can enhance a customer’s digital
shopping experience from the stance of an individual’s self-esteem. It is possible that
not all types of products will be bought online. Second, research can be undertaken that
establishes how retailers devise an AI/ML usage plan with partner organizations so that
AI/ML is integrated throughout the supply chain. Third, a study can be undertaken that
establishes how retail managers ensure that staff keep pace with government regulations
and adhere to compliance so that the company operates an affective digital strategy.
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53. Peyravi, B.; Nekrošienė, J.; Lobanova, L. Revolutionised technologies for marketing: Theoretical review with focus on artificial

intelligence. Bus. Theory Pract. 2020, 21, 827–834. [CrossRef]
54. Siegel, E. When does predictive technology become unethical? Harvard Business Review, 23 October 2020; pp. 1–5.
55. Gheraibia, Y.; Kabir, S.; Aslansefat, K.; Sorokos, I.; Papadopoulos, Y. Safety + AI: A novel approach to update safety models using

artificial intelligence. IEEE Access 2019, 7, 135855–135869. [CrossRef]
56. Turchin, A.; Denkenberger, D.; Green, B.B. Global solutions vs. local solutions for the AI safety problem. Big Data Cogn. Comput.

2019, 3, 16. [CrossRef]
57. Kumar, V.; Rajan, B.; Venkatesan, R.; Lecinski, J. Understanding the role of artificial intelligence in personalized engagement

marketing. Calif. Manag. Rev. 2019, 61, 135–155. [CrossRef]
58. Shapometry. Online Fitting Room AI Based Size Advice and Instant Virtual Try on in a Widget for Fashion eCommerce. 2021.

Available online: https://shapometry.com/ (accessed on 1 June 2021).
59. Holzwarth, M.; Janiszewski, C.; Neumann, M.M. The influence of avatars on online consumer shopping behaviour. J. Mark. 2006,

70, 19–36. [CrossRef]
60. Grewal, D.; Noble, S.M.; Roggeveen, A.L.; Nordfalt, J. The future of in-store technology. J. Acad. Mark. Sci. 2020, 48, 96–113.

[CrossRef]
61. Blut, M.; Teller, C.; Floh, A. Testing retail marketing-mix effects on patronage: A meta-analysis. J. Retail. 2018, 94, 113–135.

[CrossRef]
62. Villanova, D.; Bodapati, A.V.; Puccinelli, N.M.; Tsiros, M.; Goodstein, R.C.; Kushwaha, T.; Suri, R.; Ho, H.; Brandon, R.; Hatfield,

C. Retailer marketing communications in the digital age: Getting the right message to the right shopper at the right time. J. Retail.
2021, 97, 116–132. [CrossRef]

http://doi.org/10.1177/1534484305278283
http://doi.org/10.1016/j.ijinfomgt.2013.01.004
http://doi.org/10.1080/02650487.1990.11107138
http://doi.org/10.1016/j.sbspro.2015.01.363
http://doi.org/10.1177/0022242920908227
http://doi.org/10.1057/s41270-019-00055-6
http://doi.org/10.1016/j.jbusres.2018.10.004
http://doi.org/10.1287/LYTX.2019.01.05
http://doi.org/10.1016/j.is.2013.09.002
http://doi.org/10.48550/arXiv.1301.3781
http://doi.org/10.1016/j.tele.2020.101473
http://doi.org/10.1016/S0022-4359(01)00056-2
http://doi.org/10.1016/j.physbeh.2018.03.028
http://doi.org/10.1016/j.jretai.2020.08.001
http://doi.org/10.1016/j.ijresmar.2020.10.007
http://doi.org/10.1016/j.ijresmar.2019.09.001
http://doi.org/10.1016/j.jbusres.2020.12.012
http://doi.org/10.1016/j.ijhcs.2021.102601
http://doi.org/10.1016/j.jbusres.2020.06.062
http://doi.org/10.1007/s11002-020-09537-5
http://doi.org/10.3846/btp.2020.12313
http://doi.org/10.1109/ACCESS.2019.2941566
http://doi.org/10.3390/bdcc3010016
http://doi.org/10.1177/0008125619859317
https://shapometry.com/
http://doi.org/10.1509/jmkg.70.4.019
http://doi.org/10.1007/s11747-019-00697-z
http://doi.org/10.1016/j.jretai.2018.03.001
http://doi.org/10.1016/j.jretai.2021.02.001


Big Data Cogn. Comput. 2022, 6, 78 21 of 21

63. Park, E.; Rishika, R.; Janakiraman, R.; Houston, M.B.; Yoo, B. Social dollars in online communities: The effect of product, user, and
network characteristics. J. Mark. 2018, 82, 93–114. [CrossRef]

64. Carson, B.; Chakravarty, A.; Koh, K.; Thomas, R. Platform Operating Model for the AI Bank of the Future. McKinsey & Company,
18 May 2021. pp. 1–11. Available online: https://www.mckinsey.com/~/media/mckinsey/industries/financial%20services/
our%20insights/building%20the%20ai%20bank%20of%20the%20future/building-the-ai-bank-of-the-future.pdf (accessed on
1 June 2021).

65. Trim, P.R.J.; Lee, Y.-I. The role of B2B marketers in increasing cyber security awareness and influencing behavioural change. Ind.
Mark. Manag. 2019, 83, 224–238. [CrossRef]

http://doi.org/10.1509/jm.16.0271
https://www.mckinsey.com/~/media/mckinsey/industries/financial%20services/our%20insights/building%20the%20ai%20bank%20of%20the%20future/building-the-ai-bank-of-the-future.pdf
https://www.mckinsey.com/~/media/mckinsey/industries/financial%20services/our%20insights/building%20the%20ai%20bank%20of%20the%20future/building-the-ai-bank-of-the-future.pdf
http://doi.org/10.1016/j.indmarman.2019.04.003

	Introduction 
	Materials and Methods 
	Results 
	The ADIA Model and AI/ML 
	The Impact of Artificial Intelligence (AI) and Machine Learning (ML) 
	The Link between the AIDA Model and the Use of AI/ML 
	Challenges in the Use of AI and ML in Retailing 
	Reducing Digital Myopia 

	Discussion 
	Conclusions and Future Research 
	References

