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ABSTRACT

The competitive landscape is shifting for retailers, and many are scrambling to stay ahead of the
competition by investing in new technologies like Artificial Intelligence (Al), automation, robotics and
blockchain. Traditional retailers face disruption from competitors that can deliver value to their
customers faster through these new technologies. Al, in particular, is earmarked to transform
retailing, and its influence on retail is projected to be substantial. However, empirical research on Al
in retail remains limited. This study investigates how Al is transforming the retail value chain through
a qualitative two-stage research design, using four articles to answer the research question: How is Al

transforming the retail value chain?

The Leavitt Diamond model and the jobs-to-be-done theory are used to answer the research question.
First, this study used all the Leavitt Diamond Model variables (i.e. structure, technology, tasks and
people) to examine how Al transforms the retail value chain. The process offered a more
comprehensive view of the organisational factors that need to be considered when adopting Al in the

retail value chain. Previous research typically focuses on only one of these components.

Articles one and three broadens our understanding of applying jobs theory and outcomes-based
innovation in the context of Al in the retail value chain. In article one, the jobs-to-be-done approach
was used as a lens to conceptually cluster the jobs Al technologies can perform in the retail value
chain. The article conceptually proposed four Al technology dimensions that can fulfil most of the roles
in the “traditional” retail value chain. Article one introduced a conceptual framework to understand

Al's role in the retail value chain proposing an alternative Al-enabled value chain.

Article two conducted a detailed review of Al's different tasks across the retail value chain. In article
three, an outcomes-based approach was used to present a framework of four outcomes for applying
Al in the retail value chain and tested the association between the Al outcome and the value chain
stage. Therefore, this study proposes the appropriate theoretical lens to understand better the use of
Al in the retail value chain. However, it also improves this framework in the final chapter, presenting
an adapted conceptual lens. Finally, article four aimed to understand retailers' challenges better when

implementing Al, using Leavitt’s Diamond Model.

The overall findings suggest that Al transforms the retail value chain in three ways. First, the iterative
nature of Al requires the shape of the retail value chain to change from linear to circular, with data
and insight at the core of the successful value chain. Second, Al changes how retailers attain goals in

the retail value chain through achieving specific outcomes. The outcomes are dependent on where Al
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is applied in the retail value chain. Third, there is a complex interplay between structure, technology,
people and tasks when implementing Al into the retail value chain, transforming how retailers

operate.

This study broadens the understanding of how new technologies impact value chains in general and
retail value chains in particular. For retailers to successfully implement Al into their business, they
need a clear understanding of how it impacts people, organisational structure, other technology, and
organisational tasks. This study created a framework of eight imperatives retailers need to consider
when implementing Al, offering a holistic view of the consideration needed across people, structure,

tasks and technology to ensure successful integration of Al into the business.

Keywords

Al, Artificial Intelligence, Retail, Value Chain, Digital transformation, Leavitt Diamond Model
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XVi

LIST OF DEFINITIONS

Artificial intelligence

This study uses Poole and Mackworth (2010: 3) definition of Al as “computational agents that act
intelligently”. In the simplest sense, Al uses big data, algorithms, and programs to provide a particular
goal or output (Paschen et al., 2019, p. 149; Shankar, 2018, p. 6) (see Chapter 2, in particular, Section

2.2.1 for detailed discussion).

Al systems

Al systems refer to computer systems with human-like intelligence (Wierenga, 2010, p. 2), which
encompasses these systems’ abilities “to interpret external data correctly, to learn from such data,
and to use those learnings to achieve specific goals and tasks through flexible adaptation” (Kaplan &

Haenlein, 2019, p. 17).

Al technologies

Al is an umbrella term, and it encompasses various intelligent technologies in different stages of value
creation (Sicular et al., 2019, p. 3). Moreover, the term Al encompasses different intelligent
technologies under the Al banner (Kaplan & Haenlein, 2019). For example, Al encompasses computer
vision, chatbots, machine learning, deep learning, intelligent applications and virtual assistance, to

name a few (see Chapter 2, in particular, Section 2.2.3 for detailed discussion).

Al Methods

Al methods refer to Al's various logics to determine the output or its intended goal. The Al methods
are classified into three types, namely, “analytical, human-inspired Al and humanized Al”; the method
depends on the intelligence the Al exhibits (Kaplan and Haenlein, 2019, pp. 18—20). The role of the
various Al methods are to perform specific tasks to solve business problems (see Chapter 2, in

particular, Section 2.2.4 for detailed discussion).

Leavitt Diamond Model

In 1965, Harold J Leavitt designed a model to manage change in an organisation. In the model, he
indicates that organisations are complex structures of interrelated systems designed for a particular
purpose (Boella & van der Torre, 2006; Leavitt, 1965) and subsequently developed the Leavitt
Diamond Model. He argues that to compete in an ever-growing volatile environment, organisations
can manipulate one of four interrelated sets of variables, task, structural, technological or human

variable, to improve performance (see Chapter 2, in particular, Section 2.4 for detailed discussion).



Stellenbosch University https://scholar.sun.ac.za

XVii

Retail value chain

The term value chain describes a set of activities performed to design, produce, market, deliver and
support products within businesses (Porter, 1985). In retailing, the value chain encompasses all the
stakeholders and processes needed for retailers to deliver an end product or service to a customer

(Hagel et al., 2016, p. 4) (see Chapter 2, in particular, Section 2.3 for a detailed discussion).
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Chapter 1: INTRODUCTION

1.1 INTRODUCTION

Digital disruption is a term used when new digital technologies impact the structure and operations
of businesses, transforming organisations internal business processes, changing customer interactions
to drive experiences, and changing how value is created throughout business models. New
technologies disrupt traditional business models by changing marketplaces, bringing new competition
and changing the customer purchase journey (Bolton et al., 2019, p. 15; Carlsson, 2018, p. 424;
Kietzmann et al., 2018, p. 265). The driving force behind this growth in the digital era is increased
computing processing power (Burstrom et al., 2021, p. 90), mobile connectedness, the vast availability
of data (Campbell et al., 2020, p. 2) and cost more effective technology driving the digital era forward
at a pace (Lee & Shin, 2020, p. 158). Computing power has increased exponentially in recent years,
and the cost of storage continues to decrease, fuelling the digital disruption of various industries
(Campbell et al., 2020, p. 2). Examples of industries transformation are the music industry
transforming from vinyl to digital, retailers transitioning from brick-and-mortar stores to online
platforms, the medical industry using robots for surgery and news agencies moving from article to
digital channels. In addition, the rate and pace with which new technologies enter and alter the market
have exponentially increased (Brynjolfsson et al., 2013, p. 23; Gupta, 2018, p. 1), and the combinations
of these technologies have unpredictable consequences where market boundaries are blurred (Day &
Schoemaker, 2019, p. 4). Therefore, the digital era is one of the most significant transformations of
society, and it encompasses many elements of business and everyday life (Hagberg et al., 2016, p.

694).

The technologies driving the digital disruption are artificial intelligence (Al), blockchain, big data,
augmented reality, the internet of things (loT), 3D printing and cloud computing (Xu et al., 2018, p.
2944). At the forefront of disrupting technologies is artificial intelligence (Al) (Dwivedi et al., 2021, p.
2). Al can be defined as “computational agents that act intelligently” (Poole & Mackworth, 2017, p. 3).
Today, Al plays a significant role in our day-to-day activities, such as unlocking a phone through facial
recognition, personalising content on social media and finding the best route to work. In addition, Al
systems are changing the business landscape and how businesses operate by (i) approving home loans
in banks, (ii) flagging inappropriate comments on news platforms, (iii) predicting how patients will
respond to clinical trials in hospitals, (iv) enabling robot and human interaction in factories, (v) helping
track items in warehouses, and (vi) managing customer relationships for wholesalers (Daugherty &

Wilson, 2018, location. 344; Fountaine et al., 2019, p. 4) to name but a few.
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To remain competitive and survive in an ever-changing and diversified customer market, retailers have
started adopting new technologies, including various Al-powered solutions. Juniper Research (2019)
suggests that retailers spending on Al technologies could reach $12 billion by 2023. Furthermore,
major retailers that have invested in the technology are generating economic wins with Al (Guha et

al., 2021, p. 28; Weber & Schitte, 2019, p. 272).

Al’s influence on retail is projected to be substantial (Guha et al., 2021, p. 28; Kietzmann et al., 2018,
p. 265; Shankar, 2018, p. 6) for various reasons. First, there are multiple touch points across the
customer shopping journey in retail. This not only diversifies data sources but rapidly generates an
enormous amount of data (Lee, 2017, p. 593). Al can provide retailers with insights to reduce
shortcomings in data analysis by recognising patterns and providing insights into customer and sales
data (Acharya et al., 2018, p. 92; Ameen et al., 2021, p. 1; Gupta, 2018, p. 170). Second, managing
customer interaction across retail channels can be complex, and Al can improve customer service by
answering customer queries 24 hours a day (Roy et al., 2017, p. 150; Y. Xu et al., 2020, p. 190). Third,
overly complex retail value chains generate inefficiencies in operations, and Al can streamline
operations through automating manual tasks and reducing costs (Gupta, 2018, p. 21; Manyika &
Bughin, 2018; Verhoef et al., 2021, p. 891). Nevertheless, while there is great excitement about Al, it
has yet to fully deliver on its promise (Ransbotham et al., 2017, p. 1). Capgemini (2018, p. 16)
calculated a $300 billion opportunity for retailers investing in Al. However, only 30% of retailers use

Al for some business processes.

Increasingly, academic research has focused on how retailers can benefit from implementing Al,
especially for customer usage and experience. Authors Grewal et al. (2017), Hagberg et al. (2016), Jain
& Gandhi (2021), and Shankar (2018) broadly discussed the opportunities retailers could experience
with artificial intelligence technologies. However, these studies are predominately conceptual. While
a few focused on specific applications or use cases of specific Al technologies in retail (Ameen et al.,
2021; Esch et al., 2021; Pillai et al., 2020; Pizzi et al., 2021). Although the literature covers a wide
variety of research subjects, most of the literature focuses on customer-facing applications of Al and

not on the entire retail value chain.

Despite Al being earmarked to transform retail, there is limited empirical research to address the
relationship between Al and the retail value chain. Therefore, this study investigates how Al is
transforming the retail value chain. The following section discusses the study's background,
summarises the literature gap, and articulates the research questions. This is followed by discussing
the articles used to investigate the research questions. After that, the research methodology for this

study is discussed.
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1.2 BACKGROUND OF THE STUDY
This section discussed the disruption in the traditional value chain, Al, and the relationship between

Al and the retail value chain.

1.2.1 Disruption in the traditional value chain

In his seminal work, Michael Porter (1998) used the term value chain to describe a set of activities
performed to design, produce, market, deliver and support products within businesses (Hagel et al.,
2016, p. 4). The value chain is a set of processes that provide value across primary activities (for
example, inbound logistics, operations, outbound logistics, marketing and sales, and service) and
secondary activities (including firm infrastructure, human resource management, technology
development and procurement) (Porter, 1998, Location. 1045). The activities in the traditional value
chain move in a sequence of linear steps, which facilitates the process from product design to the
point of consumption (Reinartz et al., 2019, p. 352). For example, in retailing, the value chain (see
Figure 1.1) encompasses all the stakeholders and processes needed for retailers to deliver an end
product or service to a customer (Hagel et al., 2016, p. 4). From supplier to manufacturer to retailer,

each stakeholder in the value chain adds value to the customer.

Business facing value chain stages > ‘ Customer facing value chain stages >

Sourcing Store
Design and Manufacturing operations Fulfilment

Procurement and Sales
Design initiation, Planning and Cutting, Sewing, Managing and Managing Delivering Helping customers
Design Concept, production Finishing, distributing point of sale products to maximise value,
Decision making control Packing, products to be and executing the customer uslljg apt_ﬂ
process, Technical Purchasing or Acquiring, storing sold purchase maintaining
design building and preparing transition products.

inventary raw materials

Figure 1.1: The traditional retail value chain

Adapted from (Hagel et al., 2016; Reinartz et al., 2019; Rieple & Singh, 2010)

New technologies are challenging the traditional value chain. For example, there has been a shift away
from purely operating in traditional store formats to integrated omni channel environments (Lee,
2017, p. 593). Today, most customer shopping journeys involve a digital channel, making the
delineation between physical and digital channels even more blurry and hard to predict. The
omnichannel evolution has changed the retail landscape and brought on new competition for

traditional retailers who did not need to compete before (Oh & Polidan, 2018, p. 31). The distance
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between manufacturers and the end customer is decreasing, and new competitors that were once
suppliers only are now fighting for the same market share. For instance, Nike now sells directly to
customers and connects with them through their digital apps, getting closer to understanding their
needs and wants (Barseghian, 2019). Consumers are more connected than ever (Kietzmann et al.,
2011, p. 241), and many traditional firms were surpassed by innovative, fast-growing digital entrants
(Jin & Shin, 2020, p. 309). New digital technologies have disrupted the traditional retail business model
by changing marketplaces from brick and mortar only to omnichannel and significantly altering the
customer purchase journey (Bolton et al., 2019, p. 15; Carlsson, 2018, p. 424). Like Alibaba and
Amazon, online retailers have adversely affected traditional retailers like Toys R Us and RadioShack.
They have used their digital resources to disrupt the retail industry and seemingly unrelated industries,

like banking and global shipping (Verhoef et al., 2021, p. 889).

In the hyper-connected business environment, retailers have no choice but to invest in systems and
tools to compete with other competitors (Anica-Popa et al., 2021, p. 121). As technology change
continues to accelerate, retailers wanting to remain competitive and survive in an ever-changing
diversified customer market are looking towards Al to alleviate some of the challenges mentioned
above. As a result, Al is earmarked to transform the retail industry (Kietzmann et al., 2018, p. 265),
and retailers such as Walmart are using big data, the internet of things (loT) and Artificial Intelligence

(Al) to transform their retailer operations and customer experience (Marr, 2017).

As new digital technologies continue to transform the retail industry (Hagberg et al., 2016, p. 695;
Romero & Martinez-Roman, 2015, p. 659; van Esch et al., 2019, p. 35), the retail value chain needs to
evolve with it (Fiorito et al., 2010, p. 887). However, the majority of retailers still employ the traditional
value chain or variations thereof (like the introduction of multiple channels to serve customer
needs)—the traditional value chain inherent the following four risks. First, increasing stakeholders
adds complexity to the value chain, inhibiting retailers from understanding and swiftly responding to
customer demand (Hagel et al. 2016, p. 702). Second, various stakeholders likely use their platforms
and software, making it difficult to integrate systems and manage data across the value chain. Third,
the more complex and extended the value chain is, the longer it takes for products to reach the
customer. Finally, overly complex value chains leave organisations vulnerable to digital disruption
from smaller, more agile firms that leverage new technologies to reduce costs and scale up quickly

(Gupta, 2018, p. 100; Verhoef et al., 2019, p. 889).

Authors argue that the retail value chain needs revisiting because of new technologies such as Al
(Hagel et al., 2016, p. 705; Reinartz et al., 2019, p. 352), yet limited empirical literature are available

to guide practitioners on how the retail value chain should change.
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1.2.2 Artificial intelligence (Al) in Business

Al dominates conversations (Kaplan & Haenlein, 2020, p. 38; Shankar, 2018, p. 6), and it is changing
the world around us (Deloitte, 2021). However, there are many misconceptions about Al’s role and its
potential and threat to business (Kaplan & Haenlein, 2020, p. 38). This is partly due to movies such as
iRobot or the matrix creating unrealistic expectations for the technology. This study uses Poole and
Mackworth (2010, p. 3) definition of Al as “computational agents that act intelligently”. In the simplest
sense, Al uses big data, algorithms, and programs to provide a specific goal or output (Paschen et al.,
2019, p. 149; Shankar, 2018, p. 6) (see Chapter 2, in particular, Section 2.2 for detailed discussion).
However, all Al that exists today are narrow, meaning the technology can only perform specific tasks
and not learn anything from the narrow domain it is programmed to operate in (De Bruyn et al., 2020,
p. 92; Yao et al., 2019, p. 19). For instance, Al can be programmed to recognise patterns in big data
(De Bruyn et al., 2020, p. 95), provides answers to specific questions (Ameen et al., 2021, p. 4) and
personalised product recommendation online (Alexander & Kent, 2021). The Al industry covers a wide
range of intelligent applications under the umbrella term Al. For instance, computer vision, deep
learning (DL), digital assistants, chatbots, machine learning (ML), natural language processing (NLP),
and augmented intelligence, to name a few (see Chapter 2, in particular, Section 2.2.3 for a detailed

discussion of what Al is and the applications that it incorporates).

Al, in particular, receives significant attention due to its positive impact on the modern business
environment (Cao, 2021, p. 1). Al could provide businesses and customers with numerous
opportunities such as improved efficiency, providing shorter lead times (Dogru & Keskin, 2020, p. 72),
predicting future trends, processing and interpreting data (Anica-Popa et al., 2021, p. 122), and
offering personalised services and products (Riegger et al., 2021, p. 140). However, despite the
promise of Al, most Al investments are failing to deliver on their promised returns (Fountaine et al.,
2019, p. 4). Numerous scholars have highlighted the benefits of Al (Davenport & Ronanki, 2018; Duan
et al., 2019; Dwivedi et al., 2021; Manyika & Bughin, 2018b; Shechtman et al., 2018; Zhang et al.,
2021), however transforming a business with Al is not as straightforward (Burstréom et al., 2021, p.

85).

Businesses need to overcome a few challenges to get the most out of Al investments. For instance,
the complexity of understanding and interpreting Al results to use in the business (Barredo Arrieta et
al., 2020; Dogru & Keskin, 2020; Jin & Shin, 2020; Lee & Shin, 2020; Preece, 2018), the data and
technical infrastructure required to run Al systems (Dwivedi et al., 2021; Kaplan & Haenlein, 2020; Lee,
2017; Lee & Shin, 2020), the impact on the workforce and the new skills required to work alongside Al
(Barredo Arrieta et al., 2020; Dogru & Keskin, 2020; Dwivedi et al., 2021; Frey & Osborne, 2017; Kaplan
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& Haenlein, 2020; Manyika et al., 2017), and the businesses internal readiness and capability to work
with Al systems (Dwivedi et al., 2021; Lee & Shin, 2020). In addition, as Al disseminates into business,
it is crucial to understand how to integrate Al into the organisation. Nevertheless, limited research

describes what is required to gain total value from Al investments.

1.2.3 Al in the retail value chain

Various scholars agree that the retail landscape is changing due to rapidly evolving technologies such
as Al (Alexander & Kent, 2021; Ameen et al., 2021, p. 1; Gauri et al., 2021, p. 42; Grewal et al., 2017,
p. 1; Jin & Shin, 2020, p. 301; Pillai et al., 2020; Shankar, 2018; Wadhawan & Seth, 2016, p. 60; Weber
& Schiitte, 2019, p. 264). Al is touted as one of the critical technologies set to transform both the retail
experience and the retailer operating model. Expectations for the commercial application of Al in
business, particularly in retailing, are significant (Ransbotham et al., 2017, p. 1). In the retail value
chain, in particular, Al can be used to automate processes, reduce complexities, and offer real-time

analytics, leading to smaller, agile value chains (Hagel et al., 2016; Oosthuizen et al., 2020, p. 2).

Al represents retailers with various opportunities to evolve and innovate their retail value chain
through digitising in-store experience through interactive mirrors (Alexander & Kent, 2021), offering
personalised services and product recommendations (Ameen et al., 2021, p. 113), enhancing the
customer experience (Gauri et al., 2021, p. 42), automating forecasting activities (Weber & Schitte,
2019, p. 264), recognising patterns and providing insights into customer and sales data (Acharya et al.,
2018, p. 95; Ameen et al., 2021, p. 1; Gupta, 2018, p. 19), creating automated checkouts in-store (Pillai
et al., 2020, p. 57), providing 24-hour customer service (Roy et al., 2017, p. 257; Y. Xu et al., 2020, p.
2952), collecting, curating and analysing data (Shankar, 2018), and automating manual tasks (Kaplan
& Haenlein, 2020, p. 23). Thus, Al presents retailers with various options to improve the consumer
experience, enhance profitability and streamline business processes through the value chain. Many
authors agree that Al can transform various stages within the retail value chain, yet none have looked
at its impact. Therefore, while authors broadly discussed the opportunities retailers could experience
with Al technologies (Grewal et al., 2017; Hagberg et al., 2016; Jain & Gandhi, 2021; Shankar, 2018),
these studies are predominately conceptual. Other authors focused on specific applications or use
cases of specific Al technologies in retail (Ameen et al., 2021; Pillai et al., 2020; Pizzi et al., 2021; van

Esch et al., 2021).

While retailers have several opportunities to invest in Al, navigating the Al landscape remains
complicated. Various specific use cases are available for retailers, yet many applications focus on single

business processes and do not cover multiple aspects of the value chain. While several retailers are
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pilot testing Al possibilities, navigating the Al landscape remains complicated. Many applications are
once-off initiatives within confined business units and do not cover multiple aspects of the retail value
chain. Retailers, for example, overlook the collective benefits of Al across the entire retail value chain
(Davenport & Ronanki, 2018; Standish & Ganapathy, 2020). Therefore, there is no clear indication of

Al's role in the extended retail value chain (Oosthuizen et al., 2020).

1.2.4 Current literature on Al in the retail value chain

To better understand the literature available, research constructs, namely, artificial intelligence or Al;
Retail; and Value chain, were investigated. A bibliometric map was created to understand the
potential gap in the literature. Bibliometric analysis helps researchers analyse current trends in
literature and motivates future research work (Muhuri et al., 2019, p. 218). The bibliometric map was
created to understand better the literature available for the research constructs (see Appendix B
outlining more detail on the process followed). Figure 1.2 shows the bibliometric map of the author’s
keywords found during the identification process for all returned results for Al in retail literature. The

keywords are from author-supplied keyword lists (van Eck & Waltman, 2014, p. 4).
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Figure 1.2: Bibliographic map from authors-supplier keywords

The leading studies summarised in Table 1.1 are based on the number of citations dealing with Al in

retail (see Appendix A for all the reviewed studies).
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Table 1.1: Most influential studies dealing with Al and retail
No [Title Authors Citations [Theoretical focus Research Focus Link to the retail |Customer |Link to Al
as of 29 value chain stage |o Leavitt technology
June 21 Business |Diamond  |mentioned
Facing Model
1 The future of employment: How (Frey & Osborne, (8403 Occupational choice, |Changing occupations with computerisation |No link No link Technology, (Computeri
susceptible are jobs to 2017) Skill demand; and Al technologies People sation in
computerisation? Technological change general
2 The Future of Retailing (Grewal et al., 961 Retail; Future The article focuses on the future of retail by [Customer use and |Customer- [Technology |Alin
2017) technologies highlighting five key areas, Technology, support facing general
Visual display, Consumption and
engagement, extensive data collection and
analytics
3 Siri, Siri, in my hand: Who is the (Kaplan & 738 Internet of things; Big|Discussion on Al application No link No link Technology |Alin
fairest in the land? On the Haenlein, 2019) data; Al general
interpretations, illustrations, and
implications of artificial intelligence
4 The digitalisation of retailing: (Hagberg etal., (478 Retail; Digitalisation |This article addresses a significant and Store operations  |Customer- |Technology; |Technology
an exploratory framework 2016) ongoing transformation in retailing and and sales facing Tasks in general
develops a framework
5 A Brief History of Artificial (Haenlein & 296 Al; Big data; Strategy |Review of Al history No link No link Technology |Alin
Intelligence: On the Past, Present, Kaplan, 2019) general
and Future of Artificial Intelligence
6 Artificial Intelligence (Al): (Dwivedi et al., [285 Al, Research agenda |This article focuses on emerging Al Store operations  |Customer- |Structure, Alin
Multidisciplinary perspectives on 2021), challenges and opportunities across a and sales; facing Technology, |general
emerging challenges, opportunities, variety of sectors, including retail Customer support People and
and agenda for research, practice and end-use Tasks
and policy
7 Value co-creation with the Internet |(Balaji & Roy, 215 Marketing; retail Customers experience shopping with loT Customer use and |Customer- [Technology |loT, Al
of things technology in the retail 2017) management technology support facing
industry
8 Artificial Intelligence in Advertising |(Kietzmann et al., [111 Al; Marketing Al application along the customer journey |Customer use and |Customer- |Technology; [Multiple Al
How Marketers Can Leverage 2018) support facing Tasks types

Artificial Intelligence Along the
Consumer Journey
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and end-use

9 How Artificial Intelligence (Al) Is (Shankar, 2018) (103 Al; Retail Resents a framework for understanding Al. |Link to all stages Link to all  [Structure, Alin
Reshaping Retailing This article also outlines how Al can be stages Technology |general
applied in retail.
10 |The future of in-store technology (Grewal et al., 100 Retail; Future A conceptual framework for understanding |Store operations |Customer- [Technology |[None
2020) technologies new and futuristic in-store technology and sales facing
infusions
11 |The Evolution and Future of (Grewal et al., 95 Retail, Future The article outlines retail innovations and No link No link Technology |Alin
Retailing and Retailing Education 2018) Education how retail has evolved. Calls out new retail general
technologies that should be included in
retail education, Al, Service robots, IoT,
Blockchain,
12 |Applications of artificial intelligence |(Guo et al., 2011) (84 Al, Apparel industry |Review of Al literature in apparel Design; Sourcing/ |Business- |Technology |Various Al
in the apparel industry: a review Procurement; facing types
Manufacturing and
assembly
13 Rulers of the world, unite! The (Kaplan & 76 Al; Business Analysis of Al using PESTEL No link No link Economical |Alin
challenges and opportunities of Haenlein, 2020) general
artificial intelligence
14  |A human-centric perspective Mahroof, 2019) (68 Artificial Intelligence, |The research explores the barriers and Inventory Business- |People; Alin
exploring the readiness towards Logistics; Technical  |opportunities of Al within the warehouse of |[Management and |facing Technology; |general
smart warehousing: The case of a readiness a major retailer. Distribution Tasks
large retail distribution warehouse
15 |Artificial intelligence (Al) and its (Paschenetal.,, |67 Marketing; Al describes the foundational building blocks  [No link No link Technology |Alin
implications for market knowledge {2019) of any artificial intelligence system and their general
in B2B marketing interrelationships
16 |A GA-based optimisation model for |(Lee, 2017) 57 Retail, Big data Optimisation model using Big data to Fulfilment Customer- |Technology |[Genetic
big data analytics supporting support anticipatory shipping facing Algorithm
anticipatory shipping in Retail 4.0 (GA)-based
optimisatio
n mode
17  |Artificial intelligence: Building blocks |(Paschenetal., |51 Al, Information Al building blocks No link No link Technology |Multiple Al
and an innovation typology 2019) systems types
18 |Autonomous Shopping Systems: de Bellis & 46 Artificial Intelligence; |Examining the barriers to adoption of Store operations  |Customer- |People; Virtual
Identifying and Overcoming Barriers |Venkataramani Consumers; Retail autonomous systems and sales; facing Technology; |assistants
to Consumer Adoption Johar, 2020) Customer support Tasks
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19 |State-of-the-art and adoption of (Weber & 32 Artificial Intelligence; [The article shows the application of Al to Link to all stages Link to all |Tasks Alin
artificial intelligence in retailing Schitte, 2019) Retail different value-added core tasks depending stages general
on the area you apply it to
20 |Indian shopper motivation to use (Chopra, 2019) |29 Artificial intelligence; |The findings indicate that Vroom'’s Store operations  [Customer- |Technology, |Chatbot,
artificial intelligence: Generating Consumer expectancy theory of motivation can and sales; facing People Augmente
Vroom's expectancy theory of motivation; Retail explain young consumers' motivation to use [Customer support d reality,
motivation using grounded theory Al tools to aid in making shopping decisions. [and end-use Voice
approach assistant
21 |Shopping intention at Al-powered (Pillai et al., 24 Technology The study's outcome reveals that Store operations  |Customer- |Technology, |RFID, AR
automated retail stores (AIPARS) 2020) readiness; Innovativeness and Optimism of consumers |and sales; facing People systems
Consumers; Retail affect the perceived ease and usefulness.  |Customer support
and end-use
22 |Changing the game to compete: (Jin & Shin, 2020) 23 Business innovation |The study analyses how business-model Inventory Business- |Technology |Alin
Innovations in the fashion retail disrupting the innovations have disrupted the fashion Management and |facing general
industry from the disruptive fashion retail retail industry Distribution
business model industry
23 |Taking the fiction out of science (Gonzalez- 22 Artificial Intelligence; [The article outlines examples of how No link No link People/Envir |Al; Robots
fiction: (Self-aware) robots and what |Jimenez, 2018) Consumer; Retail human-robot interactions can be shaped onment
they mean for society, retailers and with Al
marketers
24 |Rising with the machines: A (Makarius et al., |21 Artificial Intelligence; |Organisational socialisation approach to No link No link All Alin
sociotechnical framework for 2020) Organisational build an understanding of integrating Al general
bringing artificial intelligence into socialisation; into the organisation.
the organisation Sociotechnical
25 |Chatbots in retailers' customer (Rese et al., 20 Artificial Intelligence; |The study measured the customer Customer use and |Customer- |Technology, [Chatbots
communication: How to measure 2020) Consumers acceptance of a chatbot at an online retailer [support facing People
their acceptance? Acceptance
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The current research focused on providing theoretical contributions in exploring the relationships
between Al and digital marketing (Kietzmann et al., 2018; Mogaji et al., 2020), advancing knowledge
on Al-enabled customer experiences and service (Ameen et al., 2021; Balaji & Roy, 2017; Pillai et al.,
2020), researching customer adoption of Al-enabled technologies (Chen et al., 2021; Jain & Gandhi,
2021; Pitardi & Marriott, 2021; Pizzi et al., 2021; Rese et al., 2020), and consumer patronage towards
Al-enabled checkouts (van Esch et al., 2021). A literature review showed that most of the research in

Al in retail-focused on customer-facing value chain stages (see Figure 1.3).

Custormer facing Mo Enk Business facing Link ma all stages

Figure 1.3: Count of reviewed Al in retail literature: Customer vs Business-facing

The difference between customer-facing value chain stages (i.e., the store operations and sales,
customer support and end-user) and business-facing value chain stages (i.e., design,
sourcing/procurement, manufacturing and assembly, inventory management and distribution, and
fulfilment) are that customer-facing stages serve customers and business-facing serve the internal
business environment. The customer-facing stages, for example, are the Al technologies used to
support customers and the sales process, the store checkout process, in-store customer experience
management, payments process, personalisation or product recommendations, and customer service.
The business-facing value chain stages, for example, are all the Al technologies used to procure,
manage, and move products to the customer. Most studies present the customer-facing value chain
stages examining how retailers could enhance customer service and shopping experience through
different applications of Al technologies. However, few studies focused on the role of Al in the earlier
stages of the value chain (e.g., manufacturing), and none on the role of Al across the whole value

chain. This is a gap in current literature that this study aims to fill.
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In the customer-facing value chain stages, authors argued that Al could (i) improve customer
experience and satisfaction (Ameen et al., 2021; Chen et al., 2021; Jain & Gandhi, 2021; Tupikovskaja-
Omovie & Tyler, 2020), (ii) enhance customer service (Rese et al., 2020), (iii) aid shopping decisions
for consumers through Al-enabled application (Chopra, 2019; Pizzi et al., 2021; van Esch et al., 2021),
(iv) change the consumers' shopping behaviour by using autonomous shopping (de Bellis & Johar,
2020), connected devices (Balaji & Roy, 2017), and Al-enabled mobile applications (Stanciu & Rindasu,
2021). There are multiple roles for Al to improve the customer-facing value chain stages. While
improving the customer experience can render financial benefits and improve customer satisfaction

for retailers, it is essential to address how Al can also benefit the business-facing value chain stages.

The literature review revealed few studies that focused on business-facing value chain stages. For
example, procurement of products, demand planning, inventory management, distribution and
logistics, and order placement. Some authors argued that using Al models to simulate various
inventory processes could improve inventory management in retail by (i) reducing product out of
stocks (Bottani et al., 2019), (ii) creating a more accurate demand forecast (Priyadarshi et al., 2019),
(iii) generating anticipatory shipping plans (Lee, 2017), and (iv) determining the best merchandise
locations to allocate inventory (Cruz-Dominguez & Santos-Mayorga, 2016). While studies on business-
facing value chain stages can help retailers apply specific use cases of Al, it is essential to address how

Al can create value in the entire retail value chain.

Few studies focus on the value and benefits Al could create for retailers that have a possible link to all
of the value chain stages. Weber and Schiitte (2019) argued that applying Al to value-added core retail
processes depends on the technology's function areas. Shankar (2018) focused on the possible
application of Al to different dimensions of retail. However, they noted that more research is required
in this domain, and Cao (2021) study focuses on the strategic choices retailers should consider for Al-
related data management. While some scholars have indicated Al applications in various retail value
chain stages (Cao, 2021; Grewal et al., 2017; Kaur et al., 2020; Schmitt, 2020; Shankar, 2018; Weber &
Schiitte, 2019), it is unclear to ascertain from the literature the relationship between Al and the retail

value chain.

In summary, when comparing the studies to the possible link to the retail value chain, most authors
focused on specific use cases of Al in the customer-facing value chain stages rather than the entire
retail value chain. It is essential to address how Al will change and transform the retail value chain.
However, it is yet to be clarified. Jin and Shin (2020) argued that traditional retail business models face

disruption from retailers that offer more innovative business models, and retailers need to do more
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than only implement new technologies. No studies have looked at Al across the retail value chain to

the author's knowledge. Therefore, our primary or overall research question for this study is:

How is Al transforming the retail value chain?

This research question is the primary question of this study and guides the development of the
subsequent research questions for the articles. This study broadens our understanding of how new

technologies impact value chains in general and retail value chains in particular.

To remain competitive and survive in an ever-changing and diversified customer market, retailers have
started adopting various Al-powered solutions. Al can significantly improve speed, cost, and flexibility
across the retail value chain (Liang et al., 2020, p. 4). Major retailers (i.e., Walmart, Home Depot and
Amazon) that have invested in Al are generating economic wins with Al by reinventing design,

merchandising, marketing and customer service (Kaplan, 2020; Liang et al., 2020, p. 4; Weber &
Schiitte, 2019, p. 272). Nevertheless, no studies have investigated how Al transforms the retail value

chain. The following sections detail the literature to ascertain how Al changes the retail value chain.

1.2.4.1 How is Al transforming the retail value chain?

An early study by Guo et al. (2011) suggested that Al algorithms such as fuzzy logic, neural networks,
and generic algorithms could aid various retail processes and emphasises that future research is
required on the topic. A review of the literature revealed that many authors discussed Al influence on
retail as a technology in general without focusing on the specific application of the technology (Anica-
Popa et al., 2021; Dwivedi et al., 2021; Jain & Gandhi, 2021; Jin & Shin, 2020; Mahroof, 2019; Makarius
et al., 2020). Current research discussing a specific Al technology type, i.e., chatbots, focused on
applying the technology to enhance the customer shopping experience. The authors highlighted
various Al aiding retail such as chatbots (Chen et al., 2021; Pizzi et al., 2021), virtual assistants (de Bellis
& Venkataramani Johar, 2020), voice assistants (Purcarea et al., 2021), internet of things (1oT) (Balaji
& Roy, 2017; Chan et al., 2020), deep neural networks (DNN) (Bottani et al., 2019; Cruz-Dominguez &
Santos-Mayorga, 2016; Priyadarshi et al., 2019), Machine Learning (ML) (Rodgers et al., 2021; Stanciu
& Rindasu, 2021), robots (Gonzalez-Jimenez, 2018; Guha et al., 2021) and radio frequency
identification (RFID) (Pillai et al., 2020). The literature highlights specific Al types to improve areas in
the retail value chain; however, no studies assessed the various types of Al’s role in the retail value

chain.

Al encompasses many different intelligent technologies and can serve multiple purposes across the

retail value chain. However, many Al applications, already available or under development, contribute
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to retailers’ confusion and frustration regarding which Al technologies to invest in. While authors
argue that the retail value chain needs revisiting because of new technologies (Hagel et al., 2016;
Reinartz et al., 2019), limited empirical literature, to the author's knowledge, have suggested what the
role of Al is in the retail value chain and how the retail value chain should change. Therefore, it is
essential to understand where Al applications can improve efficiencies, automate processes, and drive
insights in the retail value chain. However, it is yet to be clarified. Therefore, to assess the potential
application of Al-enabled solutions across the various retail value chain activities, research question

one was developed:

Research question 1: What role does Al play in the retail value chain?

It is essential to understand Al's role in the retail value chain and the different tasks Al can perform

across the retail value chain. Therefore, research question two was developed:

Research question 2: What are retailers using Al technologies for in the retail value chain?

In the same way, before retailers invest in Al, they need to understand the potential benefits from the
investment to maximize a positive business outcome. Various authors discussed the benefits of Al
(Adapa et al., 2020; Ameen et al., 2021; Dogru & Keskin, 2020; Manyika et al., 2017; Shechtman et al.,
2018). For instance, Dogru and Keskin (2020) noted that Al improves productivity in operations
through robotics and Manyika et al. (2017) noted that Al enhances employees productively through
automating manual tasks. While, Shechtman et al. (2018), Adapa et al. (2020), and Ameen et al. (2021)
noted that Al Improves the way employees interact with customers and improves customer
satisfaction. Although there are many benefits Al can provide retailers, a further benefit is garnered
through understanding business outcomes (Zolkiewski et al., 2017, p. 174). However, the outcomes of
applying Al in the retail value chain is unfamiliar, leading to the development of research question

three:

Research question 3: What business outcomes can Al drive in the retail value chain?

Despite Al being earmarked to transform retail, there is limited research into how to integrate the
technology into the value chain. Authors Stanciu and Rindasu (2021), Anica-Popa et al., (2021), and
Purcarea et al. (2021) all discussed Al challenges from a customer shopping perspective. The authors
discussed some barriers to adopting Al in retail throughout the literature. Authors noted users
acceptance of Al systems to be necessary for the adoption of the technology in retail (Pitardi &
Marriott, 2021; Rese et al., 2020; van Esch et al., 2021), and Mahroof (2019) argued the challenges for

adopting Al by warehouse staff are caused by a shortage of skills and their mindset to change. In



Stellenbosch University https://scholar.sun.ac.za

15

contrast, de Bellis and Johan (2020) argued that customers' culture or psychology barriers hinder
adopting autonomous shopping systems in a retail environment. While understanding the user
acceptance challenges can assist with the customer adoption of Al applications in retail, it is only one

element of the overall adoption of Al in retail.

Multiple authors argued that a significant challenge for adopting Al is the technologies impact on retail
jobs (Adapa et al., 2020; Ammanath et al., 2020; Begley et al., 2018; Dogru & Keskin, 2020; Dwivedi et
al., 2021; Kaplan & Haenlein, 2020). In comparison, Kaplan and Haenlein (2020)and Sohn et al. (2020)
argue that jobs will need to evolve to work with Al models and systems. Nevertheless, the change in
roles will require a change in how retailers operate. For example, Kaur et al. (2020) argued that
organisations are not embracing new ways of doing business or changing business processes as a
challenge for successfully adopting technology. Similarly, Shankar (2018) argued that it is also crucial
for retailers to understand when and how Al will benefit their customers and business rather than

blindly applying it to siloed processes.

There seems to be a challenge with implementing and adopting Al into the retail value chain. However,
there is limited research regarding Al's adoption challenges or implementation challenges into the
retail value chain. While authors note some challenges for adopting Al in retailers, these often come
from managerial recommendations and future research suggestions. Very few studies research the
challenges empirically. Many challenges come with implementing and adopting Al into the retail value
chain. However, it is yet to be clarified by scholars. For retailers to successfully integrate Al into the
retail value chain, it is vital to understand the challenges retailers experience when implementing Al

into their business. Therefore, research question 4 was developed.

Research question 4: What are the challenges retailers experience when integrating Al into their

value chain?

Recently there has been a growing body of knowledge for Al in retail literature, especially particular
Al technology itself. The following section investigates which theoretical approaches these studies

used.

1.2.4.2 Theoretical approaches to examine adopting Al in the retail value chain

Multiple models, theories, and frameworks are available to delineate technology and organisational
acceptance. For instance, the technology acceptance model (TAM) field and the unified theory of
acceptance (Davis, 1985) and use of technology (UTAUT) is a widely accepted model for examining

user acceptance and adoption in the Information Systems (IS) (Mahroof, 2019, p. 181; Pitardi &
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Marriott, 2021, p. 628). Al in retail studies by Chen et al. (2021) and Liang et al. (2020) examined
customer acceptance of Al chatbots and Al-enabled shopping assistants by applying TAM as a
theoretical lens. Loske and Klumpp (2021) applied UTAUT as a theoretical lens to test truck drivers'
use of Al technologies. Although these models are widely recognised, it was less relevant for this study
to examine Al’s influence in retail and business, as successfully implementing Al requires more than

only adopting the technology.

A model that represents the entire organisation is the Leavitt Diamond Model (Leavitt, 1965). Leavitt
(1965) notes that when organisations change any task, technology, structure or people variable, it
results in compensatory changes in one or more of the other variables. This study uses the Leavitt
Diamond Model to examine how Al transforms the value chain as a theoretical lens to investigate the
subsequent research questions. The Leavitt Diamond Model is an important model to explore the
impacts of organisational change by considering the interrelated social (i.e., human and structure) and
technical (i.e., tasks and technology) variables (Hartmann & Lussier, 2020; Leavitt, 1965). Various
scholars have used Leavitt’s model to examine a variety of organisational change topics applying it in
numerous contexts, including the COVID pandemic shock on B2B organisations (Hartmann & Lussier,
2020), to information systems in the Organisational environment (Lyytinen & Newman, 2008),
management challenges associated with analytics (Vidgen et al., 2017), marketing and supply chain
management (Jlttner et al., 2007), and the use of information technology and the effectiveness of

human resource function(Haines & Lafleur, 2008).

Multiple studies in Al in retail literature only focus on technology variable of the Leavitt Diamond
Model (Balaji & Roy, 2017; Bottani et al., 2019; Grewal et al., 2017, 2020; Guo et al., 2011; Jin & Shin,
2020; C. K. H. Lee, 2017; Wadhawan & Seth, 2016), which is a limitation in research. All variables,
especially people, should be considered when integrating Al or any digital projects into retail.
Therefore, this study uses all the variables (structure, technology, people and tasks) in the Leavitt
Diamond Model to access Al in the retail value chain. To the author's knowledge, no other studies
have used the Leavitt Diamond Model in the context of Al in the retail value chain before.

Understanding the complexities of integrating Al successfully is critical to retail theory and practice.

1.3 SUMMARY OF RESEARCH QUESTIONS

The primary and overarching research question for this study is:

How is Al transforming the retail value chain?

It is evident that Al plays a role in transforming the retail value chain; hence the following research

questions are proposed:
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® Research question 1: what role does Al play in the retail value chain?

® Research question 2: What are retailers using Al technologies for in the retail value chain?

® Research question 3: What business outcomes can Al drive in the retail value chain?

® Research question 4: What are the challenges retailers experience when integrating Al into

their value chain?

These research questions are investigated through the lens of the Leavitt Diamond Model, which
considers the impact of the technology on the organisation and how the technology impacts people,
processes/tasks, and the organisational infrastructure. The remainder of this chapter focuses on the
individual articles used to answer the respective research questions, followed by the research

methodology used for this study.

1.4 LAYOUT OF THE INDIVIDUAL ARTICLES
Four articles were developed to answer the research questions to understand the primary research

question. Figure 1.4 outlines the articles and the research question associated with each article.

How is Al transforming the retail value chain?

¥ ¥ v r

Chapter 3:
Article one

RO: What role does Al
play in the retail value
chain?

Chapter 4:
Article two

RO: What are retail
using Al technologies
for in the retail value
chain?

Chapter 5:
Article three

RO: What business
putcomes can Al drive
in the retail value
chain?

Chapter &6:
Article four

RO: What are the
challenges retailers
experience when
Integrating Al into the
value chain?

Stage 1

Stage 2

Figure 1.4: Article layout and research questions

Four articles investigate how Al transforms the retail value chain. Each article links back to the
components of the Leavitt Diamond Model variables, i.e., structure, people, technology and tasks.
First, article one investigates Al in the retail value chain, linking to the structure variable in the Leavitt
Diamond Model. Second, article two investigates the tasks variable in the Leavitt Diamond Model by
examining how Al technologies are used in the value chain. Third, article three investigates the
outcomes obtained with Al by focusing on the technology variable in the Leavitt Diamond Model. Last,

article four investigates the challenges for implementing Al across all Leavitt Diamond Model
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variables. The following sections details how each article was used to address their relevant research

questions.

1.4.1 Article one: Artificial intelligence in retail: The Al-enabled value chain

Article one introduced a conceptual framework to understand Al's role in the retail value chain
proposing (Assarroudi et al., 2018; Burkett, 2013; Moher et al., 2009; O’Reilly, 2009; Parida et al., 2015;
Snyder, 2019; Vargo & Akaka, 2009; Vargo & Lusch, 2004) an alternative: the Al-enabled value chain.
Research question 1 asks what role does Al play in the retail value chain. All the Al activities in the
retail value chain were classified using a jobs-to-be-done approach into four categories: knowledge
and insight management, inventory management, operations optimisation and customer

engagement, to answer the research question.

The article illustrates that some Al technologies can serve multiple purposes across the retail value
chain. The article shows that retailers apply Al technologies across the different value chain stages and
proposes an Al-enabled value chain. Therefore, an Al-enabled retail value chain moves away from a
linear and siloed approach to the value chain to a real-time iterative approach based on knowledge
management. Using this framework, retailers can prioritise their investment in Al or diversify their

current application of Al across the value chain.

This article provides two essential contributions to the emerging literature on Al and its
implementation in marketing and retailing. First, we show how Al technologies can be used across
various retail value chain activities. While several authors have addressed the relevance of Al to
business in general (Kietzmann et al., 2018; J. Paschen et al., 2019; Poole & Mackworth, 2017;
Ransbotham et al., 2017), the strategic role and implementation of Al in retailing organisations have
been subject to limited critical scrutiny (van Esch et al., 2019). Furthermore, by mapping specific Al
technologies against the retail value chain, we provide retail managers with some guidance regarding

which Al technology investments to prioritise or how to leverage current Al investments.

Second, while authors argue that the retail value chain needs revisiting because of new technologies
(Hagel et al., 2016; Reinartz et al., 2019), limited empirical literature, to the author's knowledge, have
suggested precisely how the retail value chain should change. Guided by the job-to-be-done approach
in innovation (Christensen et al., 2016), we identify four key roles for Al solutions in the retail value
chain: knowledge and insight management, inventory management, operations optimisation, and
customer engagement. This approach is customer-centric (Bettencourt & Ulwick, 2008), not tayloristic
and process-driven and, therefore, better suited to the complex nature of business amidst new

technologies (McChrystal et al., 2015). Contrary to the more traditional silo-mentality and linear view
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of the value chain, we argue that Al solutions can perform multiple roles simultaneously, thus

establishing interconnectivity between the different value chain activities.

1.4.2 Article two: Artificial intelligence in retail: Simplifying tasks by using Al in the retail value
chain

Following an improved understanding of Al's role in the retail value chain, the following article
attempts to understand research question two, what retailers are using Al technologies for in the retail
value chain. We reviewed retailers currently using Al in the value chain using a content analysis

approach to answer the research question.

This article illustrates a detailed review of Al's different tasks across the retail value chain. However,
when retail tasks are replaced with Al, it has a necessary knock-on effect on the people and structure,
creating business implications for retail managers. Understanding the tasks Al can perform will help
retailers’ leaders focus the technology on specific business problems the technology can solve.
Through Al, simplifying the value chain can help retailers create value, automate, and streamline

relationships between people, processes, and technology.

This article contributes to the emerging literature on Al and its application in retail. Guided by the
Leavitt Diamond Model, focusing on the dimension of the task of the model (Leavitt & Bahrami, 1989),
we identify the tasks Al can perform across the retail value chain. Current research focuses on specific
applications of Al in retail (Ameen et al., 2021; Pillai et al., 2020; Pizzi et al., 2021; van Esch et al., 2021)
and limited empirical literature to the author's knowledge have suggested and outlined the different
tasks Al can perform across the whole retail value chain. This comprehensive view of the role of Al
across the value chain will increase the ROI of the technology as it extends its use beyond isolated
siloed use cases. One of the main reasons current Al applications fail is their narrow applications within

a business (Davenport & Ronanki, 2018; Standish & Ganapathy, 2020).

Building on the insights gained on articles one and two. Article three investigates the business

outcomes of applying Al in the retail value chain.

1.4.3 Article three: Applying service-dominant logic to artificial intelligence investment in retail:
The outcome of an Al-enabled value chain

Before retailers invest in Al, they need to understand the potential benefits from the investment to
maximize a positive business outcome. However, investment in Al has primarily been made from a
product-dominant, input-output perspective (Vargo & Akaka, 2009, p. 32). Article three aimed to
answer research question 3 what business outcomes can Al drive for retailers. This article used a

content analysis approach to understand the outcomes of applying Al in the retail value chain.
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This article applies service-dominant logic (Vargo & Lusch, 2004) to present the business value of Al in
the retail value chain. Four key outcomes Al can deliver in the retail value chain: cost-saving and
efficiency, enabling revenue, customer experience improvements, and improved decision-making.
Insights on the relationship between benefits and retail value chain stages were presented, and the

association between the application of Al and its outcomes.

Article three contributes to the emerging literature on Al by first providing a comprehensive view of
Al technologies deployed across the retail value chain by major retailers. Second, using service-
dominant logic shows how retailers can use Al to attain their business goals using an outcomes-based
approach. Finally, insight is provided into how these outcomes relate to where Al is applied in the

retail value chain, helping retailers identify where best to apply Al to attain specific outcomes.

Article four focuses on challenges retailers experience when integrating Al into their business.

1.4.4 Article four: Artificial intelligence in retail: The challenges retailers experience when
integrating Al into their business

No other new technologies have garnered more attention than Al, and companies are scrambling to
adopt the technology (Rimol, 2020). Similarly, a majority of retailers have started to implement Al into
their organisations. However, many Al projects fail to realize the intended benefits or remain once-off
proof of concepts. This article aims to understand the challenges retailers experience when
implementing Al, using Leavitt’s Diamond Model (Leavitt, 1965). The Leavitt Diamond Model considers
not only the technology for understanding organisational challenges but also the people, tasks, and

structure necessary for its successful integration of Al.

Article four aimed to answer research question 4: What are the challenges retailers experience when
integrating Al into their value chain?. To understand the challenges retailers experience when
integrating Al, semi-structured interviews were conducted with twenty experts working or
implementing Al in retail. To ensure a rounded view of the challenges, the participants were from
various backgrounds; seven Al/technology platform experts, eight retailer participants from various
international retailers (who have implemented Al) and five business consultants working with Al in

retail.

Article four contributes to the emerging literature on Al by first providing a structure, tasks,
technology, and people review of the literature concerning the challenges retailers experience when
implementing Al. Further, the Leavitt Diamond Model is applied to classify this research according to
whether the mentioned challenges concern people, tasks, structures, or Al itself. Current research

typically looks at only one of these aspects of Al integration in retail, rendering an incomplete view of
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the challenges associated with implementing Al in retail. Therefore, the second contribution of this
article was to provide a comprehensive look at the challenges presented by implementing Al. Better
understanding all the possible tasks, structures, technology, and people-related challenges associated
with implementing Al provides retailers with a better chance of integrating the technology
successfully. Finally, we provide recommendations for retailers regarding how to increase their

chances of successfully implementing Al.

1.5 RESEARCH METHODOLOGY

To remain competitive and survive in an ever-changing and diversified customer market, retailers
need to become leaner (Campbell et al., 2020), more agile (Goworek, 2014), and innovate their value
chain by adopting Al (Lee et al., 2018). Nevertheless, while there is great excitement about Al, it has
yet to fully deliver its promise (Ransbotham et al., 2017). In addition, section 1.1.3 showed limited
empirical research focusing on Al in the retail context, specifically with regards to how it transforms
the retail value chain. Therefore, this study followed an exploratory research design. Exploratory
research is concerned with discovering, generating or building theory (Davies, 2011) and endeavours
to clarify or discover potential business opportunities (Zikmund, 2010, p. 54). Exploratory research is
conducted in the early stage of decision making and follows an unstructured approach. When looking
into specific research methodology textbooks, the exploratory design is the most appropriate
selection to investigate this study’s research questions (Creswell, 2012; Zikmund, 2010). This approach
reflects that of other researchers in this field. Table 1.2 considers previous empirical research focused

on Al and summarises the research design and method used.

Similar studies focusing on Al in retail (Table 1.2) used exploratory research to generate theory and
clarify business opportunities (Zikmund, 2010, p. 54). Exploratory research was used by similar
gualitative studies discovering Al across retail (Alexander & Kent, 2021; Ameen et al., 2021; Balaji &

Roy, 2017).
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Table 1.2: Similar research previously conducted
Title Authors Research design Research method
Customer experiences in the age of artificial intelligence (Ameen etal.,  |Exploratory research |Quantitative/Online survey
2021)
Tracking technology diffusion in- store: a fashion retail (Alexander & Exploratory research |Qualitative/direct observation
perspective Kent, 2021)
Value co-creation with the Internet of things technology in  |(Balaji & Roy, Exploratory research |Quantitative/ Questionnaire
the retail industry 2017)
Constituents and consequences of smart customer (S. K. Roy et al., |Exploratory research |Multi-phased research approach
experience in retailing 2017)
The effects of explainability and causability on perception, |(Shin, 2021) Exploratory research |Quantitative/ Survey
trust, and acceptance: Implications for explainable Al
Cobots in knowledge work Human — Al collaboration in (Sowa et al., Exploratory research |Qualitative/Semi-structured
managerial professions 2021) interviews
Marketing Al recruitment: The next phase in job application |(van Esch et al., |Exploratory research |Quantitative/ Survey
and selection 2019)

Consequently, this study followed suit and used an exploratory research design for this study (Thyer,

2010; Zikmund, 2010). The research design for this study is discussed in the following section.

1.5.1 Research design
This study used a two-stage research design for the development of each article. Two-stage research

|II

designs entail “the application of two or more sources of data or research methods to the investigation
of a research question or different but highly linked research questions” (Bryman, 2004, p. 678). Due
to the limited empirical literature available, the two-stage design is deemed most appropriate for the
following reasons. First, this approach addresses different sub-topics sequentially using qualitative
and quantitative approaches to provide a complete understanding of a phenomenon (DeCuir-Gunby
& Schutz, 2017, p. 92). Second, the two-stage design allows the researcher to investigate a
phenomenon from a macro perspective to gain insights (Sowa et al., 2021). Third, by using a two-stage
design, the process can uncover “diverse perspectives, to better understand a phenomenon or process
that is changing as a result of being studied” (Creswell, 2014, p. 213). Fourth, the initial stage (either
guantitative or qualitative), followed by a second stage (either qualitative or quantitative), builds on
the earlier stage; in other words, the data collection approach informs the findings from one stage to
another (Creswell, 2014, p. 212). Therefore, the two-stage design suited this study well as it used two
separate phases to address the various research questions, the findings from the first stage of the

research informing the design of the second stage. Figure 1.5 outlines a summary diagram of the two-

stage design for the process followed for this study.
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1.5.1.1 Stage one: data collection

To identify relevant scientific journal articles that have dealt with the application of Al in retail, a
search was conducted on a major database, namely EBSCOhost, to collect and identify secondary data
for this study. The database was suitable as it included reputable resources from multiple sources,
including academic journals, news, magazines, trade publications, and reports. Furthermore, typical
to integrative literature reviews, in addition to academic articles, other published texts such as
company press releases and news articles were included in the analysis (Snyder, 2019, p. 336). Boolean
logic was used to include or exclude search terms to identify articles available on the databases. Table

1.3 depicts how the search process prescribed by Moher et al. (2009) was followed.

Table 1.3: Application of the PRISMA process for systematic review

Stage Process Checklist item Process

1 Identification Identify the articles via "Artificial intelligence" OR "AlI" AND "retail*" OR ("retail industry" AND
keyword search (n =4304) |"retailers").

Focused period: 2015 —2020.

Add to keywords to search |use case OR ("application" AND "Implement*" AND "Deploy*" AND
(n=1319) "applied").

2 Screening Identify the source Currently trading retailers.
The technology used should be Al technology.
The retailer should already use Al technology.

3 Eligibility Number of records Identify the retailer and software vendor in the case. Then, supplement the

available

information with technology vendor press releases, retailer press releases;

reports and technology news platforms.

(n=201) retail-related news articles; technology vendor white articles, retail industry

Remove duplicates Removal of duplicates.
(n=84)
4 Included Collect and capture retail Al [Record the data.

use cases (n=117)

First, a total of 4,304 records were identified in the initial search. Most of the records found with the
initial search did not focus on retailers using Al technology, and the search had to be narrowed. A
second search included keywords use case OR ("application"” AND "Implement*" AND "Deploy*" AND
"applied"). This search had a higher concentration of possible retailers using Al technology in the 1,319

records identified. The 1,319 articles were reviewed to determine if they were suitable for analysis.

Second, the screening process required each record to meet all selection criteria for inclusion (refer
to Table 1.3). It was confirmed that the retailer was currently trading by identifying the retailer through
its website and online news platforms to ensure the validity of the selected record. Where insufficient

information was found in the primary article, the data was supplemented by searching for further
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information to enrich the original information to decide on inclusion or exclusion. The supplementary
information was obtained from software vendor press releases, retailer press releases, retail-related
news articles, technology vendor white articles, retail industry reports, and technology news

platforms.

Third, 201 records meeting the selection criteria were identified using the eligibility protocol. Fourth,
the coding of the retailer, technology provider and summary of the Al application led to the
identification of 84 duplicate use cases. Last, once removed, a final sample of 117 unique records were

recorded for coding and analysis.

A coding process followed the identification of common themes to prepare the data for analysis. First,
the data was coded into its relevant value chain stage to identify where the Al was applied in the retail
value chain (see section 2.1.2). Second, once retail use cases databases were collated, the technology
mentioned in each article was compared to predefined Al types code (see section 2.2.3) to determine
the Al type. The objective was to ascertain which areas in the retail value chain retailers used Al. Either
to drive internal business activities (design, sourcing and procurement, manufacturing, inventory, and
distribution) or to support customer-facing activities (sales and operations, fulfiiment, customer use

and support).

The data formed the database for articles one, two and three. In the following section, each article's

data analysis is discussed in more detail.

1.5.1.2 Data analysis for each article

1.5.1.2.1 Article one: Content analysis

Article 1 used qualitative techniques to analyse the retail Al database, using a grounded theory content
analysis approach. Content analysis has been applied to investigate many studies, for instance, to
investigate Al-enabled recruiting systems (Black & van Esch, 2019), to investigate big data in the
fashion industry (Acharya et al., 2018) and to investigate human and Al collaboration (Sowa et al.,
2021). Content analysis “conventional, directive or summative “ (Hsieh & Shannon, 2005, p. 1277)
nature was deemed the most suitable to address the research question, “what role does Al play in the
retail value chain?”. The database was coded using Christensen et al.’s (2016) jobs-to-be-done
approach to analyse all the Al activities in the retail value chain. Christensen et al. (2016) argue that
people “hire” products and services to get jobs done, and companies can innovate by doing those jobs
better. Each “job” can be broken down into various steps, stages of execution, and validating questions
(Bettencourt & Ulwick, 2008, p. 2). The coding for article one was approached with the following

guestion: what “job” does this Al do in the retail value chain? From this perspective, four “jobs”
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emerged: knowledge and insight management, inventory management, operations optimisation, and
customer engagement. The jobs-to-be-done approach assisted with developing an Al-enabled value

chain.

1.5.1.2.2  Article two: Content analysis

With this study's exploratory design, article 2 used a qualitative content analysis approach to analyse
the retail Al application database. A systematic review “is the process of collating the best available
evidence in answer to specific questions” (Lewis-Beck et al., 2004, p. 1111). The purpose of the
approach was to “identify categories of meaning” (Cho & Lee, 2014, p. 3) for the different tasks Al can
perform across the retail value chain. Content analysis was deemed the most appropriate as it blends
objectivity and participant observation to identify themes in the data (Neuendorf, 2017) and used
“descriptive knowledge and understanding” (Assarroudi et al., 2018, p. 42) to identify the tasks Al
performs. First, to assess the tasks Al-enabled solutions perform across the various retail value chain
activities, we reviewed the type of Al technology used and asked what the Al was used for in the retail
value chain. Second, with the research question lens “what are retailers using Al technologies for in
the retail value chain”, the Al use cases were coded to specific tasks to understand the various
activities Al technologies perform in the retail value chain. Coding and synthesizing the Al tasks

assisted with understanding the various tasks Al can perform in the retail value chain.

1.5.1.2.3 Article three: Content analysis

Article three used a content analysis approach to understand the outcomes of applying Al in the retail
value chain. Second, statistical methods were used to test the results to understand where the
outcomes apply in the retail value chain. This approach was deemed the most appropriate as we
wanted to test our coding results to explain our findings further (Creswell, 2012, p. 528). Other studies
by Pitardi and Marriott (2021) and Adapa et al. (2020) followed similar approaches. First, anintegrative
literature review was performed to critique and synthesize the database’s application of Al in retail
value chains. Second, the analysis was aimed to result in a taxonomy of outcomes (Snyder, 2019, p.
334). Analysing the outcomes of the Al application in retail revealed themes about the primary
outcome that each retailer may gain from applying Al in their value chains. While certain Al
technologies can allow retailers to obtain more than one of these outcomes, the coding was done for
the primary outcome for each unique use case. Consequently, four potential outcomes emanated
from applying Al in the retail value chain, and each Al use case was classified according to the primary

outcome obtained for that retailer.

This was followed by testing the results statistically to help understand how the outcomes relate to

where Al is applied within the value chain. Next, the dataset was analysed and reviewed. Thereafter,
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statistical tests were used to test the outcome assumptions and conclude the data. Table 1.4

summarises the statistical test used to test the outcomes assumptions.

Table 1.4: Summary of statistical tests

Type of test required Type of data Statistical test used Assumptions of the test
Distribution between two |Grouping variable = Frequency distribution Test the distribution of the
constructs nominal data + Dependent observations

variable = interval / ratio

data
Relationship between two |Both variables are normal |Chi-square None
constructs
Predicting the outcome  |All variables are measured |Regression Test for the desired

using an interval/ratio outcome

scale

Once all the use cases were identified for further analysis, each case was coded using predetermined
codes for the types of Al specified, the type of retailer, and the seven potential stages where Al can
be positioned in the value chain. During the iterative review process, the focus was on emerging
themes that would inform the outcomes obtained from applying the technology within the retail value

chain.

1.5.2 Stage two

Stage two of the research followed the findings of the first stage and an exploratory research design
to examine the Al challenges retailers experience when implementing the technology into their
organisations. Again, a qualitative research method was employed to discover insights into the
research question: “what are the challenges retailers experience when integrating Al in their value
chains? Semi-structured interviews were conducted to collect data to create a robust conclusion of Al

challenges retailers experience when implementing Al in the retail value chain.

1.5.2.1 Stage two: Research design

Semi-structured interviews will be used to gain insights into how retailers are transforming to an Al-
enabled retail value. Semi-structured interviews “seek to address several predetermined questions”
(Barlow, 2010, p. 469) and open-ended questions to discover their insights on a particular subject
(Firmin, 2012). Semi-structured interviews were deemed the most suitable as the researcher develops
more significant insights into the Al phenomenon (Firmin, 2012). Also, semi-structured interviews are
appropriate for business research where limited empirical studies are available. Other studies also

used semi-structured interviews to collect data regarding Al or technology in retail or business
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(Acharya et al., 2018; Burstrém et al., 2021; Chopra, 2019; de Bellis & Johar, 2020; Duan et al., 2019;
Mahroof, 2019).

1.5.2.2 Stage two: Target population

1.5.2.2.1 Description of the target population

Recent studies in Al focused on a specific area of Al applications in retail (see section 1.2.3.2). For
example, a study by Alexander and Kent (2021) focused on in-store technology innovation and
identified the importance of in-store technology integration. In addition, artificial intelligence in retail
research often deals with customer-facing technologies. Consequently, the target population is usually

in-store specific Al systems or customers using the systems.

The purpose of stage two was to understand the challenges retailers experience when integrating Al
into the retail value chain. To do so, the target population needed to focus on a group with the relevant
expert knowledge. A target population consists of people, objects, groups or events that share a
particular characteristic (Boslaugh, 2008, p. 1030). The target population for this study was experts
with knowledge in consulting, developing, working with, or implementing Al applications in the retail
industry. A search on LinkedIn for the size of the target population with relevant Al and retail
experience rendered about 79 000 experts (LinkedIn, 2021). The target population focused on three
groups, namely, (i) technology experts developing artificial intelligence systems for retailers, (ii) retail
managers that have implemented Al technologies, and (iii) Al business consultants working with Al in

retail.

1.5.2.2.2 Sampling

Purposive sampling was used to identify relevant participants to investigate Al in retail. Morse (2011)
explains that purposive sampling deliberately seeks out participants with a specific characteristic.
Purposive, also referred to as judgement sampling, is “a nonprobability sampling technique in which
an experienced individual selects the sample based on his or her judgment about some appropriate
characteristics required of the sample member” (Zikmund, 2010, p. 369). Purposive sampling was
deemed the most appropriate to identify participants who would “most likely yield rich information
about their experiences” (Patton, 1990, p. 40) and provide the ability to achieve a specific objective

(zikmund, 2010, p. 396).

The social media platform, LinkedIn, was used to identify relevant participants to be interviewed. A
search (using a keyword search Artificial Intelligence, Al, Retail, Digital Transformation and Al
implementation) was conducted in July 2020 to source participants on the platform. The search

rendered 78 possible participants suitable for the semi-structured interviews. The suitable candidates
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were contacted via LinkedIn direct message service to seek their participation in the study. After initial

contact was made, 28 participants responded, and 20 agreed to participate in the interviews for the

study. Table 1.5 shows the initial contact, response, and interviews. Once the participant agreed to

participate in the study, individual consent was shared via email. Once consent was obtained, an

interview was scheduled.

Table 1.5: Participant roles

Expert Initial Initial contact |Responded % Responded |Actual % Interviewed
contact percentage to initial interviewed to initial contact
contact
Al Technology Vendor 23 29.5% 5 21.7% 4 17.4%
Management Consultant 16 20.5% 7 43.8% 5 31.3%
Platform Technology Vendor |10 12.8% 3 30.0% 3 30.0%
Retailer 29 37.2% 13 44.8% 8 27.6%
Total 78 100.0% 28 35.9% 20 25.6%

The 20 participants were from a variety of backgrounds, all shaping Al in retail, namely:

i.  four technology experts developing artificial intelligence systems for retailers,

ii.  eightretail managers that have implemented Al technologies from various retailers across the

world,

iii.  five management consultants working with Al in retail, and

iv.  three platform technology vendors were implementing technologies embedded with Al for

retailers.

1.5.2.3 Stage two: Data collection

Stage two focused on the challenges retailers experience when integrating Al into their business. Thus,

20 semi-structured interviews were conducted with experts working with Al in retail. Table 1.6

highlights the variety of roles and seniority of the participants.
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Table 1.6: Stage two research participants

Participant number Role Country Grouped coding Date interviewed (Australian Eastern time)
Participant 1 Chief Technology Officer Singapore Al Technology Vendor Monday 2 Nov 12.30pm
Participant 2 Global Head of Retail Business Unit Germany Platform Technology Vendor Thursday 3.30 pm 27 Aug

Participant 3

Retail and Consumer Industries Lead

United Arab Emirates

Management Consultant

Sunday 6 Sep 5 pm

Participant 4

Group VP Information Technologies

United States of America

Retailer

Thursday 7 am 20 August

Participant 5 Retail Innovation Head Germany Platform Technology Vendor Friday 5 pm 21 August
Participant 6 SVP Merchandise Planning United States of America Retailer Monday 7 Sep 7 am
Participant 7 Product Manager Australia Retailer Friday 4 Sep at 13.30
Participant 8 Data Scientist Australia Retailer Friday 4 Sep at 13.30
Participant 9 Chief Strategy and Customer officer Australia Retailer Monday 7 Sep 3 pm
Participant 10 Head of Retail - APJ Singapore Platform Technology Vendor Thursday 12.30 pm 10 Sept
Participant 11 Founder and Director Australia Al Technology Vendor Monday 21 Sep 10.30 am

Participant 12

Retail Solution Architect Consultant

United States of America

Management Consultant

Tuesday 27 Oct 9 am

Participant 13

SVP Information Technology

United Arab Emirates

Retailer

Monday 9 November 18.30

Participant 14 Retail Solutions Director ANZ Australia Management Consultant Friday 23 Oct 12.30 pm
Participant 15 Merchandise Systems Manager Australia Retailer Friday 28 August 3 pm
Participant 16 Head of Country Australia Al Technology Vendor Monday 19 Oct 4 pm

Participant 17

Vice President Technology

United States of America

Al Technology Vendor

Thursday 2 pm 5 Nov

Participant 18

Customer Experience Director

South Africa

Management Consultant

Wednesday 21 Oct 4.30 pm

Participant 19

Solution Architect

South Africa

Management Consultant

Tuesday 10 November 6 pm

Participant 20

Head of Retail Systems

South Africa

Retailer

Wednesday 18 Nov 5 pm

30
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The interviews followed an interview protocol developed from stage one’s data analysis and the
findings from article one’s Al-enabled retail value chain framework. The interview protocol is available
in Appendix F. The interviews used a combination of 1) semi-structured interviews “to address several
predetermined questions” (Barlow, 2010, p. 496), 2) open-ended questions to discover their insights
on a particular subject, and 3) probing techniques to “generate further explanation from participants”
(Roulston, 2012, p. 682). Effective and efficient probing required the interviewer to actively listen to
the participants' responses and ask for further explanation, clarification, or elaboration of their
responses. Ethical approval was granted by Stellenbosch University ethical clearance committee on 7

August 2020 (see Appendix E).

All the interviews were formal, semi-structured, and conducted using Zoom teleconference software
from August 2020 to November 2020. Teleconference software was the most appropriate due to the
geographical locations of participants and the worldwide COVID-19 pandemic. The interviews lasted
between 60 minutes and 75 minutes. After a short preliminary talk, the researcher explained the
confidentiality at the start of the interview and asked the participants' consent to be recorded. Once
the participant agreed to consent, the recording started. The voice recordings were downloaded and

saved for analysis.

1.5.2.4 Stage two: Data Analysis

A three-step process was followed to prepare the text data for analysis. First, the interview transcripts
were coded iteratively using computer-aided qualitative data analysis software (CAQDAS) MAXQDA,
using a grounded theory approach suggested by Lewins & Silver, 2011 and Bryant et al., 2007. The
grounded theory approach comprises a systematic, inductive, and comparative approach for
conducting an inquiry to construct theory (Bryant et al., 2007). Second, the grounded theory process

involved a critical review of the responses to determine appropriate coding.

Qualitative thematic analysis was used to analyse the data to explore the research question, allowing
for further insights from the data. Thematic analysis was deemed the most appropriate due to its
“flexible approach to analysis qualitative data” and a method that searches for themes (Braun &
Clarke, 2006, p. 77). The text data coding was conducted in three cycles to answer the research
guestions. First, the coding followed an open coding method to identify and categorize the text data.
Second, once data was labelled into codes, the challenges of implementing Al followed a refining and
grouping phase. Third, the multiple Al challenges were coded into the four Leavitt Diamond Model

variables.
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1.5.3 Research ethics

Research ethics provides guidelines for the responsible conduct of research. This study followed
ethical practices and was of paramount importance during the study. In stage two of the study, human
participants were involved in the data collection process. Therefore, before the commencement of
stage two data collection, the research first obtained ethical clearance. To ensure an appropriate
ethical standard for this research, the following practices were in place (i) followed informed consent
rules, (ii) respecting confidentiality and privacy of participants, (iii) anonymising all participants
information, and (iv) data management plan in place to ensure data ethics. In addition, the study
adhered to the ethical requirements of the University of Stellenbosch Business School’s ethics

committee, and their ethical clearance for the study is provided in Appendix E.

1.6 POTENTIAL CONTRIBUTION OF THE STUDY

Knowledge generation is the process of phenomenon-exploring whereby the phenomenon is solved
and/or explored defined by four parameters, namely “problem or phenomenon, theory, method and
context” (Berthon et al., 2002, p. 421). Berthon et al. (2002) developed a framework (Table 1.7) to

assess and evaluate the possible contribution of a study for MIS research.

Table 1.7: Potential research space: Studies of zero to three degrees of freedom

Degrees of
Type of study freedom Theory Method Context
Pure replication 0 r (Validation)
Content extension 1 r g (Generalization)
Method extension 1 r g (Method triangulation) r
Theory extension 1 g (Theoretical extension) r r
Theory/Method 2 g (Theory/Method extension) r
Method/Context 2 r g (Method/Context extension)
Theory/Context 2 g (Theory/ Context extension)
Pure generation 3 g (Generation)

Source (Berthon et al., 2002, p. 422)

This study provided theoretical contributions in exploring the relationships between Al and the retail
value chain. Current research mainly focuses on the technology (Al) and neglect the human,
process/tasks, and structural component of the deployment of Al. Therefore, this study broadens our
understanding of how new technologies impact value chains and retail value chains in particular.

Moreover, it considers the impact on the business in general and on critical factors in the organisation:
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structure, technology, tasks, and people. Using Leavitt’s Diamond Model as the theoretical foundation

of this study allows for the simultaneous consideration of these factors.

This study also departs from previous studies on Al in retail literature, which are predominantly
conceptual (Grewal et al., 2017, 2020; Hagberg et al., 2016; Jain & Gandhi, 2021; Shankar, 2018).
Despite Al’s increasing popularity, empirical inquiry into Al in the retail value chain is still limited.

Therefore, this study’s potential contribution is addressing this gap in the literature.

The study employed existing theory (value chain; application of jobs theory; Leavitt Diamond Model)
to investigate Al in retail in a new context (Al in the retail value chain). Compared to Berthons et al.,
(2002) framework, this study’s possible contribution lies in employing Al in retail with existing

methods in a new context using the Leavitt Diamond Model.

While authors argue that Al has transformed retailing (Guha et al., 2021, p. 28; Kietzmann et al., 2018,
p. 265; Shankar, 2018, p. 6), no studies show what this transformation should resemble. Therefore,
this study has three potential contributions to the body of knowledge. First, by examining Al’s purpose
in the retail value chain and how the iterative nature of Al could potentially change the traditional
retail value chain. Second, by applying the application of jobs theory and outcomes-based innovation
(Ulwick, 2016, p. 58) in the context of Al in the retail value chain to understand the jobs and outcomes

Al can provide in the value chain.

Third, this study used the Leavitt Diamond Model (Leavitt, 1965) variables (i.e. structure, technology,
tasks and people) to examine how Al transforms the retail value chain. All articles focus on each
component of the Leavitt Diamond Model individually, and the final chapter is used to draw an overall
conclusion considering all four factors at once. Therefore, providing a more comprehensive
understanding of implementing Al in the retail value chain. The following section discusses how these

contributions might benefit different stakeholder groups.

1.6.1 Possible contribution to stakeholders
Many consulting practitioners are articulating the importance of Al in retail. However, few
frameworks, guidelines or mechanisms support retailers with adopting Al to deliver the greatest

return on investment by transforming with the technology.
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Table 1.8: Potential contributions to stakeholders

Potential contribution Scholars Retail IT managers/ |Technology vendors Management

Retail business (platform and Al) consultants

leaders
The updated shape of the retail [Moving from linear to Role of Al technology |Al systems could solve |Al can be
value chain circular retail value chain |in the retail value their business problems [implemented to

chain could help retailers perform four roles in

achieve their benefits  [the retail value chain

Application of jobs theory, Extension of future Use cases of Al Al types that can be Al can be used to
outcomes-based innovation research in the application [technology in the applied to specific tasks [solve business
of jobs theory and retail value chain problems

outcomes-based
innovation through the

lens of Al . . . ) .
Articulation of business benefits for Al investments
Leavitt Diamond Model The Leavitt Diamond Mitigate the Guidelines to retailers for successful
Model in a new context challenges for integration of Al in the business

integrating Al into
the retail business

All the elements
required to
transform with Al

This study aimed to understand how Al is transforming the retail value chain. Nevertheless, for
retailers to transform, the transformation will require support from various stakeholders. As outlined
in Table 1.8, the stakeholders could benefit from this study’s contribution by applying the frameworks

provided to practice to guide Al projects and implementations of Al in retail.

1.7 SCOPE AND DELIMITATION

This study focused on how Al is transforming the retail value chain by investigating the current
application, implementation, use of and challenges of Al in the retail value chain. This study did not
cover a futuristic viewpoint of Al in retail. Four articles were developed to investigate the primary RQ.
A two-stage research design was used for data collection to uncover insights into the research
guestions. First, this study data collection was limited to relevant scientific journal articles that have
dealt with the application of Al in retail only; all other applications of Al were excluded from the data
collection process. Second, this study’s targeting and sampling were limited to three groups, namely,
1) technology experts developing artificial intelligence systems for retailers, 2) retail managers that
have implemented Al technologies, and 3) Al business consultants working with Al in retail. The
experts needed to either have Al knowledge in consulting, developing, working with or implementing

Al applications in the retail industry to meet the targeting requirements.
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This study’s analysis limited the research questions to understanding how Al transforms the retail
value chain. No consideration was given to other factors that could transform retail or any criticism
towards Al. Although various authors (Dwivedi et al., 2021; Feuerriegel et al., 2020 Kaplan & Haenlein,
2020, Lee & Shin, 2020) noted the ethical challenges of Al, the chosen research methodology did not
address the application of ethics in retail. Thus, this study does not address Al in retail in its entirety.
Nevertheless, it provides (i) articulation of how Al can be applied across the value chain, helping
understand where Al can solve business problems, (ii) business case developed for Al by the
articulation of the outcomes associated with applying Al, and (iii) an updated diamond model with

considerations to minimise the impact of integrating Al into the retail business.
The following were excluded from this study:

i.  the future viewpoint of how Al could change retail,
ii.  ethical considerations for the implementation of Al in retail
iii.  articles that did not mention the retailer's name or were options of how Al could transform
retail, and

iv.  other experts who work in Al with no experience in the retail industry.

The objective of this study was to determine how Al is transforming the retail value chain. Four articles

were used to investigate the research questions. Figure 1.6 outlines the structure of this study.

1.8 CONCLUSION

This chapter explored the current gaps in Al in retail literature and developed an overall research
guestion and individual research questions for each article. It was identified that extant literature
covers a wide variety of research subjects. Most of the literature focuses on customer-facing value
chain stages and not on the entire retail value chain. Despite that Al being earmarked to transform

retail, none of the studies addressed how Al is transforming the retail value chain.

— I

Chapter 2: How is Al transforming the retail value chain

Literature Review
Chapter 1: Introduction - Chapter 7: Conclusion and
1. Introduction 1. Artificial :l:f'lt” 3 i': Plte" 4 :': PI'E’ 5: g: SIt: ;::.;r recommendations.

icle one icle two icle i
2. Background of the study Intelligence (Al) RQ: What RQ: What three 20 What are 1 Introdu-l:tlon ) ‘
3. Research questions 2. The retail value role does Al are retail RQ: What the challenges 2. Conclusion with regard to RQ's
4. Layout of individual articles chain play in the using Al business ;‘H:;;nce 3. Managerial implication
5. Research methodology 3. Leavitt Diamond retail value technalogies outcomes W:En 4. Contribution of this study
6. Potential contribution of the Model chain forinthe can Al drive integrating Al 5. Possible limitation
study :;:: value in the retail \r;‘tomeva\ua 6. Recommendations
i chain
7. Scope and Delimitation value chain 7. Future Research
Stage 1 8. Conclusion

/ \

Figure 1.6: Structure of this study
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Figure 1.6 outlines the structure of the study. The next chapter deals with the literature review
focusing on three constructs: Al, the retail value chain, and the Leavitt Diamond Model. This is
followed by the four articles developed across chapters 3, 4, 5 and 6 to understand how Al transforms
the retail value chain. Chapter 3 focuses on article one, exploring the roles Al can fulfil in the retail
value chain, proposing an Al-enabled retail value chain using the jobs-to-be-done approach. Chapter
4 focuses on article two to identify the tasks Al performs across all the retail value chain stages, using
the Leavitt Diamond Model. Chapter 5 focuses on article three to understand Al's outcomes in the
value chain. Chapter 6 focuses on article four to provide insights into the challenges retailers
experience when integrating Al into their business. Finally, chapter 7 concludes with the research
guestions, managerial implications and recommendations, the study’s contribution, possible

limitations, future research, and the conclusion.

The following chapter focuses on the literature review for this study.
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Chapter 2: LITERATURE REVIEW

2.1 CHAPTER INTRODUCTION

This chapter provides an in-depth literature review of the key constructs of concern in this study (i.e.
Al and the retail value chain) and the theoretical lens used (i.e. the Leavitt Diamond Model). Figure
2.1 shows the outline of the chapter, and it follows from chapter 1, which presented the background

of the study and articulated the research questions.

2.1 Introduction

2.2 Artificial Intelligence 2.3 The retail value chain

2.2.1 Antificial Intelligence definition 2.3.1 Retalling

2.2.2 The building
blacks 2.3.2 The retail value chain

2.2.3 Various Al technologles
2.3.3 Evolving technologies in the
retail value chain

21.2.4 A methods

2.3.4 Al in the retall
walue chain

2.2 5 Criticism of Al

116 235
Ummar? Lmima

| I
I

2.4 The Leavitt Diamond model as a theoretical lens

Figure 2.1: Literature layout

To understand Al in more detail, the first section discusses the (i) definition of Al (section 2.2.1), (ii)
the building blocks of Al (section 2.2.2), (iii) the various Al technologies (section 2.2.3), (iv) closes with
the Al methods (section 2.2.4) and (v) closes with the criticism of Al (section 2.2.5). There are
illustrative examples of retailers used throughout this section to ground it in this study. We then move
on to a discussion of retailing, which includes a section on retailing in general (section 2.3.1), followed
by an explanation of the retail value chain (section 2.3.2), then the technological disruption of the
retail value chain (section 2.2.3). The final section discusses the Leavitt Diamond Model used as a

theoretical model in this study (section 2.4).

2.2 ARTIFICIAL INTELLIGENCE (Al)
This section focuses on a discussion of Al's definition, the methods Al systems use, the various Al

technologies, an explanation of Al building blocks, and a conclusion on Al.
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2.2.1 Artificial intelligence definition

Most extant conceptualizations of Al refer to computer systems with human-like intelligence
(Wierenga, 2010, p. 2), which encompasses these systems’ abilities “to interpret external data
correctly, to learn from such data, and to use those learnings to achieve specific goals and tasks
through flexible adaptation” (Kaplan & Haenlein, 2019, p. 17). In their definition, the Oxford Dictionary
includes tasks such as visual perception, speech recognition, decision-making, and the translation
between languages, with the Merriam-Webster Dictionary emphasizing that Al imitates intelligent
human behaviour. Poole and Mackworth (2010, p. 3) offer a slightly nuanced explanation by framing
Al as “computational agents that act intelligently”. This definition describes Al as agents capable of
perceiving an environment to take action, with the goal being to maximize the likelihood of achieving
success (U. Paschen et al., 2019, p. 150). It also implies a rational view of Al, where an Al system would,

given what it knows, act to achieve the best possible outcome (U. Paschen et al., 2019, p. 148).

For this study, we adopt the definition by Poole and Mackworth (2010), highlighting two conceptual
delineations. First, it highlights the different evolutionary stages of Al (Haenlein and Kaplan, 2019).
What might have been considered intelligent behaviour displayed by a machine five years ago is now
hardly noteworthy? Three stages of Al are differentiated: artificial narrow intelligence (applied, below
human-level Al, e.g., Siri voice recognition), artificial generalized intelligence (strong, human-level Al,
e.g., Siri developing the ability to perform tasks like driving a car autonomously), and artificial
superintelligence (conscious/self-aware, above human-level Al, e.g., Siri developing superhuman
capabilities to solve complex problems instantaneously). Most of the commercial Al technologies
available today are classified as “narrow”, and almost all of the Al technology to be integrated into
business in the next ten years will be “narrow” or “applied” (Kelly, 2017, p. 50; Yao et al., 2019, p. 18).
For example, the use of Al to create personalised music recommendations on Spotify (Candelon et al.,

2020).

The second defining characteristic of the Poole and Mackworth (2010) definition is the notion that Al
represents knowledge, expertise, and intuition to solve problems. This definition is relevant to this
study because Al, as computational agents, perceives and acts within the environment. It is
programmed to solve business problems in practice, as supposed to in principle (J. Paschen et al.,
2019, p. 1411). Al requires tailored knowledge to be built into a “carefully constructed system”
(Kaplan, 1984, p. 52), where the storage of past knowledge should reflect experiences that would
inform subsequent intelligent behaviour (U. Paschen et al., 2019, p. 148). Regardless of the definition
of Al, our understanding thereof can greatly be enhanced through an understanding of both the

building blocks of Al and the technologies available to Al. These are discussed in the following section.
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For Al systems to present knowledge from past experiences, the systems require specific components

to perform optimally. Many authors have discussed the building blocks or components Al requires to

perform and process information (Campbell et al., 2020; Canhoto & Clear, 2019; Gerbert et al., 2017;

Hwang, 2019; A. Kaplan & Haenlein, 2019; J. Paschen et al., 2019; U. Paschen et al., 2019; Wozniak &

Polap, 2020). Table 2.1 summarises the studies that outline authors that have discussed Al building

blocks or components.

Table 2.1: Al building blocks

Article Authors Input data Processing Output - Actions
Artificial intelligence and Canhoto & |Input data - Historical, Processing algorithm - Supervised ML Output decision -
machine learning as business  [Clear, 2019) |[Real-time, Knowledge. Unsupervised ML, Reinforced learning Results, Selection
tools: A framework for Connectivity of results, Action
diagnosing value destruction
potential
Artificial intelligence: Building |(U. Paschen (Input -Structured data, Pre-processing; NLU - interpretation of Meaningful
blocks and an innovation etal., 2019b) |Unstructured data human speech and written language. information for
typology Computer Vision transforms images human decision
Problem solving - selecting a solution to  |making or as inputs
achieve a goal. Reasoning - to come up into other
with conclusions on the data. Machine information
Learning - lets Al systems enhance systems
performance
From data to action: How (Campbell et |ML algorithms detect Supervised ML, Unsupervised ML, New insights into
marketers can leverage Al al., 2020) patterns Reinforcement ML, Hybrid ML customer
behaviour

Putting Artificial Intelligence to

(Gerbert et

Data - Structured data,

Machine vision - Detecting faces and

Big data analytics

and implications of artificial
intelligence

variety

work al., 2017) speech, text, optical objects in images, Speech recognition - to enable data,
patterns, objects transforming spoken words into text, processing, and

Natural language processing - detecting a |action

text-based command, Machine Learning -

learning from data, Information

processing - search, knowledge

extractions and processing unstructured

text
Intelligent Home Systems for  [(Wozniak & |Raw data and public Processing data by using a neural network. |Information, user
Ubiquitous User Support by Polap, 2020) |database The data gets modified by a sensor so that [need and
Using Neural Networks and it can be used by a training algorithm and |identification
Rule-Based Approach Face recognition
A network clock model for time |(Hwang, Data - collected from Data preparation and cleaning, sorting, Visualisation
awareness in the Internet of 2019) connected devices analysing, and making sense of data.
things and artificial intelligence
applications
Collaborative intelligence: How |(J. Paschen |Data - structured data Pre-processing using natural language Information that
human and artificial etal., 2020) |such as web clicks understanding and computer vision. feeds into business
intelligence create value along Unstructured data - non-  [Processing three main processes, applications
with the B2B sales funnel numerical data such as problem-solving, reasoning and machine

text, audio, images learning (ML)

Siri, Siri, in my hand: Who's the |(Kaplan & Data sets characterised by [Supervised learning, unsupervised Finding a
fairest in the land? On the Haenlein, massive amounts of learning, reinforcement learning relationship that
interpretations, illustrations, 2019) volume, velocity and explains an existing

set of data points




Stellenbosch University https://scholar.sun.ac.za

40

For Al technologies to perform optimally, three components are required: input data, processing, and

outputs or actions. The component will be discussed in more detail in the following section.

2.2.2.1 Input data

For Al to learn from past experiences, it requires input data. Data is fundamental to the functioning of
any Al application. Data can be described as units of information (often numeric) relating to products,
items or a person, and the values can either be qualitative or quantitative variables (J. Paschen et al.,
2020, p. 405). Data characterised can be described by volume (the amount), velocity (frequency of
update) and variety (numeric, textual or images) (Acharya et al., 2018; A. Kaplan & Haenlein, 2019). Al
systems utilised different types of input data, either structured (i.e., historical sales data, customer
data, or product information) or unstructured data (i.e., video, images, or text data) (U. Paschen et al.,
2019). The Al data requirements are dependent on the output goal. For instance, if the output goal is
to increase the number of units for online orders, the data requirement could be companion products
or similar products customers shop together. It isimportant to emphasise that Al requires quality non-

bias data to provide accurate outputs, as the Al model will only be as good as the trained data.

2.2.2.2 Processing

Following the input data requirements, the Al systems need to clean, transform and prepare the
unstructured data to structured data for further processing (Hwang, 2019; J. Paschen et al., 2020; U.
Paschen et al., 2019; Wozniak & Polap, 2020). The pre-processing of qualitative data uses natural
language understanding (NLU) and computer vision to transform the images, written, text and spoken
language into structured data (J. Paschen et al., 2019; U. Paschen et al., 2019). Once the data are in
the correct format, the data gets processed using learning processing algorithms (Hwang, 2019; J.
Paschen et al., 2019). To focus on the different learning processes, we focus on Machine Learning
(ML), as it underpins most Al functions (Campbell et al., 2020). ML systems are the most widely used
Al applications in business and society (Yao et al., 2019). There are three types of ML used during

processing: supervised ML, unsupervised ML, and reinforcement learning.

First, supervised machine learning (ML) requires humans to provide training data sets, with inputs and
correct outputs, so that the algorithm can learn patterns and develop rules to apply to future scenarios
to the same task (Canhoto & Clear, 2019; J. Paschen et al., 2020). Supervised ML is the most widely
used ML method in business (Campbell et al., 2020). For instance, the system learns the difference
between a dog and a cat image and then distinguishes the difference when presented with the same
image. Chatbots are trained on a similar approach to identifying common customer queries (Campbell

et al., 2020).



Stellenbosch University https://scholar.sun.ac.za

41

Second, unsupervised machine learning (ML) works a little differently than supervised, here the
system is given data, and the algorithm is tasked to infer the underlying structure for the data
(Canhoto & Clear, 2019; Kaplan & Haenlein, 2019). The goal of unsupervised is to discover useful
representations and observations in the data. For instance, unsupervised ML could identify what
products customers regularly buy or cluster stores together based on sales and/or customer
similarities. Third, in Reinforcement Learning (RL), the algorithm receives training data and an output
variable to simulate a series of decisions to maximize the reward (Canhoto & Clear, 2019; Kaplan &
Haenlein, 2019). Reinforcement learning must observe the success of their choices to improve the
learning speed. Reinforcement learning (RL) can be applied “where an existing data set does not exist”
(Campbell et al., 2020, p. 4). The reinforcement learning algorithm finds the best combinations by
taking different actions while building data and continually evaluating the results based on the success
or failure of the output variable (Campbell et al., 2020; Canhoto & Clear, 2019; Kaplan & Haenlein,
2019). For instance, RL can be applied to optimise retail prices by constantly monitoring and adjusting
how customers react to the new prices. When creating the processing phase, it is possible for
organisations to “blend or stack” the different learning algorithms to improve their predictions

(Campbell et al., 2020, p. 4).

2.2.2.3 Output and action

After the learning process has been completed, the Al system generates an output or action,
depending on the goal (Campbell et al., 2020; Canhoto & Clear, 2019; Hwang, 2019; Kaplan & Haenlein,
2019; Paschen et al., 2019). For example, the system could produce outputs for further action by
humans (Canhoto & Clear, 2019), generate outputs for feeds into other business applications (J.
Paschen et al., 2020), produce visualizations for decision analysis (Hwang, 2019), perform tasks
autonomously (de Bellis & Venkataramani Johar, 2020). For Al technologies to perform the functions
discussed above, it uses various intelligent technologies. The following section discussed the various

Al technologies available.

2.2.3 Various Al technologies

Al is an umbrella term, and it encompasses various intelligent technologies in different stages of value
creation (Sicular et al., 2019, p. 3). Furthermore, the term Al encompasses different intelligent
technologies under the Al banner (Kaplan & Haenlein, 2019). To develop an awareness of the current
Al technologies available, we utilised the Gartner (2019) hype cycle for the artificial intelligence report
for this study. The report examines trends and innovations in the Al sector (Sicular et al., 2019). The
focus was on the Al technologies predicted to reach mainstream adoption within the next five years.

A brief explanation of each Al application, the benefit, most common application, and most common
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application in retail are provided in Table 2.2. With so many Al technologies available, selecting the
best Al can be challenging for business leaders wanting to benefit from the technology. Instead,
leaders should focus on the business problems Al can solve (see Section 6.8) rather than the
technology itself (Chui et al., 2018). Therefore, investing in Al requires a clear business purpose. While
there are various Al technologies to be integrated into business and society, to apply Al into business
successfully, there are various methods the technology uses. The following section discusses the

methods in more detail.

2.24 Al methods

Kaplan and Haenlein (2019, pp. 18-20) classified the Al methods into three types, namely, “analytical,
human-inspired Al and humanized Al”; the method depends on the intelligence the Al exhibits. The
role of the various Al methods is to perform specific tasks to solve business problems. Figure 2.2 show

a breakdown of the Al methods.

Al methods
, Human .
Analytical Al inspired Al Humanized Al
Systems Systems Systems Systems Systems
i’ﬁtﬁgi that tﬁ;’itfégfn that that that that
Predict Create Relate Master Evolve

Figure 2.2: Al methods (Kaplan & Haenlein, 2019; Yao et al., 2019)

First, Analytical Al learns from past experiences to inform future decisions. Analytical Al displays only
traits consistent with cognitive intelligence (Kaplan & Haenlein, 2019, p. 18) by extracting meaning
from collected data by learning past experiences and enabling analytics, recognizing patterns and

extracting meaning, helping decision making.
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Al Technology Brief Description Predicted to |Benefit Most common applications in general |Most common application in retail
mainstream
adoption
Al-related C&SI Services |Artificial intelligence related consulting, and system integration is services |2 -5 years Transformational |ldeation, proof of concepts, defining Automation of marketing
offered by third-party vendors to process, analyse, and automate specific data strategies and designing business |campaigns and/or data services
tasks or IT processes
Augmented Intelligence |Augmented intelligence is a human-centred partnership between Al and 2 -5 years Transformational |The use of Al to compensate for human |Virtual products try on; product
humans to help people perform tasks easier. limitations and enables people to demonstration; interactive dressing
expand the possibilities rooms
AutoML Automated machine learning (AutoML) is the capability of automating the (2 -5 years Emerging ML programming assistance Assist data scientists with data
process of building, deploying and/or managing machine learning models. reprocessing, algorithm selection,
model management
Chatbots Domain-specific conversation interface that simulates human conversation |2 - 5 years Transformational |Social media, service desks, HR and self- |24/7 Customer interactions;
through voice commands or text, or both. The interface uses an app, service (dependent on natural language |[Answering questions
messaging platform, social network, or chat solutions for its conversations understanding (NLU)
Computer Vision Computer vision is a process involving the capturing, processing, and 2 -5years High Platforms as Amazon Web Services, Finding similar products; New
analysing of images and videos to allow machines to extract meaningful Microsoft Azure product discovery; Virtual stylist
Data labelling and Data annotation and labelling services support enterprises 2 -5 years Emerging Labelling and classification of data Assist with calibrating and
Annotation services labelling/annotating data for artificial intelligence (Al) projects. These continually training chatbot or
services and associated platforms route and allocate this work to internal recommendation engines
staff and external third-party knowledge workers.
Deep Learning (DL) or DLis a subset of ML. Deep neural networks (DNNs) are large-scale neural |2 -5 years Transformational [Process complex data, such as video, Monitoring foot traffic in-store;
Deep neural network networks, often with many processing layers. They underpin most recent image, speech and textual data master data creation
(DNN) advances in Al by enabling computers to process much better complex
data, such as video, image, speech, and textual data.
Edge Al Edge Al refers to the use of Al techniques embedded in loT endpoints, 2 -5 years Transformational [Visual inspection in manufacturing, Automated check-out; Inventory
gateways, and edge devices, in applications ranging from autonomous Enhancing customer experience Remote |visibility
vehicles to streaming analytics. While predominantly focused on Al monitoring, data-intensive
inference, more sophisticated systems may include a local training
capability to optimise the Al models.
Insight engines Insight engines apply relevancy methods to describe, discover, organise 2 -5 years High Search and insight technology - IBM, Analysing product and customer

and analyse data to enable existing or synthesized information to be
delivered proactively or interactively in the context of digital workers,
customers or constituents at timely business moments.

Microsoft

data; Generating customer profiles




Stellenbosch University https://scholar.sun.ac.za

44

Intelligent applications |Intelligent applications are enterprise applications with embedded or 2 -5years Transformational |ERP, Back office enterprise and Order placement; Workforce
integrated Al technologies to support or replace manual human-based customer applications. Human capital planning; Financial planning
activities via intelligent automation, data-driven insights, and guided management
recommendations to improve productivity and decision making

Machine learning (ML) |Machine learning is an Al discipline that solves business problems by 2 -5years Transformational |Automation, Customer Engagement, Personalisation; Product
utilising mathematical models to extract knowledge and patterns from Supply Chain Optimisation, Operational [recommendations; Price
data. Three major sub-disciplines relate to the types of observation effectiveness, Workforce effectiveness |management and Optimisation
provided: supervised learning, where observations contain input/output
pairs (also known as “labelled data”); unsupervised learning (where labels
are omitted); and reinforcement learning (where evaluations are given of
how good or bad a situation is).

Natural Language NPL allows Al systems to extract and derive meaning from human language |2 - 5 years Transformational |Text analysis to improve Virtual Customer service by answering

Processing (NLP)

or text

assistants and chatbots interaction,

transcription services, Keyword tagging

queries, Analysis of online product
reviews, Twitter feeds, or Facebook
posts

Robotic Process RPA mimics a human's mouse clicks and key stores using screen and Less than two |High Business process outsourcing, Manual |Order placement; Scheduling

Automation (RPA) keyboard to drive applications and execute system-based work. years rule-based processes. deliveries

Smart robots Smart robots work autonomously in the physical world, learning in short-  [5-10 years Emerging Logistics and warehousing, Product Managing assembly; Picking and
term intervals from human-supervised training and demonstrations or by picking and packing, e-commerce order |packing orders; movements of
their supervised experiences on the job. fulfilment. Manufacturing: product goods

assembly, stock replenishment

Virtual assistants (VAs) |Virtual assistants (VAs) or digital assistants is an application that 2 -5years Transformational [Apple Siri, Google Assistant, Amazon Contactless pick up; Navigation

understands voice commands to complete tasks Alexa, bots assistance in-store; customer
interactions
VPA-Enabled Wireless Conversational user interface (CUI) is a high-level design model in which 2 -5years Transformational [Smart Home and speaker applications  |Customer interactive voice

Speakers

the user and machine interactions primarily occur in spoken or written
natural language. Therefore, the sophistication of the CUl can vary from
understanding just simple verbal utterances to handling complex multi-
turn interactions.

such as Amazon Echo, Siri, Google home

response and ability to
automatically order products
through voice

Source: adapted from (Baird, 2019; Pitardi & Marriott, 2021; Rese et al., 2020; Schmelzer, 2020; Sicular et al., 2019)
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Analytical Al methods are used to automate processes, create personalised recommendations at scale,
ensure the correct inventory are stocked in stores, and customers stay safe by using a contactless
check out in stores (Dogru & Keskin, 2020; Riegger et al., 2021; Wadhawan & Seth, 2016). There are
four Al approaches within analytical Al: systems that act, predict, learn, and create (Yao et al., 2019,
pp. 29-32). The majority of Al systems used by retailers fall into the analytical Al group (Kaplan, 2020).
The first analytical Al system, i.e. systems that act according to a predefined script, such as robotic
process automation (RPA) (Sicular et al., 2019), includes automating repetitive tasks such as placing
orders or matching invoices suppliers. The second analytical Al system, i.e. systems that predict, such
as insight engines, require big data, data mining, statistical modelling, machine learning (ML) and
mathematical processes to produce an outcome (Edwards, 2019). An example is using predictive
models to manage shipping schedules in retail. Third, systems that learn, such as machine learning
(ML) and deep learning (DL), are similar to predictive systems. However, they can function at a human
or better than human level to solve business problems and learn tasks without explicitly being
programmed (Yao et al., 2019, p. 29). These systems learn from past experiences to produce an
outcome. The Al processes vast amounts of data, reducing the shortcomings of manual efforts today
(Chen et al., 2016; Gupta, 2018; Sivarajah et al., 2017). An example of a retailer that uses systems that
learn is Burberry, which used data to generate customer profiles and segments to guide sales
assistants in-store to recommend items to customers based on similar profiles (Marr, 2019) and online
retailers Zalando using an Al personal stylist to recommend personalised digital outfits based on
searches by the customer (Marr, 2019). Finally, systems that create, such as neural networks (NN), are
capable of creativity by producing writing, images, music and even other Al software (Simonite, 2017).
Systems that create are transforming the design phase by providing designers with recommendations
of new products design, product discovery, prototypes and customised designs. For instance, Tommy
Hilfiger used an Al system to recommend new product designs based on historical colours, silhouettes

and prints, streamlining new product development and reducing time (Arthur, 2018).

After analytical Al, we also get human-inspired Al systems, which are Al systems with elements of
cognitive and emotional intelligence. The systems can understand human emotions and consider
them in their decision-making (Kaplan & Haenlein, 2019. p. 18). An excellent example of these systems
is digital assistants. There is an Al approach within human-inspired Al, namely, systems that relate
(Yao et al., 2019, p. 32-34). Systems that relate are emotionally aware and could improve customer
service, customer interaction, marketing and communications (Yao et al., 2019, p. 33). These systems
use sentiment analysis to extract meaning from visual elements, such as faces, images, text, voice and
activities (Ammanath et al., 2020; Yao et al., 2019), recognizing human emotions such as happiness,

anger and surprise, sometimes better than employees (Kaplan, 2020). An example of a retailer that
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uses a system that relates is Uniglo, which used a booth to detect human emotion by showing
customers digital images of particular t-shirts, detecting customers' emotions and then
recommending the best t-shirt to purchase. Similarly, Walmart developed facial recognition software
to identify customers' emotions at check-out, hoping the technology would help reduce customer

complaints (Kaplan, 2020).

Finally, humanized Al systems show characteristics of all types of human competencies and could
potentially be the most human-like (Kaplan & Haenlein, 2019, p. 18). Systems that master and evolve
would be capable of constructing abstract concepts and adapting to a changing environment (Yao et
al., 2019, p. 34). Unfortunately, no modern Al system with human-like intelligence exists today. While
advances in Al have come a long way, building Al systems that master and evolve to display human-
like intelligence are still far into the future. Views from experts collated by Miiller and Bostrom (2016)
estimate that Al could reach human-level ability by 2075. Nevertheless, some experts believe
superintelligence Al would be bad for humanity (Barrat, 2013). Although Al systems today can only
complete narrow tasks, the possibility of human-level Al is a possibility in the distant future. The

following section discusses the criticisms of Al.

2.2.5 Criticisms of Al

Developing ethical and safe Al is a complex and evolving topic for businesses to consider (Yao et al.,
2019, p. 165), creating many criticisms for the technology. The criticisms noted by authors are the lack
of fairness in Al applications (Feuerriegel et al., 2020), bias in the Al results (Dwivedi et al., 2021; Lee
& Shin, 2020), privacy concerns (Ameen et al., 2021; Dwivedi et al., 2021; Kaplan & Haenlein, 2020;
Lee & Shin, 2020,), the interpreting the Al results (Barredo Arrieta et al., 2020; Dogru & Keskin, 2020;
Lee & Shin, 2020; Preece, 2018; Shin, 2021), job displacement (Dogru & Keskin, 2020; Dwivedi et al.,
2021; Frey & Osborne, 2017; Kaplan & Haenlein, 2020; Manyika et al., 2017) and the lack of
government policy and regulations for the ethical use of Al (Dogru & Keskin, 2020; Dwivedi et al.,

2021).

2.2.5.1 Bias in the results leading to a lack of fairness in Al application

The prevalence of biases in Al is well documented (Dwivedi et al., 2021). Part of the challenge is that
models are opinions embedded in mathematics and any Al bias reflects the judgements and priorities
of its creators (O’Neil, 2016). The models may be biased from the beginning. As mentioned in section
2.2.2.1 above, Al interprets data and learns from it. Suppose the Al's trained data is biased (e.g., the
data does not represent a particular community of people). In that case, such bias can be integrated
into the Al system (Kaplan & Haenlein, 2020, p. 44). For instance, facial recognition Al trained with,

e.g., Google images only representing white persons, are more likely to misidentify or ignore images
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of black persons (Feuerriegel et al., 2020, p. 380). Al can thus lead to unintended consequences of
discrimination based on social biases of gender, race, and ethnicity (Dwivedi et al., 2021, p. 26). For
example, Latanya Sweeny, a professor at Harvard, uncovered that online searches associated with the
black community were 25 percent more likely to be targeted by ads that implied the person had a
criminal record (Yao et al., 2019, p. 41). Therefore, to mitigate biases in Al results, an organisation
should ensure the models have trained responsibility with quality data representative of the

community.

2.2.5.2 Privacy concerns

The increasing demand for personalised services requires businesses to collect, store and process vast
amounts of identifiable personal data, creating Al privacy concerns and criticisms for using specific
data (Lee & Shin, 2020, p. 72). The increased use of Al in business amplifies the privacy risks of
customers (Dwivedi et al., 2021, p. 17). Data is critical for Al systems to understand the customer
journey. However, a challenge for organisations is accessing the correct data on which personalisation
Al is based without negatively affecting a customer’s privacy (Ameen et al., 2021, p. 5). The vast
amount of data organisations collect and store can be vulnerable to data theft due to weak security
controls (Dwivedi et al., 2021, p. 28). Similarly, privacy challenges can create legal challenges due to
strict requirements like the General Data Protection Rule (GDPR), which impacts how companies
handle and store personal data (Kaplan & Haenlein, 2020, p. 41). Therefore, ensuring the correct
processes are in place to maintain privacy and keep collected data secure and safe should be

considered as Al systems integrations into the organisation.

2.2.5.3 The interpretation of Al results

A long-standing criticism of Al is the increasing complexity of understanding and interpretation of Al
systems. Some authors noted that the continuously evolving algorithms in Al, such as machine learning
and neural networks, reduce the capability of users to examine the outputs, making it impossible for
users to explain the outcome (Dwivedi et al., 2021; Preece, 2018). In addition, various authors noted
interpretability, and transparency of results challenges, causing Al to operate in “black boxes”
(Barredo Arrieta et al., 2020; Dogru & Keskin, 2020; Lee & Shin, 2020; Preece, 2018; Shin, 2021).
Authors Feuerriegel et al. (2020), Kaplan and Haenlein (2020), and Shin (2021) argued that testing and
validating the results could be left to employees with specialised expertise and knowledge. However,
explanations on the inner workings of the algorithms used are challenging to describe, creating a lack

of trust amongst users.
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2.2.5.4 Job displacement

Automating tasks through Al could improve businesses performance and quality by reducing errors.
However, many authors argue that Al automation could harm jobs by displacing or changing jobs,
especially in low skilled work activities (Barredo Arrieta et al., 2020; Dogru & Keskin, 2020; Dwivedi et
al., 2021; Frey & Osborne, 2017; Kaplan & Haenlein, 2020; Manyika et al., 2017). Frey and Osborne
(2017, p. 265) argued that 47% of U.S. employment is at risk of automation. Manyika et al. (2017)
estimated that a third of current work activities could be impacted by 2030. In contrast, Kaplan &
Haenlein (2020) argued that job displacement would be dependent on the industry. A challenge for
organisations is the need to upskill their current employees to enable them to work with the new Al
applications, thereby protecting certain employees from job displacement (Dogru & Keskin, 2020;

Simon et al., 2020).

2.2.5.5 Regulations for the ethical use of Al

Inadequate regulation regarding the ethical use of Al is another criticism. Despite the benefits of Al,
Al systems are operating in a legal grey area that has not been regulated well, and Al could hold risks
for society. For instance, Al may develop biases in favouring a specific political orientation or
reinforcing undesired practices without regulation (Dwivedi et al., 2021, p. 35). The lack of regulation
and policy creates challenges for customers harmed by automated technology to find the necessary
legal representation (Dogru & Keskin, 2020, p. 71). Therefore, governance of Al systems is needed to
understand how connected Al systems influence human decision making, as without this, Al
technologies can cause harm or biases towards consumers (Dogru & Keskin, 2020; Dwivedi et al.,

2021).

As Al is integrated into business and society, organisations need to ensure adequate data control

processes, governance, and processes to minimise the risk to customers and/or employees.

2.2.6 Summary: Al

A large number of authors have discussed the benefits of implementing Al into organisations (Adapa
et al., 2020; Ameen et al., 2021; Bjorkdahl, 2020; Dogru & Keskin, 2020; I. Lee & Shin, 2020; Manyika
etal., 2017; Shechtman et al., 2018). For example, Al enables organisations to transform their manual
processes into automated intelligent processes, freeing employees to focus on higher-value tasks,
such as improving customer service (Lee & Shin, 2020); Al improves productivity in operations through
robotics (Dogru & Keskin, 2020); and Al enhance employees productivity through automating manual
tasks (Manyika et al., 2017). While, Shechtman et al. (2018), Adapa et al. (2020) and Ameen et al.
(2021) noted that Al Improves the way employees interact with customers and improves customer

satisfaction. Wadhawan and Seth (2016) noted that Al improves forecasting and reduces the overall
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cost of inventory. Nevertheless, implementing Al into a business is not as straightforward as one might

think (Burstrom et al., 2021).

Businesses need to overcome some challenges to gain total value from Al investments. For instance,
the complexity of understanding and interpreting Al results to use in the business (Barredo Arrieta et
al., 2020; Dogru & Keskin, 2020; Jin & Shin, 2020; |. Lee & Shin, 2020; Preece, 2018), the data and
technical infrastructure required to run Al systems (Dwivedi et al., 2021; Kaplan & Haenlein, 2020; Lee,
2017; Lee & Shin, 2020), the impact on the workforce and the new skills required to work alongside Al
(Barredo Arrieta et al., 2020; Dogru & Keskin, 2020; Dwivedi et al., 2021; Frey & Osborne, 2017; Kaplan
& Haenlein, 2020; Manyika et al., 2017), and the businesses internal readiness and capability to work
with Al systems (Dwivedi et al., 2021; Lee & Shin, 2020). As Al disseminates into business, it is essential
to understand how to integrate Al into the organisation. Organisations wishing to capture value
through integrating or adopting Al into their business should focus on embedding the technology into
their operations (Tarafdar et al., 2019). Nevertheless, limited research describes what is needed to get

the most out of Al.

Al has been implemented into multiple industries, including retail, and affects how businesses operate
(Daugherty & Wilson, 2018; Davenport & Ronanki, 2018; Hoffman & Freyn, 2019; Ransbotham et al.,
2017; Tarafdar et al., 2019). However, although many organisations have begun to adopt Al, the pace
of implementation and adoption across industries seems to be a challenge (Chui et al., 2018). Similarly,
Al adoption within the retail industry remains low, even though Al has been shown to provide

significant value in this industry(Dogru & Keskin, 2020, p. 69).

With Al's potential to transform businesses and disrupt traditional sectors (Kerzel, 2021; Lee & Shin,
2020), retailers need to evolve with the technology. The following section discusses the evolution of

the retail and retail value chain.

2.3 THE RETAIL VALUE CHAIN

New technologies are challenging the traditional retail value chain; for example, there has been a shift
away from purely operating in traditional store formats to integrated omnichannel environments (Lee,
2017, p. 593). Today, most customer shopping journeys involve a digital channel, making the
delineation between physical and digital channels even more blurry and hard to predict. This section
discusses retailing, the retail value chain, the evolution of the retail value chain, followed by a

discussion of Al in the retail value chain.
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2.3.1 Retailing
Retailing is one of the world’s biggest industries, with global sales projected to be around 26.7 trillion
U.S. dollars by 2022 (Statista, 2020). Retailing is exchanging goods and services with customers

through physical and digital channels (Gauri et al., 2021; Wadhawan & Seth, 2016). Table 2.3 illustrates

the different formats in more detail.

Table 2.3: Different retail formats

Retail format

Description

Type of merchandise

Retailer examples

Big Box Retailer

Big-box retailers are retailers with large free-standing
stores that sell various products, usually meant to be a
one-stop-shop for customers

A general mix of product
categories

Walmart, Ikea, Home
Depot, Sam's club

Convenience store

A small store with extended opening hours selling a
limited range of groceries and household goods

The mix of food products
and consumable household
products

7eleven, Speedway LLC,

Department store

Department store retailers typically sell a wide variety
of products, and the stores are generally divided into
small speciality areas within the store

Multiple products across a
vast amount of categories

Macy's, Bloomingdales

Digital
marketplace

Online website or mobile applications that connects
buyers and sellers

Multiple products across a
vast amount of categories

eBay, Etsy, Gumtree,
Facebook Marketplace

Fast fashion

Fast fashion retailers move quickly from the catwalk to
stores to meet new trends. They are specialist clothing
retailers with a quick stock turnaround whose business
model relies on selling high volumes (usually) at
inexpensive price points

Category-specific, such as
footwear or clothing

Zara, H&M, Forever 21

Off-Price Retailer

Retailers who provide high-quality goods at low prices

Inconsistent assortment of
brand and fashion
orientated items

TJ Maxx, Burlington,
Marshalls

Online retailers

Online retailers are retailers that primarily operate, if
not entirely, online.

Multiple products across a
vast amount of categories

Amazon, Farfetch

various fresh and packaged food items

food, grocery and household
products

Speciality A retailer that carries a deep assortment within a Category-specific, such as Nike, Lululemon, Apple,
relatively narrow category footwear, outdoor or Sephora, Uniglo
clothing
Supermarket Supermarket retailers mainly sell grocery products and |Consumer products such as |Carrefour, Aldi,

Morrisons, Tesco, Spar

Adapted from (Goworek, 2014; Hayes, 2019; Jindal et al., 2020; Zentes et al., 2012)

For retailers to exchange goods and services, retailers operate through various formats. A format can
be described as a specific configuration to satisfy the retailer's target customers (Gauri et al., 2021;
Reinartz et al., 2019; Zentes et al., 2012). Similarly, formats are differentiated by a combination of
assortment offered, services offered, price band, type of store, geographical footprint, relationship
with suppliers, and customer segments (Cao, 2014; Reinartz et al., 2019; Shi & Yan, 2017).
Traditionally, retailers existed through physical stores (Reinartz et al., 2019, p. 350), and the move to

omnichannel environments have significantly evolved the formats (Gauri et al., 2021, p. 42).
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Retail encompasses many different functions, for example, procuring and building of customer
assortments, the physical movement of products, transacting with customers, marketing to
customers, managing inventory, retail operations and customer service (Gauri et al., 2021; Goworek,
2014; Grewal et al., 2018; Reinartz et al., 2019). The combination of these functions is referred to as
the retail value chain. The role of retail is to transfer possession of a physical item to a consumer, from
one part of the retail value chain (i.e. raw materials) into the consumer’s hands and after that (i.e.
customer service) (Reinartz et al., 2019, p. 350). The following section discusses the retail value chain

in more detail.

2.3.2 The retail value chain

In 1985 Michael Porter introduced the concept of the “value chain”. He describes the value chain as a
strategic framework for thinking about the activities involved in any business (Porter, 1998, Location.
1011). The value chain plays a fundamental role in “identifying sources of competitive advantage”
(Porter, 1998, Location. 1013). The value chain describes a set of activities performed to design,
produce, market, deliver and support products within businesses (Hagel et al., 2016, Porter, 1998).
The value chain includes the set of processes that deliver value across primary activities (like inbound
logistics, operations, outbound logistics, marketing and sales, and service) and secondary activities
(including firm infrastructure, human resource management, technology development and
procurement). The activities are distinct from the business's physical and technological activities
(Porter, 1985). The activities in the traditional value chain move in a sequence of linear steps and
facilitate information and product flow between design, manufacturer, suppliers, shipping agents,
warehouses, shelves, consumers and retailers to the point of consumption (Reinartz et al., 2019). The
purpose is to exchange products and services for a profit by offering to customers and exchanging

them for payment (Fiorito et al., 2010; Wadhawan & Seth, 2016).

In retailing, the value chain encompasses all the stakeholders and processes needed for retailers to
deliver an end product (or service) to a customer (Reinartz et al., 2019, p. 352). Retailers play a
fundamental role in the value chain by offering a wide range of product options to customers,
responding to customer demand and disseminating information to suppliers or manufacturers (Lai et
al.,, 2010). In addition, retailers link customers to manufacturers by providing channels for the
customer to interact. The retail value chain (see Figure 2.2) has multiple interconnected activities
through each stage and are the phases the retailer must go through to get products to their customers.
The retail value chain includes information and product flow between design, manufacturer, suppliers,
shipping agents, warehouses, shelves, consumers and retailers to the point of consumption (Hiibner

et al., 2018; Reinartz et al., 2019).
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Figure 2.3: The retail value chain

Adapted from: (Hagel et al., 2016; Reinartz et al., 2019; Rieple & Singh, 2010)

Suppliers, manufacturers, and retailers play a fundamental role in delivering value to the end customer
through the retail value chain. First, the supplier's role is to connect retailers with agents or
manufacturers to aid in producing the required product assortments for the retailer's customers
(Cammett, 2006). Second, suppliers such as Li and Fung manage multiple products for retailers and
brands worldwide, enabling them to select, price and buy designs with confidence (Li & Fung, 2019).
Suppliers consolidate and disseminate the retailer's order information to producers and streamline
production times by adhering to the retailer's anticipated delivery date (Lai et al., 2010). It is crucial
for retailers to constantly provide suppliers with updated information on orders or customer sales

information to ensure on-time delivery of products.

Manufacturers are responsible for making products using raw materials, labour, machinery, and tools
to create a final output (Zentes et al., 2012). Manufacturers market their finished products through
suppliers or wholesalers to respond to customer demand. Manufacturers usually focus their resources
on producing single product types, such as sneakers or homeware (Sternbeck & Kuhn, 2014; Zentes et
al., 2012). However, manufacturers have extended lead times, adding pressure to retailers to
replenish merchandise, forcing retailers to anticipate future demand months before products are sold

(Cammett, 2006).

Finally, retailers play a fundamental role in the value chain by offering a wide range of product options
to customers, responding to customer demand and disseminating information to suppliers or
manufacturers (Lai et al., 2010). Retailers link customers to manufacturers by providing channels for
the customer to interact. Their purpose is to exchange products and services for a profit by offering

customers and exchanging them for payment (Fiorito et al., 2010; Wadhawan & Seth, 2016). Some
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retailers, like Zara, choose to vertically integrate many of the value chain activities traditionally
performed by manufacturers to have greater control of the final product, improving efficiencies and

reducing lead time to customers.

Information technology plays a fundamental role in the value chain; the systems disseminate
information flow across all value chain stages and stakeholders (Rieple & Singh, 2010). Therefore,
various technologies and software are needed to enable the retail value chain ecosystem. For
example, computer-aided design (CAD) software is used to design products (Guo et al., 2011, p. 1873),
enterprise resource planning (ERP) systems to place orders (Xu et al., 2018, p. 2955), point-of-sale
(POS) to enable the sales transaction (Suriyantphupha & Bourlakis, 2019, p. 98), customer relationship
management (CRM) systems to manage relationships with customers (Grewal et al., 2017, p. 4), sales
forecasting systems to manage customer demand (Guo et al., 2011, p. 1879,) and analytics to make

informed decisions to name a few.

Technology forms the backbone to the successful operations of the retail value chain. Nevertheless,
various stakeholders are likely to use their platforms and software, making integrating systems and
managing data difficult. Moreover, legacy systems often inhibit organisations’ agility from responding
to changing customer needs (Westerman et al., 2014). Also, when any change occurs to technology in
the retail value chain, it could affect the competitive business advantage (Porter, 1985). Therefore, for
retail value chains to move and share information optimally, technologies need to enable the flow of
goods, services and information to transition between the stages seamlessly. The following section

discusses the evolving technologies in the retail value chain.

2.3.3 Evolving technologies in the retail value chain

Multiple advances in the technologies that retailers use, and evolving customer behaviours, played a
major role in retail’s transformation (Grewal et al., 2017; Oh & Polidan, 2018). When technology was
first introduced in the seventies, retail started evolving more rapidly. For example, the introduction of
the universal product code (UPC) in 1974 assisted with speeding up checkout processes in stores and
simplifying stock takes (Weightman, 2015). In addition, the introduction of the UPC helped retailers
more accurately account for inventory in their stores, provide tracking on order deliveries and
systematically account for sales. In 1985 the evolution continued when a new retail format, the home
shopping network, brought television and shopping together, giving customers the ability to shop

products from the comfort of their homes (Gauri et al., 2021).

In 1989, computer scientist Tim Berners-Lee released code for the world's first web browser, giving

internet access to millions (History.com, 2020). The emergence of the internet transformed the retail
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industry in the nineties (Wadhawan & Seth, 2016). Being connected to the internet provided essential
tools to internationalise retail operations, leading to the global acceleration of retail as European and
US retailers expanded their products and services into new markets across the world. Similarly, the

emergence of the internet and management technologies exposed traditional retailers to global
manufacturers expanding their sourcing networks globally (Wrigley & Lowe, 2010). The adoption of
the internet also saw the development of new online stores, with Amazon, an online bookstore at the
time, starting to sell books online in 1995 (Gauri et al., 2021). The technology disruption in the nineties

started shifting the buying power from retailers to consumers by giving consumers the ability to view,

compare prices and purchase items online.

In the 2000s, online retailing started to take shape with online marketplace Alibaba starting to trade
online (Alibaba, 2021) and major brick and mortar retailer Walmart adding an online channel to their
business (Walmart, 2021). As more brick and mortar retailers also expanded their own online
channels, creating multichannel retailers. It also saw new direct to consumer competitors emerging.
Manufacturers (i.e., Nike) started utilising online platforms to interact directly with their customers
(Reinartz et al., 2019). Fast forward to today, where the technology evolution brought internet
connectivity to millions of mobile devices. The evolution has reduced entry barriers, making the retail
landscape more competitive (Oh & Polidan, 2018). In addition, digital devices have changed the way
customers interact with retailers, shifting the relationship from retailer to customers (Fiorito et al.,

2010). Figure 2.4 shows the shift from retailers to consumers.

Consumer

Power shift

Retailer

1950 Time 2021

Figure 2.4: Powershift from retailer to customer



Stellenbosch University https://scholar.sun.ac.za

55

In recent years, the retail market landscape has changed from purely operating in stores to
omnichannel environments, disrupting traditional retail businesses and significantly altering the
customer purchase journey (Bolton et al., 2019, p. 15; Carlsson, 2018, p. 424). Customers interact with
retailers through physical stores and a wide range of digital platforms (Fiorito et al., 2010, p. 879) and
transactions often involve a rapidly increasing number of (often digital) customer journey touchpoints
(Verhoef et al., 2019, p. 889). In addition, market segments of younger and technologically-proficient
customers are growing in buying power fuelled by 24/7 mobile connectivity and demand seamless
and complete integration across all purchasing channels to enhance their shopping experience

(Hagberg et al., 2016, p. 695; Lee, 2017, p. 593; Oh & Polidan, 2018, p. 32).

The transformation from store to omnichannel retailing has elevated the service expectations of the
average customer (Oh & Polidan, 2018, p. 31) and is creating several challenges for the retail industry.
For example, multiple channels create complexities in inventory management and demand
uncertainty by reshaping supply and demand (Jin & Shin, 2020), and logistics and fulfiiment of
products become complicated (Cai & Lo, 2020, p. 7). Omnichannel retailing creates new business
opportunities and changes how retailers provide products and services to customers (Pantano & Pizzi,
2020, p. 298), yet requires a different strategy than a traditional one (Cai & Lo, 2020). In addition,
changing customer expectations cause challenges with outdated legacy operations as new
infrastructure is required to meet customer needs (Kaur et al., 2020). Also, brick and mortar stores
need to be integrated with digital capabilities to provide cross channel experiences for customers
(Capgemini, 2018) and manage price consistency across all channels (Grewal et al., 2018 p. 87).
Similarly, omnichannel environments generate more data and more opportunities for data insights,
but such analyses and forecasting tasks are complex and often require advanced analytical skills not
available inside the organisation (Anica-Popa et al., 2021; Dwivedi et al., 2021; Grewal et al., 2018).
Moreover, misguided analysis and forecasts profoundly impact the downstream value chain process

—in essence, destroying value instead of creating it.

The retail sector will continue to evolve as ‘digital’ embeds into the retail industry (Romero &
Martinez-Roman, 2015, p. 656). Multiple authors agree that the transformation in retail technology
and evolving customer demands have forced retail companies to rethink their traditional approaches
and embrace technologies to capture value and market share (Bieniek & Lobaugh, 2015; Gupta, 2018;
Hagel et al., 2016; Oh & Polidan, 2018; Shrivastava, 2017; Simon et al., 2020; Simpson et al., 2017,
Yrj6la et al., 2018). Retailers have no choice but to transform their businesses with technology and
adopt new business models or become irrelevant (Burstrom et al., 2021; Valenduc & Vendramin, 2017;

Verhoef etal., 2021; L. D. Xu et al., 2018). Elevated customer expectations and technological pressures
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add complexities to the retailers’ value chains and create many challenges (Acharya et al., 2018; Adapa
et al., 2020; Ardolino et al., 2018; Cai & Lo, 2020). Retailers are utilising new technologies to address
changing customer needs and the other complexities of the current market. Of the new technologies
impacting the retail industry, Al has been earmarked as the most transformative (Kietzmann et al.,

2018; Lee et al., 2018; Silva et al., 2019). Al in the retail value chain is discussed in the next section.

2.3.4 Alin the retail value chain

Traditional retailers value chain models face disruptions by new entrants who can deliver value to the
customers effectively and efficiently (Lee & Shin, 2020). Many traditional retailers have been
surpassed by innovative, fast-growing digital entrants (Verhoef et al., 2019, p. 889), such as Warby
Parker, Stitch Fix and Rent the Runway (Jin and Shin pg. 308). To remain competitive and survive in an
ever-changing and diversified customer market, retailers have started adopting various Al-powered
solutions. Al can significantly improve speed, cost, and flexibility across the retail value chain (Liang et
al., 2020, p. 4). Major retailers (i.e., Walmart, Home Depot and Amazon) that have invested in Al are

generating economic wins with Al by reinventing design, merchandising, marketing and customer

service (Kaplan, 2020; Liang et al., 2020, p. 4; Weber & Schiitte, 2019, p. 272).

The influence of Al in the retail value chain is projected to be substantial (Guha et al., 2021, p. 28;
Kietzmann et al., 2018, p. 265; Shankar, 2018, p. 6) for various reasons. First, retailers interact directly
with customers throughout the entire customer journey, leading to increased data on the consumer
and creating complexities for retailers (Grewal et al., 2018; Lee, 2017, p. 593). Understanding the
customer touchpoints increases complexity for retailers (Kietzmann et al., 2018, p. 263). Al can
provide retailers with insights to reduce shortcomings in data analysis by recognising patterns and
providing insights into customer and sales data (Acharya et al., 2018, p. 92; Ameen et al., 2021, p. 1;
Gupta, 2018, p. 170). When Al is used in retail, it can provide retailers with real-time data and
personalised customer recommendations (Guha et al., 2021, p. 29). For example, a grocery retailer,
Kroger, has an in-house analytics department that combines Al and advanced analytics to personalise

customer communications (Weber & Schiitte, 2019, p. 273).

Second, omnichannel retailing has elevated the service expectations of the average customer (Oh &
Polidan, 2018, p. 31), and managing customer interaction across all the retail channels can be complex.
Al helps retailers by providing an improved customer experience by offering intelligent applications
across the customer journey for customers to interact with retailers (Chopra, 2019; Pillai et al., 2020;
Rese et al., 2020; Roy et al., 2017; Y. Xu et al., 2020). For example, Amazon go stores uses Al to

automate the in-store check-out process (Guha et al., 2021, p. 39, Shankar, 2018, p. 16).
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Third, in the retail value chain, many stakeholders are involved through each value chain stage, adding
complexity and manual activities to the value chain. Overly complex retail value chains generate
inefficiencies in operations. Al can streamline operations by automating manual tasks and reducing
costs (Gupta, 2018, p. 21; Manyika & Bughin, 2018; Verhoef et al., 2021, p. 891). For example,
Waitrose, a grocery retailer, uses Al to automatically process, capture and place orders for their items

(Blueprism, 2019).

Fourth, Al creates opportunities for manufacturers, wholesalers and third parties to engage with
customers directly, shortening the value chain (Reinartz et al., 2019) and creating new competition for
traditional retailers. For example, Under Armour, a sports apparel and footwear wholesaler, connects
with customers through their Al-enabled apps and uses the data to provide new products and services

(Leighton, 2018).

Al can play arole in the value chain by changing interactions with customers, automating manual tasks
through the value chain, maintaining relationships with suppliers and how profits are tracked
(Alexander & Kent, 2021; Ameen et al., 2021, p. 1; Gauri et al., 2021, p. 42; Grewal et al., 2017, p. 1;
Jin & Shin, 2020, p. 301; Pillai et al., 2020; Shankar, 2018; Wadhawan & Seth, 2016, p. 60; Weber &
Schiitte, 2019, p. 264). Various scholars agree Al is revolutionising retail by changing the way
customers interact with retailers (Ameen et al., 2021), by (i) providing personalised services and
product recommendations (Tupikovskaja-Omovie & Tyler, 2020, p. 388), (ii) enhancing the in-store
shopping experience (Grewal et al., 2020; Pillai et al., 2020), (iii) analysing images and videos to assist
designers (Liang et al., 2020), (iv) automating various routine or manual tasks (Kaplan & Haenlein,
2020, p. 46), (v) answering customer queries 24 hours a day (Roy et al., 2017, p. 150; Xu et al., 2020,
p. 190), (vi) recognising patterns, and (vii) providing insights into customer and sales data (Acharya et
al., 2018, p. 92; Ameen et al., 2021, p. 1; Gupta, 2018, p. 170). Thus, Al presents retailers with various
options to improve consumer insights, enhance profitability and streamline their business processes

in the value chain.

2.3.5 Summary: the retail value chain

As new Al continues to transform the retail industry (Hagberg et al., 2016; Romero & Martinez-Roman,
2015; van Esch et al., 2019), the retail value chain needs to evolve with it (Fiorito et al., 2010, p. 887).
However, the majority of retailers still employ the traditional value chain, or variations thereof, as the

introduction of multiple channels to serve customer needs.

The traditional value chain inhibits the following four risks. First, increasing stakeholders in the form

of channel members add complexity to the value chain, inhibiting retailers from understanding and
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swiftly responding to customer demand (Hagel et al., 2016). Second, various stakeholders likely use
their platforms and software, making it difficult to integrate systems and manage data across the value
chain. Third, the more complex and extended the value chain is, the longer it takes for products to
reach the customer. Finally, overly complex value chains leave organisations vulnerable to digital
disruption from smaller, more agile firms that leverage new technologies to reduce costs and scale up

quickly (Gupta, 2018; Verhoef et al., 2019).

Retailers willing to invest in Al technologies could benefit due to its contribution to productivity
growth in the value chain by automating repetitive tasks (Lee & Shin, 2020), increasing profit by
understanding the customer requirements (Ameen et al., 2021), growing market share by giving
companies the opportunities to enter new markets (Bolton et al., 2019) and driving actionable insight
via big data analytics (Lee, 2017). While there is great excitement about Al, it has yet to fully deliver
on its promise (Ransbotham et al., 2017, p. 1). Capgemini's (2018, p. 16) report calculated that a $300
billion opportunity exists for retailers investing in Al. However, it noted that only 30% of retailers use
Al for some business processes. Al adoption seems limited to siloed processes (Fountaine et al., 2019,
p. 6), and businesses are finding it challenging to integrate Al into their “people, process and systems”

(Makarius et al., 2020, p. 262).

Few theoretical frameworks are used to test the adoption and integration of Al into retail. Some have
investigated customer acceptance of Al applications using the technology acceptance model (TAM)
(Chen et al., 2021, Liang et al., 2020) or used UTAUT (the unified theory of acceptance and use of
technology) to test truck drivers' use of Al (Loske & Klumpp, 2021). Although these models are widely
recognised, it was less relevant for this study to examine Al’s influence in retail and business, as

successfully implementing Al requires more than only adopting the technology.

Investments into Al must be applied to the best use cases within the value chain to ensure retailers
get the most out of Al (Elliot & Andrews, 2017). Nevertheless, implementing Al into business is
complicated, and success depends on integrating the technology into the structure, people, and tasks.
A model that represents the entire organisation is the Leavitt Diamond Model (Leavitt, 1965), to be

discussed in the next section.

2.4 THE LEAVITT DIAMOND MODEL AS A THEORETICAL LENS

Organisations operate in an increasingly volatile competitive environment consisting of other
organisations, suppliers, and customers. In addition, organisations are influenced by the broader
environmental forces, such as new competitors, government legislations, the pace of technological

change, and economic factors, making it hard for managers to navigate the complex changing
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environment (Leavitt, 1965; Porter, 1998). For an organisation to be effective and competitive, it
requires the effective use of both people and systems (Bostrom & Heinen, 1977; Davis et al., 2014;
Leavitt, 1965). However, organisations operate in an increasingly volatile competitive environment.
Furthermore, technological advances have changed how organisations operate and play a significant
role in introducing organisational complexities and challenges. Various approaches have been
suggested to help managers make sense of the “complex structures of interrelated systems” in an
organisation (Boella & van der Torre, 2006), including the McKinsey 7-S framework, the Leavitt
Diamond Model and Social-technical systems (STS). All the models are essential tools to help

understand the complexity in organisations.

The McKinsey 7S model depicts how effectiveness could be achieved by interacting with seven
elements: structure, strategy, skills, staff, style, system, and shared values. However, it takes a more
organisational design approach (McKinsey, 2008; Peters & Waterman, 2012). Instead, the Leavitt
Diamond Model and STS considers the importance of the four interrelated social (i.e., people and
structure) and technical (i.e., tasks and technology) variables when examining organisational change
(Hartmann & Lussier, 2020). The Leavitt Diamond Model recognises that when a change in one of the
four interrelated variables (structure, tasks, people and technology) occur, change can be predicated
upon the other variables causing organisational challenges (Hartmann & Lussier, 2020; Leavitt, 1965).
The Leavitt Diamond Model of organisational change forms part of the Socio-technical systems (STS)

theory.

The Socio-technical systems (STS) theory, extends and builds onto Leavitt’s Diamond Model, assumes
an organisation is a working system “made up of two jointly independent but correlative interacting
systems, social and technical” and emphasises that if any redesign occurs in the work system, the focus
should be given to both social or technical systems in the organisation (Bostrom & Heinen, 1977).
Socio-technical systems (STS) theory has been in development for over 60 years (Davis et al., 2014, p.
171). It describes the interrelated relationship between social (humans) and technology (machines) in
an organisation work system. Researchers have applied Socio-technical systems (STS) thinking to
various studies, namely, to study smart work systems (Bednar & Welch, 2020), knowledge transfer
practices for the implementation of electronic patient records (Masri et al.,, 2017), information
technology implementation (Davis et al., 2014), the relationship between sustainable practices and
systems (Seidel et al., 2013), and organisational interaction (Wigand, 2017). Furthermore, socio-
technical systems (STS) stressed the effectiveness of an organisation (Bednar & Welch, 2020) by how
the social and technological aspects “interact with and influence each other” (Bostrom et al., 2009, p.

186).
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For this study, the Leavitt Diamond Model is preferred. Leavitt’'s Diamond model provides an
explanatory framework for understanding Al’s impact on the interdependencies between four key
variables, structure, technology, people and tasks. Using the Leavitt Diamond Model as a framework
for analyses could assist with appreciating the impact of Al on management and technology practice
in the retail organisation. In addition, few studies on Al and retail link empirical Al research to theory
(see. Section 1.2.4). Scholars have used Leavitt’'s Diamond Model to examine a variety of
organisational change topics applying it in numerous contexts, including applying the model to assist
B2B sales forces to better respond to COVID-19 or other crises (Hartmann & Lussier, 2020) to
information systems in the organisational environment (Lyytinen & Newman, 2008), management
challenges associated with data analytics (Vidgen et al., 2017); demand chain management by
combining marketing and supply chain management (Jiittner et al., 2007) and the use of information

technology and the effectiveness of human resource function (Haines & Lafleur, 2008).

In 1965, Harold J Leavitt designed a model to manage change in an organisation. The model indicates
that organisations are complex structures of interrelated systems designed for a particular purpose
(Boella & van der Torre, 2006; Leavitt, 1965), and subsequently developed the Leavitt Diamond Model.
He argues that to compete in an ever-growing volatile environment, organisations can manipulate one
of four interrelated sets of task, structural, technological, or human variables to improve performance
(Leavitt & Bahrami, 1989). Describing such, Leavitt (1965) notes that when organisations change any
task, technology, structure or people variable, it sometimes results in compensatory changes in one
or more of the other variables. Thus, when the interdependencies are not managed at critical times
during the change process, problems can occur within the business (Leavitt & Bahrami, 1989; Paghaleh
et al., 2011; Smith et al., 1992). Figure 2.5 shows the relationships and interplay between four

elements: structure, tasks, people and technology (Leavitt & Bahrami, 1989, p. 252).
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Figure 2.5: The Leavitt Diamond Model (Leavitt & Bahrami, 1989, p. 252)

The interaction between the four variables determines any organisation's result as everything is
connected. The four variables are highly interdependent, and when organisations manipulate or
change any of the variables, it is likely to cause significant effects in the others (Leavitt, 1965).
Organisational change cannot occur in isolation, and when change is not managed at critical times
during the manipulation of one of the variables, problems can occur within the organisation (Leavitt
& Bahrami, 1989; Paghaleh et al., 2011; Smith et al., 1992). Table 2.4 details the four variables
presented in the Leavitt Diamond Model, their definition, purpose and impact a technology change
has the other variables. In Table 2.4, the impact of change to the technology variable refers to, in

general, the impact any technology implementation has on the other variables in an organisation.

The Leavitt Diamond Model is an important model to examine the impacts of organisational change
by considering the interrelated social (i.e., human and structure) and technical (i.e., tasks and
technology) variables (Hartmann & Lussier, 2020). The Leavitt Diamond Model represents a balanced
and rational view towards the complexities of implementing Al technologies. Technology directly
relates to tasks, people, and structure in the model. Therefore, from this perspective, when retailers
implement Al only focusing on the technology, the Al creates a knock-on effect on other variables,
tasks, people, and structures within the retail organisation. As Al technologies are integrated into the
retail value chain, it changes the way retailers operate in the retail value chain (Oosthuizen et al.,
2020). However, few studies consider the impact of implementing Al on these organisation factors,
and none, to the author's knowledge, considers the impact of Al on all four of these factors at once.

Retail leaders must understand how Al will change their organisations to successfully scale Al across
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their organisations. Therefore, this study aims to understand how Al transforms the retail value chain

using the Leavitt Diamond Model as the theoretical lens for this inquiry.

Table 2.4: The four Leavitt Diamond Model variables

Variables Structure People Tasks Technology
Definition The structure is the activities and [People refer to the work (Task variable is the The technology variable
authority divided, organised and |executed by people at activities performed is the systems, tools
coordinated to achieve the goals |some time or place; it inside the organisation, |and mechanisms that
of the organisation includes sub-variables including many subtasks |turn inputs into
such as skills, the that exist within an business outcomes.
readiness of people, organisation such as This includes hardware
people knowledge and  |manufacturing of (e.g., computers,
resources products, selling goods  |mobile devices,
and services, servers), software (e.g.,
procurement of supplies |application software),
and finance of operations |and websites
Purpose Structure divides employees' tasks |People are responsible  |A task purpose is to Technologies enable
into duties and responsibilities to |for performing tasks produce a specific output |employees and
facilitate decision making and how |within their within a particular time |organisations to
information flows between organisational structure. perform tasks more
different company levels (Kenton, efficiently and
2020). effectively.
Impact of Requiring new structure to Requires new skills, Requires a change in the |Requires the skills and
change to support the technology, removing |extensive training and way work is done, change|competencies to
Technology silos by improving changing job roles. in the way employees enable the technology
variable (Impact [communication; management and |automating processes work to work at its best.
in general) measuring productivity making previous roles Processing capacity
redundant and a change
in workforce
competencies

Adapted from:(Ahmady et al., 2016; Bostrom & Heinen, 1977; Hartmann & Lussier, 2020; Leavitt,

1965; Leavitt & Bahrami, 1989; Paghaleh et al., 2011)

A survey by Gartner 2019 estimates that 30 % of businesses are using some form of Al technologies
(Hare & Andrews, 2019, p. 3). However, less than half of Al proof of concepts gets integrated and
scaled into business (Davis, 2020, p. 3). Similarly, Al adoption rates remain low in retail, even though
Al can provide significant value (Dogru & Keskin, 2020, p. 69). Therefore, as Al disseminates into the

retail value chain, it is essential to understand how Al transforms it.

2.5 CONCLUSION

This chapter provided an in-depth literature review of the key constructs of concern for this study (i.e.
Al and the retail value chain) and the theoretical lens used (i.e. the Leavitt Diamond Model). To
examine how Al transforms the value chain, this study uses the Leavitt Diamond Model as a theoretical
lens to investigate the subsequent research questions. Major studies in Al in retail literature only focus
on the technology variable of the Leavitt Diamond Model (Balaji & Roy, 2017; Bottani et al., 2019;
Grewal et al., 2017, 2020; Guo et al., 2011; Jin & Shin, 2020; Lee, 2017; Wadhawan & Seth, 2016),
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which is a gap in current research. Therefore, this study uses all the variables (structure, technology,
people and tasks) in the Leavitt Diamond Model to understand the impact of Al on the retail value
chain. To the author's knowledge, no other studies have used the Leavitt Diamond Model in the
context of Al in the retail value chain before. Understanding the complexities of successfully
integrating Al into the retail value chain is critical to retail theory and practice. Four articles are used
to understand this research question, each with its accompanying research question. The following

chapter investigates research question one - what role does Al play in the retail value chain.
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Chapter 3: WHAT ROLE DOES Al PLAY IN THE RETAIL VALUE CHAIN?

3.1 CHAPTER INTRODUCTION

Al encompasses many different intelligent technologies and can serve multiple purposes across the
retail value chain. However, many Al applications, already available or under development, contribute
to retailers’ confusion and frustration regarding which Al technologies to invest in. Therefore, it is
essential to understand where Al applications can improve efficiencies, automate processes, and drive
insights in the retail value chain. While authors argue that the retail value chain needs revisiting
because of new technologies (Hagel et al., 2016; Reinartz et al., 2019), limited empirical research, to
the author's knowledge, have suggested exactly what the role of Al is in the retail value chain and how
the retail value chain should change. Therefore, article one was developed to assess the potential

application of Al-enabled solutions across the various retail value chain activities.

How is Al transforming the retail value chain?

l

r

Chapter 3:
Article one

RQ: What role does Al
play in the retail value
chain?

Chapter 4:
Article two

RQ: What are retail
using Al technologies
for in the retail value
chain?

Chapter 5:
Article three

RQ: What business
outcomes can Al drive
in the retail value
chain?

Chapter 6:
Article four

RQ: What are the
challenges retailers
experience when
integrating Al into the
value chain?

Stage one

Stage two

Figure 3.1: Article layout and the research questions

Article one introduced a conceptual framework to understand Al's role in the retail value chain
proposing an alternative: the Al-enabled value chain. Article one asks what role does Al play in the
retail value chain. To answer the research question, all the Al activities in the retail value chain were
classified using a jobs-to-be-done approach into four categories: knowledge and insight management,
inventory management, operations optimisation and customer engagement. The following section

covers the published article Artificial Intelligence in retail: The Al-enabled value chain.
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3.2 ARTICLE ONE: ARTIFICIAL INTELLIGENCE IN RETAIL: THE Al ENABLED VALUE CHAIN

3.3 INTRODUCTION

Traditional retailers’ business models face disruption by new entrants who can deliver greater value
to customers more efficiently. In recent years, authors have argued that the “traditional” value chain
drives inefficiencies (Begley et al., 2018, p. 2) and that the value chain is shortening as manufacturers,
third parties, and customers are increasingly engaging with customers directly (Reinartz et al., 2019).
These inefficiencies and the inability to adapt to a changing competitive landscape leave traditional
retailers vulnerable to disruption from market entrants. To remain competitive and survive in an ever-
changing and diversified customer market, retailers need to become leaner (Campbell et al., 2020),
more agile (Goworek, 2014), and innovate their value chain by adopting new technologies (Lee et al.,
2017). Of the new technologies impacting the retail industry, Al has been earmarked as the most
transformative (Kietzmann et al., 2018; Lee et al., 2018; Silva et al., 2019). Nevertheless, while there
is great excitement about Al, it has yet to fully deliver on its promise (Ransbotham et al., 2017, p. 1),
and academics and practitioners are in the early stages of understanding the application of Al (van
Esch et al., 2019, p. 36). This article introduces a conceptual framework to understand Al's role in the

retail value chain by proposing an Al-enabled retail value chain.

As a starting point, we provide a brief overview of the traditional retail value chain and the activities,
stakeholders, and technology involved at each stage. The disruption of the retail industry is then
explained, followed by a particular focus on the role that Al has played in disrupting this industry. We
then map various Al technologies (based on Gartner’s (Sicular et al., 2019) to each stage in the value
chain and show that some Al technology investments can serve multiple purposes in the value chain.
Then, we use Christensen’s jobs-to-be-done approach (Christensen & Raynor, 2013; Christensen et al.,
2016) better to understand the value of Al in the retail industry. Therefore, this article aims to

understand better what an Al-enabled retail value chain should resemble.

This article provides two important contributions to the emerging literature on Al and its
implementation in marketing and retailing. First, we show how Al technologies can be used across
various retail value chain activities. While several authors have addressed the relevance of Al to
business in general (Kietzmann et al., 2018; Paschen et al., 2019; Poole and Mackworth, 2010;
Ransbotham et al., 2017), the strategic role and implementation of Al in retailing organisations have
been subject to limited critical scrutiny (van Esch et al., 2019). By mapping specific Al technologies
against the retail value chain, we provide retail managers with some guidance regarding which Al

technology investments to prioritise or how to leverage current Al investments.
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Second, while authors argue that the retail value chain needs revisiting because of new technologies
(Hagel et al., 2016; Reinartz et al., 2019), limited empirical literature, to the author's knowledge, have
suggested precisely how the retail value chain should change. Guided by the job-to-be-done approach
in innovation (Christensen et al., 2016), we identify four key roles for Al solutions in the retail value
chain: knowledge and insight management, inventory management, operations optimisation, and
customer engagement. This approach is customer-centric (Bettencourt & Ulwick, 2008), not Tayloristic
and process-driven and, therefore, better suited to the complex nature of business amidst new
technologies (McChrystal et al., 2015). Contrary to the more traditional silo-mentality and linear view
of the value chain, we argue that Al solutions can perform multiple roles simultaneously, thus
establishing interconnectivity between the different value chain activities. First, however, the digital

disruption of the traditional retail value chain is discussed.

3.4 DIGITIAL DISRUPTION IN THE TRADITIONAL VALUE CHAIN

In his seminal work, Michael Porter (1998) used the term value chain to describe a set of activities
performed to design, produce, market, deliver and support products within businesses (Hagel et al.,
2016). The value chain is a set of processes that deliver value across primary activities (for example,
inbound logistics, operations, outbound logistics, marketing and sales, and service) and secondary
activities (including firm infrastructure, human resource management, technology development and
procurement). The activities in the traditional value chain move in a sequence of linear steps, which
facilitates the process from product design to the point of consumption (Reinartz et al., 2019, p. 352).
In retailing, the value chain encompasses all the stakeholders and processes needed for retailers to
deliver an end product or service to a customer (Hagel et al.,, 2016, p. 4). From supplier to
manufacturer to retailer, each stakeholder in the value chain adds value to the customer. Table 3.1
details the stages involved in the traditional retail value chain, including each stage's objectives and
typical activities (Hagel et al., 2016; Rieple and Singh, 2010). The stakeholders and technologies

typically involved in each stage have been included.
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Retail Value Chain
Stages

Activities

Stakeholders

Key Driver

Decision

Outcome

Current Technology
Application Examples

Design initiation, Design

Retail, Manufacturer,

Product trends, customer needs, bring a

Which products to design.

Pattern Design and specifications.

CAD system, Fabric

Design Concept, Decision-making ; new product to market quicker, Market e . Production planning and control. quality checking, Online
R . Suppliers, Customers . Product specification. Materials. .
process, Technical design research, Product quality Garment evaluation. product searches
o Which products will fulfil Sales budget planning, Merchandise .
. . Tailoring assortment for customer P X EeLp .g, i X Assortment Planning,
. Planning and production . . customer needs? When is the Strategy, Merchandise Financial - -
Sourcing/ . Retailer, Manufacturer, |[needs, understanding customer X . R Merchandise financial
control Purchasing or . R . product needed in store? Buy Planning, Assortment Planning, . . )
Procurement Suppliers segments, product selection, price planning, Size profile

building inventory

negotiation, liaising with suppliers

quantity. Aligned to Budget.
Which supplier or manufacturer.

Supplier/Manufacturer selection, order
placement

Optimisation, Excel

Manufacturing
and assembly

Cutting, Sewing, Finishing,
Packing, Acquiring, storing,
and preparing raw
materials

Manufacturer, Supplier,
Shipping

Accurate forecasting, One-time
ordering, Product flow visibility, Product
quality

Cutting, Sewing, finishing and
distribution. Production
scheduling and factory
management. Quality checking

Cutting quantity, Job Scheduling,
Assembly line, Fabric Laying, cutting,
overall handling. Workforce planning

ERP systems, Assembly,
Workforce Scheduling,
Materials management

Inventory
management and
distribution

Managing and distributing
products to be sold

Retail, Suppliers,
Logistics, Distribution

End to End Inventory visibility,
Consistent, accurate Sales & Inventory
forecasting, monitoring product
deliveries

Monitoring deliveries, monitoring
inventory, scheduling DC to Store
deliveries

Movement of Products from
manufacturer to DC or Store Sales
forecasting, Allocation to stores,
forecasting, determining replenishment
information, controlling inventory
levels.

Product information
management, Order
processing, demand
planning, Product
allocation

Store operations

Managing point of sale and
executing purchase

Retail, Suppliers,
Logistics, Customer,

Performance management, Price &
Markdown optimisation, monitoring

Maximising sales, minimising
markdowns, managing product

Promotions and Markdown planning.
Reordering, Key products, reverse
logistics, Repairs, returns and

Pricing management,
promotional planning,
Product lifecycle

and Sales life cycle, price point . §
transition competitors stock levels 4 P P . maintenance support, Traffic management, POS
management, customer service
management. system
Product replenishment, Logistics
- . . Managing out of stocks, management, Movement of products to |Demand prediction,
. Delivering products to the |Retail, Suppliers, ) . g. .g . € P . P
Fulfilment Matching demand to product supply maximising sales, managing stores, forecast accuracy, Inventory inventory management,

customer

Manufacturer

inventory, reorder negotiation

placement optimisation for Omni
fulfilment, Workforce planning

ordering items

Customer use and
support

Helping customers
maximise value, using and
maintaining products

Retail, Customer,
Logistics

Offering customers personalised
offerings

Identify high-value customers and
products, Supporting Customer
queries.

Satisfied customers, personalised
offerings and product recommendations

Online platform, POS
systems, CRM
management

SOURCE: Adapted from Cammett, 2006; Hagel et al., 2016; Lee et al., 2018; Porter, 1998; Reinartz et al., 2019; Rieple & Singh, 2010
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However, new digital technologies have disrupted the traditional retail business model by changing
marketplaces from brick and mortar only to omnichannel, which significantly alter the customer
purchase journey (Bolton et al., 2019; Carlsson, 2018; Van Esch et al., 2019). Customers are more
connected than ever (Kietzmann et al., 2011), and the transformation from store to omnichannel
retailing has elevated their service expectations (Oh and Polidan, 2018). Moreover, as the rate with
which these new technologies enter the market increases (Brynjolfsson et al., 2013; Gupta, 2018), it
blurs the market boundaries and holds unpredictable consequences for retailers (Day and
Schoemaker, 2019). For instance, innovative and fast-growing digital entrants like Alibaba and Amazon
have already adversely affected traditional retailers like Toys ‘R’Us and RadioShack by using their
digital resources to not only disrupt the retail industry but also seemingly unrelated industries, like

banking and global shipping (Verhoef et al., 2019).

As new digital technologies continue to transform the retail industry (Hagberg et al., 2016; Romero
and Martinez-Roman, 2015; Van Esch et al., 2019), the retail value chain needs to evolve with it (Fiorito
et al., 2010). However, the majority of retailers still employ the traditional value chain, or variations
thereof (like the introduction of multiple channels to serve customer needs), which holds the following
four risks. First, while each stage of the retail value chain adds value, it also adds complexity by
increasing the number of stakeholders and their accompanying support structures involved.
Complicated value chains inhibit retailers from understanding and swiftly responding to customer
preferences (Hagel et al., 2016). Second, various stakeholders are likely to use their platforms and
software, making integrating systems and managing data difficult. Legacy systems often inhibit
organisations’ agility from responding to changing customer needs and using the data for competitive
advantage (Westerman et al., 20). The ability to manage mass amounts and different data sources are
critical to a company’s success (DalleMule and Davenport, 2017; Sankaran et al., 2019), and data-
driven decisions are becoming increasingly important in value chains (Sankaran et al., 2019). Third,
the more complex and extended the value chain is, the more expensive products and services become,
and the longer it takes to reach customers. Finally, overly complex value chains leave organisations
vulnerable to digital disruption from smaller, more agile firms that leverage new technologies to

reduce costs and scale up quickly (Gupta, 2018; Verhoef et al., 2019).

According to Ransbotham et al. (2017), expectations for the commercial application of Al in business,
particularly in retailing, are sky-high. However, while there are existing analytical tools for managers
to gauge Al’s influence on retail and other industries (U Paschen et al., 2019), creating and leveraging

Al's value for commercial advantage in the value chain still seems complex to most. To assist in this
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delineation, the following section explicates what exactly Al is and how it is currently applied in

retailing.

3.5 ARTIFICIAL INTELLIGENCE IN THE RETAIL VALUE CHAIN

3.5.1 The definition of Artificial intelligence

Most extant conceptualizations of Al refer to computer systems with human-like intelligence
(Wierenga, 2010, p. 2), which encompasses these systems’ abilities “... to interpret external data
correctly, to learn from such data, and to use those learnings to achieve specific goals and tasks
through flexible adaptation” (Kaplan and Haenlein, 2019, p. 17). In their definition, the Oxford
Dictionary includes tasks such as visual perception, speech recognition, decision-making, and the
translation between languages, with the Merriam-Webster Dictionary emphasizing that Al imitates
intelligent human behaviour. Poole and Mackworth (2010, p. 3) offer a slightly nuanced explanation
by framing Al as “computational agents that act intelligently”. This definition describes Al as agents
capable of perceiving an environment to take action, with the goal being to maximize the likelihood
of achieving success (U. Paschen et al., 2019, p. 150). From a systems perspective, the definition also
implies a rational view of Al, where an Al system would, given what it knows, act to achieve the best

possible outcome (U. Paschen et al., 2019, p. 148).

For this article, we adopt the definition by Poole and Mackworth (2010), as it highlights two conceptual
delineations. First, it highlights the different evolutionary stages of Al (Haenlein and Kaplan, 2019).
What might have been considered intelligent behaviour displayed by a machine five years ago is now
hardly noteworthy? Three stages of Al are differentiated: artificial narrow intelligence (applied, below
human-level Al, e.g., Siri voice recognition), artificial generalized intelligence (strong, human-level Al,
e.g., Siri developing the ability to perform tasks like driving a car autonomously), and artificial
superintelligence (conscious/self-aware, above human-level Al, e.g., Siri developing superhuman
capabilities to solve complex problems instantaneously). Most of the commercial Al technologies
available today are classified as “narrow”, and almost all of the Al technology to be integrated into
business in the next ten years will be “narrow” or “applied” (Kelly, 2017, p. 50; Yao et al., 2019, p. 18).

For example, the use of Al to create ads (Kietzmann et al., 2018). This applies to retailing as well.

The second defining characteristic highlighted in the Poole and Mackworth (2010) definition is the
notion that Al represents knowledge, expertise, and intuition to solve problems. Al requires tailored
knowledge to be built into a “carefully constructed system” (Kaplan, 1984, p. 52), where the storage
of past knowledge should reflect experiences that would inform subsequent intelligent behaviour (U.

Paschen et al., 2019, p. 148). In Al systems, these knowledge representations could include inputs



Stellenbosch University https://scholar.sun.ac.za

70

(structured and unstructured data); processes (machine learning); or self-generated Al-output
(robotics) (U. Paschen et al., 2019). As Al continuously advances, our understanding of its various
applications needs to develop quickly. The following section focuses on Al technologies in retail and

their role in the retail value chain.

3.5.2 Alin retail

Al technologies have advanced in recent years. However, it remains in its infancy (Bughin et al., 2017).
A vast majority of retailers have started testing the possibility of Al, yet many retailers are missing the
full benefit of scaling the technology throughout the value chain (Standish and Ganapathy, 2020).
Furthermore, many Al applications, already available or under development, contribute to retailers’
confusion and frustration regarding which Al technologies to invest in. This section first provides an
overview of where Al is currently being applied in retail to assess the potential application of Al-

enabled solutions across the various retail value chain activities.

To develop an understanding of the current application of Al technologies used in retailing, we first
reviewed the 2019 Gartner hype cycle for artificial intelligence report (Sicular et al., 2019), focusing
on the Al technologies predicted to reach mainstream adoption in the next five years. Next, the report
examines trends and innovations in the Al sector and classifies the different Al applications (Sicular et
al.,, 2019). These include speech recognition, graphic processing unit (GPU) accelerators, robotic
process automation software, artificial intelligence (Al)-related consulting and system integration (C
& Sl) services, augmented intelligence, chatbots, machine learning, deep learning, edge Al, intelligent
applications, virtual personal assistant (VPA)-enabled wireless speakers, virtual assistants, field-
programmable gate array (FPGA) accelerators, computer vision, insight engines, data labelling and

annotation services, and automated machine learning (AutoML) (Sicular et al., 2019).

Using the retail value chain presented in Table 3.1 to better understand the possible role of Al therein,
we identified retailers who currently apply Al technologies in their value chain. Table 3.2 illustrates

examples of retailers applying various Al technologies throughout the value chain.
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Value Chain Stage Retailer Al Technology (Gartner Detail of Technology Use
Hype Cycle)
Design Adidas Machine learning Using Machine learning Adidas is using a "speed factory" to help customers design their own
personalised shoes and make them in 24 hours, and shipping to customers
Sourcing/Procurement Simons Insight engines Simons implemented analytics for improved insight on projected demand and inventory Optimisation

recommendations that get the right product to the right store proactively

Manufacturing

Mohammedi Fashion
Sweaters

Intelligent applications

Al-enabled sewing machines that knit sweaters

Inventory management and
distribution

ThredUp

Deep learning

Scanning close to 100 million unique inbound items via image recognition enabling automated visual
tagging of products and assigning a unique item code

Fulfilment

The Home Depot

Edge Al

Home Depot Inc. is connecting in-store robotics with an intelligent enterprise approach. It is using
drones and robotics to create an efficient in-store experience that delights customers and provides
faster order fulfilment

Store operations and Sales Sephora Augmented Intelligence The app allows customers to try products virtually via augmented reality. The tool scans a customer’s
face, figures out their lips and eyes match colours and suggests buying products.
Customer use and support lkea Augmented Intelligence The augmented reality helps the customer virtually "place" true to scale 3D furniture in their home.

SOURCE: Adapted from Araujo, 2019; de Leon, 2019; Emont, 2018; Galer, 2018; lkea, n.d.; RIS, 2020; Sephora, 2017



Stellenbosch University https://scholar.sun.ac.za

72

Retailers are already beginning to apply Al applications in parts of the value chain (Bughin et al., 2017).
However, both researchers and practitioners are only in the early stages of fully understanding the
application of Al (Van Esch et al., 2020). In addition, and as is evidenced in Table 3.2 above, some Al
applications were used for more than one value chain activity. For example, Augmented Intelligence
was used for store operations and sales by one retailer and customer use and support by another. This
prompted the authors to take a broader view of where each Al technology can be applied in the retail

value chain.

While understanding the current application of Al in retail can help identify gaps in its use, it does not
provide insight into its most effective use in the retail value chain. To further develop our
understanding of the opportunities and address this gap, we next use Clayton Christensen’s (2003)
jobs-to-be-done approach as a guideline to identify four conceptual dimensions which highlight how

Al can best be applied to the retail value chain.

3.5.3 Reimagining Al in the retail value chain: A jobs-to-be-done approach

Using a customer-centric innovation approach to understanding value (Bettencourt and Ulwick, 2008),
the jobs-to-be-done approach was developed by Clayton Christensen in his 2003 book, The Innovator’s
Solution, and later expanded upon in Competing Against Luck (Christensen et al., 2016). The theory
proposes a group of principles that explain how to make marketing more effective and innovation
more predictable by focusing on the customer's jobs to be done. Christensen et al.’s (2016) approach
is based on the idea that companies should focus on the key goals of a product or service to stimulate
the effective development and implementation of innovation. For example, when considering how to
improve a razor blade best, companies should be less concerned with improving the product itself
(e.g., adding more blades) and more concerned with what “job” the razor blades do (e.g., quick and
easy grooming). For example, Philips recently presented their One Blade range of razor blades, which
shaves and trims and styles any length of hair for multiple looks (Philips, 2020). In essence, Christensen
et al. (2016) argue that people ‘hire’ products and services to get jobs done, and companies can
innovate by doing those jobs better. Each job can be broken down into various steps or stages of
execution, with validating questions to assess the best job fit at each stage (Bettencourt and Ulwick,

2008).

Following the job mapping approach by Bettencourt and Ulwick (2008), the authors iteratively
followed a customer-centric validation process, guided by the retail value chain processes as a
reference point, to conceptually cluster what jobs Al can perform in the retail value chain. We argue
that this approach can successfully be applied to final products and services and the application of

technology like Al in the workplace. Furthermore, better understanding the jobs-to-be-done by Al
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technologies will increase its value to the company. From this perspective, four job dimensions

emerged discussed in greater depth in the following sections:

1. Knowledge and insight management Al technologies refer to the ability to provide insights by
managing, sharing, using, creating and processing information.

2. Inventory management Al technologies refer to those that assist in the process of balancing
demand to supply over large assortments to meet customer needs and financial objectives.

3. Operations optimisation Al technologies help retailers operate effectively and efficiently by
minimising cost and maximising operational capabilities.

4. Customer engagement Al technologies enable retailers to build relationships with their customers.

Table 3.3 details current Al technologies that fulfil these four ‘jobs-to-be-done dimensions set against
the traditional stages of the retail value chain. Each of these four dimensions of Al applications in the

retail value chain is now discussed in the following section.

3.5.3.1 Knowledge and insight management

Knowledge and insight management Al technologies provide insights throughout the value chain by
managing, sharing, using, creating and processing information. Data is one of the foundations of Al
(Haenlein et al., 2019), and the effective translation of that data into knowledge is key to its success.
This dimension includes the process of transforming structured and unstructured data inputs into
outputs that contribute to the organisation’s knowledge base. Paschen et al. (2019) refer to this as
the building blocks of Al. Current examples include deep learning, intelligent applications, and insight
engines, amongst others. The importance of transforming data into knowledge has been stressed by
various authors (Black & van Esch, 2019; U. Paschen et al., 2019). Although more data is available than
ever before, only a fraction is integrated and analysed within businesses (Chen et al., 2016). While
some companies use data to create a competitive advantage, many businesses fall short of gaining
real insights from their data. This can mainly be ascribed to big data requiring powerful technologies,
computer processing power, skilled personnel and predictive models to crunch enormous amounts of

data (Djafri et al., 2018; Gupta, 2018).
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Current applications of Al in the retail value chain

Jobs to be done area |Objective Design Sourcing/ Manufacturing [Inventory management |Store operations and |Fulfilment Customer use and
of application Procurement and assembly and distribution Sales support
Customer To build customer trust Machine Deep learning Al-related C&SI Augmented
engagement through personalisation Learning Services Intelligence
Augmented Chatbot
Intelligence Computer Vision
Chatbot Deep learning
Computer Vision Edge Al
Deep learning Insight engines
Intelligent applications Machine Learning
Machine Learning Speech recognition
Virtual Assistant Virtual Assistant
Inventory Predict demand close to Intelligent Intelligent applications Chatbot Insight engines
Management supply by anticipating applications Machine Learning. Virtual Assistant Intelligent
customer needs and applications
achieving financial objectives Machine Learning
Operations Operating efficiently and Robotic process Al-related C&SI  |Deep learning Al-related C&SI Edge Al
optimisation effectively by minimising cost automation Services Edge Al Services
and maximising operational software Deep learning Robotic process Computer Vision
capabilities Intelligent automation software Edge Al
applications. Intelligent applications

Machine Learning
Robotic process
automation software
Virtual Assistant

Knowledge and
insight management

Ability to provide insights by
managing, sharing, using,
creating and processing
information

Deep learning
Insight engines

Deep learning
Insight engines

Insight engines

Deep learning
Edge Al

GPU Accelerators
Insight engines

Al-related C&SI
Services

Insight engines
Intelligent
applications
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The analysis, processing and interpretation of data is a time-consuming activity in the retail value
chain; thus, more sophisticated Al technologies can be utilised to reduce the shortcomings of human
efforts (Chen et al., 2016; Gupta, 2018; Sivarajah et al., 2017). Furthermore, insight engines can
anticipate future customer product needs and assist retailers in optimal sourcing assortments for their
customers. Therefore, gaining knowledge and insights from value chain data should be a key motivator
to implement Al technologies in the retail value chain. However, siloed legacy IT systems should be
replaced with robust and scalable technology (Wirth, 2018). Therefore, the current linear approach to
the retail value chain is not conducive to advanced knowledge and insight management of Al

technologies.

3.5.3.2 Inventory management

Retailers have two main inventory management objectives: first, to buy products to fulfil customers’
requirements, and second, to plan the inventory flow to maximise profit for their company (Fairhurst
and Fiorito, 1990). As retailers always try to match supply to demand, they continually revise their
sales forecasts to anticipate demand throughout the value chain (Goworek, 2014). To achieve the
required forecasting capabilities, they need particular sources of knowledge and insight. Al
technologies can assist in the process of balancing demand and supply over large assortments to meet
the customers’ needs and the company’s financial objectives. Current Al applications in this category
can drive lower inventory levels, anticipate future demands and create localised assortments leading
to reduced working capital for retailers (Chao et al., 2019; Chuprina, 2019; Marr, 2018). These Al
solutions include chatbots, insight engines, intelligent applications, machine learning and virtual

assistants.

Al can furthermore assist retailers in streamlining inventory management by predicting demand,
keeping popular items stocked on shelves, and using clustering technologies to anticipate future
customer requirements. Machine learning, deep learning and intelligent applications could match
supply to demand by using multiple data sources and adjusting demand accordingly (Bughin et al.,
2017). Predictive inventory management could drive improvements in forecast accuracy and optimise
the inventory throughout the retail value chain, leading to increased profits and cost-saving for the
retailer (Petropoulos et al., 2018). The eCommerce retailer, Otto Group, has, for example, reduced
their out-of-stock rate by 80% by using predictive machine learning applications, which also boosted

revenue, increased margins and assisted in responding to market shifts (Trotter, 2018).
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3.5.3.3 Operations optimisation

Al applications assisting with operations optimisation are designed to improve operations efficiently
and effectively by minimising cost and maximising operational capabilities (Li et al., 2017). However,
inefficient operations slow down the movement of products through the value chain, moving the
customer further away from a successful purchase (Rieple and Singh, 2010). Al applications for this
purpose include Al-related C&SI services, computer vision, deep learning, Edge Al, intelligent
applications, machine learning robotic, process automation and virtual assistants, which all shorten

the value chain by improving production speed and managing inventory flow to the customer.

Various authors agree that streamlining operational processes creates efficiencies throughout the
retail value chain (Bughin et al., 2017; Li et al., 2017; Marr, 2019; Daugherty and Wilson, 2018). For
example, JD.com, one of China's largest retailers, has introduced Al to drive efficiencies in their
operations (Marr, 2019). The introduction of the Al applications allowed the retailer to deliver 92% of
their orders on the same or the next day (Trotter, 2018). In addition, Nike implemented augmented
intelligence to design customised shoes for its customers, and the end-to-end process only takes two
weeks from design to customer delivery (Chao et al., 2019). Thus, optimising operations can offer
unexpected benefits by increasing operational efficiency, increasing agility and speed across the retail
value chain. These improvements should be the driving force behind implementing Al in retail

operations.

3.5.3.4 Customer engagement

The value of using Al in customer-facing activities is well documented. Xu et al. (2020) recently defined
Al in the context of customer service as “a technology-enabled system for evaluating real-time service
scenarios using data collected from digital and/or physical sources to provide personalised
recommendations, alternatives, and solutions to customers’ enquiries or problems” (Xu et al., 2020,
p. 189). To create a customer-centric value chain, retailers need to exceed customer expectations to
survive in a competitive market. Furthermore, to deliver seamless shopping experiences across all
channels, retailers need to build connections with their customers (Araujo, 2019). Therefore, Al
technologies for customer engagement in the retail value chain predominantly focus on the customer
journey, enabling customer engagement, enhanced customer service, and sales support functions
(Kaplan and Haenlein, 2019). As per Table 3.3, most retailers currently focus on Al applications to
facilitate customer engagement. Retailers are utilising Al applications to connect with and build
relationships with customers by personalising their product recommendations and purchases, helping
them find their way around the store, and answering product-related questions in real-time using apps

(Morgan, 2019; Standish & Ganapathy, 2020; Weber & Schiitte, 2019). A typical example of such
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personalisation is chatbots to reduce customer service costs and speed up customer response time to

queries (Reddy, 2017).

Current Al technologies that assist retailers in engaging with customers across the retail value chain
(and not only in the final stages of the value chain) include speech recognition, robotic process
automation, Al-related C&SI services, augmented intelligence, chatbots, computer vision deep
learning, Edge Al, insight engines, intelligent applications, machine learning, speech recognition and
virtual assistants. At retailer Sephora, for example, in-store employees are equipped with handheld
devices to scan a customer's face, creating a personalised cosmetic shade to match the customer’s
complexion. The shade matching creates a unique code enabling the customer to personalise
purchases across all channels (Milnes, 2016). Likewise, the North Face, a retailer of technical
outerwear, utilizes augmented intelligence to help consumers find clothing and apparel suited to
specific weather conditions (Trotter, 2018). These customer engagements Al applications build
customer loyalty through personalisation, moving away from purely transactional towards a

customer-centric approach.

3.6 THE AI-ENABLED RETAIL VALUE CHAIN FRAMEWORK
In the previous section, we used the jobs-to-be-done approach (Christensen et al.,, 2016) to
understand better how Al can be successfully applied to the retail value chain. We conceptually

I”

proposed four Al technology dimensions, which fulfil most of the roles in the “traditional” retail value
chain. The majority of current Al applications are narrow (Marr, 2017) and implemented in some
offerings and processes (Ransbotham et al., 2017). However, we suggest that various Al applications,
such as machine learning, intelligent applications, Edge Al and deep learning, can undertake multiple
tasks across the retail value chain. Retail managers would therefore get the greatest return on

investment in investing in these Al technologies.

When applied more generally to the retail value chain, the four dimensions identified in section 3.5
can be represented as an improved value chain (Figure 3.2) that stands in contrast to the silo mentality
and linear process proposed in many traditional retail value chains (see Figure 2.3). The process within

the Al-enabled retail value chain framework is iterative and agile, enabling real-time data flows.
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Figure 3.2: The Al-enabled retail value chain

The dimensions in the Al-enabled retail value chain framework are not mutually exclusive. Its objective
is to generate knowledge and insights supporting all value chain activities. As the backbone of any Al
implementation, knowledge and insight management provides insights throughout the value chain by
managing, sharing, using, creating and processing information. The appropriate use of Al technologies
provides responsive R&D, dynamic price recommendations, and extensive transactional data
processing. In addition, Al applications can anticipate future product and customer needs by collecting

and analysing data across various data sources.

Al-enabled customer engagement retail activities include a myriad of functions geared toward
Optimising customer interactions and building customer relationships. For example, these functions
include supporting customers to navigate the store, answering questions and creating personalised
product recommendations. As a result, retailers investing in customer-facing Al technologies create a
unique competitive advantage in the market. In addition, technological innovations such as Al help
new entrants seamlessly move through the value chain stages in the design, manufacture,
commercialization, distribution and support of products - enabling them to connect with their

customers.

In inventory management, Al can assist retailers in matching supply and demand by using multiple
data sources and adjusting demand accordingly through the implementation of machine learning,
deep learning, and other Al intelligent applications. Predictive inventory management could improve

forecasting accuracy and optimise inventory throughout the retail value chain, leading to increased
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profits and cost-saving for the retailer. Retailers that want to benefit from this category of Al
applications must identify employees’ capability to work alongside intelligent applications (Black and

Van Esch, 2020).

Optimising operational efficiencies by streamlining processes with Al applications can remove silos
throughout the value chain. Major manufacturers and retailers are already using Al-based

technologies throughout their distribution centres to streamline operations (Grewal et al., 2017).

3.7 CONCLUSION AND MANAGERIAL IMPLICATIONS

Research asserts that the traditional retail value chain is experiencing a metamorphosis, yet, literature
offering managerial guidance on responding to these changes is limited (Araujo, 2019; van Esch et al.,
2019). With added pressure to remain competitive, many retailers have started to embrace various
digital technologies to engage with their customers (Grewal et al., 2017). Many are utilising Al
applications to establish this connection (Morgan, 2019). To bridge this gap, the application of current
Al technologies to the retail value chain was reviewed, and four dimensions of Al applications were
conceptualised. Al can best be employed in the retail value chain by serving one of the following
purposes: knowledge and insight management, inventory management, operations optimisation and
customer engagement. These four categories of Al technologies in the value chain enabled us to

propose a revised Al-enabled retail value chain.

Although extant literature suggests that most Al applications over the next decade will remain narrow
or applied (De Bruyn et al., 2020, p. 92; Yao et al., 2019, p. 19), we propose that these narrow
applications of Al can be extended to multiple functions in the retail value chain. Therefore, retailers
should invest in classes of Al technologies (e.g. deep learning capability) and not just specific
applications, thereby ensuring that these technologies be used for multiple functions across the value
chain. In addition, this framework provides retailers with a list of priorities for investing in Al: Start
with knowledge and insight management at the foundation. Using this framework, single Al
applications can be applied to multiple tasks. Therefore, the framework (in combination with Tables

3.3) provides retailers with insight into how to best leverage current Al investments.

Retail managers need to focus on scaling Al technologies to reap the full long-term benefits across the
value chain. Broadening their horizons, retailer management should move away from a narrow focus
on technology investments for distribution channels and customer-facing technologies only
(Olanrewaju and Willmott, 2013). The suggested conceptual framework can help retailers transform
their value chains to compete and thrive in the changing retail landscape for increased and sustained

competitive advantage.
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3.8 FUTURE RESEARCH

Future research could further build on the four identified value-adding dimensions that Al solutions
can play in the retailers’ value chain. Future research could explore how these different Al dimensions
contribute to organisations’ competitive advantage in different product-market contexts.
Furthermore, as many global industries gear up for the widespread adoption of Al technologies,
demand and competition will grow for scarce skilled employees who can implement, manage and
work alongside the new technology (Butler-Adam, 2018; van Esch et al., 2019). Therefore, it will be
crucial for organisations to have a skilled workforce to support the implementation of Al, and there
will be an even higher demand for skilled professionals (Van Esch and Black, 2019). While companies
face external competition in finding skilled employees, low skilled workers could find it challenging to
compete with machines and struggle to be employable in the future (Frey and Osborne, 2017).
Therefore, future research can focus on the skills and competencies necessary for the organisation to

implement the Al-enabled retail value chain.

An Al-enabled retail value chain relies heavily on skilled employees who supply high-quality data at
each touch pointin the value chain. If the data is less than optimal, this may create vulnerabilities and
areas of risk, as organisations may unintentionally create biases with accompanying adverse outcomes
through the data provided for intelligent automation. Future research could assess how organisations
can address these vulnerabilities and avoid potential biases. Finally, scaling Al applications across the
retail value chain will require the right platforms to be in place, data to be available, and employees
to support the initiatives in the long term. Future research should examine the technological and
organisational platforms necessary for successfully implementing an Al-enabled value chain. As the
technology, most likely to reshape the retail landscape, retailers that embrace Al are poised to

enhance every link in their value chain.

3.9 CONCLUSION: ARTICLE ONE

This article illustrated that some Al technologies can serve multiple purposes across the retail value
chain and found that retailers are applying Al technologies across the different value chain stages.
Article one argues that Al can be best employed in the retail value chain by serving one of the following
purposes: knowledge and insight management, inventory management, operations optimisation, and

customer engagement.

Article one suggested that the retail value chain needs to be updated within the improved Al-enabled
retail value chain framework. An Al-enabled retail value chain moves away from a linear and siloed
approach to the value chain to a real-time iterative approach. The Al-retail value chain framework is

iterative and agile, enabling real-time data flows, in contrast to the traditional silo-mentality and linear
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view of the traditional value chain. Using this framework, retailers can prioritise their investment in Al
or diversify their current application of Al across the value chain. The article-specific references are
available in Appendix J. The following chapter investigates research question two — What are retailers

using Al technologies for in the retail value chain?
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Chapter 4: WHAT ARE RETAILERS USING Al TECHNOLOGIES FOR IN THE
RETAIL VALUE CHAIN

4.1 CHAPTER INTRODUCTION

The previous chapter illustrated that Al technologies could serve multiple purposes throughout the
retail value chain. However, most retail implementations are experimental and deployed to siloed
business processes (Ganapathy et al., 2020). One reason is that retailers are hesitant to scale
investments into Al, citing a lack of understanding of which tasks Al could perform in the retail value
chain (Ganapathy et al., 2020; Himmelreich, 2020; Olanrewaju & Willmott, 2013). To address this
concern, article two was developed to understand what retailers are using Al technologies for in the

retail value chain by reviewing retailers current application of the technology.

How is Al transforming the retail value chain?

l |

play in the retail value
chain?

using Al technologies
for in the retail value

outcomes can Al drive
in the retail value

Chapter 3: Chapter 4: Chapter 5: Chapter 6:
Article one Article two Article three Article four
RQ: What role does Al RQ: What are retail RQ: What business RQ: What are the

challenges retailers
experience when

integrating Al into the

P . h
chain? chain? value chain?

Staze one Stage two

Figure 4.1: Article layout and the research questions

Article two attempts to understand research question two, what retailers are using Al technologies
for in the retail value chain. Guided by the Leavitt Diamond Model, focusing on the dimension of the
task of the model (Leavitt & Bahrami, 1989), we identify the tasks Al performs across all the retail
value chain stages. First, we show the various Al technologies used to automate tasks across the retail
value chain. Second, this is followed by a detailed discussion of how Al can be used to manage, operate
and complete specific tasks in the retail value chain. The following section covers article two, Artificial

Intelligence in Retail: Simplifying tasks by using Al in the retail value chain.
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4.2 ARTICLE TWO: ARTIFICIAL INTELLIGENCE IN RETAIL: SIMPLIFYING TASKS BY USING Al IN THE
VALUE CHAIN

4.3 INTRODUCTION

Artificial Intelligence (Al) is an important technology to transform retail (Guha et al., 2021, p. 28;
Kietzmann et al., 2018, p. 265; Shankar, 2018, p. 6). As such, many retailers are excited about the
possibilities of the technology (Guha et al., 2021, p. 28). Al offers retailers the ability to transform their
operations by enhancing the in-store shopping experience (Ameen et al., 2021; Chen et al., 2021; Jain
& Gandhi, 2021; Tupikovskaja-Omovie & Tyler, 2020), aiding shopping decisions for customers
(Chopra, 2019; Pizzi et al., 2021; van Esch et al., 2021), improving supply chain efficiency (Shankar,
2018; Weber & Schiitte, 2019), and automation of tasks across the retail value chain (Oosthuizen et
al., 2020). Al is set to transform both the retail experience and the retailer operating model, and
expectations for the commercial application of Al in business, particularly in retailing, are significant
(Ransbotham et al., 2017, p. 1). In the retail value chain, Al can be used to automate tasks to reduce
complexities and manual effort, moving retailers away from the traditional way of doing business
(Oosthuizen et al., 2020, p. 2). When retailers adopt Al to automate tasks across the retail value chain,
it could unlock unprecedented value, transforming their businesses and optimising day-to-day

operations (Balchandani et al., 2020; Standish & Ganapathy, 2020; Weber & Schiitte, 2019).

A survey by Gartner 2019 estimates that 30 % of businesses are using some form of Al technologies
(Hare & Andrews, 2019, p. 3). However, less than half of Al proof of concepts gets integrated and
scaled into business (Davis, 2020, p. 3; Fountaine et al., 2019, p. 4). Similarly, in retail, Al adoption
rates remain low (Dogru & Keskin, 2020, p. 69). Most retail implementations are experimental and
deployed to siloed business processes (Ganapathy et al., 2020). One reason is that retailers are
hesitant to scale investments into Al, citing a lack of understanding of which tasks Al could perform in
the retail value chain (Ganapathy et al., 2020; Himmelreich, 2020; Olanrewaju & Willmott, 2013).
While there are existing analytical tools for managers to gauge Al's influence on retail and other
industries (J. Paschen et al., 2019), navigating the Al landscape can be complicated for any retailer.
Therefore, retailers willing to invest in Al need to understand the best tasks Al could automate in their
value chain. To address this concern, this article aims to understand what retailers are using Al
technologies for in the retail value chain by reviewing retailers current application of the technology.
Therefore this article's research question is: What are retailers using Al technologies for in the retail

value chain?

To review the different tasks Al can perform across the value chain, we propose using Leavitt’s

Diamond Model. Leavitt (1965) suggested that everything in an organisation is connected, and no
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change can occur in isolation. When implementing Al to perform and automate tasks across the retail
value chain, the technology can assist retailers in becoming more efficient and effective. However,
when manual tasks are replaced with Al, it has a necessary knock-on effect on the people and structure
involved, creating business implications for retail managers. Therefore, implementing Al requires
retail leaders to think differently about how the day-to-day activities should be performed, requiring

organisational change.

This article provides an important contribution to the emerging literature on Al and its application in
retail. Guided by the Leavitt Diamond Model, focusing on the dimension of the task of the model
(Leavitt & Bahrami, 1989), we identify the tasks Al can perform across the retail value chain. Current
research focuses on specific applications of Al in retail (Ameen et al., 2021; Pillai et al., 2020; Pizzi et
al., 2021; van Esch et al., 2021) and limited empirical literature to the author's knowledge have
suggested and outlined the different tasks Al can perform across the whole retail value chain. This
comprehensive view of the role of Al across the value chain will increase the ROI of the technology as
it extends its use beyond isolated siloed use cases. One of the main reasons current Al applications fail
is their narrow applications to business processes (Davenport & Ronanki, 2018; Standish & Ganapathy,

2020).

As a starting point, we provide an overview of the Leavitt Diamond Model (Leavitt & Bahrami, 1989)
and its importance within any organisation. Thereafter the application of Al in the retail value chain is
discussed by first defining Al and then mapping out the various Al technologies (based on Gartner's
Hype cycle (Sicular et al., 2019) to each Al application. This is followed by classifying each application
into the relevant value chain stage. Finally, the tasks Al performs in the retail value chain are discussed

in detail, followed by how retailers work with the technology.

4.4 LITERATURE REVIEW

4.4.1 The Leavitt Diamond Model

Organisations are complex systems in which four interacting variables loom: task, structural,
technological, and human (Leavitt, 1965, p. 1144). In 1965, Harold J Leavitt designed a model to
manage change in an organisation. The model indicated that organisations are complex structures of
interrelated systems designed for a particular purpose (Boella & van der Torre, 2006; Leavitt, 1965)and
subsequently developed the Leavitt Diamond Model. In the model, the arrows represent a direct and
robust relationship between tasks, technology, structure, and people (Paghaleh et al., 2011) (see

Section 2.4, in particular, Figure 2.5).
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Describing such, Leavitt (1965) noted that when organisations change any task, technology, structure
or people variable, it sometimes results in compensatory changes in one or more of the other
variables. Thus, changing the task variable in an organisation directly impacts people, structure, and
technology in the organisation. When the interdependencies are not managed at critical times during
the change process, problems can occur within the organisation (Leavitt & Bahrami, 1989; Paghaleh

et al., 2011; Smith et al., 1992).

In the Leavitt Diamond Model, the task variable can be defined as the activities performed inside the
organisation, including many subtasks that exist within an organisation such as manufacturing of
products, selling goods and services, procurement of supplies and finance of operations (Leavitt, 1965;
Leavitt & Bahrami, 1989). The purpose of a task within an organisation is to produce a specific output
within a particular time (Hartmann & Lussier, 2020). To perform tasks across an organisation,
technology, people, and structure are required to complete and manage the activities. For example,
in the retail value chain, tasks are the set of activities performed to design, produce, market, deliver
and support products within businesses (Hagel et al., 2016). The activities encompass all the processes

needed for retailers to deliver an end product (or service) to a customer (Reinartz et al., 2019, p. 352).

New technologies are challenging the traditional value chain. For example, omnichannel
environments generate more data (Lee, 2017, p. 593), adding complexities and manual workload to

current tasks in the retail value chain.

As technologies continue to advance exponentially, inefficiencies will drive complexities across the
value chain over time, burdening employees with low value-added work (Oosthuizen et al., 2020).
McKinsey (2018) study found that over half of all retail work activities could be automated by using Al
that exists today (Manyika & Bughin, 2018). It is estimated that by 2030, 30% of the current retail tasks
will be automated (Balchandani et al., 2020, p. 1), shifting some of the tasks from employees to Al,
impacting the retailer’s internal process, people, and structure. The following section discusses the

role of Al in the retail value chain.

4.4.2 Alin the retail value chain

4.4.2.1 Defining Al

We employ Poole and Mackworth (2017, p. 3) definition of Al as "computational agents that act
intelligently" by taking actions to find the best choices within the boundaries of its environment,
experiences and limitations. The definition differs from the hyped versions of Al displaying human-like
intelligence (U. Paschen et al., 2019, p. 148). The definition involves the learning and processing

capacity embedded in Al to enable interaction with humans, such as interpreting meaning, analysing
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records and helping solve business problems (Gupta et al., 2018, p. 78; U. Paschen et al., 2019, p. 148).
Al technologies have limitations as the technology can only take actions based on its availability of
data and the output goal defined (Canhoto & Clear, 2019; J. Paschen et al., 2020). Nevertheless, Al
enables machines to perform tasks usually done by humans, such as generating outputs for feeds into
other business applications (J. Paschen et al., 2020) produce visualizations for decision analysis
(Hwang, 2019), performing tasks autonomously (de Bellis & Venkataramani Johar, 2020). Various Al

technologies are available to perform tasks, discussed in the next section.

4.4.2.2 Al enablers and types

Al is an umbrella term, and it encompasses various intelligent technologies in different stages of value
creation (Sicular et al., 2019, p. 3). The term Al is used to market different intelligent technologies
under the Al banner (Kaplan & Haenlein, 2019). The assembly of systems can all perform specific tasks
by interpreting and processing large volumes of data to complete a particular activity (Canhoto &
Clear, 2019, p. 4; Kaplan & Haenlein, 2019, p. 18-19). Most of the Al technologies available today for
business are classified as narrow Al, meaning the Al can only perform a specific goal or output. In the
next ten years, almost all Al technology to be integrated into business and society will be narrow Al
(De Bruyn et al., 2020, p. 92; Yao et al., 2019, p. 19). Figure 4.2 outlines the enablers, type of Al

technologies, and goals to understand the various Al technologies available and their actions.
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Adapted from (Chen et al., 2016; P. R. Daugherty & Wilson, 2018; Marshall & Lambert, 2018; U.
Paschen et al., 2019; Sicular et al., 2019)

Al systems utilised different types of input data, either structured (i.e., historical sales data, customer
data, or product information) or unstructured data (i.e., video, images, or text data) (U. Paschen et al.,
2019). The data requirements of the Al system are dependent on the output goal. For example, the
data required will be different for a forecasting model vs customer service response, where a
forecasting model requires historical sales data, and text data with specific keywords are required for

customer service responses.

Al encompasses many different technologies, with each technology responsible for performing a
specific task. For instance, a Chatbot can reply to customer messages by processing text data,
interpreting the keywords using a pattern matching approach, and then providing an output reply
(Rese et al., 2020, p. 3). After the learning process has been completed, the Al system generates an
output or action, depending on the goal (Campbell et al., 2020; Canhoto & Clear, 2019; Hwang, 2019;
Kaplan & Haenlein, 2019; Paschen et al., 2019). In addition, the system could perform tasks for further
action by humans (Canhoto & Clear, 2019), generate outputs for feeds into other business applications
(J. Paschen et al., 2020), produce visualizations for decision analysis (Hwang, 2019) or perform tasks
autonomously (de Bellis & Venkataramani Johar, 2020) to name a few. The following section discussed

Al opportunities in the retail value chain further.

4.4.2.3 Al’s application in the retail value chain

Al represents retailers with various opportunities to automate tasks in the retail value chain. Shankar
(2018, p. 7) argues that Al can be used in retail to influence customer-facing activities in shopping
behaviour, customer service, payment management and supply activities such as inventory

optimisation. To complete tasks in the retail value chain, Al can be used to:

i. digitising in-store experience through interactive mirrors (Alexander & Kent, 2021),
ii.  offering personalised services and product recommendations (Ameen et al., 2021, p. 113),
iii.  enhancing the customer experience (Gauri et al., 2021, p. 42),
iv. providing insights into customer and sales data (Acharya et al., 2018, p. 95; Ameen et al., 2021,
p. 1; Gupta, 2018, p. 19), and

v.  collecting, curating and analysing data (Shankar, 2018).

Current research suggests that Al has the potential to:

i automate various activities such as the store check-out process without the need for any

employees (Pillai et al., 2020, p. 57),
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ii. providing 24-hour customer service (Roy et al., 2017, p. 257; Y. Xu et al., 2020, p. 2952),

iii. providing personalise services and product recommendations to customers (Tupikovskaja-
Omovie & Tyler, 2020, p. 388),

iv. assisting designers through analysing images and videos (Liang et al., 2020),

V. automatically forecasting customer demand (Weber & Schiitte, 2019, p. 264), and

vi. provide insights into data analysis (Acharya et al., 2018, p. 92; Ameen et al., 2021, p. 1; Gupta,
2018, p. 170).

Various authors agree that Al can perform and automate tasks in retail (Anica-Popa et al., 2021; Cao,
2021; Chopra, 2019; Gonzalez-Jimenez, 2018; Weber & Schiitte, 2019). Nevertheless, these studies
focus on single-use cases and not on the entire retail value chain; limited empirical literature has

suggested and outlined the different tasks Al can perform across the entire retail value chain.

Many retailers are experimenting with Al, yet some retailers are still hesitant to scale investment in
Al. Retailers are hesitant to scale investments into Al, citing a lack of understanding of which tasks Al
could perform in the retail value chain (Ganapathy et al., 2020; Himmelreich, 2020; Olanrewaju &
Willmott, 2013). However, when retailers adopt Al to automate tasks across the retail value chain, it
could unlock unprecedented value, transforming their businesses and optimising day-to-day
operations (Balchandani et al., 2020; Standish & Ganapathy, 2020; Weber & Schitte, 2019). To
understand what retailers use Al technologies for in the retail value chain, we reviewed retailers

currently using Al in their value chain. The research methods are discussed in more detail next.

4.5 RESEARCH METHODOLOGY

This article uses a qualitative content analysis approach to analyse the retail Al application database
to explore how Al can eventually diminish some tasks, expand others, and create new ones in the
value chain. The purpose of the approach was to “identify categories of meaning” (Cho & Lee, 2014,
p. 3) for the different tasks Al can perform across the retail value chain. A qualitative content analysis
approach was used to analyse data previously collected by the authors to address the research
guestion. Content analysis was deemed the most appropriate as it blends objectivity and participant
observation to identify themes in the data (Neuendorf, 2017, p. 10) and uses “descriptive knowledge
and understanding” (Assarroudi et al., 2018, p. 42) to identify the tasks Al performs. The retail Al
application database reviewed 117 retailers currently using Al in their value chain (see Section 1.5.2).

The data analysis process will be discussed in more detail.
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4.5.1 Data analysis

First, to assess the tasks Al-enabled solutions perform across the various retail value chain activities,
we reviewed the type of Al technology used, followed by what the Al is used for in the value chain. To
review the Al technologies used in retailing, we utilised the Gartner hype cycle for an artificial
intelligence report that provides trends and innovations in the Al sector (Sicular et al., 2019). We
focused on Al technologies currently in use. These include augmented intelligence, chatbots,
computer vision, deep learning, edge Al, insight engines, intelligent application, machine learning,
robotic process automation software, smart robots and virtual assistants (Sicular et al., 2019). For
instance, a visual search tool allows customers to upload their photos and provide similar items coded

to Computer vision. Table 4.1 shows the different Al types coded in the Al in a retail dataset.

Table 4.1: Different Al types applied by retailer coded

Al technology Number of retailers
Augmented Intelligence 11
Chatbot 7
Computer Vision 11
Deep learning 7
Edge Al 15
Insight engines 15
Intelligent applications 15
Machine Learning 15
Robotic process automation software 5
Smart robots 5
Virtual Assistant 11
Total 117

Second, to establish the tasks Al performs in the value chain, we analysed each retail use case and
classified it into its activity. A task is the activities performed inside the organisation, including many
subtasks that exist within an organisation such as manufacturing of products, selling goods and
services, procurement of supplies and finance of operations (Leavitt, 1965). The Al use cases were
coded to specific tasks to understand the various activities. For instance, H&M, a fast-fashion retailer,
uses Al technology to predict precise demand to ensure the correct quantities are produced. This use
case was coded to task optimising inventory. Table 4.2 outlines the coded Al tasks in the retail value

chain.
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Retail value chain stage Coded Task Number of retailers % Frequency
Customer use and support Customer service 6 5.13%
Virtually try products 5 4.27%
Virtual stylist 4 3.42%
Customised product suggestion 3 2.56%
Finding similar items 3 2.56%
Build personalised relationships 2 1.71%
Product features demonstration 2 1.71%
Personalised product recommendation 2 1.71%
Virtual try-on 2 1.71%
Customer data collection 2 1.71%
Interactive dressing room 2 1.71%
Automatic checkout 2 1.71%
Track orders 1 0.85%
Share relevant information 1 0.85%
Checking stock availability 1 0.85%
Contactless pick up service 1 0.85%
Optimise inventory 1 0.85%
Automated checkout 1 0.85%
Total: Customer use and support 40 34.19%
Store operations and Sales Optimise inventory 4 3.42%
Automate marketing campaigns 3 2.56%
Build personalised relationships 3 2.56%
Customised product design 3 2.56%
Fraud detection 2 1.71%
Price management 2 1.71%
Matching customers to deals and offers 2 1.71%
Customer service 2 1.71%
Virtually try products 2 1.71%
Automated checkout 2 1.71%
Price checks vs competitor 1 0.85%
Automated workforce scheduling 1 0.85%
Dynamic price management 1 0.85%
Combating counterfeits 1 0.85%
Personalised product recommendation 1 0.85%
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Customer data collection 1 0.85%
Automated task management 1 0.85%
Interactive dressing room 1 0.85%
Collecting customer data 1 0.85%
Foot traffic monitoring 1 0.85%
Total: Store operations and Sales 35 29.91%
Inventory management and Optimise inventory 3 2.56%
distribution
Automated warehouse management 3 2.56%
Predicting customer demand 2 1.71%
Inventory visibility 2 1.71%
Order fulfilment and scheduling deliveries 2 1.71%
Automated workforce scheduling 1 0.85%
Automatic master data creation 1 0.85%
Price management 1 0.85%
Moving and packing products for transportation 1 0.85%
Automated returns transfers 1 0.85%
Total: Inventory management and distribution 17 14.53%
Sourcing/Procurement Customised assortments by location 3 2.56%
Predicting customer product needs 2 1.71%
Inventory visibility and optimisation 2 0.85%
Order processing, capturing and placement 1 0.85%
Integrating planning process 1 0.85%
Predicting customer demand 1 0.85%
Total: Sourcing/Procurement 10 8.55%
Manufacturing Automatic garment sewing 2 1.71%
Managing quality 2 1.71%
Managing assembly 2 1.71%
Total: Manufacturing 6 5.13%
Fulfilment Order fulfilment 4 3.42%
Optimise inventory 1 0.85%
Total: Fulfilment 5 4.27%
Design New product design 2 1.71%
Product curation and discovery 1 0.85%
Customised product design 1 0.85%
Total: Design 4 3.42%
Grand Total 117 100.00%
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Based on the coding of the Al tasks retail use cases (Table 4.2), most of the use cases are in the
customer use and support (34.19%) and store operations and support (29.91%) value chain stages.
The remaining use cases are inventory management and distribution (14.53%), sourcing and
procurement (8.55%), manufacturing (5.13%), fulfilment (4.27%), and design (3.42%) value chain
stages. Thus, various Al tasks (Table 4.2) can be applied to manage, operate, and complete specific
retail value chain tasks, changing how daily activities are performed. The following section discusses
the tasks identified above to understand the tasks Al could perform and possibly substitute people’s

current tasks.

4.6 DISCUSSION: THE TASKS RETAILERS ARE USING Al FOR IN THE RETAIL VALUE CHAIN

A retail value chain is a series of activities performed to deliver new products and services to
customers (Hagel et al., 2016, Porter, 1998). The retail value chain includes information and product
flow between design, manufacturer, suppliers, shipping agents, warehouses, shelves, consumers and
retailers to the point of consumption (Hlbner et al., 2018; Reinartz et al., 2019). The processes consist
of products and information flows across different organisational processes until the final product is
delivered to the customer. Figure 4.3 shows the various Al technologies used by retailers to perform

tasks across the value chain.
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Figure 4.3: What Al is used for in the retail value chain

By deploying Al in the retail value chain, retailers could automate and streamline specific retail value
chain tasks. The following section describes how and what retailers use Al for across the various retail

value chain stages.
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4.6.1 Design

Creating and designing new products is the starting point for any product development journey. The
design phase is when products are designed, developed and prototyped (Rieple & Singh, 2010).
Retailers and brands must continuously design and create new products that will hopefully create
customer excitement (Chao et al., 2019, p. 7). During the design phase, consideration for products are
based on a high-level financial budget, new trends, customer needs and historical data with the
ultimate goal of offering value to the customers the design is for (Grewal et al.,, 2017, p. 2).
Nevertheless, the design process can take months (Berg et al., 2018, p. 4), and multiple iterations for
products to come to fruition, slowing down the value chain. Al is transforming the design phase by
providing designers with recommendations of new products design, product discovery, prototypes
and customised designs. Al combines customer data, thousands of product images and runway video
analysis to complement the design process, making it easier for designers to select or develop new

products.

4.6.1.1 Al for designing new products

Tommy Hilfiger, an American lifestyle retailer, teamed up with IBM and the Fashion Institute of
technology to show how Al capabilities can give retailers the edge when designing new products. The
developed platform uses Al deep learning capabilities to analyse, process and learn from fifteen
thousand stored product images, sixty thousand runway images and one hundred thousand patterns
from fabric sites (Arthur, 2018). The processed data recommends new product designs based on
colours, silhouettes and prints, assisting design by streamlining new product development and

reducing time.

4.6.1.2 Al for custom personalised designs

Another design use case of Al during the design phase is to personalise customer products at mass by
interacting directly with customers getting their feedback regarding product design choices. For
example, lkea, a big-box furniture retailer, uses insight engines to send surveys to customers to

understand how and which products to develop in the future (lkea, 2020).

4.6.1.3 Al using customer data to design new products
StichFix, an online styling service, uses Al insight engines to create new product collections from
customer data and opinions (Lake, 2018). Al extends human ability through the design stage by

processing, learning and recommending new designs, simplifying the design process.
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In summary, Al can guide and support the creative design process by analysing large product
information databases and generating suggestions for new designs helping designers find new design

options quickly.

4.6.2 Sourcing and procurement

The sourcing and procurement process is purchasing and building inventory that will satisfy customer
demand at a given time yet meet the retailer's financial objectives (Rieple & Singh, 2010, p. 2293). The
primary goal of sourcing and procuring products is to offer customers a balanced and targeted
assortment by selecting, negotiating, and liaising with suppliers. The process requires analysing and
considering multiple data sources, including historical information, market trends, industry trends,
supplier information, quantities needed, financial objectives and future demand requirements. The
demand decisions should be based on the anticipated customer demand. Anticipating what products
and when customers want them can be challenging for any retailer. Al applications modernise
activities in the planning process by utilising customer information to develop product plans and

creating clusters to recommend localized assortments (Spicer, 2020).

4.6.2.1 Al for product assortment recommendations

Intermarché, a French grocery retailer, uses Al to process customer and store data to suggest product
assortments to customise each location (Standish & Ganapathy, 2020), boosting the planning activity
productivity. Myer, an Australian department store, uses an intelligent application with machine
learning to analyse current trends to anticipate future customer demand by suggesting relevant

localized assortments transforming the planning process (Ambrogio, 2019).

4.6.2.2 Al for ensuring correct quantities is produced
H&M, a fast-fashion retailer, uses Al technology to help make an informed decision about raw
materials used in the production process. The system predicts precise demand to ensure the correct

guantities are produced, reducing waste and making the retailer more sustainable (Cosgrove, 2020).

4.6.2.3 Al for predicting customer requirements

Avenue stores, an apparel retailer, integrate all data across multiple customer touchpoints, including
store and market trends, to learn customers' future product requirements. As a result, they predict
demand when they require it, helping the retailer improve its product sourcing process (Chao et al.,

2019).

In summary, Al technologies enrich the sourcing and procurement process by predicting customer

product requirements by processing large data volumes using predictive analysis and recommending
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buying products. In addition, the technology provides a 360-degree view of the customer and

anticipates future customer product needs and expectations across channels.

4.6.3 Manufacturing and assembly

The manufacturing process involves cutting, sewing, packing and preparing raw materials to complete
finished goods for retailers. Today, the process still involves many human workers to stitch, quality
check and assemble products, slowing the manufacturing process down. To avoid downtime,
manufacturers need to understand their equipment's performance in factories to reduce downtime
and increase efficiency. Al for manufacturing is expected to reach US$3.7 trillion by 2035 (Schaeffer et

al., 2018, p. 5), and there are multiple activities that Al can transform.

4.6.3.1 Al for quality management

Products are checked for quality during the assembly to meet retailers' expectations, yet relying on
humans to compare quality can be risky and costly for manufacturers. Al applications can assist by
managing the quality process during assembly by inspecting fabric and colour quality. A sweater
factory Cognex Corp uses computer vision to automatically examine fabric weaving, knitting and

printing during the manufacturing process to flag any quality issues (Bharadwaj, 2019).

4.6.3.2 Al for sewing garments

Smart robots are also helping shorten the assembly process by automatically sewing garments based
on designs and different patterns. For example, another sweater factory Mohammedi Group uses Al-
enabled sewing machines to knit sweaters, producing clothing faster than human hands (Emont,

2018).

4.6.3.3 Al for predictive maintenance
Further to the assembly of products, Al can provide predictive maintenance into equipment by
processing large volumes of data (audio and visual) to identify abnormalities during the production

process preventing breakdowns (Schaeffer et al., 2018).

In summary, Al technologies streamline the manufacturing process by making it safer, more efficient

and helping track products throughout the production process.

4.6.4 Inventory management and distribution

The inventory management process refers to forecasting, ordering, storing and distributing inventory
across the retailer's network. The process requires constant monitoring and adjusting to ensure the
correct items are available for customers to purchase when they need them. However, end to end

inventory management is complicated, creating many retailers' challenges. Inventory management
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spans the entire product lifecycle and value chain. Nevertheless, retailers still rely on old, disconnected
legacy systems to monitor their inventory movements, leading to poor management decisions. Al is
helping retailers manage processes in the back office and distribution centres. Within the inventory
management and distribution stage, Al assists retailers in improving forecasting, optimising

distribution centres and generating inventory insights.

4.6.4.1 Al for planning and Optimising ranges

Retailers are using Al to help generate recommendations on assortments and which locations they
would best be suited for, allowing the retailers to buy better and reduce wastage through the value
chain. Morrisons, a grocery retailer, uses an Al intelligent demand forecasting and replenishment
solution to predict customer demand accurately. The solution reduced manual replenishment efforts

by ordering the correct stock level and reducing product waste (Robinson, 2018).

4.6.4.2 Al for processing and learning from data

The Al applications at Co-op, a grocery retailer, assist with operations and create insights for managing
inventory in near real-time by processing and analysing multiple data points. H&M, a clothing retailer,
uses big data and Al to analyse returns, receipts and loyalty card data to create localized ranges for
each store (Marr, 2018). The Al insights help the retailer invest in the correct products and remove

unwanted items, improving customer preferences.

4.6.4.3 Al for receiving, storing, monitoring, and scheduling deliveries

Al systems are improving safety in retail distribution centres by managing inventory movements. For
example, gap, an apparel retailer uses Al material handling systems in their distribution centres to
receive, sort, and pick customer orders (Vargo, 2020), helping the retailer scale to fulfil capabilities to
unexpected changes in the value chain. RPA technology is also helping remove inefficiencies by
automating repetitive tasks. For example, Waitrose, a grocery retailer, uses robotic process
automation (RPA) to schedule deliveries to each store from their distribution centre, whilst John Lewis,
a department store, uses the technology to transfer returned items from store to distribution centre

(Blueprism, 2019).

4.6.4.4 Al for master data creation

Master data is the foundation for all future product analyses in retail. Therefore, accurate master data
creation is essential for any retailer and aids with data governance. For example, the online, second-
hand retailer, ThredUp needs to manage millions of different items for resale. To streamline the
product listing process, they turned to Al to manage their listing process. The Al generates listing

information by scanning close to 100 million unique items and visually tagging each product, assigning
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resale value and creating a unique code for each item (de Leon, 2019). Generally, creating product
listing records would require multiple employees to load the information, now automated and

managed by Al, helping speed the loading process.

In summary, the area where Al can benefit the retail value chain most is the inventory management
and distribution process by removing inefficiencies and improving forecasting accuracy, reducing

unnecessary costs, increasing margin and removing waste through the retail value chain.

4.6.5 Store operations and sales
The store operations and sales phase are the first stages where the customer interacts directly with
the retailer. To ensure stores' optimum operations, retailers need to keep shelves stocked, understand

the customer needs, and deliver a unique customer experience.

4.6.5.1 Al to enhance the shopping experience

Al technologies let retailers create unique experiences for their customers by seamlessly integrating
digital and physical experiences. Burberry, a luxury retailer, has transformed its in-store and online
shopping experience with Al technologies. Using big data and Al to enhance sales and customer
relationships by engaging with 51 million social media followers globally, across 13 unique platforms,
24 accounts, and 11 languages. Burberry goes one step further by offering personalised luxury services
through product recommendations tailored to customer preferences, using the data to ensure
dynamic online customer engagement by personalising homepages (Roy, 2019). In addition, Burberry
bridges the gap between online and in-store, allowing customer flexibility over payment and delivery

options and letting customers switch seamlessly between physical and digital.

4.6.5.2 Al for personalised product recommendations

Sephora, a cosmetics retail store associate, can use a handheld device to scan a customer's face. The
device captures a person's exact skin tone and creates a "shade library". Each customer's library is
unique and can be used for future purchases. Ebag, an online retailer, allows customers to place a
virtual product in real-life environments to help shoppers gauge the size and scale before purchasing.
The Al-driven marketing platform assists RealReal, an online retailer, create real-time personalised
messaging for customers abandoning their products at check out. The platform generates a
personalised informational message about the product or similar products. The recommendations
helped the retailer focus on advertising spending and boost sales by increasing conversion rates by

58%.
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4.6.5.3 Al for automated payments

Retailers recognizing customers' desire for convenience and limited contact have started embracing
Al (Grewal et al., 2020, p. 97). Al technologies create a convenient environment for customers to
purchase items without standing in long queues. Sobeys, a grocery retailer, uses Al-powered smart
shopping carts to allow customers to skip checkout lines. The shopping carts armed with deep learning
and computer vision Al identifies items added to the trolley, automatically creating a digital cart for

seamless payment.

4.6.5.4 Al for keeping shelves stocked in store

To assist sales associates in large stores to keep shelves stocked and price tags updated, some retailers
use bots armed with computer vision to roam isles. For example, Walmart and Lowes use shelve
scanning robots in some stores to ensure shelves are fully stocked and to update price tags. When the
robots are roaming the isles and notice an empty shelf or wrong price, it will send a notification to

store associates to address (Heater, 2019).

4.6.5.5 Al for fraud and counterfeit detection
Walmart uses computer vision technology to scan more than a thousand stores to monitor self-
checkout kiosks to ensure all items are scanned and paid for, deterring potential theft during the

checkout process (Grill-Goodman, 2019).

4.6.5.6 Al for price monitoring and promoting

Lovethesales.com, an online market price, uses AL to suggest the price of over one million items. As a
result, it is helping the marketplace promote over one million products at incredible speeds. A task
that would have taken a team of staff over four years to complete only took the machine learning

system eight hours (Hardaker, 2017).

4.6.5.7 Al for customer service
Lowe's, a home improvement retailer, uses a chatbot called LoweBot to help customers find products
in-store by providing customers with a map of the products they want to purchase. The bot can

understand and answer questions in multiple languages (Lowe's, 2020.).

In summary, there are many Al applications to enable the store operations and sales value chain stage.
Al technologies facilitate improved operations, customer engagement and inventory management
during the sales process. The technologies can serve as an essential touchpoint for customers and

support frontline employees (Grewal et al., 2020).
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4.6.6 Fulfilment

The fulfilment process in the value chain refers to preparing, picking and delivering customer's orders.
Optimal management of the fulfilment process leads to customer satisfaction. However, fulfilling
items to ensure quick processing and delivery of customer orders to delight customers can be

overwhelming for retailers. Al technologies are helping streamline the last mile process.

4.6.6.1 Al for order collection
JD.com is using Al to verify customers at delivery. Once customers are verified using facial recognition,

automated delivery agents hand over their packages at their doorsteps (Marr, 2019, location. 1677).

4.6.6.2 Al for packing orders

ThredUp, an online retailer, uses machine learning to improve order fulfilment and packing process.
The Al algorithm helps stylists fulfil orders by remembering each customer preference by creating a
second-hand clothing product list tailored to each customer's style (de Leon, 2019). Ocado uses Al
robotics to steer thousands of bins filled with products to pick stations for human packers to pack. The
robots connected to a central system are used to lift, move and sort items 24 hours a day, speeding

up the fulfilment process (Vincent, 2018).

In summary, the technology embedded with edge Al can steer products on conveyor belts to make it
easy for human packers to fill shopping bags. Other Al technologies enable customers to collect orders

without the interaction of a sales associate.

4.6.7 Customer use and support
One of the broadest use cases of Al applications in the value chain is the customer use and support
stage. Retailers would not exist without customers buying their products and services. It is no surprise

that most Al applications available today assist and support customers in the retail value chain.

4.6.7.1 Al for virtual try-on

To enhance the online shopping experience, retailers have invested in applications to assist customers
in trying products before purchase. Retailers Nike, Gucci, Ikea, The Home Depot, Warby Parker, and
Sephora use augmented intelligence tools to enhance the customer shopping experience. For
example, Sephora and Ultra Beauty allow customers to try makeup and hair colours virtually before
purchasing the product (Berthiaume, 2019; Milnes, 2016). In addition, Ikea and the Home Depot use
the 3D augmented reality technology to measure and place products within the customer's home

(Home Depot, 2018; Johnston, 2017).
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4.6.7.2 Al for customer service

Retailers use chatbots, robots and virtual assistants as real-time communicators for their customer
customers. For example, Walmart uses speech recognition/chatbot software to assist customers in
asking Alexa about their orders' status. Sam's Club lets the customer use their scan and go mobile app
to use voice search capabilities to help them navigate and find products around their stores. The app
also allows customers to view product stories about products (Blair, 2018). Lowe's and Home Depot
use navigation Al to help their customers find products and navigate their large stores (Home Depot,
2018; Lowe's, 2020). The North Face uses Al to help customers find the perfect jacket through

conversational Q&A, assisting the retailer in achieving a 75% sale conversion rate (Medeiros, 2018).

4.6.7.3 Al for building customer relationships

Al helps sports retailers build a unique customer experience by using product and performance data
to help customers improve their fitness. Under Armour offers customers connected shoes that collect
data on the customer running style via their UA MapMyRun app. As data is collected, the app starts
coaching the runner on improving their running technique. Nike uses an Al-powered assistant to help
customers reach their exercise goals by virtually training users. The connected app generates exercise

plans and sends motivational messages to help achieve users' goals (Nike, 2020).

4.6.7.4 Al for finding similar products

Al-enabled mobile applications assist customers ““snap find shop" to visually find items at their
retailers by uploading or taking photos of things they are interested in buying. For example, retailers
Neiman Marcus and Zalando enable customers to visually search for items through their apps.
Customers upload images onto the app, and Al algorithms search the retailer's databases for similar
items recommending them for purchase (Marr, 2019). In addition, retailers West EIm and Target
collaborated with social media platform Pinterest to enable customers to upload their Pinterest
boards onto their websites or apps, creating an easier way to explore, discover and buy products

(Pinterest, 2017; Target, 2017).

4.6.7.5 Al for product demonstrations

Sam's club and the Home Depot use Al technology to educate customers on how best to use items.
Sam's Club uses a mobile-enabled shopping app, sharing product stories and details of where products
were sourced (Blair, 2018). Conversely, The Home Depot uses machine learning to help customers
with home improvement projects, recommending products and services required to complete the

project (Home Depot, 2018).
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In summary, Al technologies are helping customers find the right product for a specific need,
answering customer queries through chatbots or virtual assistants and helping customers complete
their home projects. Al applications are benefiting retailers’ customer use and support in many ways.

The following section discusses the conclusion and recommendations.

4.7 CONCLUSION AND RECCOMENDATIONS

Al represents retailers with various opportunities to automate tasks in the retail value chain. The
benefits of Al are automating many processes in the value chain and improving efficiency, enabling
people and machines to work together more collaboratively (Daugherty & Wilson, 2018). There are
many benefits for retailers wanting to scale Al across the retail value chain. When Al supports the
retail value chain tasks, manual non-value-added tasks can be replaced by Al and support the interplay
between people and tasks. Al has the potential to automate certain activities fully, for instance,
harnessing volumes of data, analysing patterns and interpreting findings in a fraction of the time that
a human counterpart can complete the task (Acharya et al., 2018, p. 95; Ameen et al., 2021, p. 1; Chen
etal., 2016; Gupta, 2018, p. 19). This article found that Al could change how retail employees perform

their day-to-day tasks by substituting and automating specific tasks in the retail value chain.

Al simplifies many activities in the retail value chain through automation. When retailers adopt Al to
automate tasks across the retail value chain, it could unlock unprecedented value, transforming their
businesses and optimising day-to-day operations (Balchandani et al., 2020; Standish & Ganapathy,
2020; Weber & Schiitte, 2019). Also, Al technologies are substituting specific tasks in the retail value
chain, previously carried out by people, freeing workers to focus on new activities, changing the
organisations' core skills (World Economic Forum, 2018). Therefore, when Al replaces tasks in the
value chain, it has a necessary knock-on effect on the people that previously performed the tasks
creating business implications for retail managers. Automating tasks with Al will require retailers to

change their structure and work practices around how work is performed in the retail value chain.

Simplifying the retail value chain through Al would require retailers to focus on activities that benefit
their operations. Nevertheless, applying Al to current business process tasks would not render
transformation benefits. Therefore, retailers should move away from fitting new technologies into
their current operations and focus on adopting a new way of working to accommodate Al in the retail
value chain. Similarly, Al should be seen as an enabler to simplifying the value chain, not only
technology. Retailers that are serious about streamlining the retail value chain with Al technology
need to get the "basics right and build Al use cases that the business wants and can use to improve"
(Ransbotham et al., 2020). Simplifying the retail value chain with Al requires new behaviours across

people, processes and technology.
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As more Al enters the retail business, we believe that today's employees with manually orientated
tasks are at risk of replacement by Al. More than fifty percent of retail activities can be automated by
Al that exists today (Simon et al., 2020). An example of such a change is the drive to automate the
checkout process, requiring fewer cashiers. There are varied opinions on the impact Al will have on
employment. A study conducted by Freddi, 2017, suggests that digital technology will positively affect
work; as organisations introduce processes and become more productive, they can extend their
markets, growing faster and increasing jobs. However, other studies conducted by Frey and Osborne
(2013), World Economic Forum (2016) and Salento (201) argued that 30-40% of jobs would be at risk
of automation in the next 15-20 years. We believe Al has an increasing impact on the retail value chain
workforce by eliminating specific tasks, redefining roles, and creating new jobs generating the need
for a different type of employee to work alongside Al. To get the most out of Al, retailers require a
workforce with the ability to implement and work alongside the technology. The future skills retailers
require would differ from the people skills required today. For retailer leaders to prepare, retailers
must access their current employee's skill sets throughout the value chain to understand the

capabilities required to work alongside the technology.

4.8 LIMITATIONS AND FUTURE RESEARCH

Whilst this article highlighted the tasks retailers are using Al technology for in the retail value chain,
the current use cases are limited to retailers current application of the technology and do not focus
on future use cases of Al in the retail value chain. Therefore, this article aimed to understand what
retailers are using Al for in the retail value chain. To do so, a qualitative method was followed.
Qualitative methods are not without limitations. The most notable limitation is generalising the
findings (Eriksson & Kovalainen, 2008, p. 158; Leung, 2015, p. 327). The purpose of this article was not
intended to generalise the findings but rather on gaining a firm grasp into the phenomenon of artificial
intelligence in the retail value chain by investigating what retailers are using Al technology for in the

retail value chain.

This study noted the various tasks Al can automate in the retail value chain. Future research could
compare the tasks people currently perform versus Al can automate in the retail value chain. The
research should focus on ascertaining the possible percentage of job losses due to automating tasks
in the retail value chain. When Al automated tasks in the retail value chain, there could be an
emergence of new tasks people need to complete. For instance, a chatbot automates responses to
customer queries, yet, a new task emerging could be a software engineer maintaining the chatbot's
responses. Future research could focus on the new people role (i.e., ML data manager or virtual

assistant engineer) that could emerge due to the introduction of Al into business.
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4.9 CONCLUSIONS: ARTICLE TWO

Article two illustrated a detailed review of Al's different tasks across the retail value chain. Guided by
the Leavitt diamond model, focusing on the dimension of the task of the model (Leavitt & Bahrami,
1989), we identify the tasks Al can perform across the retail value chain. This is followed by a detailed
discussion of how Al can be used to manage, operate and complete specific tasks in the retail value

chain. Furthermore, Al can automate multiple tasks in the retail value chain.

Article two found that Al can be used to automate multiple activities the across retail value chain. For
instance, Al could aid customer use and support by building relationships with customers,
demonstrating a product, and detecting counterfeit products. The technology could also enhance the
shopping experience by tailoring product recommendations to each customer preference and
automating the scheduling of customer orders. The article-specific references are available in
Appendix K. Building on the insights gained in articles one and two, the following chapter investigates

the business outcomes of applying Al in the retail value chain.
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Chapter 5: WHAT BUSINESS OUTCOMES CAN Al DRIVE IN THE RETAIL VALUE
CHAIN

5.1 CHAPTER INTRODUCTION

Before retailers invest in Al, they need to understand the potential benefits from the investment to
maximize a positive business outcome. Various authors discussed the benefits of Al (Adapa et al.,
2020; Ameen et al., 2021; Dogru & Keskin, 2020; Manyika et al., 2017; Shechtman et al., 2018). For
instance, Dogru and Keskin (2020) noted that Al improves productivity in operations through robotics
and Manyika et al. (2017) noted that Al enhances employees productively through automating manual
tasks. While, Shechtman et al. (2018), Adapa et al. (2020), and Ameen et al. (2021) noted that Al
improves the way employees interact with customers and improves customer satisfaction. Although
there are many benefits Al can provide retailers, a further benefit is garnered through understanding
business outcomes (Zolkiewski et al., 2017, p. 174). However, little is known about the outcomes of
applying Al in the retail value chain. Therefore, article three was developed to understand the

outcomes of applying Al in the retail value chain.

How is Al transforming the retail value chain?

i |

Chapter 3: Chapter 4: Chapter 5: Chapter 6:
Article one Article two Article three Article four
RQ: What role does Al RQ: What are retail RQ: What business RQ: What are the

play in the retail value
chain?

using Al technologies
for in the retail value
chain?

outcomes can Al drive
in the retail value
chain?

challenges retailers
experience when
integrating Al into the
value chain?

Stage one

Stage two

Figure 5.1: Article layout and the research questions

Article three aimed to answer research question three what business outcomes can Al drive in the
retail value chain. This article applies service-dominant logic (Vargo & Lusch, 2004) to present the
business value of Al in the retail value chain and found four key outcomes Al can deliver in the retail

value chain: cost-saving and efficiency enabling revenue, customer experience improvements, and
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improved decision-making. The following section covers article three, titled Applying Service-

Dominant logic to Al investments in retail: The outcomes of an Al-Enabled value chain

5.2 ARTICLE THREE: APPLYING SERVICE-DOMINANT LOGIC TO Al INVESTMENTS IN RETAIL: THE
OUTCOMES OF AN AI-ENABLED VALUE CHAIN

5.3 INTRODUCTION

The rate at which new technologies enter and alter the market has exponentially increased (Nadkarni
& Priigl, 2020). Combining these technologies has unpredictable consequences and blurred market
boundaries (Day & Schoemaker, 2019, p. 4). For example, manufacturers, third parties, and consumers
increasingly engage with customers, shortening the value chain (Reinartz et al., 2019, p. 352). In
retailing, the value chain encompasses all the stakeholders and processes needed for retailers to
deliver an end product (or service) to a customer (Reinartz et al., 2019, p. 352). Moreover, traditional
retailers' value chains face disruption by new entrants who deliver value to customers more effectively

and efficiently through the use of technology.

In particular, Artificial Intelligence (Al) receives significant attention due to its positive impact on the
modern business environment (Cao, 2021). Poole and Mackworth (2017, p. 3) define Al as
"computational agents that act intelligently" and include many applications from machine learning
and chatbots to robotic process automation. Al is touted as one of the critical technologies set to
transform both the retail experience and the retailer operating model. Expectations for the
commercial application of Al in business, particularly in retailing, are significant (Ransbotham et al.,
2017, p. 1), with retail spending on Al technologies expected to reach $19.9 billion by 2027 (Meticulous
Research, 2020). In the retail value chain, in particular, Al can be used to automate processes, reduce
complexities, and offer real-time analytics, leading to smaller, agile value chains (Hagel et al., 2016;

Oosthuizen et al., 2020).

While several retailers are pilot testing Al possibilities, navigating the Al landscape remains
complicated. Many applications are once-off initiatives within confined business units and do not
cover multiple aspects of the value chain. Retailers, for example, overlook the collective benefits
possible across the entire operations (Davenport & Ronanki, 2018; Standish & Ganapathy, 2020).
Therefore, beyond single-use cases and varied success stories, there is no clear indication of Al's role

in the extended retail value chain (Oosthuizen et al., 2020).

In addition, there is currently no clear understanding of the outcomes associated with implementing
Al in the retail value chain. Outcomes-based measures have become increasingly important (Burkett,

2013, p. 84) and stem from service-dominant logic (Vargo and Lusch, 2004, p. 2) and digital
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servitisation (Sklyar et al., 2019, p. 450) research. With an outcomes-based approach, companies are
less concerned with the investment in the product, infrastructure, or technology and more concerned
about how these investments will allow them to attain their goals (Zolkiewski et al., 2017, p. 177). An
outcomes-based approach shifts the focus away from the input (i.e. technology or infrastructure
investment) to a more strategic service-centric metric (i.e. how is this investment helping the
organisation achieve its goals). Outcomes-based measures prompt questions beyond infrastructure

investments and consider why the investment was needed in the first place.

Moreover, taking an outcomes-based approach, while sometimes more complex, can “better support
strategic conversations” and “enable [the] parties to focus on critical activities” (Zolkiewski et al.,
2017, p. 174). However, the outcomes of applying Al in the retail value chain have yet to be elucidated.
Therefore, there is a gap in current literature regarding understanding the outcomes obtained by
applying Al in retail and how these outcomes relate to where Al is applied within the value chain. This

article consequently has the following three aims:

e To determine how major retailers are currently using Al.
e To identify the outcomes obtained by retailers from investing in Al.
e Furthermore, to determine whether there is an association between the Al outcomes and

where they are applied within the retail value chain.

This article contributes to the emerging literature on Al by first providing a comprehensive view of Al
technologies currently deployed across the retail value chain by major retailers. Second, how retailers
can use Al to attain their goals are explored by using service-dominant logic—using an outcomes-
based approach and presenting a framework of the four outcomes of applying Al in the retail value
chain. Finally, insight is provided into how these outcomes relate to where Al is being applied in the

retail value chain, helping retailers identify where best to apply Al to attain specific outcomes.

The article starts by reviewing Al technologies and discussing the retail value chain stages. Then, the
research design and our process of collecting data are articulated. Thereafter the results are
presented. The results section presents our framework of Al outcomes in retail and further analyses
their relationship with the retail value chain. Finally, in the discussion and implications sections, we
argue that complexity in implementing Al in earlier stages of the value chain impedes the outcomes
retailers obtained from investing in Al. The article concludes by suggesting how retailers can better

apply Al to obtain the desired outcome within their value chain.
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5.4 LITERATURE REVIEW

5.4.1 The retail value chain

The retail industry operates in widely differing formats to satisfy the demand of the customers (Gauri
et al., 2021; Reinartz et al., 2019; Zentes et al., 2012). Retailers are differentiated by a combination of
characteristics, such as assortment offered, services offered, price band, type of store, geography,
footprint, relationship with suppliers, and customer segments (Cao, 2014; Reinartz et al., 2019; Shi &
Yan, 2017). Retailing consists of a variety of different formats. Big-box retailers are retailers with large
free-standing stores that sell various products, usually meant to be a one-stop-shop for customers
(Hayes, 2019) (i.e., Walmart). Department store retailers typically sell a wide variety of products, and
the stores are generally divided into small speciality areas (i.e., Macy's) (Goworek, 2014, p. 761). Fast
fashion retailers move quickly from the catwalk to stores to meet new trends. They are specialist
clothing retailers with a quick stock turnaround whose business model relies on selling high volumes
(usually) at inexpensive price points (i.e., Zara) (Choi et al., 2014, p. 84). Online retailers use an online
channel to sell their products or services to customers (i.e., Amazon) (Fan et al., 2020). Supermarket
retailers mainly sell grocery products and various fresh and packaged food items (i.e., Waitrose).
However, the distinction between these formats is becoming blurred with the current drive towards
omnichannel retailing. In this study, retailers were classified according to their major retail outlet

function, and when in doubt, the group consensus was obtained before moving ahead.

Porter (1998) used the term value chain to describe a set of activities performed to design, produce,
market, deliver and support products within businesses. The value chain activities are a sequence of
linear steps and facilitate information and product flow between design, manufacturer, suppliers,
shipping agents, warehouses, shelves, consumers, and retailers to the point of consumption (Reinartz
et al., 2019). In retailing, the value chain encompasses all the stakeholders and processes needed for
retailers to deliver an end product or service to a customer (Reinartz et al., 2019, p. 352). The retail
value chain can be split into primary business drivers (design, sourcing, and procurement;
manufacturing; inventory and distribution) and customer-facing activities (sales and operations;
fulfilment; customer use and support). Business activities are the stages responsible for business

success, while customer-facing activities involve direct interaction with a customer.

Retailers play a crucial role in the retail value chain by offering a wide range of product options to
customers, responding to customer demand, and disseminating information to suppliers or
manufacturers (Lai et al., 2010, p. 6). In addition, retailers link customers to manufacturers by
providing channels for customer interaction, providing products and services in exchange for payment

(Fiorito et al., 2010; Wadhawan & Seth, 2016).
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5.4.2 Al in the retail value chain

Retailers have adopted new technologies, including various Al-powered platforms, to remain
competitive and survive in an ever-changing and diversified customer market. Al accelerates the retail
value chain by automating processes, reducing complexities, and offering real-time analytics, leading
to shortened and agile value chains (Oosthuizen et al., 2020). Al technologies such as predictive
platforms, insight engines, and personalised recommendations help retailers move seamlessly

through the value chain stages, enabling them to connect with their customers at scale.

Gartner's hype cycle report for Al examines trends and innovations in the Al sector (Sicular et al.,
2019). The research focused on the 19 Al applications predicted to reach mainstream adoption in the
next five years. During analysis of the use cases, evidence of 13 applications was identified that is

presented in Table 5.1 together with an application identified from the analyses.

While understanding current Al applications in retail can help identify future investments, it does not
provide insight into how Al can create business value. Although there are existing measures for
managers to gauge Al's influence, navigating the Al landscape to gain business value remains complex.

Understanding how to deploy Al to create business value in the value chain remains complicated.

Al technologies have advanced in recent years, yet their widespread adoption in the retail industry
remains limited (Bughin et al., 2017, p. 6) due to the complexity in building clear business cases that
define the benefits throughout the value chain (Standish & Ganapathy, 2020). In addition, a further
benefit is garnered through understanding business outcomes (Zolkiewski et al., 2017, p. 174), and

little is known about the outcomes of applying Al in the retail value chain.
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Table 5.1: Description and examples of the types of Al

Al Technology

Brief Description

The example application in retail

Al-related
consulting and
integration services
(C&SI)

Al-related C&SI are services offered by third-
party vendors to process, analyse and automate
specific tasks.

RealReal uses a vendor-managed Al marketing platform to
help the brand build relationships with its customers (Zeta,
2020).

Augmented Augmented intelligence is a human-centred Al- [Sephora employees use a handheld device to scan

intelligence human partnership to help people perform customers’ faces to capture a person's exact skin tone to
tasks easier. match cosmetic shades (Milnes, 2016).

Chatbots A chatbot simulates human conversation Lowe's uses a chatbot to answer simple customer
through voice commands or text, or both. questions regarding product availability (Trotter, 2018).

Computer Computer vision involves capturing, processing, |Walmart uses computer vision technology to monitor

vision and analysing images and videos to allow checkouts to ensure all items are scanned to deter

machines to extract meaning from data.

potential theft during the checkout process (Grill-
Goodman, 2019).

Deep learning

Deep learning enables computers to process
complex data, such as video, image, speech and
textual data.

Zalando's visual search helps customers find similar items
from social media on their app. Then, a deep learning
algorithm locates items online for customers to purchase
(Marr, 2019).

Edge Al

Edge Al are connected devices that use Al
algorithms to process data at the closest point
of interaction.

Gap uses edge Al to automatically receive, store, pick and
pack products in their fulfilment centres (Vargo, 2020).

Insight engines

Insight engines apply relevancy methods to
describe, discover, organise and analyse data.

StitchFix uses insight engines to create a collection of
clothing items created from customer data (Lake, 2018).

Intelligent

applications

Intelligent applications support or replace
human-based activities via intelligent
automation, data-driven insights, and guided
recommendations to improve productivity and
decision—making.

Morrison's uses a demand forecast and replenishment
solution powered by Al to accurately predict customer
demand, order stock, and reduce waste (Robinson, 2018)

Machine learning
(ML)

ML solves business problems by utilising
mathematical models to extract knowledge and
patterns from data.

The Otto Group is automating daily price updates by
applying ML learning algorithms to monitor thousands of
products, leading to optimised revenue and profit
(Chuprina, 2020)

Robotic process
automation (RPA)

RPA is a recognition and workflow execution
technology that mimics human actions to drive
applications and execute system-based work
automatically.

John Lewis uses a connected RPA to automate and
accelerate the inter-branch transfer process for product
returns (Blueprism, 2019).

Smart robots

Smart robots work autonomously in the
physical world, learning in short-term intervals
from human-supervised training and
demonstrations or by their supervised
experiences on the job.

Walmart uses autonomous shelf scanning robots to ensure
shelves are restocked and updated price tags (Heater,
2019).

Virtual assistants
(VA)

VA is an Al that understands voice commands
to complete tasks.

Sam's Club has an app that uses customers’ voice
commands to show them the best route to navigate
around the store (Blair, 2018).
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5.4.3 Moving from inputs-outputs measures to outcomes-based measures

Moving from inputs-outputs measured to outcomes-based measures stems from work in servitisation
research (Smith et al., 2014) and service-dominant logic (Vargo and Lusch, 2004), where companies
move away from a product-dominant focus towards a more customer-centric service focus. Vargo et
al.’s (Vargo & Akaka, 2009; Vargo & Lusch, 2004) service-dominant (S-D) logic is an alternative to the
traditional goods-dominant paradigm and is based on the idea that service (i.e. the application of
competence for the benefit of another) is the basis of all exchange. One foundational premise of the
service-dominant logicis that all goods (both durable and non-durable) derive their value through use,
i.e. the service they provide (Vargo & Akaka, 2009, p. 35). Thus the focus should be less on the goods
themselves and more on the service (or outcome) they provide. While S-D logic originated in customer
research, it has evolved to inform various organisation and business model parts. Notably, digitization
research typically goes “hand in hand with adopting a servitisation strategy” (Parida et al., 2015, p.
41). Digital servitisation refers to using digital tools, like Al, for “the transformational process whereby
a company shifts from product-centric to a service-centric business model and logic” (Sklyar et al.,
2019, p. 450). Nevertheless, issues in organizing specifically for servitisation remain underexplored

(Sklyar et al., 2019).

In an outcomes-based approach, companies are less concerned with the investment in the product,
infrastructure, or technology and more concerned about how these investments will allow them to
attain their goals (Zolkiewski et al., 2017). In service research, this means a shift away from asking “did
they like it?” towards asking “what difference did it make?” (Burkett, 2013). Therefore, an outcomes-
based approach takes a broader and more strategic view of technology investments by the firm. An
inputs-outputs approach to measuring the performance of technology investments would centre on

critical indicators like cost, schedule, and compliance with technical specifications.

In conclusion, using the two classifications of the retail value chain and Al technologies discussed in
section two, this article aims to understand which outcomes are being obtained through the
implementation of Al across the retail value chain. First, it was needed to understand how major
retailers are currently applying Al and where Al is implemented in the retail value chain to obtain

outcomes. The following section details how we went about answering these research questions.

5.5 RESEARCH METHODOLOGY

5.5.1 Research design
The first step was understanding the current application of Al technologies in the value chain using

Moher et al.’s (2009) Preferred Reporting Items for Systematic Review and Meta-Analysis (PRISMA)
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approach. An exploratory, qualitative research design was followed. In particular, an integrative
literature review was conducted as the article's purpose was to critique and synthesize the application
of Al in retail value chains, and our analysis aimed to result in a taxonomy of outcomes (Snyder, 2019,

p. 334). Each step of the research process is described in detail in the following section.

5.5.2 Research process

The EBSCOhost research database was used to identify the resources for analysis. This database was
suitable as it includes reputable resources from multiple sources, including academic journals, news,
magazines, trade publications, and reports. Typical to integrative literature reviews, in addition to
academic articles, other published texts like company press releases and news articles were included
in the analysis (Snyder, 2019, p. 334). Boolean logic was used to include or exclude search terms to
identify the articles available on the database. Table 5.2 depicts how the search process prescribed by

Moher et al. (2009) was followed.

A total of 4,304 records were identified in the initial search. However, most records were not focused
on retailers using Al technology, and the search had to be narrowed. Therefore, a second search
included keywords use case OR ("application" AND "Implement*" AND "Deploy*" AND "applied"). This
search had a higher concentration of possible retailers using Al technology in the 1,319 records

identified.

Next, the articles were reviewed to determine if they were suitable for analysis. The screening process
required each record to meet all selection criteria for inclusion (refer to Table 5. 2). First, to ensure
the validity of the selected record, it was confirmed that the retailer was currently trading by
identifying the retailer through its website and online news platforms. Secondly, the technology
mentioned in each article was compared to the predefined Al types code (Table 5.1) to ensure the

retailer applies Al, rather than how they intend to apply it in future.
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Table 5.2: Application of the PRISMA checklist for systematic review
Stage Process Checklist item Process
1 Identification Identify the articles via "artificial intelligence" OR "Al" AND "retail*" OR ("retail industry"
keyword search (n AND "retailers");
=4304) Focused time period: 2015 — 2020.
Add to keywords to use case OR ("application" AND "Implement*" AND "Deploy*"
search AND "applied").
(n=1319)
2 Screening Identify the source Currently trading retailers.

The technology used should be Al technology.

The retailer should already use Al technology.

3 Eligibility Number of records Identify the retailer and software vendor in the case. Then,
available supplement the information with technology vendor press
(n=201) releases, retailer press releases; retail-related news articles;

technology vendor white articles, retail industry reports and
technology news platforms.

Remove duplicates Removal of duplicates.
(n=84)
4 Included Collect and capture Record the data.
retail Al use cases
(n=117)

Where insufficient information was provided in the primary article to decide on inclusion or exclusion,
the data was supplemented by searching for further information to enrich the original information.
This was obtained from software vendor press releases, retailer press releases, retail-related news
articles, technology vendor white articles, retail industry reports, and technology news platforms.
Using the eligibility protocol, 201 records that met all the selection criteria were identified, and coding
of the retailer, technology provider and summary of the Al application led to the identification of 84
duplicate use cases. Once removed, a final sample of 117 unique records was used for coding and

analysis.

5.5.3 Data Analysis

We used a deductive coding method to develop an initial coding scheme, focusing on finding insights
by analysing the retail Al dataset (O’Reilly, 2009, p. 36). We followed a predetermined coding process
to review 117 retailers currently using Al in their value chain to address the research questions. First,
to understand where in the retail value chain Al is used, the retail value chain's stage was coded into

the relevant stages (see Figure 2.3). Second, the objective was to ascertain in which areas in the retail
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value chain retailers were using Al technology to drive internal business activities (design, sourcing
and procurement, manufacturing, inventory, and distribution) or to support customer-facing activities

(sales and operations, fulfilment, customer use and support).

Second, to identify the type of retailer in the database, we coded the retailer into their respective
format (see section 2.3.1). For instance, Walmart stores generally trade in large warehouse store
locations and offer various products. Walmart was coded as a big-box retailer. The authors recognise
that the distinction between these formats is becoming blurred with the current drive towards
omnichannel retailing. Retailers were classified regarding what most of their retail outlets function as,

and where in doubt, inter-rater reliability was obtained.

Third, the type of Al technologies applied in the dataset was coded using Gartner's hype cycle report
for Al that examines trends and innovations in the Al sector (Sicular et al., 2019). The research focused
on the 19 Al applications predicted to reach mainstream adoption in the next five years. During
analysis of the use cases, evidence of 13 applications was identified that is presented in Table 5.1
together with an application identified from the analyses. Last, during the iterative review process,
the focus was on emerging themes that would inform the outcomes obtained from applying the

technology within the retail value chain.

5.5.4 Content analysis

A content analysis approach and statistical techniques were used to understand the outcomes of
applying Al in the retail value chain. The analysis considered “conventional, directive and summative
approaches” to describe the phenomenon (Assarroudi et al., 2018, p. 42). First, an integrative
literature review was performed to critique and synthesize the database’s application of Al in retail
value chains. Second, the analysis was aimed to result in a taxonomy of outcomes (Snyder, 2019, p.
334). Analysing the outcomes of the Al application in retail revealed key themes about the primary
outcome that each retailer may gain from applying Al in their value chains. While certain Al
technologies can allow retailers to obtain more than one of these outcomes, the coding was done for
the primary outcome for each unique use case. Consequently, four potential outcomes emanated
from applying Al in the retail value chain, and each Al use case was classified according to the primary
outcome obtained for that retailer. This was followed by statistical methods to understand how the

outcomes relate to where Al is applied within the value chain.
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5.6 RESULTS

5.6.1 How retailers are currently using Al
The study's descriptive statistics coded (Table 5.3) included the type of retailer using Al, the value

chain Al was applied, and the type of Al used. Each is now discussed in turn.

The most widely applied Al application was for speciality retailers (40%). Speciality retailers focus on
specific product categories such as beauty products, clothing, electronics, or footwear. Examples of
speciality retailers are Sephora, Lululemon, and Levi's. Speciality retailers use Al technologies to
optimise inventory across their stores, recommend new product assortments, predict customer
demands, and offer customers the ability to try on products virtually. For example, a speciality retailer
used insight engines as an interactive data map to inform customers where the flu is recurring across

the US, helping customers schedule their flu vaccinations.

Online retailers were the next biggest cohort of retailers using Al (17%), closely followed by
supermarkets (14.5%) and big-box retailers (12%). Online retailers use Al technology to offer
customers virtual try-on solutions, optimise order fulfilments in distribution centres, automatically list
products, and personalise recommendations at scale. For example, one online retailer used a chatbot
to help customers find the best deals on items spanning over one billion listings. Customers can text,
talk, or take pictures to tell the bot what they are looking for. Supermarket retailers used Al technology
to enhance the customer shopping experience by answering questions on item availability, managing
inventory in real-time, creating automatic checkouts in-store, and scheduling deliveries. One
supermarket retailer used an intelligent demand forecast, and replenishment Al to accurately predict
customer demand, order the correct stock level, and reduce overall product waste. Big-box retailers
used Al technologies to assist with customer service in-store or online, help customers fit products in
their homes through virtual placement, and prevent theft at checkouts. For example, a big-box home
improvement retailer used a chatbot to provide customer service by answering simple product

questions.

Al is less frequently applied by department stores (7%), fast-fashion retailers (6%), and factories (4%).
The few applications of Al observed in these retail settings included price checks, automating product
returns, contactless pickup service in-store, monitoring customer movements in-store, and product
assembly. For example, RPA was used to perform price checks to ensure the most competitive price
was available for its customers in one department store. In contrast, a speciality retailer uses Al to
match demand with the supply by using data analytics, where the Al application ensures the correct

products are in the correct store.
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Table 5.3: Descriptive statistics for retailer type, retail value chain stage and type of Al application

Descriptive Variable Frequency Percentage
Retailer type Big-box retailer 14 12.0%
n=117 Department store 7 6.0%
Factory 5 4.3%
Fast fashion retailer 7 6.0%
Online retailer 20 17.1%
Speciality retailer 47 40.2%
Supermarket 17 14.5%
Retail value chain stage |Design 4 3.0%
n=117 Customer use and support 40 34.0%
Fulfilment 5 4.0%
Inventory management and distribution 17 15.0%
Manufacturing 6 5.0%
Sourcing and procurement 10 9.0%
Store operations and sales 35 30.0%
Type of Al technology Al-related C&SlI services 3 2.6%
N=117 Augmented intelligence 11 9.4%
Chatbots 7 6.0%
Computer vision 11 9.4%
Deep learning 7 6.0%
Edge Al 15 12.8%
Insight engines 15 12.8%
Intelligent applications 15 12.8%
Machine Learning 12 10.3%
Robotic process automation (RPA) 5 4.3%
Smart robots 5 4.3%
Virtual Assistants 11 9.4%

When looking at where in the retail value chain stages Al was being applied, the majority of Al
applications were either in customer use and support (34%), store operations and sales (30%), or
inventory management and distribution (15%). That means that almost 80% of Al applications were
used in the latter half of the value chain. On the other hand, relatively few applications were used in

the front end of the value chain, for example, design (3%) and sourcing/procurement (9%).



Stellenbosch University https://scholar.sun.ac.za

116

Multiple types of Al were used within the retail value chain, and edge Al (12.8%), insight engines
(12.8%) and intelligent applications (12.8%) were the most prominent applications. For example, one
speciality retailer used edge Al to automatically receive, store, pick and pack products in their
fulfilment centres. One online retailer used an insight engine to utilize customer data to create
personalised clothing collections for each customer, thus creating personalisation at scale. Finally,
demand forecast and replenishment Al solutions were used to accurately predict customer demand,

order the correct stock level, and reduce waste.

The next biggest group of Al types used was machine learning (10.3%), augmented intelligence (9.4%),
computer vision (9.4%), and virtual assistants (9.4%). Examples of machine learning use cases include
an online retailer automating daily price updates by applying machine learning algorithms to monitor
thousands of products. A speciality retailer uses augmented intelligence to let employees use a
handheld device to scan a customer's face to capture the person's exact skin tone and match cosmetic
shades to the customer. A big-box retailer used computer vision technology in more than 1,000 stores
to monitor checkouts, ensure all items were scanned, and deter potential theft during the checkout
process. Finally, a virtual assistant use case was a big-box retailer app that recognised voice commands

to show customers the best route to navigate around the store.

There were fewer use cases for chatbots (6%) and deep learning (6%). An example of a chatbot use
case was a big-box retailer using a chatbot to answer customer questions regarding product
availability in-store. One retailer used a deep learning application, particularly the visual search
capability, to help customers find similar items. The customers could upload images from social media

onto the app, then the Al located relevant items online to purchase.

Lastly, the fewest use cases were found for smart robots (4.3%), robotic process automation (4.3%),
and Al-related C&Sl services (2%). For example, one big-box retailer used shelf-scanning smart robots
to ensure shelves were restocked and price tags were updated. Finally, as an example of robotic
process automation by a retailer, one department store used a connected RPA to automate and
accelerate the inter-branch transfer process for product returns. Next, we analysed which outcomes

these retailers gained from applying Al in their value chains.

5.6.2 Retail outcomes that are met when applying Al

The importance of approaching technology investments from an outcomes-based perspective has
been established above. Although understanding Al applications in retail are the first step, it is also
required to understand the business value created. Analysing the outcomes of the Al application in

retail revealed vital themes about the primary outcome that each retailer may gain from applying Al
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in their value chains. Consequently, the reviewers identified four potential outcomes emanating from
applying Al in the retail value chain. Each Al use case was classified according to the primary outcome
obtained for that retailer. While certain Al technologies can allow retailers to obtain more than one

of these outcomes, the coding was done for the primary outcome for each unique use case.

Figure 5.2 illustrates that the four identified outcomes are interactive and reinforce one another.
Although the outcomes are not mutually exclusive, for example, cost-saving and efficiency practices
can support revenue generation, Al technologies should be directed at one of these outcomes, and

implementation performance should be measured accordingly.

Al with the ability to
Al with the ability to
enable revenue by
enhance the experience
interpreting and targeting
of all customer interaction
the presentation of
and engagement though
products and services to

their shopping journey. Customer E "
L nabling Revenue
Experlenoe ng customers.
Decision-making Cost Sa_wlng &
Efficiency

Al with the ability of

improving the utilization
Al with the ability to
of reso urces, processes
process and mine data, . .
and working capital,
providing actionable . .
reducing the cost of doing

insight in real time. )
business

Figure 5.2: The four outcomes of applying Al in the retail value chain

Al bridges the digital and offline world gap by seamlessly integrating the customer journey across

devices. Retailers are using Al to enhance the customer experience by:

e allowing customers to customise and design products,

e allowing customers to try on or place products virtually in their home,

e recommending products or services,

® connecting customers to use devices to enhance the in-store experience, and

e enabling customers to use voice search through retail-specific mobile apps to access

additional information about products in-store.
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However, retailers are not only using Al for the customer, but they are also using Al to equip
employees with knowledge through handheld devices filled with product information to enhance

customer intimacy in-store.

Augmented intelligence, chatbots, computer vision, deep learning, edge Al, and VAs can be
implemented throughout the retail value chain to support customer decision-making, decrease
customer pain points, and improve employees' knowledge about the customers. All efforts are geared
towards building a closer relationship with the customer (Ameen et al., 2021; Hollebeek et al., 2021).
Therefore, the application of Al for customer experience can be defined as applying Al technologies to

enhance all customer interactions throughout the shopping journey.

Al technologies improve the retailer's capability to enable revenue by creating personalisation at
scale, targeting customers through connected devices, dynamically managing prices or promotions,
and monitoring inventory in real-time to ensure shelves are always stocked. In addition, ML, insight
engines, and intelligent applications can be implemented throughout the retail value chain to enable
revenue by connecting employees to the customer through decision support notifications, pricing
recommendations, and real-time decision-making. Therefore, Al for enabling revenue can be defined
as Al with the ability to enable revenue by interpreting and targeting the presentation of products and

services to customers.

The appropriate application of Al can lead to substantial cost savings and improvements in efficiency
across the value chain. For example, Al can improve assortments in-store by anticipating future
demand so that the correct quantity of stock can be ordered at the right time, thus reducing product
wastage. Al vendors claim the implementation of Al can reduce the overall cost by 49% (Chuprina,
2020). Throughout the retail value chain, insight engines, computer vision, intelligent applications,
deep learning, edge Al, and smart robots enable retailers to monitor the store checkout process and
improve efficiency by automatically scheduling deliveries and, for example, sewing or assembling
garments in the production process. Therefore, Al technologies geared towards generating cost
reductions and efficiencies are defined as the application of Al to improve the utilization of resources,

processes, and working capital, thus reducing the cost of doing business.

Retailers are also applying Al to enhance decision-making across the value chain by relying on insights
drawn from real-time data. Al analytics support retailers to uncover insights by processing and mining
large information databases, which may be time-consuming or impossible for employees to perform
(Elliot & Andrews, 2017; Shechtman et al., 2018). Retailers use Al to discover trends in large datasets

to generate customer profiles and segments, create customer recommendations at scale, and monitor
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inventory and price information in real-time. Up to 40% of Al vendors believe the use of Al in retail
decision-making is the main benefit of the technology (Chuprina, 2020). Thus, Al technologies for the
primary purpose of enhanced decision-making can be defined as applying Al to discover trends and

visualize data for human consumption, thus improving decision cycle time.

After identifying the four emergent outcome themes retailers attain from investing in Al, the final
guestion was whether an investment in Al in different value chain stages would render different

outcomes.

5.6.3 Outcomes and the retail value chain
Table 5.4 was constructed to show the multivariate frequency distribution of the Al outcomes and the
retail value chain stages to test the association between the outcome of Al investment and the value

chain stage, the contingency.

Table 5.4: Al outcome*retail value chain stage contingency table

Retail value chain stage Cost-saving & Customer Decision-making |Enabling Total

(% within Al application outcomes) |efficiency experience revenue

Design 0 (0%) 1(0.9%) 3(2.6%) 0 (0%) 4 (3.4%)
Sourcing/Procurement 5(4.3%) 0 (0%) 1(0.9%) 4 (3.4%) 10 (8.5%)
Manufacturing 6 (5.1%) 0 (0%) 0 (0%) 0 (0%) 6 (5.1%)
Inventory management and 11 (9.4%) 0 (0%) 4 (3.4%) 2 (1.7%) 17 (14.5%)
distribution

Store operations and sales 4 (3.4%) 9(7.7%) 10 (8.5%) 12 (10.3%) 35(29.9%)
Fulfilment 1 (0.9%) 1(0.9%) 3(2.6%) 0 (0%) 5 (4.3%)
Customer use and support 1(0.9%) 30 (25.6%) 4 (3.4%) 5(4.3%) 40 (34.2%)
TOTAL 28 (23.9%) 41 (35.0%) 25 (21.4%) 23 (19.7%) 117 (100%)

Most Al use cases investigated applications were found in customer use and support (34.5%) and store
operations and sales (29.9%). Thus, almost 70% of the Al use cases were customer-facing or geared
towards sales, fulfilment, or support. Nevertheless, only 35% of these improved the customer
experience, hinting at a disparity between where Al is being applied in the value chain and the
outcome obtained. Conversely, most cost-saving and improvements in efficacy resulted from the

application of Al in manufacturing (21.4%) and inventory management (39%).

There was a relatively uniform distribution of the four different outcomes obtained through Al
applications, with the majority in customer experience improvements (35%), followed by cost-saving

and efficiency (24%), Al used for decision-support (21%), and Al geared towards revenue generation
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(20%). Most of the Al technologies geared towards revenue generation were applied in-store
operations and sales (52.2%). The Al outcome of customer experience was mainly centred on
applications within customer use and support (73%). Al for better decision-making was distributed
across the value chain, yet no use cases were found of Al being applied in manufacturing. Despite the
multiple Al technologies directed at these phases, design (3.4%) and manufacturing (5.1%) were the

two stages with the fewest applications of Al.
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Figure 5.3: Al outcome*retail value chain stage clustered bar chart

It is evident from Figure 5.3 that Al applications are more prevalent in the latter stages of the retail
value chain and that there is less evidence that Al outcomes are realized in the early stages of the
retail process from the use cases. This could contrast with authors (Oosthuizen et al., 2020; Standish
& Ganapathy, 2020), who argued that the highest return on investment in Al was found in the earlier
stages of the value chain. However, Table 5.2 and Figure 5.2 represents the frequency of value against
use cases, not the normative value of the return. Thus, it is plausible that the magnitude of returns

may be substantially different.

While Table 5.4 provides insight into the association between the stage in the retail value chain and
the outcome observed, no inferences can be made from this analysis as some assumptions of the Chi-
square test were not met in creating the frequency distribution. In particular, the contingency Table
5.4 had structural zeros, and more than 20% per cent of the expected values were smaller than five
(Agresti, 2009). Instead, log-linear models can describe association patterns among a set of categorical
variables (Agresti, 2009). Multinomial logistic regression was used because the dependent variable

outcomes had more than two categories (see Table 5.5).
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Table 5.5: Multinomial log-linear analysis

Model fit
Chi-square Sig Cox & Snell Nagelkerke McFadden
Likelihood ratio  [77.95 0.00 Pseudo R-square |0.49 0.52 0.25
test
Chi-square Sig Chi-square Sig
Goodness of fit |Pearson 0.00 . Deviance 0.00
Indicator
AIC of a reduced |[BIC of a reduced |2 Log-likelihood |Likelihood ratio tests
model model of a reduced
model
Chi-square df Sig.
Retail value chain|114.38 122.67 108.38 77.95 9 0.00
stage
Classification
Cost-saving & Customer Decision-making |Revenue Overall
efficiency Experience generating* percentage
Classification 78.6% 73.2% 52% 0% 55.6%

The model was significant (p=0.00, Chi-square=77.95), indicating that the entire model presents a
significant improvement in fit over the null model. The pseudo-R-square values can be treated as
rough analogues to R-square values in OLS regression, which in this case (bar McFadden) indicates
that the indicator could explain a fair percentage of the variance in the dependent variable. However,
there is no strong guidance in the literature on how these should be used or interpreted (Smith &
McKenna, 2013). Using the conventional 5% likelihood threshold, it can be seen that the retail value
chain stage was a significant predictor in the model. This confirms an association between the retail
value chain stage and the Al outcome obtained in that stage (Likelihood Ratio Test: p=0.00, Chi-
Squared=77.95, df=9).

Finally, the classification statistics provide insight into which model best predicted Al outcomes. For
example, Cost-saving and efficiency were correctly predicted 78.6% of the time; customer experience
was correctly predicted 73.2% of the time; and decision-making, 52%. The model was particularly
limited in predicting the Al outcome of enabling revenue, but this variable was also the reference

category in the model. Overall, the model accurately predicted 55.6% of the Al outcomes.

5.7 DISCUSSION
Using service-dominant logic, this article aimed to 1) identify the Al applications used by retailers, 2)

understand the types of outcomes retailers obtain from investing in Al and 3) investigate whether
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there was an association between these Al outcomes and where they were being applied in the value

chain.

The types of Al applications covered 13 of the 19 most prominent Al technologies from leading
industry classifications indicating the deployment of rich sets of Al technologies across the retail value
chain. A service approach to Al investments by retailers can identify which retailer outcomes are met
through the use of Al, and four outcomes emerged. The analysis that the outcomes obtained from
applying Al in the retail value chain, and the retail value chain stage in which it was used, are not

independent of one another.

Applying Al across the retail value chain has four key outcomes that are not mutually exclusive, and
some Al applications can fulfil multiple roles. The outcome obtained by Al technology is significantly
influenced by where the technology is applied in the value chain. Two retailers investing in the same
Al technology in different value chain stages may achieve different outcomes. Retailers need to be
clear on what outcome they aim to achieve through their Al investment and implement it in the

appropriate value chain stage.

More than 70% of all Al applications manifest in the last three stages of the value chain (see Figure
5.4). This may be because retailers’ investment in customer-facing Al is more visible to both customers
and competitors. However, while this provides evidence of their Al investment, they may not be
gaining key benefits that Al technology can offer, such as assisting them with decision-making across

the value chain, cost-saving and efficiency improvements, and enabling revenue.
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data-rich environments

Non-standardised

processes, difficult to
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Figure 5.4: Complexity and Al in the retail value chain
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The reality is probably more multifaceted as the implementation of Al is becoming increasingly
complex in the earlier stages of the value chain. The earlier stages in the retail value chain (like design,
sourcing, and procurement) are often characterized by non-standardized processes, legacy systems,
and weakly integrated data. On the other end of the spectrum, store, sales, and support systems are
typically more process-driven and standardized. With customer experience technology breakthroughs
and various customer relationship management systems widely adopted, overlaying Al on top of rich
data is more feasible to implement. This is indicated in Figure 5.4, which illustrates that the greater
complexity in the earlier stages of the retail value chain has resulted in a potential imbalance in the

application of Al across the value chain.

Idealistically, Al technologies would have resulted in a uniform and widespread application across the
retail value chain. However, researchers believe the most significantimpact of Al is not in its customer-
facing applications but rather in its ability to reduce costs and increase efficiencies in the value chain

(Begley et al., 2018; Chao et al., 2019).

With an evolving customer demand and increasingly competitive market, historical data is no longer
sufficient to interpret customer needs. Therefore, retailers need to predict future trends more
accurately to remain relevant to their customers. Investing Al in the early stages of the value chain can
drive business value by improving inventory management, leading to more efficient and streamlined

operations (Oosthuizen et al., 2020; Standish & Ganapathy, 2020).

5.8 MANAGERIAL IMPLICATIONS

Retailers should be clear about the benefits of an Al investment, where they want to apply Al in their
value chain, and how they will monitor and manage their investment. This study identified four key
outcomes that Al delivers in the retail value chain that should form the basis of an Al implementation

business case.

Al improves the customer experience by enhancing the experience of all customer interaction and
engagement throughout their shopping journey. Retailers are applying Al to enhance the customer
experience by allowing customers to try or place products virtually, using digital stylists to recommend
outfits to customers, and enabling customers to use voice search through retail-specific mobile apps

to access additional information about products in-store.

Al enables revenue by interpreting and targeting the presentation of products and services to
customers. Retailers are applying Al to enable revenue by creating personalisation at scale, targeting
customers through connected devices, dynamically managing prices or promotions, and monitoring

inventory in real-time to ensure shelves are always stocked.
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The appropriate application of Al can lead to significant cost savings and efficiency improvements
across the value chain by improving the utilization of resources, processes, and working capital, thus
reducing the cost of doing business. For example, retailers are applying Al to optimise the cost of
goods by improving assortments in-store by anticipating future demand, which leads to ordering the

correct quantity of stock at the right time to reduce product wastage.

Retailers are also applying Al to enhance decision-making processes and mine data, providing
actionable insight in real-time across the value chain. Al analytics support retailers to uncover insights
by processing and mining large databases of information created by existing systems within the
business environment. The large datasets in modern organisations are highly complex or impossible

to analyse by traditional human-intrinsic methods.

Retailers need to be clear about where they want to apply Al in the retail value chain. Ideally, retailers
have the integrated and circular retail value chain proposed by Oosthuizen et al. (2020). However,
most value chains are linear and siloed, plagued by legacy systems and incomplete data. This article
shows that some outcomes are more likely when Al is applied in particular value chain stages.
Therefore, once retailers have decided which outcome they want to attain through the application of
Al, both the type of Al and the value chain stage in which they want to apply the technology. Their
options are reduced significantly, and managerial decision making and business case development

become easier.

Finally, the ROl of any technology investment can only be realized if that investment is being
appropriately measured and monitored. The four Al outcomes provide retailers with a guideline on
measuring return on investment. If retailers are clear about the outcome they want to achieve with

their Al investment, they can measure accordingly.

5.9 CONCLUSION: ARTICLE THREE

This article applied service-dominant logic (Vargo & Lusch, 2004) to present the business value of Al
in the retail value chain. Four key outcomes were identified that Al could deliver in the retail value
chain: cost-saving and efficiency, enabling revenue, customer experience improvements, and
improved decision-making. Insights on the relationship between benefits and retail value chain stages
were presented. An association between where retailers are applying Al technologies and their
outcomes from it were presented. Although the outcomes are not mutually exclusive, for example,
cost-saving and efficiency practices can support revenue generation, Al technologies should be
directed at one of these outcomes, and implementation performance should be measured

accordingly.



Stellenbosch University https://scholar.sun.ac.za

125

Second, article three argues that the outcome obtained by Al technology is significantly influenced by
where the technology is applied in the value chain. For instance, two retailers investing in the same Al
technology in different value chain stages may achieve different outcomes. Therefore, retailers need
to be clear on what outcome they aim to achieve through their Al investment and implement it in the
appropriate value chain stage. For this reason, retailers should instead approach Al investments from
a more strategic service-centric perspective and understand the outcomes that can be achieved
through the use of Al in the retail value chain. The article references are available in Appendix M. The
following chapter investigates the challenges retailers experience when integrating Al into their

business.
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Chapter 6: WHAT ARE THE CHALLENGES RETAILERS EXPERIENCE WHEN
INTEGRATING Al INTO THE RETAIL VALUE CHAIN?

6.1 INTRODUCTION

Despite the promise of Al, most Al investments are failing to deliver on their promised returns
(Fountaine et al., 2019). Only 50% of Al proof of concepts move into business (McCormick, 2020; Press,
2019). In contrast, 47% of companies found it difficult to integrate Al into existing processes,
workflows and systems (Deloitte, 2017), rendering its benefits to isolated business processes
(Fountaine et al., 2019; Ganapathy et al., 2020). Many challenges come with integrating and adopting
Al into the retail value chain. However, it is yet to be clarified by scholars. It is essential for retailers to
successfully integrate Al into the retail value chain to understand the challenges retailers experience
when integrating Al. Therefore, article four was developed to understand why retailers struggle to

integrate Al into their business.

How is Al transforming the retail value chain?

k4 L l
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Chapter 3:
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Figure 6.1: Article layout and research questions

Article four aimed to answer research question four: What are the challenges retailers experience
when integrating Al into their value chain?. Article four used two steps to understand the challenges
of the retail experience. First, semi-structured interviews were conducted to understand retailers'
experiences when implementing Al. The interviews were conducted with twenty experts developing,

working, implementing, and using Al in retail.

Second, the Leavitt Diamond Model was used to understand what causes Al implementation

challenges for retailers. The Leavitt Diamond Model considers the technology for understanding
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organisational challenges and the people, tasks, and structure necessary for its successful integration
of Al. Leavitt (1965) suggested that everything in an organisation is connected, and no change can
occur in isolation. Therefore, using the Leavitt Diamond Model, this article aimed to understand the
possible structure, technology, task and human-related challenges of integrating Al in the retail value
chain. The following section covers article four, Artificial Intelligence in retail: The challenges retailers

experience when integrating Al into the value chain.

6.2 ARTICLE FOUR: ARTIFICIAL INTELLIGENCE IN RETAIL: THE CHALLENGES RETAILERS EXPERIENCE
WHEN INTEGRATING Al INTO THE VALUE CHAIN

6.3 INTRODUCTION

The competitive landscape is shifting for retailers, and many are scrambling to stay ahead of the
competition by investing in new technologies like Al, automation, robotics and blockchain. Of these
new technologies, Al has received the lion share of investment by retailers, with major retailers like
Levi, Walmart and Home Depot boasting its benefits (Weber & Schiitte, 2019, p. 271). Al refers to
"computational agents that act intelligently" (Poole & Mackworth, 2017, p. 3) and covers a broad
assembly of different technologies that are continuously evolving (Elliot & Andrews, 2017). Al systems
can interpret, comprehend and learn from large data volumes (Lee, 2017, p. 593) and mimic tasks

performed by humans (i.e. text or voice) (Canhoto & Clear, 2019; U. Paschen et al., 2019).

Al technologies are associated with lowering product or service costs, automating routine tasks,
increasing customer personalisation, and improving customer service across the retail value chain
(Kaplan & Haenlein, 2020; Lee & Shin, 2020; Oosthuizen et al., 2020). Al can benefit retailers by
creating efficiencies, automating processes, creating inventory visibility, providing insights on
customers and products and reducing lead times across the value chain (Campbell et al., 2020;

Canhoto & Clear, 2019; Dogru & Keskin, 2020; U. Paschen et al., 2020).

Despite the promise of Al, most Al investments are failing to deliver on their promised returns
(Fountaine et al., 2019, p. 4). Only 50% of Al proof of concepts move into business (McCormick, 2020;
Press, 2019). In contrast, 47% of companies found it difficult to integrate Al into existing processes,
workflows and systems (Deloitte, 2017), rendering its benefits to isolated business processes

(Fountaine et al., 2019; Ganapathy et al., 2020).

Authors suggest various reasons for these failings, including leader’s misconception about the goal of
Al within their business (J. Paschen et al., 2019), the complexity of explaining the output of Al (Preece,
2018, p. 65), data quality issues (Vidgen et al., 2017, p. 631), the need for skilled experts to implement

the Al (Dwivedi et al., 2021, p. 36), and employees’ inability to work with the technology (Makarius et
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al., 2020, p. 263). Considering that Al often costs millions of dollars to implement, retailers cannot
afford not to integrate Al successfully. Al has become a business imperative and is no longer
considered a competitive advantage investment for retailers but a competitive necessity. Al can
provide many benefits for retailers to operate more effectively and efficiently across the value chain.

Therefore, retailers must understand the challenges of implementing Al to circumvent them.

Nevertheless, most studies investigating the challenges associated with implementing Al only focus
on the technology itself (e.g., data quality and complexity) or the people responsible for implementing
the technology (e.g. interpretation of results). However, competing in the age of Al is not only about
technology (Sanders & Wood, 2020). When Al is implemented focusing purely on the technology, the
technology change can create a knock-on effect on other variables, tasks, people, and structure within
the organisation (Leavitt & Bahrami, 1989, p. 252). Therefore, to more fully understand the challenges
of Al in retailing, we propose using Leavitt's Diamond Model. Leavitt (1965) suggested that everything
in an organisation is connected, and no change can occur in isolation, and therefore also considers
tasks, people and structure in addition to the technology. Therefore, using the Leavitt Diamond Model
to investigate the organisational challenges retailers experience when integrating Al into their
business, the following research question was developed: “What are the challenges retailers

experience when integrating Al in their value chains?

This article contributes to the emerging literature on Al by first providing a structure, tasks,
technology, and a people review of the literature concerning the challenges retailers experience when
implementing Al. Few studies use established theories and frameworks to better understand this
phenomenon because of the exploratory and relatively new nature of empirical research in Al.
Therefore, we explore the use of the Diamond Model better to understand the implementation of Al
in retail organisations. In addition, current research typically looks at only one of these aspects of Al
integration in retail, rendering an incomplete view of the challenges associated with implementing Al
in retail. Therefore, the second contribution of this article is to provide a comprehensive look at the
challenges presented by implementing Al. Better understanding all the possible tasks, structures,
technology, and people-related challenges associated with implementing Al provides retailers with a
better chance of integrating the technology successfully. Finally, we then provide recommendations

for retailers regarding how to increase their chances of successfully implementing Al.

The article starts by reviewing the Leavitt Diamond Model with the interdependent variables and Al
challenges. Then, the research design and data collection are discussed in detail. After that, the

findings are discussed, presented, and followed by the managerial implications.
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6.4 LITERATURE REVIEW
This section reviews the Leavitt Diamond Model and the four interconnected variables that define the

model, then discusses the Al challenges from the Leavitt Diamond Model perspective.

6.4.1 The Leavitt Diamond Model

Organisations operate in an increasingly volatile competitive environment consisting of other
organisations, suppliers, and customers. They are also influenced by the broader environmental
changes, such as new competitors, government legislations, the pace of technological change, and
economic factors, making it hard for managers to navigate the complex changing environment
(Leavitt, 1965; Porter, 1998). Various approaches have been suggested to help managers understand
the “complex structures of interrelated systems” in an organisation (Boella & van der Torre, 2006, p.
4), including the McKinsey 7-S framework and the Leavitt Diamond Model. Both models are important
tools to help understand the complexity in organisations. The McKinsey 7S model depicts how
effectiveness could be achieved by interacting with seven elements: structure, strategy, skills, staff,
style, system, and shared values. However, it takes a more organisational design approach (McKinsey,
2008; Peters & Waterman, 2012). While the Leavitt Diamond Model recognises that when a change in
one of the four interrelated variables (structure, tasks, people and technology) occur, change can be
predicated upon the other variables causing organisational challenges (Hartmann & Lussier, 2020;

Leavitt, 1965).

In 1965, Harold J Leavitt designed a model to manage change in an organisation. The model indicates
that organisations are complex structures of interrelated systems designed for a particular purpose
(Boella & van der Torre, 2006; Leavitt, 1965), and subsequently developed the Leavitt Diamond Model.
He argues that to compete in an ever-growing volatile environment, organisations can manipulate one
of four interrelated sets of variables: task, structural, technological and human variables to improve
performance (Leavitt & Bahrami, 1989). Describing such, Leavitt (1965) notes that when organisations
change any task, technology, structure or people variable, it sometimes results in compensatory
changes in one or more of the other variables. Scholars have used Leavitt’s model to examine various
organisational change topics. This model has subsequently been applied in numerous contexts,
including applying the model to assist B2B sales forces to better respond to COVID-19 or other crises
(Hartmann & Lussier, 2020) to information systems in the organisational environment (Lyytinen &
Newman, 2008), management challenges associated with data analytics (Vidgen et al., 2017); demand
chain management by combining marketing and supply chain management (Jittner et al., 2007) and
the use of information technology and the effectiveness of human resource function (Haines & Lafleur,

2008).
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The Leavitt Diamond Model is an important model to examine the impacts of organisational change
by considering the interrelated social (i.e., human and structure) and technical (i.e., tasks and
technology) variables (Hartmann & Lussier, 2020). The four variables are defined as; first, the tasks
variable are the activities performed inside the organisation, including many subtasks that exist within
an organisation such as manufacturing of products, selling goods and services, procurement of
supplies and finance of operations (Hartmann & Lussier, 2020). Second, the human variable refers to
people (actors) and the work executed by people at some time or place. It includes sub-variables such
as skills, the readiness of people, people knowledge and resources (Leavitt, 1965). Third, technology
is the systems, tools and mechanisms that turn inputs into business outcomes. This includes hardware
(e.g., computers, mobile devices, servers), software (e.g., application software), and websites. The last
variable structure is the activities and authority divided, organised and coordinated to achieve the
organisation's goals (Leavitt, 1965). Figure 6.2 shows the relationship and interplay between the four

variables, tasks, people, technology, and structure.

External environment

Organization I
Structure

+«—»Tasks = * Technology+—
People

Figure 6.2: The Leavitt Diamond Model (Leavitt & Bahrami, 1989, p. 252

The four variables are highly interdependent, and when organisations manipulate or change any of
the variables, it is likely to cause significant effects in the others (Leavitt, 1965). Organisational change

cannot occur in isolation, and when change is not managed at critical times during the manipulation
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of one of the variables, problems can occur within the organisation (Leavitt & Bahrami, 1989; Paghaleh

et al., 2011; Smith et al., 1992).

The Leavitt Diamond Model represents a balanced and rational view towards the complexities of
implementing Al technologies. Technology directly relates to tasks, people, and structure in the model.
When retailers only focus on the technology, the Al creates a knock-on effect on other variables, tasks,
people, and structure within the retail organisation. As Al technologies are integrated into the retail
value chain, it changes the way retailers operate in the retail value chain (Oosthuizen et al., 2020).
Retail leaders must understand how Al will change their organisations to successfully scale Al across
their organisations. Similarly, Al can change how employees interact with technology and require
training or skilled personnel to work with the technology, affecting the organisational structure and

creating new complexities.

6.4.2 The challenges of implementing Al from a Diamond Model perspective

While there is an abundance of research and popular press about the benefits of implementing Al, an
increasing number of authors write about the challenges of implementing this technology. This might
be because the implementation of Al differs from other technical implementations, creating a new set

of challenges (Dwivedi et al., 2021).

Table 6.1 summarises the key studies investigating the challenges of implementing Al. As a further
layer of analysis, we apply the Leavitt Diamond Model lens to these studies to better understand
where there are current gaps in the research (i.e., from a people, technology, structure, or/and task
perspective). To do this, we had to either classify the findings as explicitly mentioned or implied. If a
finding was classified as implicit in Table 6.1, either people, technology, structure or tasks were
suggested but not directly expressed in the article. If it was classified as explicit, meaning that either

people, technology, structure or tasks were directly expressed in the article.
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Table 6.1: Challenges of Al from a Structure, Technology, People and Task Perspective

Title Authors Al challenges discussed Structure Technology People Tasks External
Al in operations (Dogru & Keskin, 2020) [Re-calibration of tasks between human and machine Implied
management-
applications, Lack of internal readiness Implied
challenges and
opportunities Lack of technical infrastructure or technical environments Explicit
Hard to explain the Al output - black box Explicit
Job displacement Implied
Lack of governmental policy and regulations Explicit
Managing privacy concerns Explicit
Trust in the output result Implied
Artificial intelligence |(J. Paschen et al., 2019) |What Al can be used for, and what it can/cannot do Explicit
(Al) and its
implications for Creating, organizing, and sharing knowledge through the organisation Implied
market knowledge in
B2B marketing Human/user interaction with Al
Artificial Intelligence |(Dwivedi et al., 2021) Al implementation is different to other technical implementations Explicit
(Al):
Multidisciplinary Al understanding issue Explicit
perspectives on
emerging challenges, Ethical challenges due to bias results Explicit
opportunities, and ] o
agenda for research, Complex to implement Explicit
practice, and policy . .
Cost vs benefit Explicit
Data quality Implied
Lack of technical infrastructure or technical environments Implied
Hard to explain the Al output - black box Explicit
Job displacement Explicit
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Human/user interaction with Al Explicit
Interpretation and accuracy of the Al results Implied
Lack of internal readiness Implied
Lack of governmental policy and regulations Explicit
People need reskilling Explicit
Privacy concerns Explicit
Lack of governmental policy and regulations Explicit
Organisationally, who is responsible for the Al output results Explicit
Selecting the best Al use case Implied |Implied
Shortage of skilled resources Implied
Lack of trust in results Implied
What problem to solve Explicit
Asking ‘Why’ in Al-  |(Preece, 2018) Hard to explain the black box Explicit
Explain ability of
intelligent systems — . .
perspectives and Interpretation and accuracy of the Al results Explicit
challenges
& Requirement of skilled resources with domain knowledge Explicit
Explainable Artificial |(Barredo Arrieta et al., |Interpretation and accuracy of the Al results Implied
Intelligence (XAl): 2020)
Concepts,
taxonomies,
opportunities and Hard to explain the black box Explicit
challenges toward
responsible Al Human/user interaction with Al Implied
Lack of trust in results Implied
Fair Al: Challenges  |(Feuerriegel et al., 2020) |Ethical challenges due to bias results Explicit
and Opportunities
Lack of governmental policy and regulations Explicit
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Selecting the best Al use case Explicit
Lack of trust in results Implied
Rulers of the world, |[(Kaplan & Haenlein, Al understanding issue Explicit
unite! The 2020)
challenges and Ethical challenges due to bias results Implied
opportunities of ) .
artificial intelligence Cost vs benefit Implied
Data quality Implied
Job displacement Explicit
Interpretation and accuracy of the Al results Explicit
Misconception about what Al is Explicit
Privacy concerns Explicit
Processing capacity limit Implied
Lack of governmental policy and regulations Explicit
Machine learning for |(l. Lee & Shin, 2020) Cost vs benefit Explicit
enterprises:
Applications, Data quality Explicit
algorithm selection,
and challenges Ethical challenges due to bias results Explicit
Hard to explain the Al output - black box Explicit
Interpretation and accuracy of the Al results Explicit
Selecting the best ML algorithm Explicit
Shortage of skilled resources Explicit
What problem to solve Implied
Sustainable Supply |(Sanders et al., 2019) How to use Al to unlock value in data Explicit

Chains in the Age of
Al and Digitization:
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Research Challenges

Connectivity of connected devices (i.e. RFID) Explicit
and Opportunities
The effects of (Shin, 2021) Al understanding issue Implied
explainability and
causability on
perception, trust, Hard to explain the Al output - black box Explicit
and acceptance:
Implications for Human/user interaction with Al Explicit
explainable Al
Interpretation and accuracy of the Al results Implied
Lack of trust in results Explicit
FREQUENCY 9 31 19 3 6
PERCENTAGE OF TOTAL 13.2 45.6 27.9 4.4 8.8
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The literature offered various current and emerging challenges for implementing Al into business or
society. Nevertheless, only one article by Dwivedi et al., 2021 explicitly mentioned Al challenges that
could apply across all diamond model variables, and none of the other studies discussed all the
variables. In contrast, none of the studies applied the Leavitt Diamond Model to assess the Al
challenges. The literature mainly focused on the technology variable (45.6%), followed by the people
variable (27.9%), structure variable (13.2%), external environment variable (8.8%) and tasks variable
(4.4%). The major challenge mentioned by these studies can be categorized into five themes: the
complexity of understanding and interpretation, people challenge for implementing Al, governmental
policy and privacy, technical infrastructure, cost and data, and the internal organisation capability.

Each of these is now discussed in turn.

6.4.2.1 Complexity of understanding and interpretation

A long-standing challenge of Al is the increasing complexity of understanding and interpretation of Al
systems. These studies include a technological view of Al challenges, including the complex algorithm
machine learning use, the black-box nature of Al, the importance of explainable Al, and the complexity
of interpretation. Studies by Dwivedi et al. (2021) and Preece (2018) noted that the continuously
evolving algorithms in Al, such as machine learning and neural networks, reduce the capability of users
to examine the outputs, making it impossible for users to explain the outcome (Dwivedi et al., 2021;
Preece, 2018). In addition, various authors noted challenges of interpretability, explainability and
transparency of results, causing Al to operate in “black boxes” (Barredo Arrieta et al., 2020; Dogru &
Keskin, 2020; Lee & Shin, 2020; Preece, 2018; Shin, 2021). Authors Feuerriegel et al. (2020), Kaplan
and Haenlein (2020), and Shin (2021) argued that testing and validating the results could be left to
employees with specialized expertise and knowledge. However, explanations on the inner workings

of the algorithms used are challenging to describe, creating a lack of trust amongst users.

6.4.2.2 Data quality and technical infrastructure

Data quality measures the accuracy, completeness and consistency of an organisation's data. Data is
essential for organisations wanting to create value and insights from data. Studies reviewed
mentioned data quality as a challenge for implementing Al applications (Dwivedi et al., 2021; Kaplan
& Haenlein, 2020; Lee, 2017; Lee & Shin, 2020). Low-quality data leads to poor decision-making ability
and can derail Al projects (Vial et al., 2021, p. 47). Moreover, data quality affects how Al interprets the
data, and poor quality could lead to bias in the result, causing ethical challenges for businesses
(Feuerriegel et al., 2020, p. 383). In a business analytics study, Vidgen et al. (2017) noted managing

data quality as a significant challenge identified by managers.
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The management of Al systems requires relevant technical infrastructure. The technical infrastructure
is the platforms, environments, software, data and processing capacity needed for Al to process its
output. For example, Dogru and Keskin (2020) stated that organisations require a considerable
amount to ensure proper data storage and security. In contrast, Sanders et al. (2019) noted that

connectivity across connected devices is challenging in monitoring across supply chain networks.

6.4.2.3 People challenge of implementing Al

The people challenges raised in the studies associated with Al implementation included job
displacement, shortage of skilled resources, and the interaction between humans and Al. Many
authors argue that Al automation could harm jobs by displacing or changing jobs, especially in low
skilled work activities (Barredo Arrieta et al., 2020; Dogru & Keskin, 2020; Dwivedi et al., 2021; Frey &
Osborne, 2017; Kaplan & Haenlein, 2020; Manyika et al., 2017). In Frey & Osborne, (2017) study “the
future of employment”, they argued that Al might automate 47% of US jobs, changing the nature of
work, and Manyika et al. (2017) estimated that a third of current work activities could be impacted by
2030. In contrast, Kaplan & Haenlein (2020) argued that job displacement would be dependent on the
industry. Studies by authors Acharya et al. (2018), Araujo et al. (2020), and Dogru & Keskin (2020)
stated that the growing complexity of Al and the use of Al would require employees with new skills
creating a shortage of qualified, skilled Al experts. The lack of skilled resources creates a challenge for
organisations implementing and working with Al systems. A challenge for organisations is the need to
upskill their current employees to enable them to work with the new Al applications (Dogru & Keskin,

2020; Simon et al., 2020).

6.4.2.4 Governmental regulations and privacy

Other challenges raised for organisations implementing Al are the lack of governmental policy and
privacy concerns. For example, Dogru and Keskin (2020) and Feuerriegel et al. (2020) discussed the
lack of inadequate governmental policy regarding the deployment and use of Al creating challenges
for transparent use of automated technology. In addition, an inadequate policy can develop biased
results, such as reinforcing undesirable practices, reinforcing historical discrimination, or resulting in

unanticipated outcomes (Dwivedi et al., 2021).

Privacy concerns raised are customers providing their personal information to companies (Dogru &
Keskin, 2020, p. 72), salespeople worrying that their customers' details could be poached by
competitors (Dwivedi et al., 2021, p. 17), and organisations worried about Al’s use of external data
causing legal privacy issues (Kaplan & Haenlein, 2020, p. 44). Another challenge for implementing Al
is strict privacy rules (i.e., General Data Protection Rule) regarding the storing and use of personal

information (Kaplan & Haenlein, 2020). In addition, the increasing demand for customised products
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or services requires large volumes of identifiable data to be collected, stored, and processed, creating

an increased privacy risk for organisations (Dogru & Keskin, 2020).

6.4.2.5 Internal capability and readiness

Another challenge raised was the internal readiness of the organisation when deploying Al
applications. Dwivedi et al. (2021) noted that organisations lack the internal readiness to adopt Al,
mainly due to the required change management processes to adapt and work alongside the new
automated Al technology (Capgemini, 2018). The introduction of Al in business requires changes to
work practices and prioritises the required investment. Nevertheless, Lee and Shin (2020) argued that
senior managers struggle to quantify the benefits associated with Al investment required, leading to

Al applications getting lesser priority on the IT roadmaps of organisations (Capgemini, 2018).

To the best of our knowledge, scholarly research has not yet been applied using the Leavitt Diamond
Model to assess the Al challenges in retail. The discussion above shows that, while broad themes have
emerged from current literature, there is no comprehensive view of how Al affects organisational
structures, people, processes and tasks. This study aimed to address this gap to understand the
people, task, structural, and technological challenges retailers experience to integrate Al into their

value chains. The following methodological approach was used to answer this research question.

6.5 RESEARCH METHODOLOGY

The research methodology followed an exploratory research design. In particular, a qualitative
research method was employed to discover insights into the research question. To gain insights, semi-
structured interviews were used. Semi-structured interviews were deemed the most suitable as the
researcher develops more significant insights into the Al phenomenon (Firmin, 2012). Also, semi-
structured interviews are appropriate for business research where limited empirical studies are
available. Other studies also used semi-structured interviews to collect data regarding Al or
technology in retail or business (Acharya et al., 2018; Burstrom et al., 2021; Chopra, 2019; de Bellis &
Johar, 2020; Duan et al., 2019; Mahroof, 2019). The interviews were conducted with experts
developing, working, implementing, and using Al in retail. All interviews were recorded, transcribed,

and coded for analysis.

6.5.1 Alin retail expert interviews

The target population for the study focused on participants in three groups, namely, technology
experts developing artificial intelligence systems for retailers. These retail information technology
managers have implemented Al technologies and business consultants working with Al in retail. The

selection process used purposive sampling where participants either had the expertise for consulting,



Stellenbosch University https://scholar.sun.ac.za

139

developing, implementing or using Al technologies within the retail industry. Participants were
sourced using purposive sampling and targeted via the social media platform LinkedIn. The search was
conducted during July 2020 and identified 78 individuals (Table 6.2) deemed suitable for participation.
All individuals were contacted via LinkedIn message to seek their participation in the study. After the

initial contact, 28 responded, and 20 agreed to participate in the interviews.

Table 6.2: Identified individuals deemed suitable for participation

Expert Initial Initial contact  [Responde |% Responded to  |Actual % Interviewed to
contact |percentage d initial contact interviewed initial contact

Al Technology Vendor 23 29.5% 5 21.7% 4 17.4%

Management Consultant 16 20.5% 7 43.8% 5 31.3%

Platform Technology Vendor 10 12.8% 3 30.0% 3 30.0%

Retailer 29 37.2% 13 44.8% 8 27.6%

Total 78 100.0% 28 35.9% 20 25.6%

The semi-structured interviews were conducted through teleconference software Zoom from August
2020 to November 2020. Teleconference software was the most appropriate due to the geographical
locations of the participants and the worldwide COVID-19 pandemic. The interviews lasted between
60 minutes and 75 minutes. The interviews focused on the respondents' experienced while

implementing and scaling Al across the retail value chain.

The 20 participants were from multiple locations across the world. They included management
consultants, thought leaders, technology vendors and developers, and retailers working with Al
technology, all of whom play a role in shaping Al in retail. Appendix A shows a breakdown of the

participants’ roles and country.

6.5.2 Analysis

6.5.2.1 Preparing the transcripts

To prepare the interviews for analysis, a three-step process was followed. First, all recorded interviews
were orthographically transcribed using computer-assisted transcription software Otter.ai. Second, all
audio files and transcripts were revisited to correct any language errors in the transcripts. Third, to
ensure confidentiality of the participants, the researcher anonymized all identifying information in the
transcripts and classified the respondent’s information into participants with a number, i.e,
participant 1. Finally, each completed transcript was downloaded into a Microsoft Word document
and imported into MAXQDA as a single document for coding. MAXQDA is a software package for
gualitative and mixed-method research (MAXQDA, 2020).
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6.5.2.2 Coding

The interview transcripts were coded iteratively in MAXQDA using a grounded theory approach
suggested by Lewins and Silver (2011) and Bryant et al. (2007). The grounded theory approach
comprises a systematic, inductive, and comparative approach for conducting an inquiry to construct
theory (Bryant et al., 2007). The grounded theory approach seeks to find themes and topics to answer
the research question. The text data coding was conducted in three stages to answer the research
questions. First, the coding followed an open coding method to identify and categorize the text data.
Second, once data was labelled into codes, the challenges of implementing Al followed a refining and
grouping stage. Third, the multiple Al challenges were coded into the four Leavitt Diamond Model

variables. The coding stages will be discussed in more detail.

6.5.2.2.1 Stage one: Identify and categorize data

The initial coding stage of the data followed an open coding method. Open coding is an interpretive
process by which raw research data are first systematically analysed and categorized (Mills et al.,
2010). Then, the data was conceptually labelled based on phrases, words and concepts represented
in the transcripts. Finally, the codes were conceptually identified and categorized based on the

answers provided during the interviews.

For instance, “cost will always play a factor and retail is tough these days, you know, we are fighting
for every dollar” were coded into code challenges for implementing Al and “I think the building blocks
are your data and your goal, your hardware and your cloud infrastructure” was coded into code

starting an Al project. Table 6.3 shows the first 25 codes developed during the initial coding stage.
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Table 6.3: Stage 1: Opening coding code structure

Codes Code frequency
Challenges for implementing Al 130
Al Benefits 63
Al for inventory management 61
Al driving insights for retails 55
Starting an Al project 54
Al in the value chain 50
Al for operation optimisation 48
Retail challenges 46
Al for customer engagement 41
Type of data Al use 39
What is needed 38
Al-enabled value chain 29
Current skills 25
Al understanding issue 24
Retail Use case example 22
Al challenges 20
Recommendation for implementation 19
Know what the problem is 18
How to change retail 16
Understanding where to apply Al 7
Are current Inventory equipped with Al? 7
What is Al? 3
Covid changing the way 2
Make the Ul easier 1
Summary write up 1
TOTAL 819

6.5.2.2.2 Stage two: Refining and grouping the codes

The open coding method produced many concepts. The axial coding process relates categories to their
subcategories, the outcomes of open coding (Mills et al., 2010). The researcher analysed the open
codes and grouped the data into categories to rationalise the initial coding structure. For instance,
code challenges for implementing Al and retail challenges were grouped into overall challenges. The

process facilitated making sense of the various types of Al challenges retailers experience.
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Second, during the interactive analysis of the coded dataset, specific observations started to emerge
from the data. It was prominent that various challenges (247) were raised during the interviews.
Various challenges were coded challenges for implementing Al (130), retail challenges (46), current
skills (25), Al understanding issue (24) and Al challenges (20). However, the coding was too broad to
investigate the detail behind the challenges and to require further coding. Therefore, codes were
rearranged, and new subcodes were created to understand the different types of challenges. For
instance, “l do not think the medium-sized guys do not have a team” was coded into lack of resources
and “I think you could put that right up against cost because the cost is going to be huge” was coded

into the cost. By the end of the second stage, the overall challenges code system expanded from 6 to

35 codes. Table 6.4 shows the challenge codes with their corresponding quotes.

Table 6.4: Al challenges code structure

Challenge code Quote Freque Percent
ncy age
Al understanding | “In business in general, that is a general problem, not just for Al, but for most 32 10.56
issue things is you get a buzzword, and you are going to do this, and you go right, so
what does that mean?”
Know what the “The problem is always going to be the starting point and then building the 18 5.94
problem is solution around the problem rather than saying | have an Al”; “It is the
combination of setting the goal and then being able to interpret the outputs of the
data to achieve that goal is quite an obstacle.”
Struggle to “We struggle to paint the benefits case of it”; “the company does not have enough | 8 2.64
quantify the budget to pump in and expanded right, so they lose.”
benefits
Not knowing “The challenge was one understanding where we needed to start [with Al] and 5 1.65
where to start focus our efforts needed.”
Not “That is really hard to [understand the] use cases with Al it is kind of 8 2.64
understanding sophisticated.”
the use case
Sometimes it is “The workforce costs today in India, it is still lower than the artificial intelligence | 2 0.66
cheaper to keep could implement.”
human
resources
Hard to explain “The [way] machine learning works and where it gets to [the] decisions [from]. No 5 1.65
Al output one really knows because it is just too complicated to do understand.”
Narrow in its “When you dig into what they are actually talking about, it is just an algorithm. Or | 5 1.65
focus it is machine learning.”
Technically “From a technical point of view is extremely complicated, because you need to 4 1.32
difficult worry about security and people are not accessing your data feeds.”
Cost vs benefit “You could put that right up against cost, because the cost is going to be huge” “. 18 5.94
It is difficult to articulate its benefit.”
Trust issue “The trust in the system, that is the biggest one.” 11 3.63
Lack of change “a lack of recognition around the amount of change management that’s required 11 3.63
management to make it successful”
Worried about “The biggest obstacle, | think, especially in operations that | faced, was the 9 2.97
job security perception of job security. And the robots are going to come and take my work.”
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Changing the “A big issue around the world, particularly if you are looking at a lot of industries 7 2.31
way of working outside retail. There is a lot of automation taking jobs away and changing how
work is done.”
letting go of “Because | think you know, [people has been doing the same job] for ten years, 5 1.65
control and they have always been right, and the predictions always come true, and why
would | give it to a system.”
People not “I think that the literacy probably at the root cause, because a lot of people have 5 1.65
willing to change | been working in companies for a long time, and they know the stuff and do not
adapttoa want to work [differently].”
different way of
working
Automation to “I'think a lot a large part of this whole process is going to be automated by the 5 1.65
replace current technologies that we have available today.”
tasks
Lack of correct “Alis only as good as the data that’s given”; “Because very often, you can take a 11 3.63
data dirty set of data, apply some cleaning methodologies to it, and you end up with
data that is actually not represented From what the truth was.”
Disconnected “Major obstacles definitely is that their current systems are just not prepared to 15 4.95
Legacy systems cope with them within simulation or with some optimisation.”
Lack of technical | “So data processing of that data transferring that data can take a long time.” 7 2.31
infrastructure
Needs to be “So the machine learning capabilities must cope with this kind of complexity and 7 2.31
integrated into must integrate into the overall framework. And it’s something that is kind of
system sometimes challenging because you cannot just do what you are what you want to
processes do”.
Can be unstable “I think that is a bit of a where the technology is still a bit unstable.” 2 0.66
Managing “a huge amount of this dataset is related to data privacy topics that we see are 2 0.66
privacy seen relevant more and more. | mean, of course, camera surveillance is a huge
topic, especially in Europe.”
Conflicting goals “Probably just prioritisation of where it sits on their roadmap.” 10 33
Retail is slow to “As a retailer. We are early, all of us early. There are other businesses | think that 7 2.31
adapt to new is way further ahead than us. But then retail, but that is the nature of retail.”.
tech
Lack of resources | “Implementation skills, depending on the platform that you select, specific skills 30 9.9
for that platform, and the budget and the resources”; “People with the ability to
clearly articulate what the value of what we are doing is, how is it working, and
kind of have a relationship with the users is important rather than just pure skills.”
Inadequate “I have got the people to manage it, and | have got to be able to capture it all and 12 3.96
capability in put it in a system”; “People that do not have an analytical background.”
current people
Not very “People that do not have an analytical background.” 9 2.97
analytical in
nature
Lack of “It could be just anchored leadership. And we are human. Right? Every leader is 3 0.99
leadership human. So | have been really good at this for 40 years. It is actually myself worth
that is tied up with that.”
Very traditionally | “Retail is a relationship business. | mean, that is what it is all about, right? It is 9 2.97
focused. Buy about relationships.”
product then sell
Best way for “I would still say that it is not like everything; we can leave everything for the 6 1.98
people and Al to machine to decide or an algo, you put forward, and the algo decides everything. It
work together is not, and there is a human part associated as well.”
Integrating Al “So the biggest challenge for retailers is unless you have open standards, sharing 5 1.65

into the business

of ways of working, sharing that data, and then you can see data changes and data
is just stand-alone”.
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Complex issues “One of the things is kind of inventory management is actually a very complex 4 1.32
to solve problem, because, like, depending upon the depth to which you want actually to

solve, the solution also varies.”
Managing Al “There is a bit of a disconnect between project management and how they expect 2 0.66
projects to see a project run and how they expect to see milestones delivered. Versus if
incorrectly you are embarking on one of these things, you have to kind of be agile and learn”.
Lacking the “I would say, immature retailer or a very dynamic retailer, they do not have proper | 4 1.32
correct processes.”
processes
TOTAL 303 100
PERCENTAGE
FREQUENCY
6.5.2.2.3 Stage 3: Coding into the Leavitt Diamond Model

The challenges retailers face when implementing Al technologies are plentiful. To assess the

challenges in a retail organisational setting, we use the Leavitt Diamond Model to code the Al

challenges into four variables, structure, technology, people, and tasks. For instance, changing the

way of working was coded into structure variable, and lack of resources was coded into people. Table

6. 5 shows the Al challenges coded in the relevant diamond model variable.

Table 6.5: Al challenges coded to Leavitt Diamond Model variable

Leavitt Diamond Model variable

Al challenge code

Structure variable

i.e., the activities and authority divided, organised and
coordinated to achieve the goals of the organisation

Know what the problem is

Cost vs Benefit

Conflicting goals

Very traditionally focused. Buy product then sell
Retail is slow to adapt to new tech

The best way for people and Al to work together
Not knowing where to start

Integrating Al into the business

Complex issues to solve

Lack of leadership

Managing Al projects incorrectly

Technology variable

i.e., the systems, tools and mechanisms that turn inputs into
business outcomes

Disconnected Legacy systems

Lack of correct data

Needs to be integrated into system processes
Lack of technical infrastructure

Narrow in its focus

Hard to explain Al output

Technically difficult

Managing privacy

Can be unstable

People variable

i.e., the work executed by people at some time or place, it
includes sub-variables such as skills, the readiness of people,
people knowledge and resources

Al understanding issue
Lack of resources
Inadequate capability in current people

Trust issue
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Lack of change management
Worried about job security
Changing the way of working

letting go of control

Tasks variable

i.e., the activities performed inside the organisation, including
many subtasks that exist within an organisation

Not understanding the use case
Automation to replace current tasks

Lacking the correct processes

The coding procedure identified multiple Al challenges across the structure, technology, people, and

tasks variables. The following section will discuss the findings associated with the Leavitt Diamond

Model challenges.

6.6 FINDINGS: THE CHALLENGES RETAILERS EXPERIENCE WHEN IMPLEMENTING Al

Drawing on Leavitt’s diamond model to assess the challenges retailers' experience when

implementing Al into their organisations. The analyses revealed a variety of challenges retailers

experience whilst integrating Al into their businesses. As the challenges are discussed below, the

complex, interrelated systems become notable. Following the order of aggregated themes in the

coding structure, we describe Al challenges retailers experience based on the Leavitt Diamond Model

below as per Table 6.6

Table 6.6: Summary of Al challenges retailer experience based on the Leavitt Diamond Model

Total Structure Technology People Tasks
Challenge code Count |% Count |% Count (% Count (% Count (%
Al understanding issue 32 10.56 32 24.43
Lack of resources 30 9.90 30 22.90
Cost vs Benefit 26 8.58 |26 27.37
Inadequate capability in current people 21 6.93 21 16.03
Know what the problem is 18 594 |18 18.95
Disconnected Legacy systems 15 4.95 15 25.86
Changing the way of working (people not 12 3.96 12 9.16
willing to adapt)
Trust issue 11 3.63 11 8.40
Lack of correct data 11 3.63 11 18.97
Lack of change management 11 3.63 11 8.40
Conflicting goals 10 3.30 |10 10.53
Worried about job security 9 2.97 9 6.87
Very traditionally focused. Buy product then 9 297 |9 9.47
sell
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Not understanding the use case 8 2.64 8 42.11
Retail is slow to adapt to new tech 7 231 |7 7.37
Needs to be integrated into system processes |7 2.31 7 12.07
Lack of technical infrastructure 7 2.31 7 12.07
Best way for people and Al to work together 6 198 |6 6.32
Not knowing where to start 5 1.65 |5 5.26
Narrow in its focus 5 1.65 5 8.62
letting go of control 5 1.65 5 3.82
Integrating Al into the business 5 1.65 |5 5.26
Hard to explain Al output 5 1.65 5 8.62
Automation to replace current tasks 5 1.65 5 26.32
Technically difficult 4 1.32 4 6.90
Lacking the correct processes 4 1.32 4 21.05
Complex issues to solve 4 132 |4 4.21
Lack of leadership 3 0.99 |3 3.16
Sometimes it is cheaper to keep human 2 0.66 2 10.53
resources
Managing privacy 2 0.66 2 3.45
Managing Al project incorrectly 2 0.66 |2 2.11
Can be unstable 2 0.66 2 3.45
TOTAL FREQUENCY & PERCENTAGE TO TOTAL (303 100 95 31.35 |58 19.14 |131 43.23 |19 6.27

Table 6.6 shows that Al challenges related to people (43.23%) and structure (31.35%) were the most
prominent when implementing and scaling Al into the retail organisation, followed by technology
(19.14%) and tasks (6.27%). Participants mentioned regarding each of these elements are discussed

in greater depth in the following sections.

6.6.1 People

When retailers are implementing Al, barriers are caused by retailers’ lack of focus on the people
variable (42.23%). The people variable is the ability, capability, and knowledge of the people in the
organisation to perform the tasks assigned to them. It includes skills, the readiness of people,
knowledge held by employees and resources. The findings indicated the most prominent people
challenges are 1) the knowledge about Al, i.e., understanding what Al is (24,4%), 2) a shortage of

relevant skilled resources with the skills to implement Al (22.9%), 3) inadequate capability in current
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people to use Al (16.03%), 4) user’s trust in Al systems output (8.4%) and 5) lack of change

management (8.4%).

6.6.1.1 Knowledge about Al

The first most common people complaint was related to people in retail not having the relevant
knowledge about Al (24.4%). This concerns issues regarding people’s ability to perform their assigned
tasks. Participants noted that people use Al as a catchphrase with limited knowledge of the
technology’s role and its capability in the value chain. People use “buzzwords, like machine learning
and artificial intelligence, but all they want to do is sell products on a website, and that is not Al”
(Participant 19). In addition, there are misconceptions about Al’s capability as “people will hear this
magical term being thrown around and they will think that it does everything for them” (Participant
17). Adding to people’s confusion, vendors selling the technology do not clearly explain the technology

purpose, or when they do, they present the wrong retail stakeholders, not the systems' users.

6.6.1.2 Shortage of relevant skills

The second most common people complaint was that retailers have a shortage of relevant skills
(22.9%), which concerns people’s ability to implement and adopt Al technology. Participants stressed
the importance of needing employees with relevant skills such as knowledge about the algorithms,
data modelling and programming, the ability to analyse and interpret results and business knowledge.
Retailers require technical skills such as “data modelling people that can do python programming, or
whatever tool you have, a lot of the modern tools have Al built-in' (Participant 18). On the business
side, retailers require non-technical business people who can communicate and discuss the data. The
need for “interpersonal skills of the analysts can be quite important to demystify output decisions"
(Participant 8). However, retailers lack the relevant people as “[retailers] do not have the skill set or
the talent either on the technical side or its business side to be able to leverage the power of tools like
that” (Participant 4). The importance of both technical and business skills was emphasised amongst
the participants for implementing and adopting Al. Yet, in retail, Al-talent is hard to come by and most

“retailers just do not have the people" (Participant 1) to implement Al successfully.

6.6.1.3 Inadequate capability in current employees

The third most frequently people-related challenges were current retail employees with inadequate
capability (16.3%), which concerns issues regarding Al technologies. The challenge participants noted
was that some retailers employees have worked in the same position for many years, creating a
capability gap. In addition, long term employees do not recognise the importance of reskilling, “many
people have been working in companies for a long time, and they know their stuff, and do not want to

change to Al as they can work out the answer in excel” (Participant 18). This creates a challenge for
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retailers as retraining people is not solely the retailer's responsibility. Therefore, employees need to
be willing to reskill and learn a new skill. The overriding message from participants was a lack of
mathematical skills in current retail employees, “I do think there is a gap in skills. We definitely saw a
gap in skills in terms of people not necessarily having a mathematical background” (Participant 17).
While others noted retail employees “lack analytical background” (participant 10) and “use a lot of gut

feel” (Participant 7) when anticipating results.

6.6.1.4 User trust

The fourth most frequently people-related challenge was users trust in Al (8.4%) output, causing
concern for retailers integrating the technology into their business. Participant 14 mentioned trust in
the system as the most significant challenge retailers face, stating that “it takes time for users to trust
the outcome of the data”. Trust plays an integral part in adopting Al in retail as “you need trust from
the people who are going to be using the solutions, in order for them to be used and to be embedded”
(Participant 7). Participant 8 noted it is essential for retailers to manage the change messages and
articulate the value of the Al clearly, how it works and how users interact with the technology.
Therefore, where trust in Al is concerned, the technology itself needs to be trusted, trust in the data

Al systems use, trust in the outputs, and trust in the people implementing it.

6.6.1.5 The lack of change management

The fifth most frequently mentioned people-related challenge was that retailers are not doing enough
change management (8.4%) when implementing Al technologies, and there seems to be “a lack of
recognition around the amount of change management that's required to make [Al] successful”
(Participant 9). Retail is a traditional industry rooted in legacy systems and operations: “the corporate
immune system of these organisations is resistant to change, which makes the adoption of these kinds
of technologies quite protracted” (Participant 19). Nevertheless, without a proper change
management practice in place to articulate the benefit of working with Al, employees start to distrust
and resist working with the technology: “When people do not know why the new technology is needed,
they start to feel threatened by the technology as they have known the old system and why would they
want to adopt a new system” (Participant 18). Participant 15 emphasised that “one thing that let us
down was that change as a function was not understood”, and people need to be taken on a journey

rather than getting a communication.

Therefore, when considering the people challenges that retailers face when implementing Al, greater
emphasis should be placed on building Al knowledge in people, ensuring employees with the relevant

technical and business skills are in place, and recognizing the readiness of the current employees.
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Without appropriate change management, too much reliance is placed on Al technology and is

required to integrate Al and people successfully.

6.6.2 Structure

When retailers implement Al technologies, it causes challenges to the structure variable (31.35%). The
structure is associated with how tasks in the organisation are divided, organised, and coordinated to
achieve the goals. The findings indicated the structure challenges are 1) difficulty articulating the cost
vs benefit of investing in Al (27.4%), 2) retailers not knowing the problem Al can solve (18.9%), 3)
conflicting priorities (10.5%) and 4) the integrating Al into the current traditional way of working

(9.5%).

6.6.2.1 Articulating the cost vs benefit

The most frequently mentioned structure related challenge was retailers finding it difficult to
articulate the cost vs the long-term benefit of Al, causing concern for retailers requiring the capital
investment to start Al projects. Articulating the intended benefits of Al is challenging as Al can take
years to reap a return on investment. Participants indicated that it is challenging for retailers to
articulate the value of Al to finance teams or other decision-makers, leading to Al not getting the
investment priority itis needed. However, participant 18 mentioned that budgets are granted for pilot
Al projects to prove the technology, yet full-scale implementation falls flat when it comes to the
investment needed. Retailers need to weigh up the cost of Al investments vs other investments: “cost
is all always playing a factor and retail is tough these days, we are fighting for every dollar, and we
struggle to [quantify] the benefits of Al. Especially when you are talking about some of these bigger
solutions that are costly to implement” (Participant 4). Also raised was that retailers underestimate
the cost of all the elements (i.e., infrastructure, resources, processing capacity) needed to implement

and scale Al.

6.6.2.2 Determining the problem for Al to solve

The second most frequent structure related challenge was retailers not knowing the business problem
Al can solve (18.95), causing concern for capital investments into the technology. Participants noted
that retailers need to deliberate about how Al applications can drive business results. Retailers should
“know what you are solving for; you cannot use ML for the sake of using ML” (Participant 13). Another
respondent noted, “what they should be trying to solve with Al technology, knowing about what it is
and how it works is great” (Participant 17). The participants emphasised the importance of defining a
business problem upfront for Al to solve; however, defining the problem is challenging for retailers:

“[the challenge is] coming up with a well-defined commercial problem that is big enough to solve”
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(Participant 7). Therefore, understanding what problem to solve within retail is critical for any Al

implementation and should be the starting point to selecting, building, or implementing any solution.

6.6.2.3 Conflicting priorities

The third most frequent structure related challenge was conflicting priorities (10.5%), causing concern
for prioritising Al on the retailer’s strategic roadmap. Participants noted a challenge for Al is
“prioritisation of where it sits on [retailers] roadmap is a challenge (Participant 16). Participants also
noted that Al competes amongst other retail investments priorities, such as an investment into a new
store. Participant 6 indicated that an Al investment could be equivalent to an investment into one big
store and found the payback period of the store to be quicker than Al, where Al takes years to pay

back the return on investment.

6.6.2.4 Integrating Al into the way of working

The fourth most frequent structure related challenge was integrating Al into the current traditional
way of working (9.5%), causing concern to adopt and work alongside the new automated Al
technology. Participants found that integrating Al into business to be a challenge for retailers, “unless
[retailers] have open standards, sharing of ways of working, sharing that data, Al is just stand-alone”
(Participant 13). A challenge indicated by the participants were retailers are applying Al applications
to a single business process, citing that implementation across retail “are very much siloed”
(Participant 5), leading to retailers missing out on the benefit of integrating Al into the way of working.
Also, a single business process view causes integration and scale challenges where retailers are “trying
out things here with a very small scope” (Participant 20) without the complete end to end process in

mind, causing retailers to underestimate the future investments required by the technology.

Participant 18 indicated they worked with a retailer to implement an Al model to predict employee
churn rate with accurate results. However, the retailer never did anything with the information it
provided. To integrate Al into the way of working, participant 15 noted that the business users need
to define the outcome, not the IT team, as they are disconnected from the business goals. Integrating
Al into the way of working improves the “utilisation of people in operational areas” (Participant 2) and

can assist with embedding Al into the retail organisation.

Therefore, when considering the structure challenges retailers face when implementing Al, retailers
need to establish what problem they will solve with Al. Once the problem is defined, it can assist
retailer leaders to articulate the benefits associated with implementing Al and assisting with roadmap
prioritisation and relevant capital investments. When considering changing the way of working to

accommodate Al, retailers should focus on the process handoff between Al and their employees in
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specific roles, possibly focusing on re-engineering organisational structures to accommodate Al in the

way of working.

6.6.3 Technology

When retailers implement Al, challenges are caused when retailers do not have adequate technology
(19.14%) foundations in place. Technology is associated with all the systems, tools and mechanisms
required to turn inputs into business outcomes. The findings indicated the technology challenges are
1) old, outdated, disconnected legacy systems (25.9%), 2) lack of correct data (19.0%), 3) inadequate
technical infrastructure and integration methods (12.1%) and 4) explaining the output of Al (8.6%).

6.6.3.1 Outdated legacy systems

The most frequent technology-related challenge was retailers' outdated current legacy systems
(25.9%), causing concern for integrating Al applications current systems. Participants noted an
integration challenge as “largely due to [retail being a] traditional sector that is deeply rooted in legacy
operations” (Participant 19). Participants also commented on disconnected retail systems creating
technical integration challenges: "they fractured across multiple systems, and they do not connect’
(Participant 8). Another challenge with legacy systems is that they do not have the processing capacity
to cope with Al simulations. Participant 5 noted, “current systems are just not prepared to cope with

them within simulation or with some optimisation (Participant 5).

6.6.3.2 Lack of quality data

The second most frequent technology-related challenge was the lack of correct or quality data
(19.1%), causing concern for the accuracy and interpretation of the Al output. Participants indicated
that retailers struggle to provide data accessibility and good data quality for Al applications to
consume. Also, participants noted that retailers underestimate the time and effort required to provide
the correct data for Al to work, leading to complexities and delays to Al projects. Retailers have “an
inherent lack of data across the retail landscape, and there is a massive inconsistency in the type of
data that's available” (Participant 1). Participants added the inaccuracy of data, accessibility issues,
lack of use case-specific data, dirty and inconsistent data, and specific challenges faced while

implementing Al in retail.

6.6.3.3 Inadequate technical infrastructure

The third most frequent technology-related challenge was inadequate technical infrastructure
(12.1%), causing concern for the performance and integration of Al applications. Participants noted
that Al applications require relevant technical infrastructure to manage, store, retrieve and replicate

information. For example, Al requires technical infrastructure with the adequate processing and
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storage capacity to access, process and learn from large data volumes to provide an output. ldeally,
before commencing any Al projects, “foundational basics should be in place” (Participant 12).
Nevertheless, participants noted retailers have been slow to update theirs on-premise technical
infrastructure needed to run Al applications optimally, “largely due to the investments it required”
(Participant 7). Participant 12 experienced data processing and transferring challenges, taking a long
time at retailers where Al was implemented. Participants also noted technical challenges for
integrating Al into current systems. Participant 5 noted that retailers need to consider how Al will
integrate into their existing processes. It can lead to wasted effort and hinder the ability to scale the
technology without doing so. Participant 1 noted, “hardware such as cloud computing is needed to run
the Al applications”, helping retailers scale their processing capacity without the need to invest in on-

premise technical infrastructure.

6.6.3.4 Interpreting the Al output

The fourth most frequent technology-related challenge was interpreting the Al output results (8.6%),
causing concern for explaining the results of Al. Participants noted that retailers find it challenging to
interpret and understand the output result of Al systems. Al and machine learning are complicated to
analyse, being a bit of a black box (Participant 8) and “no one really knows, because it is just too
complicated to understand” (Participant 15)”. Participant 17 trains Al models and states the
importance of skilled resources to “know where to look” and understand the data the models are
using. For Al to be implemented successfully, retailers require business resources to access and

confirm the output results of Al models.

Al applications can be unstable without the proper hardware and infrastructure to support them.
Therefore, when considering the technical challenges that retailers face when implementing Al, first,
retailers should access the capability of their internal system for Al to connect, integrate and simulate
the results. Consideration of cloud environments could assist to scale processing power and
connecting to different data sets from different parts of the business. Second, data is essential for
retailers implementing Al applications and should be assessed for its quality and accessibility before

commencing Al projects.

6.6.4 Tasks

When retailers implement Al, it causes challenges in the task variable (6.27%). Tasks are associated
with all the activities performed inside the organisation. The findings indicate the task challenges are
1) not understanding the best use case for Al (42.1%), 2) automating current tasks (26.3%), and 3)

inconsistent processes (21.1%).
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6.6.4.1 Identifying the best use case for Al
The most frequent task-related challenge was retailers not understanding the best use case for Al

(42.1%), causing concern for integrating and scaling Al into current work processes.

Participants noted not understanding the best use of Al to be a challenge: “where to use, do you want
to know your customers, do you want to know about products or [do] you want to know your audit
information?” (Participant 6). Also, itis crucial for retailers to “at least know what specifically you want
to do with the technology is important” (Participant 10). Finally, for retailers wanting to start with Al,

“it is always better to go for a specific use case, especially when you are starting” (Participant 3).

6.6.4.2 Which tasks to automate with Al

The second most frequent task-related challenge was retailers finding it difficult to choose which tasks
to automate with Al (26.3%). Participants noted retailers should automate certain people tasks, such
as data analytics with Al, as “it is physically impossible for human beings to process all [of the
information]” (Participant 6). Automating specific tasks in the retail value chain with Al can provide
retailers with efficiency across their organisations. Nevertheless, participants noted that some
retailers struggle to choose where to apply Al and would instead do nothing other than disrupt

something currently working, even though it is highly ineffective.

6.6.4.3 Inconsistent processes

The third most frequent task-related challenge related to inconsistent processes (21.1%) in retail,
causing concern for integrating Al into working. Participant 10 noted that retailers “do not have proper
processes in place”, causing implementation challenges and delays. In addition, participants noted
that integrating Al technologies into existing processes is challenging as retailers try to fit Al into the

current ways of doing work instead of adapting to work with Al.

When considering the challenges of retailers' tasks while integrating Al into their business, retailers
should identify the use case for possible automation. In addition, when automating tasks and
integrating Al into retail work tasks, consideration should be given to the process to ensure it functions

optimally.

In summary, Al challenges related to people and structure were the most prominent when
implementing and scaling Al into the retail organisation, followed by technology and tasks.
Nevertheless, the challenges show that all the variables, people, structure, technology, and tasks are

interconnected and interdependent on each other.
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6.7 DISCUSSION

This article aimed to provide a comprehensive view of retailers' experience using the Leavitt Diamond
Model while implementing Al. Therefore, we aimed to understand the possible structure, technology,
task and people challenges of implementing Al in the retail value chain. The Al challenges related to
people and structure were the most prominent challenges when implementing and scaling Al into the
retail organisation. Nevertheless, successfully integrating Al into retail is complex, and success

depends on the retailer’s ability to balance the interplay between all the variables.

6.7.1 People: Retail employees and future

When considering the people challenges, most participants mentioned the people’s knowledge about
Al, the shortage of relevant skilled resources, current employees’ capability to use Al, trust in the Al
system and lack of change management as the significant challenges for retailers implementing Al.
Our findings differ from other challenging articles where authors Dogru and Keskin (2020), Dwivedi et
al. (2021) and Manyika et al. (2017) argue that job displacement could be the most prominent people
challenge for implementing Al. While we agree with the authors regarding job displacement, only
some participants mentioned it as a challenge. Our findings on skills shortage align with studies from
authors Acharya et al. (2018) and Araujo et al. (2020), discussing that Al will require new skills to create
a shortage of qualified, skilled Al experts. Therefore, retailers should not only rely on recruiting already
trained professionals with adequate skills, as the reality is that jobs would need to adapt to work with
Al (Daugherty et al., 2020). Consequently, retailers would require people with the ability, capability,
and knowledge to work with Al, and upskilling or reskilling current employees with relevant skills
should become a focus for retailers. Nevertheless, a challenge would be determining the skills gap

amongst employees required to work with Al.

6.7.2 Structure: Adapting the organisational setting

Second, participants also commented on Al's challenges on the structures within a retailer. The
participants mentioned the structure-related challenges, articulating the cost vs benefit of investing
in Al, the problem Al can solve, conflicting priorities, and integrating Al into the current way of
working. Our cost vs benefit challenge finding aligns with Lee and Shin (2020) study discussing this
challenge in their article. In contrast, Dwivedi et al. (2021) noted identifying the right questions for
exploiting Al and the lack of internal readiness for adopting Al as a challenge. Thus, retail employees
do not understand or work with the technology (Makarius et al., 2020). As Al integrates into retail, for
retailers to be successful, they need to evolve existing roles and create new roles to ensure the
required coordination of tasks with Al (Simon et al., 2020). Similarly, for retailers to successfully

integrate Al into business, they are required to adapt their organisational setting to where Al and
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people are integrated to complement each other (Sanders & Wood, 2020). Equally, enabling Al and

people to work together can render retailers long-term benefits.

6.7.3 Technology: Foundations in place

Third, participants commented on the challenges that Al causes on the technology within a retailer,
stating outdated legacy systems, lack of correct data, inadequate technical infrastructure, and ability
to explain the Al output as the retail technology challenges. Our findings align with the literature
reviewed. Nevertheless, none of the studies mentioned outdated legacy systems as a challenge, which
seems to be specific to retail. Thus, retailers require adequate technical foundations and quality data
for Al applications to run optimally. Vidgen et al. (2017) indicated that data quality issues could be
caused by various factors, including old legacy systems. However, updating all the old legacy systems
can cost millions, whereas participants noted that an option for retailers would consider cloud
computing. Similarly, investigating cloud strategies could help retailers scale their processing capacity

without heavily investing in updating outdated technology.

6.7.4 Tasks: Integrating Al into processes

Last, participants commented on the challenges that Al causes on the tasks within a retailer,
mentioning not understanding the best use case for Al, which tasks to automate with Al and
inconsistent processes as the retail task challenges. Our challenge for selecting the best use case aligns
with studies by Dwivedi et al. (2021) and Feuerriegel et al. (2020). Thus, identifying the possible use
case for Al automation can be challenging. Automating specific tasks with Al can assist retailers with
performing tasks more efficiently and effectively. Begley et al. (2020) noted that approximately 30 to
40 per cent of activities in retail could be automated with existing Al technologies. Hence, despite the
benefits of Al, many retailers are only experimenting or applying Al to single business processes,
missing out on the full benefit of integrating the technology (Fountaine et al., 2019; Ganapathy et al.,
2020). Not only are Al technologies automating nonvalue added activities through the retail value

chain, but it is also changing how retailers operate (Oosthuizen et al., 2020).

While this study by no means presents all the challenges retailers could experience while integrating
Al, this study does provide a comprehensive view, using the Leavitt Diamond Model, of the structure,
technology, tasks, and people challenges retailers experience while implementing Al. Thus,

implementing Al requires retailers to consider all variables to become Al-enabled retailers.

6.8 MANAGERIAL IMPLICATIONS AND RECOMMENDATIONS
This article shows that challenges are caused across all variables, structure, technology, people, and

tasks when Al is implemented into organisational retail. There is a complex interplay between all the
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variables when integrating Al in retail. For retailers to be successful with integrating Al, the focus
should be across all the variables in their entirety. When retailers only focus on one variable, i.e.,

technology, the change creates a knock-on effect, causing structure, people, and tasks challenges.

Al systems are changing the way retailers operate and changing how retailers operate. Therefore, for
retailers to successfully implement Al into their business, consideration and focus should be given to
its impact on all the variables (people, structure, technology, and tasks). Figure 6.3 shows an updated

diamond model with considerations to minimise the impact of integrating Al into the retail business.

Structure

Figure 6.3: Diamond model with consideration to minimise the impact of Al

Companies that successfully integrate Al into workflows, processes and tasks create a more effective
human and machine interaction (Deloitte, 2017). Nevertheless, Al projects are at risk of failure without
considering all the variables across the retail organisation. Many organisations invested millions in Al
systems, data infrastructure, time, and resources, without considering the impact the technology has
on the rest of the organisation. For any Al project to succeed in retail, business models need to be
adapted where humans and machines complement each other across the value chain. Figure 6.3
shows the considerations to minimise the impact of integrating Al into the retail business. The

considerations are discussed in more detail next.
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6.8.1 Know the problem to solve with Al

Retailers need to define the Al problem to implement Al successfully before starting an Al project.
Similarly, creating an understanding of the problem Al can solve could assist retailers in articulating
the value of Al and help drive investment into the technology. Ammanath et al. noted that
organisations need to ensure the problem they are trying to solve requires Al, and businesses should
not blindly use the technology due to over-eagerness (Ammanath et al., 2020). However, some retail
leaders push for a new solution without enough emphasis on solving problems in the retail value chain.
Therefore, advancing Al through the retail organisation without a clearly defined problem creates silos
and can cause project delays or even failure of integrating Al into the organisation. For this reason,
retailers need to establish what problem they are going to solve with Al. Al can drive multiple business
outcomes from enhancing customer experience, enabling revenue, saving costs, and enhancing

decision making (Oosthuizen et al., 2021).

6.8.2 Understand the skills and capability gap

To reduce the barriers between Al and people, retailers must understand the skills and capability gap.
Retailers are human organisations that include dynamic human systems with specific structures,
networks of tasks, and information systems, which are managed by people (Leavitt & Bahrami, 1989).
The influx of Al systems into retail businesses puts pressure on retailers to find and train a workforce
capable of working with automated technologies. Equally, increased automation will remove low
skilled ineffective tasks and possibly displace low skilled workers without the adequate skills to work
with automated platforms (Kaplan, 2020). It is difficult to estimate the impact Al could have on jobs
in retail, with some estimating that up to 50% of tasks can be automated with existing Al (Balchandani

et al., 2020; Begley et al., 2020).

Nevertheless, we see changes to the way of working to be more likely. Thus, Al is shifting the nature
of jobs in retail, with new skills to include technical proficiency and business skills. For this reason,
retailers should prepare for the future Al organisation and access the current workforce to determine

the skills and capability gap.

6.8.3 Job design and new jobs

To respond to the shifting nature of jobs in retail, the change in skills will create a need to redesign
jobs and/or create new ones to work with Al. A book by Daugherty and Wilson (2018) found the
emergence of entirely different roles as Al integrated into the business. Therefore, new jobs are
needed to bridge the gap between Al, people, tasks and structure. Similarly, retailers will require new
jobs with multiple responsibilities to work with Al, roles to explain the Al output to retail leaders, roles

to apply the technology to business problems, and roles to analyse/adjust the systems as needed.
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6.8.4 Updated processes

Undertaking any Al project requires retailers to be aware of underestimating the potential costs of Al
and the impact on existing processes (Canhoto & Clear, 2019). Al applications can be unstable without
the proper hardware, infrastructure, and resources to support them. Thus, implementing Al requires
retailers to review inconsistencies in existing processes and consolidate business processes to
integrate Al successfully. Alternatively, retailers need to plan for the change by adapting current work

processes and not underestimating the impact of inconsistent processes on Al implementations.

6.8.5 Communicate the Al purpose

Al projects are at risk of failure without support from people in the retail organisation. For retailers to
successfully integrate Al, retailers need to communicate Al’s purpose to employees and how it will
help them with their jobs (Satell, 2018). When Al is purely focused from a technology perspective,
some employees might not find Al helpful, leading to no actual adoption. For this reason,
communicating the benefits of working with Al could lead to less resistance and trust issues amongst

users, helping employees become more excited about working with Al.

6.8.6 Ways of working

To enable a new way of working with Al, retailers should adapt their organisational structures to bring
the best out of people and Al. While the scale of becoming an Al-enabled retailer can seem
overwhelming, introducing Al to the retail employees (both customer-facing and back-office facing)
can help retailers shift into a new way of working and automate many tasks (Deloitte, 2021). In retail,
employees spend at least 40 per cent of their time on non-value adding, leading to inefficient
workflows (Begley et al., 2020). For this reason, retailers should focus on re-engineering structures to
accommodate the handoff between Al and employees. In addition, business models need to be
adapted in retail where humans and machines supplement each other across the value chain to be

successful in retail.

In summary, for retailers to become Al-enabled retailers, integrating Al requires more than only
getting the technology to work. It requires integrating new capabilities, a different way of working,
process redesign due to automated tasks and a change in employee skill sets. The purpose of this
article was to use the Leavitt Diamond Model to investigate the organisational challenges retailers

experience when integrating Al into their business.

6.9 LIMITATIONS AND FUTURE RESEARCH
Whilst this article has highlighted the challenges retailers experience when integrating Al into their

organisation, it is prudent to point out that the study has limitations. First, this study does not
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represent all the challenges retailers could experience while integrating Al into retail, and one must
be cautious when drawing generalisations across retail as a whole. Similarly, the research design only
indicates the challenge’s retailer experience at a point in time, and it is likely to change the more

retailers implement Al.

The COVID 19 pandemic exposed the shortage of digital skills in retail, leading to some retailers
investing in reskilling their current workers. For example, an apparel retailer, Levi's, invests in reskilling
current employees by training data scientists’ skills (Kapner, 2021). Skilled resources play a
fundamental role in the success of Al applications in a retail organisation. What is evident in this study
is that there is a skill and capability gap in retail, and it would be helpful to establish the skills required
to work the Al in retail. Future research can focus on understanding the skills retailer employees
require to work with Al automation. This will be useful to enable a skills gap analysis and provision
training to narrow the skills gap. Hopefully, this study can be used as a foundation for future research

into Al in retail.

6.10 CONCLUSION: ARTICLE FOUR

There are many challenges retailers experience when integrating Al. The challenges related to people
and structure were the most prominent challenges when implementing and scaling Al into the retail
organisation. The article argues that for retailers to integrate Al into business successfully, retailers
must adapt their organisational setting to where Al and people are integrated to complement each
other. However, when retailers only focus on one variable, i.e., technology, the change creates a

knock-on effect, causing structure, people, and tasks challenges.

Article four found a complex interplay between all the Leavitt Diamond Model variables when
integrating Al in retail. This article showed that challenges are caused across all variables, structure,
technology, people, and tasks when Al is implemented into organisational retail. The article’s
references are available in Appendix M. The following chapter covers the conclusions and

recommendations for this study.
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Chapter 7: CONCLUSIONS AND RECOMMENDATIONS

7.1 INTRODUCTION

Traditional retail business models face disruption from retailers that offer more innovative business
models (Jin & Shin, 2020). New technologies, like Al, robotics, big data and loTs, provides retailers with
an opportunity to gain a competitive advantage(Acharya et al., 2018, p. 92; Black & van Esch, 2019, p.
10; Vidgen et al., 2017, p. 634). In particular, Al has been touted as the technology that will significantly
impact retailers (Kietzmann et al., 2018, p. 265; Shankar, 2018, p. 6). First, retailers interact directly
with customers throughout the entire customer journey, leading to increased data on the consumer
and creating complexities for retailers (Grewal et al., 2018; Lee, 2017, p. 593). Understanding the
customer touchpoints increases complexity for retailers (Kietzmann et al., 2018, p. 263). Al can provide
retailers with insights to reduce shortcomings in data analysis by recognising patterns and providing
insights into customer and sales data (Acharya et al., 2018, p. 92; Ameen et al., 2021, p. 1; Gupta,
2018, p. 170). When Al is used in retail, it can provide retailers with real-time data and personalised
customer recommendations (Guha et al., 2021, p. 29). For example, a grocery retailer, Kroger, has an
in-house analytics department that combines Al and advanced analytics to personalise customer

communications (Weber & Schiitte, 2019, p. 273).

Second, omnichannel retailing has elevated the service expectations of the average customer (Oh &
Polidan, 2018, p. 31), and managing customer interaction across all the retail channels can be complex.
Al helps retailers by providing an improved customer experience by offering intelligent applications
across the customer journey for customers to interact with retailers (Chopra, 2019; Pillai et al., 2020;
Rese et al., 2020; Roy et al., 2017; Y. Xu et al., 2020). For example, Amazon go stores uses Al to

automate the in-store check-out process (Guha et al., 2021, p. 39, Shankar, 2018, p. 16).

Third, in the retail value chain, several stakeholders are involved through each value chain stage,
adding complexity and manual activities to the value chain. Overly complex retail value chains
generate inefficiencies in operations. Al can streamline operations by automating manual tasks and
reducing costs (Gupta, 2018, p. 21; Manyika & Bughin, 2018; Verhoef et al., 2021, p. 891). For example,
Waitrose, a grocery retailer, uses Al to automatically process, capture and place orders for their items

(Blueprism, 2019).

Fourth, Al creates opportunities for manufacturers, wholesalers and third parties to engage with
customers directly, shortening the value chain (Reinartz et al., 2019) and creating new competition for

traditional retailers. For example, Under Armour, a sports apparel and footwear wholesaler, connects
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with customers through their Al-enabled apps and uses the data to provide new products and services

(Leighton, 2018).

Several authors argue that retailers need to adopt Al to be more competitive and stay relevant with
customers (Adapa et al., 2020; Alexander & Kent, 2021; Ameen et al., 2021; Balaji & Roy, 2017; Pillai
etal., 2020; Weber & Schiitte, 2019), yet many retailers are slow to invest into the technology. Current
research into Al in retail literature, first, focuses on the opportunities retailers could experience with
Al, yet the research is predominantly conceptual (Grewal et al., 2017, 2020; B. Guo et al., 2020; Kaur
et al., 2020; Shankar, 2018; Wadhawan & Seth, 2016). Second, the review of the literature discovered
that research into Al in retail had been predominantly focused on customer-facing value chain stages
(i.e., store operations and sales, fulfilment, customer use and support) (Ameen et al., 2021; Araujo,
2019; Balaji & Roy, 2017; F. L. Chen & Ou, 2011; Jain & Gandhi, 2021; Pillai et al., 2020; Pizzi et al.,
2021; Rese et al., 2020; Tupikovskaja-Omovie & Tyler, 2020; van Esch et al., 2021), and no previous
research on the knowledge of the author, about Al’s application across the entire value chain, is yet

to be clarified. Therefore, this study aimed to answer the following research question:

How is Al transforming the retail value chain?

Four articles were used to investigate the primary research question. This chapter concludes the
findings of each article and the synthesized contribution of all four articles. The first section of this
chapter discusses the overall conclusion of each article. Thereafter, the managerial implications, the
study's contribution, possible limitations, recommendations, and future research, followed by the

conclusion.

7.2 RECONCILIATION OF RESEARCH QUESTIONS

Advances in technology are changing how retailers operate, creating complexities and new business
opportunities. However, all the technological changes impact businesses' structure and operations,
transforming internal business processes, changing how employees interact and changing how value

is created throughout the value chain. The primary research question for this study was:

How is Al transforming the retail value chain?

This research question was the primary question of this study and guided the development of the
subsequent research questions for the articles. Thus, this study broadens our understanding of how

new technologies impact value chains in general and retail value chains in particular.

e Research question one: What role does Al play in the retail value chain?
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e Research question two: What are retailers using Al technologies for in the retail value
chain?

® Research question three: What business outcomes can Al drive in the retail value chain?

e Research question four: What are the challenges retailers experience when integrating Al

into their value chain?

Four articles were developed to investigate how Al is transforming the retail value chain. Each article
was discussed individually. However, it links back to the Leavitt Diamond Model variables, i.e.,
structure, people, technology and tasks. First, article one investigated Al in the retail value chain,
linking to structure variables in the Leavitt Diamond Model. Second, article two investigates the tasks
variable in the Leavitt Diamond Model by examining how Al technologies are used in the value chain.
Third, article three investigated the outcomes obtained with Al by focusing on the technology variable
in the Leavitt Diamond Model. Last, article four investigated the challenges for implementing Al across
all Leavitt Diamond Model variables. The following section concludes the research questions for each

article, followed by the conclusion of the overall RQ.

7.2.1 Reconciliation of research question one

Article one investigated research question one:

What role does Al play in the retail value chain?

Christensen et al. (2016)’s jobs-to-be-done approach in innovation was used to understand how Al
can be successfully applied to the retail value chain to complete specific “jobs”. The approach is based
on the idea that companies should focus on the essential goals of a product or service to stimulate the
effective development and implementation of innovation. Christensen et al. (2016) argue that people
‘hire’ products and services to get jobs done, and companies can innovate by doing those jobs better.
In addition, each job can be broken down into various steps or stages of execution, with validating

guestions to assess the best job fit at each stage (Bettencourt and Ulwick, 2008).

First, it was argued that the jobs-to-be-done approach (see Chapter 3, in particular, Section 3.4.3 and
3.5) could be successfully applied to Al. Increased insights about the jobs-to-be-done for Al
technologies could increase the value the technology delivers to a retailer. Second, using Bettencourt
and Ulwick’s (2008) customer-centric validation process, the jobs Al performs were clustered into four

dimensions in the retail value chain, namely:

i Knowledge and insight management Al technologies refer to the ability to provide insights by

managing, sharing, using, creating, and processing information.
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ii. Inventory management Al technologies refer to those that assist in the process of balancing
demand to supply over large assortments to meet customer needs and financial objectives.

iii. Operations optimisation Al technologies help retailers operate effectively and efficiently by
minimising cost and maximising operational capabilities.

iv. Customer engagement Al technologies enable retailers to build relationships with their

customers.

Following the job mapping approach, it was established that the four Al jobs could fulfil most of the
roles in the traditional retail value chain. Al can be extended to multiple functions and perform
different roles throughout the value chain. Various Al applications could undertake multiple tasks
across the retail value chain, creating a customer-centric process (Bettencourt and Ulwick, 2008)

better suited to business amidst new technologies (McChrystal et al., 2015).

Finally, the article suggests that the retail value chain needs to be updated within the improved Al-
enabled retail value chain framework (Figure 7.1). The Al-retail value chain framework is iterative and
agile, enabling real-time data flows, in contrast to the traditional silo-mentality and linear view of the
traditional value chain. The application of current Al technologies to the retail value chain was

reviewed, and four dimensions of Al applications were conceptualised.

From: Linear process To: Iterative process

From: Traditional retail value chain To: Al -enabled value chain

Figure 7.1: Value chain change from a linear process to an iterative process

Regarding question one, Al can best be employed in the retail value chain by serving one of the
following purposes: knowledge and insight management, inventory management, operations
optimisation, and customer engagement. These four categories of Al technologies in the value chain

enabled us to propose a revised Al-enabled retail value chain (see Figure 7.1).
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7.2.2 Reconciliation of research question two

Article two investigated research question two:

What are retailers using Al technologies for in the retail value chain?

Guided by the Leavitt Diamond Model, focusing on the dimension of the task of the model (Leavitt &
Bahrami, 1989), the tasks Al performs were classified across the retail value chain stages (see Chapter
4, in particular, Section 4.6). First, the various Al technologies used to automate tasks across the retail
value chain were presented. This followed a detailed discussion of how Al can be used to manage,

operate and complete specific tasks in the retail value chain.

It was established that Al could be used to automate multiple activities the across retail value chain.
For instance, Al could aid customer use and support by building relationships with customers,
demonstrating a product, and detecting counterfeit products. The technology could also enhance the
shopping experience by tailoring product recommendations to each customer preference and

automating the scheduling of customer orders.

7.2.3 Reconciliation of research question three

Article three was used to investigate research question three:

What business outcomes can Al drive in the retail value chain?

First, this article illustrated how retailers can use Al to attain their goals by using service-dominant
logic. Second, a framework of the four outcomes of applying Al in the retail value chain was presented
(see Chapter 5, in particular, Figure 5.2), namely, (i) enhancing the customer experience, (ii) improving
decision-making across the value chain, (iii) cost-saving and efficiency improvements, and (iv) enabling

revenue. The four identified outcomes are interactive and reinforce one another and are defined as:

i.  The application of Al for customer experience can be defined as applying Al technologies to
enhance all customer interaction throughout the shopping journey.

ii. Al technologies for enhanced decision-making can be defined as applying Al to discover
trends and visualize data for human consumption, thus improving decision cycle time.

iii.  Altechnologies geared towards generating cost reductions and efficiencies are defined as the
application of Al to improve the utilization of resources, processes, and working capital, thus
reducing the cost of doing business.

iv. Al for enabling revenue can be defined as Al with the ability to enable revenue by interpreting

and targeting the presentation of products and services to customers.
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Although the outcomes are not mutually exclusive, for example, cost-saving and efficiency practices
can support revenue generation, Al technologies should be directed at one of these outcomes, and

implementation performance should be measured accordingly.

Second, it was argued that the outcome obtained by Al technology is significantly influenced by where
the technology is applied in the value chain. For instance, two retailers investing in the same Al
technology in different value chain stages may achieve different outcomes. Therefore, retailers need
to be clear on what outcome they aim to achieve through their Al investment and implement it in the

appropriate value chain stage.

The investment in Al technology has primarily been made from a product-dominant, input-output
perspective. For this reason, retailers should instead approach Al investments from a more strategic
service-centric perspective and understand the outcomes that can be achieved through the use of Al
in the retail value chain. This article developed a framework of the four outcomes retailers can achieve

by investing in Al and show wherein the value chain Al investments can best deliver.

7.2.4 Reconciliation of research question four

The final article of the study builds on the learnings from the previous articles. Despite the promise of
Al, most Al investments are failing to deliver on their promised returns (Fountaine et al., 2019). To
understand the reasons behind retailers struggling to integrate Al into their business, research

guestion four was developed:

What are the challenges retailers experience when integrating Al in their value chains?

The article used two stages to understand the challenges retailers experience when integrating Al into
the retail value chain. First, semi-structured interviews were conducted to understand the challenges
retailers experience when implementing Al. The interviews were conducted with 20 experts

developing, working, implementing, and using Al in retail.

Second, the Leavitt Diamond Model was used to understand what causes Al implementation
challenges for retailers. The Leavitt Diamond Model considers the technology for understanding
organisational challenges and the people, tasks, and structure necessary for its successful integration
of Al. Leavitt (1965) suggested that everything in an organisation is connected, and no change can
occur in isolation. Therefore, using the Leavitt Diamond Model, this article illustrated the structure,

technology, task and human-related challenges of integrating Al in the retail value chain.
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The findings ascertaining the challenges retailers experience when integrating Al are discussed in-
depthin Chapter 6, in particular 6.6. However, it can be summarised as follows. The challenges related
to people and structure were the most prominent challenges when implementing and scaling Al into
the retail organisation. It was established that the people challenges relating to knowledge about Al,
shortage of relevant skilled resources and current employees capabilities to work with the technology
were the most prominent. The findings differ from other research discussing Al challenges. Authors
Dogru and Keskin (2020), Dwivedi et al. (2021) and Manyika et al., 2017 argued that job displacement

could be the biggest challenge for implementing Al.

Consequently, arguments were presented that retailers would require people with the ability,
capability, and knowledge to work with Al, and upskilling or reskilling current employees with relevant
skills should become a focus for retailers. The challenges relating to the structures within a retailer
were related to articulating the cost vs benefit of investing in Al and understanding the problem Al
can solve. The structure findings alighed with Lee and Shin (2020) and Dwivedi et al. (2021) studies. It
was argued that for retailers to integrate Al into business successfully, retailers must adapt their
organisational setting to where Al and people are integrated to complement each other. However,
when retailers only focus on one variable, i.e., technology, the change creates a knock-on effect,

causing structure, people, and tasks challenges.

Article four highlighted a complex interplay between all the variables when integrating Al in retail. This
article showed that challenges are caused across all variables, structure, technology, people, and tasks
when Al is implemented into organisational retail. For retailers to successfully implement Al into their
business, consideration and focus should be given to its impact on all the variables (people, structure,
technology, and tasks). Al systems are changing the way retailers operate and changing how retailers
operate. In response to research question four, an updated diamond model with considerations to

minimise the impact of integrating Al into the retail business was created (see figure 6.1).

7.2.5 Reconciliation of the overall research question
Considering the findings from each of the research questions above, an answer can be proved to the

primary research question of the study:

How is Al transforming the retail value chain?

Table 7.1 provides a synthesis of how Al is transforming the retail value chain using the Leavitt

Diamond Model variables as a theoretical lens to structure the research findings.
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Table 7.1: Al transforming the retail value chain
How is Al transforming the retail value chain?

Leavitt Diamond Structure Technology People Tasks

Model variable

Article one By changing the shape of the By fulfilling jobs in the
retail value chain from linear to retail value chain (see
circular (see section 3.5) section 3.4.3)

Article two By shifting the tasks [By automating tasks
from people to in the retail value
machines (see chain stages (see
Section 4.6) Section 4.6)

Article three By attaining retailers goals By applying the same Al

through obtaining outcomes  [technology in different stages

(see Section 5.6.2) of the value chain may achieve
different outcomes (see
Section 5.6.3)

Article four By changing the way of By requiring adequate By demanding people [By changing
working, requiring retailers to [technical infrastructure and with the ability, retailers’ business
adapt their organisational quality data to run Al capability, and processes by
setting (see Section 6.6.2.4 and |applications (see Section knowledge to work [automating tasks in
6.7.2) 6.6.3.3and 6.7.3) with Al (see Section [the retail value

6.6.1.1and 6.7.1) chain (see Section
6.6.4 and 6.7.4)

Al changes how the retailer operates across the structure, technology, people, and tasks. First, Al is
transforming the structure variable by changing the shape of the retail value chain from linear to
circular to accommodate the iterative nature of Al. Al is changing how retailers attain goals in the retail
value chain through achieving specific outcomes. It transforms retailers' organisational settings by

changing the way of working.

Second, Al transforms the technology variable by changing the technical infrastructure needed to run,
process, and store the applications. The application of different types of Al to attain specific outputs
or goals in the value chain. For instance, a Chabot can be used across different value chain stages to
answer customer queries or assist employees. Al transforms the retail value chain through achieving

different outcomes, depending on the value chain stage the technology was applied into.

Third, Al transforms the people variable by demanding people with the ability, capability and
knowledge to work with Al. On the other hand, Al shifts tasks from people to machines by fulfilling
four key roles in the value chain: knowledge and insight management, inventory management,

operations optimisation, and customer engagement.
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Finally, Al can automate multiple tasks in the retail value chain stages leading to the need to update
retailers’ business processes in the retail value chain. These conclusions have multiple managerial

implications, discussed in the following section.

7.3 MANAGERIAL IMPLICATIONS
This section summarises the managerial implications resulting from the articles and the overall

managerial implications when looking at the research question.

7.3.1 Managerial implications: Article one

For retailer leaders to reap the long-term benefits of Al technologies, the focus should be given to
scaling Al technologies across the entire value chain. Retail managers should move away from their
narrowed approach to Al technology investments, i.e., customer-facing technologies only, and
consider how Al provides an increased and sustained competitive advantage through the value chain.
Furthermore, as many global industries gear up for the widespread adoption of Al technologies,
demand and competition will grow for scarce skilled employees who can implement, manage and
work alongside the new technology (Butler-Adam, 2018; van Esch & Black, 2019). Therefore, it will be
crucial for organisations to have a skilled workforce to support the implementation of Al, and there
will be an even higher demand for skilled professionals (Van Esch and Black, 2019). An Al-enabled
retail value chain relies heavily on competent employees who supply high-quality data at each

touchpoint in the value chain.

7.3.2 Managerial implications: Article two

Al has anincreasing impact on the value chain workforce by eliminating specific tasks, redefining roles,
and creating new jobs (Marshall & Lambert, 2018), generating employees' need to work alongside Al.
Integrating Al into the current retail business processes could be challenging without the workforce
with the ability to implement and work alongside the technology. The future skills retailers require
would differ from the people skills required today. For retailer leaders to prepare, retailers must access
their current employee's skill sets throughout the value chain to understand the capabilities required

to work alongside the technology.

7.3.3 Managerial implications: Article three

Retailers should be clear about where they want to apply Al in the retail value chain. Ideally, retailers
have an integrated and circular retail value chain, as proposed in article one. However, most value
chains are linear and siloed, plagued by legacy systems and incomplete data. This article shows that
some outcomes are more likely when Al is applied in particular value chain stages. Therefore, once

retailers have decided which outcome they want to attain through the application of Al, both the type



Stellenbosch University https://scholar.sun.ac.za

169

of Al and the value chain stage in which they want to apply the technology, their options are narrowed
down significantly, and managerial decision making and creating a business case for an Al investment
becomes easier. However, the return on investment of any technology project can only be realized if
that investment is being appropriately measured and monitored. Therefore, retailer leaders could use

the four Al outcomes as a guideline for measuring the return on the Al investment.

7.3.4 Managerial implications: Article four

Al systems change the way retailers operate and how retailers operate, creating many complexities
for retail leaders. For retailers to successfully implement Al into their business, consideration and
focus should be given to its impact on all the variables (people, structure, technology, and tasks). To
assist retail leaders in minimising the impact of integrating Al into the retail business, The diamond
model with consideration to minimise the impact of Al can be used as a guide for considerations

needed to successfully integrate Al into the retail business (see Section 6.8, in particular, figure 6.3).

Al projects are at risk of failure without considering all the variables across the retail organisation.
Many organisations have invested millions into Al systems, data infrastructure, time, and resources,
without considering the impact the technology has on the rest of the organisation. For any Al project
to succeed in retail, business models need to be adapted where humans and machines complement
each other across the value chain. For retailers to become Al-enabled retailers, integrating Al requires
more than only getting the technology to work. It requires integrating new capabilities, a different

way of working, process redesign due to automated tasks and a change in employee skill sets.

7.3.5 Managerial implications: Overall study

This study shows that Al is transforming retailers in many ways. Al transforms retailers by completing
and automating multiple tasks in the retail value chain. Also, Al can create multiple benefits for
retailers by the outcomes obtained from implementing Al in the retail value chain. However,
transforming with Al requires a change in the way of working, and retailers cannot transform with Al
by only implementing the technology to specific business processes. When the technology is only
viewed from a technology perspective, it creates challenges within the retailer's business
environment. For retailers to transform with Al, this study addressed the following eight managerial

implications to ensure successful integration into the business.
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External environment

ni-enabled retail organizatio,

ture

Figure 7.2: The eight imperatives for getting the most out of Al in the retail value chain

In Figure 7.2, the external environment refers to all external factors outside the retail organisation's
control. These include new competitors, government legislations and policy changes, the pace of
technological change, the COVID pandemic, and economic factors. For instance, the COVID pandemic
changed retailing overnight, forcing stores to close. Retailers needed to adapt to a new way of

interacting with their customers while keeping their employees safe.

The internal retail organisation are all the forces that the organisation can control, manage, and
monitor. Organisations are complex entities with a group of people that share one or more goals
(Boella & van der Torre, 2006). It encompasses the retailers' structure, tasks, people, and technology
variables. When a change occurs in any of the variables, i.e., technology, the change in the variable
creates a knock-on effect onto the others. Therefore, it is essential to ensure that all variables are
focused on when any change occurs in the organisation. Hence, the eight imperatives were created to
help retail leaders ensure the correct building blocks are in place for the successful integration of Al
within the retail organisation. Ensuring a holistic view across people, structure, tasks, and technology
could create long-term benefits with Al. The following section discusses the eight imperatives in more

detail.
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7.3.5.1 Solving the business problems for Al

Al encompasses many different technologies, responsible for performing different activities within the
retail value chain leading to confusion amongst retailers about the purpose of the technology.
Therefore, it is crucial for any Al project to start with a clearly defined problem Al could solve. For
instance, a retailer could have challenges forecasting the correct demand quantities per store.
Therefore, a defined problem statement will assist with applying to correct Al to help solve this
business problem. Furthermore, organisations need to ensure the problem they are trying to solve
requires Al, and the business should not blindly use the technology due to over-eagerness (Ammanath
et al., 2020). “Who cares if you can solve a problem with 99 per cent accuracy if no one needs that
problem solved?” (Participant 15). In the same way, not defining a problem to solve causes multiple
challenges, with retailers underestimating what is needed to implement, integrate and scale Al.
Nevertheless, some retail leaders push for a new solution without enough emphasis on solving

business problems in the retail value chain.

To understand if an Al even applies to solve a specific business problem, a problem should have these

specific characteristics (Day, 2021):

e There are reliable, accurate and available data for the specific problem.

e The problem is caused by business inefficiencies and not technology platforms.
® The problem should be core to your business.

® The problem should be confined the certain boundaries, for instance.

® The problem can be solved at scale.

Itis also important to note that Al is not a solution to all business problems, and managers need to be

clear on defining the right questions for Al to answer.

7.3.5.2 Data for Al

The primary function of Al is interpreting the data and learning from it. For Al to perform optimally,
the systems require large volumes of various datasets to process. To do so, Al systems should be able
to access the data. However, this study found that retailers struggle to provide data accessibility and
good data quality for Al. Retailer leaders need to recognise the complexities in retrieving, accessing
and processing data needed for Al solutions. When starting an Al project, data accessibility should be
a management issue to solve and not a purely IT issue (Vial et al., 2021). Data quality issues are a
significant challenge for the accurate performance of Al systems. Poor data quality can cause bias in

the results of Al systems or even ethical issues if not managed correctly. Also, retailer leaders need to
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be aware of any privacy challenges associated with collecting data that could potentially affect the

personal privacy of the Al systems.

Retailers or businesses must establish data quality control processes and governance practices (Lee &
Shin, 2020). Similarly, retailer leaders need to plan for proper data management throughout the entire
development lifecycle of Al and not only when projects are in the pilot phases. The data management
plan should focus on assessing the data for the Al systems to use, data quality management, and
privacy management processes. Focusing on data management can help mitigate the challenges

caused by Al systems.

7.3.5.3 Infrastructure requirements for Al

For Al systems to process data and learn from it, Al needs to process it through various learning
processes. Managers believing Al is a simple “plug and play solution” will significantly underestimate
the actual requirements, which is not the case. Instead, Al requires stable, scalable technical
infrastructure environments to consolidate, process, and simulate data. However, retailers are still
touted with legacy systems and outdated infrastructure, making it challenging to manage Al system
processes. As a result, Al applications can be unstable without the proper hardware, infrastructure,
and resources to support them. The foundational hardware needed to implement Al applications can
be capital intensive, and retailers should explore the use of cloud computing to run the Al applications.
Cloud environments can help retailers scale processing capacity as needed, help connect various data

sets from siloed systems into one platform and reduce the upfront investment required.

7.3.5.4 Capital requirements and benefits

Retailers should be aware of underestimating the potential costs of Al (Canhoto & Clear, 2019, p. 5).
Reliable estimates for Al requires expertise, understanding context and understanding the business
problem. Al requires substantial financial investments (Dwivedi et al., 2021, p. 5) into infrastructure,
change in business processes, hiring skilled resources to build and maintain the systems and changing
working practices. Also, the payback period of Al systems can take years, making it challenging for
retailers to articulate the value of Al to finance teams or other decision-makers, causing Al not to get
the investment priority it is needed. Retail leaders need to select the best initiative or business
problem to spend their capital investments on, and Al projects must be added to the long-term

company strategic roadmaps.

7.3.5.5 Strategic prioritisation and ownership
Al is earmarked to transform retailers, and strategic focus should be given to Al implementation and

integrating Al into business. However, this study found that Al competes with other retail investments
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priorities, such as an investment into a new store. As a result, some retailers wanting to invest in Al
started applying Al as proof of concept. However, once-off initiatives lack the entire organisation's
focus, leading to Al failures. Therefore, strategic prioritisation is needed to benefit from investment

into Al.

Ideally, business-wide prioritisation should come from the CEO (Yao et al., 2019, p. 58). However, in a
traditional business such as retail that is conservative towards technology investments, that is unlikely
to be the case. Therefore, finding the correct stakeholders to champion a high-risk project like Al is
required. The stakeholders need to understand the technology, understand the challenges related to
data, and integrate into the business while being willing to learn. The stakeholders can push for
strategic prioritisation, take ownership of Al within the business, and ensure future investments in

technology, processes, and people.

7.3.5.6 People in retail

This study found that people are one of the most significant challenges retailers experience when
implementing Al into the value chain. While Al technologies are helping retailers to provide a
personalised offering for customers, automating tasks and processing large volumes of data, the influx
of the new Al technologies is putting increased pressure on retailers to find and train a workforce with
the skills necessary to manage and work with the technology (Oosthuizen et al., 2020; Pantano, 2020,
p. 183-185). To implement Al successfully, retailers require employees with implementation skills,
knowledge about the algorithms and Al, platform knowledge and business knowledge. Nevertheless,
the skills shortage is a challenge for retailers, and retailers should not only rely on recruiting already
trained professionals with adequate skills, as the reality is that jobs would need to adapt to work with

Al (Daugherty et al., 2020).

Skilled resources play a fundamental role in successfully integrating Al into a business. Retailers should
focus on recruiting employees with the ability, capability, and knowledge to work with Al or upskill
current employees to work with the technology. Retailer leaders must understand their organisation's
skills and capability gap to reduce the barriers between Al and people. Al is changing how tasks are
performed in the value chain by automating them. The automation could remove low skilled
ineffective tasks and possibly displace low skilled workers lacking the adequate skills to work with
automated platforms. Retailer leaders need to be aware of Al's potential impact on employees in low
skilled areas. Thus, Al is shifting the nature of jobs in retail, with new skills to include technical
proficiency and business skills. Ideally, retailers should start training low-skilled employees with

different skills to benefit from working with automated activities in the future. For this reason,
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retailers should prepare for the future Al organisation and access the current workforce to determine

the skills and capability gap.

7.3.5.7 Change management for Al

With Al's potential to automate multiple tasks in the value chain, it creates uneasiness and resistance
amongst employees who think they could lose their jobs due to the technology. This study found a
lack of recognition for change management required for integrating Al in retail. Nevertheless,
implementing any new technology project, not only Al, should focus on the change management
process of integrating the technology into the business. Employees resisting and not using the
technology will significantly impact the benefits associated with Al. Therefore, retailers need to have
adequate change management practices in place and communicate the purpose of the technology
early in the project stages. Communication should include knowledge about Al’s purpose in the
organisation, the benefits of working with Al, i.e.,, automation manual tasks, and the overall

organisation expectation and accountability of working with the technology.

7.3.5.8 New way of working

This study found that retailers struggle to integrate Al into the current way of working. Partly due to
the retail industry being traditional in nature, i.e., buying and selling products. For the successful
integration of Al into retail, retailer leaders need to understand that Al involves a change in the way
of working by updating processes, workflows, organisational structures and requires job redesigns.
When Al applications are siloed across different areas, retailers miss out on integrating Al into the
end-to-end value chain process. Al must be adopted and integrated into the way of working before
the system can improve productivity in the retail value chain. Therefore, retailers should adapt their
organisational structures to bring the best out of people and Al to enable a new way of working with

Al

In summary, there are many managerial implications for retailers to consider when undertaking any
Al transformations. When retail and business leaders ensure the eight Al imperatives are in place, they
can successfully integrate Al into the business. The recommendations are discussed in the following

section.

7.3.6 Recommendations
The study provides multiple recommendations for academia, retail and business and consultants. The

recommendations are discussed in more detail.
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7.3.6.1 Recommendations for academia

This study found that research into Al in retail is still limited, with current research predominantly
conceptual and mainly focusing on the customer-facing value chain stages. Therefore, this study
provided four theoretical contributions, namely 1) the shape of the retail value chain needs to be
updated 2) the Leavitt Diamond Model was applied in the context of Al in the retail value chain, 3) a

new updated Leavitt Diamond Model, i.e., the Al integration pentagon model (see Section 7.5.2) was

proposed and 4) the application of jobs theory was applied to Al in retail.

With Al's growing influence on the retail value chain and business alike, it is recommended for
academia to extend the updated Al-enabled value chain research. The research can accelerate the
movement of data and tasks in the retail value chain and how retailers' structure should accommodate
the new shape of the retail value chain. Second, it is recommended that updated Leavitt Diamond
Model (i.e., Al integration pentagon model) linkages be tested empirically. Finally, the application of

jobs theory can further be studied at a lower process level to articulate the detailed tasks Al can fulfil.

7.3.6.2 Recommendations for practitioners
Although many consulting practitioners articulate the importance of Al in retail, few frameworks,
guidelines, or mechanisms support retailers in adopting Al to deliver the greatest return on investment

by transforming with the technology.

Undertaking any Al project can be a daunting task for any retailer or business. It is recommended for
practitioners that when undertaking any Al project, it is essential to clearly articulate what the Al
technology needs to be used for, i.e., defining the business problem to solve. Al should be the solution
to the problem, and the problem needs to be realistic. To identify possible use cases for business
problems, retailers can review the Al-enabled value chain framework or the tasks Al can perform in
the retail value chain (see Section 3.4 and 4.5 ). To assist practitioners in articulating the benefits for
Al investments, the outcomes framework (see Section 5.4.2) can assist with a guideline of the possible

outcome based on where the Al is applied in the value chain.

There is a complex interplay between all the variables (people, structure, tasks and technology). To
mitigate the challenges for integrating Al into the retail business, retailers refer to the Al integration
consideration framework (see Section 6.6) that identifies considerations retail leaders can use to
minimise the impact of integrating Al into the retail business. In addition, undertaking any Al project
is complex, and retailers recommend that practitioners refer to the eight imperatives for

implementing an Al framework (see Section 7.5.5) to integrate the technology successfully.
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7.3.6.3 Recommendations for consultants and Al experts working with retailers

Retailers look to consultants and Al experts for advice on selecting Al systems, and the following
recommendations are proposed for consultants. First, this study found a challenge with knowledge in
understanding Al and its purpose across the retail value chain. This causes challenges and
misconceptions about what technology can and cannot do. As consultants and Al experts, it is essential
to educate retailers regarding the complexity of Al and what an Al retail future could resemble.
Second, it is crucial to guide retailers to the best possible solutions as experts. Assisting retail leaders
with suggesting which Al systems could solve their business problems could help retailers achieve their

benefits (see Section 3.4 and 4.5 for application examples, and Section 5.4.2 for outcomes).

Second, a retail organisation has a complex interplay between people, structure, technology, and
tasks. Therefore, when selling Al as a solution to retailers, it is essential to emphasise to retail leaders
that Al outcomes are dependent on people, structure, technology and tasks all working together. To
ensure successful integration for Al into the retail business, the eight imperatives for implementing an

Al framework (see Section 7.5.5) could be used as a guideline for transformation with Al.

Last, retailing is traditional, with multiple retailers still using legacy systems for their operations. A
challenge for retailers is the cost associated with investing in the infrastructure needed for Al systems
to run optimally. Suggest cloud environments for processing, scaling and automating Al in the value
chain and recommend ways to upgrade legacy systems to get the most out of Al. The contribution of

the study is discussed next.

7.4 CONTRIBUTION OF THE STUDY

Bacharach (1989, p. 496) stated that theoretical statements should be organised and clearly
communicated and highlighted the importance of building theory by answering questions concerning
how, when and why, instead of only dealing with what was observed. He argued that theories need
to be useful and explain and predict the observed phenomena (Bacharach, 1989, p. 501). Scholars
have different views regarding theory. However, they agree that theory is based on finding or

explaining any phenomena (Zhou et al., 2017, p. 262)

Berthon (2002, p. 421) noted that research is “essentially a problem-solving or phenomenon-exploring
exercise”, and knowledge generation is the process by which the phenomenon is solved or explored.
For a theory to be complete, Whetten (1989, pp. 490-492) stated that the contribution of a study
should contain four essential elements, namely, what, how, why and who, where, when. First, theory
should be described and explained following “what” and “how” through constructs or concepts that

can be conceptually linked (Whetten, 1989, pp. 490-491). Second, the “why” should explain the
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theory, including narration derived from pre-existing theory or logical arguments. This is a crucial step
in explaining the theory and the importance of why certain phenomena exist (Whetten, 1989, p. 491).
Third, to gain new knowledge, assessing the “why” and “how” of the phenomena assists with
critiquing elements of the data to gain new insights (Cloutier & Langley, 2020; Whetten, 1989). Fourth,
Whetten (1989, p. 492) stated that theorists should acknowledge the possible limitations in the
theory's applicability. The possible limitation of this study is discussed in Section 7.10. Table 7.2

summarises the four elements and focuses on this study.

Table 7.2: Whetten’s four elements and this study’s focus on the elements

Whetten (1989) four Whetten'’s description This study’s four elements

to justify the constructs
selected and their
relationships

elements

What Describes the constructs Constructs = Al + retail value chain
that should be considered as | advances in Al are changing the way retailers
!aart of the phenomena of operate, creating complexities and new business
interest opportunities throughout the value chain.

How Describes how the Al impacts businesses’ structure and operations,
constructs are related to transforming internal business processes, changing
each other how employees interact, and creating value

throughout the retail value chain. However, when
only focusing on the technology aspect of Al
creates challenges.

Why An explanation of the theory | Al will not render long term benefits by only

focusing on the technology side of Al. There is a
complex interplay between all Leavitt Diamond
Model variables when implementing Al into retail.
For Al to be successfully integrated into the retail
value chain, the focus should be given to people,
structure, tasks and technology within the retailers

Who, where, when

The possible limitations of
the theoretical contribution

This study’s focus is on retail; however, the
contribution applies to organisations undertaking
any Al project

Adapted from source(Whetten, 1989, pp. 490-493)

Theoretical contribution generates knowledge and the expertise it produces to theory (Berthon et al.,
2002; Zhou et al., 2017). The theoretical contribution is divided into two dimensions, originality and
utility (Corley & Gioia, 2011, pp. 16—18). It initially provides a basis to discuss the nuances gained
through either incremental or revelatory insight. In contrast, the utility should improve “current

research practice” and improve current managerial or organisational practices, providing insights into
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academic and professional realms (Corley & Gioia, 2011, pp. 16—18). Figure 7.4 shows this study’s

theoretical contribution applicability to Corley and Gioia’s model quadrants.

Contribution to the body of
knowledge in Al in retail.

* Updating the shape
of the retail value

Contribution applicable to
practice.
+ Jobs Al can fulfil

oy * Al tasks in the value ]
[=] . chain
= chain ; ;
L * Leavitt model in the
w * QOutcomes . .
3 context of Al in retail
e * Challenges for i .
. ; * Application of jobs
= implementing Al
= theory
[
=
e
=
o
™
£
a
E
z
L=
=
Practically useful Scientifically
useful

Utility

Figure 7.3: This study’s theoretical contribution based on Corley and Gioia (2011)

Corley and Gioia (2011, p. 20) argue that research into management and organisational theory has
neglected the practical usefulness, with more focus placed on the scientific usefulness of the theory.
This is understandable as “practical utility considers specific problems tapping general principles,
whereas good theory emphasises generalities”(Corley & Gioia, 2011, p. 20). The following section

discusses the theoretical contribution of this study.

7.4.1 Contribution of the study

This section describes the overall theoretical contribution of the study and the contribution to

practice.

7.4.1.1 Theoretical contribution of the study

The results of this study contribute to the body of knowledge in several ways. First, this study departs
from previous studies on Al in retail literature, which are predominantly conceptual (Grewal et al.,
2017, 2020; Hagberg et al., 2016; Jain & Gandhi, 2021; Shankar, 2018). Second, despite Al’s increasing
popularity, empirical inquiry into Al in the retail value chain remains limited. Therefore, the study

addresses this gap in the literature by examining how Al is transforming the retail value chain.
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Second, current literature addressing Al in retail mainly focuses on the Al application in customer-
facing value chain stages (i.e., store operations and sales, fulfilment, customer use and support)
(Ameenetal., 2021; Araujo, 2019; Balaji & Roy, 2017; F. L. Chen & Ou, 2011; Jain & Gandhi, 2021; Pillai
et al., 2020; Pizzi et al., 2021; Rese et al., 2020; Tupikovskaja-Omovie & Tyler, 2020; van Esch et al.,
2021), and not about Al’s application across the entire value chain. Thus, while Al in the retail body of

knowledge has increased in recent years, the literature remains limited.

Extant research focused on providing theoretical contributions in exploring the relationships between
Al and digital marketing (Kietzmann et al., 2018; Mogaji et al., 2020), advancing knowledge on Al-
enabled customer experiences and service (Ameen et al., 2021; Balaji & Roy, 2017; Pillai et al., 2020),
researching customer adoption of Al-enabled technologies (J.-S. Chen et al., 2021; Jain & Gandhi,
2021; Pitardi & Marriott, 2021; Pizzi et al., 2021; Rese et al., 2020) and consumer patronage towards
Al-enabled checkouts (Esch et al., 2021)). Therefore, no studies illustrated the implementation of Al
across the retail value chain to the author's knowledge. Therefore, this study broadens the

understanding of how Al is transforming the retail value chain.

This study contributes to theory in three ways, 1) by suggesting the shape of the value chain should
change, 2) examining all variables in the Leavitt Diamond Model in the context of Al in the retail value

chain, and 3) applying the application of jobs theory to Al in retail.

7.4.1.1.1 Updating the shape of the retail value chain

Research asserts that the traditional retail value chain is experiencing a metamorphosis, yet literature
offering managerial guidance on how to respond to these changes is limited (Araujo, 2019; van Esch
et al., 2019). With added pressure to remain competitive, many retailers have started to embrace
various digital technologies to engage with their customers (Grewal et al., 2017). Many are utilising Al
applications to establish this connection (Morgan, 2019). Authors argue that the retail value chain
needs revisiting because of new technologies (Hagel et al., 2016; Reinartz et al., 2019), yet limited
empirical research have suggested precisely how the retail value chain should change. This study’s
first theoretical contribution suggests that the retail value chain’s shape should change from linear to
circular to accommodate the iterative nature of Al. Al has a significant impact on the shape of the
retail value chain. For Al to learn from past experiences, the technology requires data, and the
effective translation of data into knowledge is crucial for Al’s success. The current linear approach to
the retail value chain is not conducive to advanced knowledge and insight management Al offers.
Hence underpinning the updated Al-enabled retail value chain (see Section 3.4) is knowledge and
insight management. The Al-enabled value chain can be deployed to serve one of the following

purposes: knowledge and insight management, inventory management, operations optimisation, and
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customer engagement. The Al-enabled retail value chain principles can be applied to other industries

such as consumer, banking, and manufacturing.

7.4.1.1.2  Application of the Leavitt Diamond Model

The Leavitt Diamond Model is an important model to examine the impacts of organisational change
by considering the interrelated social (i.e., human and structure) and technical (i.e., tasks and
technology) variables (Hartmann & Lussier, 2020; Leavitt, 1965). Scholars have used Leavitt’s model
to examine a variety of organisational change topics applying it in numerous contexts, including the
COVID pandemic shock on B2B organisations (Hartmann & Lussier, 2020) to information systems in
the organisational environment (Lyytinen & Newman, 2008), management challenges associated with
analytics (Vidgen et al., 2017); marketing and supply chain management (Jittner et al., 2007), and the
use of information technology and the effectiveness of human resource function (Haines & Lafleur,

2008).

This study used the Leavitt Diamond Model variables (i.e. structure, technology, tasks and people) to
examine how Al transforms the retail value chain. All articles investigated each component of the
Leavitt Diamond Model. This process offered an expansive view to examine the variables of the
Diamond model individually to access Al in the retail value chain. Significant studies in Al in retail
literature only focus on technology variable of the Leavitt Diamond Model (Balaji & Roy, 2017; Bottani
etal., 2019; Grewal etal., 2017, 2020; Guo et al., 2011; Jin & Shin, 2020; Lee, 2017; Wadhawan & Seth,
2016), which is a limitation in research. All variables, especially people, should be considered when
integrating Al or any digital projects into retail. Therefore, the second theoretical contribution for this

study was using all variables in the Leavitt Diamond Model in the context of Al in the retail value chain.

There is a complex interplay between all variables in the Leavitt Diamond Model when implementing
Al into retail. When retailers only focus on one variable, i.e., technology, it creates challenges. To
accommodate Al in the organisation, the linkages in the Leavitt Diamond Model should change. Al
offers more than only being a technology. Technology is associated with the hardware, software, and
processing power, whereas the power of Al is how it uses the technology to accomplish a goal by
processing the algorithms. Al aims to generate an output or action depending on its goal. For instance,
a digital camera could always take pictures, yet combined with Al computer vision, a camera can now

recognise a person’s face, unlock the phones and apps, and approve payments.

Al represents opportunities to improve customer service (Lee & Shin, 2020), improve productivity in
operations (Dogru & Keskin, 2020), increase efficiency (Manyika & Bughin, 2018), interact with

customers (Adapa et al., 2020; Ameen et al., 2021), reduces costs (Wadhawan & Seth, 2016) and
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creates new business opportunities. Therefore, by separating the focus of Al to its own variable, the
thinking is shifted from technology only to instead focus on solving business problems and the
transformative opportunities Al can provide organisations. Figure 7.4 shows an updated model where

Al links to all variables, structure, technology, people and tasks.

External environment

Organization Al
Structure « / \ * Tasks
Technology « > Pz

Al integration pentagon model

Figure 7.4: Updated variable linkages to accommodate Al the pentagon model

Therefore, the theoretical contribution is an evolved Leavitt Diamond Model accommodating Al as a
new variable, not combining Al as part of the technology variable. No other studies have proposed

updating the Leavitt Diamond Model to include Al as a new variable to the author's knowledge.

7.4.1.1.3 Application of jobs theory — outcomes-based innovation

The application of jobs theory proposes a group of principles that explain how to make marketing
more effective and innovation more predictable by focusing on the customer’s jobs to be done.
Christensen et al. (2016) argue that people ‘hire’ products and services to get jobs done, and
companies can innovate by doing those jobs better. Each job can be broken down into various steps
or stages of execution, with validating questions to assess the best job fit at each stage (Bettencourt
and Ulwick, 2008). In article one, the job-to-be-done approach was used as a lens to conceptually

cluster the jobs Al technologies can perform in the retail value chain. The article conceptually
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proposed four Al technology dimensions that can fulfil most of the roles in the “traditional” retail value

chain.

Ulwick (2016, p. 58) argues that using the jobs-to-be-done theory to define a job is essential. However,
he emphasises that uncovering the desired outcome is the key to successfully innovating. Outcomes-
based measures have become increasingly important (Burkett, 2013) and stem from service-dominant
logic (Vargo and Lusch, 2004) and digital servitisation (Kowalkowski et al., 2017) research. In article
three, an outcomes-based approach was used to present a framework of four outcomes for applying
Al in the retail value chain and tested the association between the Al outcome and the value chain

stage.

Therefore, articles one and three broaden our understanding of applying jobs theory and outcomes-
based innovation in the context of Al in the retail value chain. The following section discusses the

contribution to practice.

7.4.2 Contribution to practice

Authors have presented a variety of Al applications that can be used in customer-facing value chains
(Ameen et al., 2021; Araujo et al., 2020; Balaji & Roy, 2017; Chen & Ou, 2011; Esch et al., 2021; Jain &
Gandhi, 2021; Pillai et al., 2020; Pizzi et al., 2021; Rese et al., 2020; Tupikovskaja-Omovie & Tyler,
2020), for instance, enhancing the customer shopping experience. However, the entire value chain is
yet to be presented. Moreover, research into Al is predominantly focused on the technology itself
(Anica-Popa et al., 2021; Grewal et al., 2017; B. Guo et al., 2020; Haenlein & Kaplan, 2019; Hagel et al.,

2016; Kaur et al., 2020) and not on what tasks the technology can perform.

Current studies investigate particular Al types to improve areas in the retail value chain (Balaji & Roy,
2017; Chan et al., 2020; Chen et al., 2021; de Bellis & Johar, 2020; Pillai et al., 2020; Rodgers et al.,
2021). However, the literature mainly focuses on the technology instead of what the technology can
do for retailers. Furthermore, while most of the studies discuss a specific type of Al or the algorithms
associated with Al (Bottani et al., 2019; Cruz-Dominguez & Santos-Mayorga, 2016, Lee, 2017;

Priyadarshi et al., 2019), the literature only addresses a small portion of the overall value chain.

Some studies regarding the value and benefits of Al are associated with implementing Al (Cao, 2021;
Dogru & Keskin, 2020; Manyika et al., 2017; Shechtman et al., 2018). However, the outcomes of
investing in Al in the retail value chain has yet to be articulated in scholarly research. The literature
offered various current and emerging challenges for implementing Al into business or society (Adapa
et al., 2020; Ammanath et al., 2020; Begley et al., 2018; Dogru & Keskin, 2020; Dwivedi et al., 2021;

Kaplan & Haenlein, 2020). However, these often come from managerial recommendations and future
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research suggestions. In addition, there is limited research into the challenges retailers experience

when implementing Al into their organisations.

The retail value chain is experiencing an evolution with Al technologies. Many major retailers such as
Walmart, the Home Depot and Target have invested in the technology. However, retailers do not
understand how the technology will create value and transform their value chain. Al presents retailers
with various options to improve consumer insights, enhance profitability and streamline their business
processes, yet many retailers are slow to invest or scale the technology. Retailers know that they need
to transform their value chain with Al. This study provides the following contributions to provide retail

and business leaders with an understanding of how Al is transforming the value chain:

i.  Articulation of how Al can be applied across the value chain, helping understand where Al can
solve business problems,
ii.  the business case developed for Al by the articulation of the outcomes associated with
applying Al, and
iii.  anupdated diamond model with considerations to minimise the impact of integrating Al into

the retail business.

Each of these practical contributions is now discussed in turn.

7.4.2.1 The application of Al

For retail and business leaders to understand how Al transforms the value chain, article 1 proposed
an enhanced Al-enabled value chain (see Section 3.4). The Al-enabled value chain provides leaders
with an understanding of Al's role in their organisation. Al can best be employed in the retail value
chain by serving one of the following purposes: knowledge and insight management, inventory
management, operations optimisation, and customer engagement. Al applications over the next
decade will remain narrow or applied (Kelly, 2017; Marr, 2017). However, the narrow applications of
Al can be extended to multiple functions in the retail value chain. Therefore, the contribution to retail
and practice is the Al-enabled framework providing retailers with insight into how to best leverage
current Al investments. Retailers should invest in classes of Al technologies (e.g., deep learning
capability) and not just specific applications, thereby ensuring that these technologies be used for
multiple functions across the value chain. In addition, the Al-enabled value chain framework provides
retailers with a list of priorities for investing in Al. i.e., start with knowledge and insight management

at the foundation.

Al shifts retailers away from the traditional way of doing business and opens new opportunities within

the value chain. Al enables multiple tasks throughout the retail value chain by automating many
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activities. Al can fully automate certain activities such as harnessing volumes of data, analysing
patterns and interpreting findings in a fraction of the time that a human counterpart can complete
the task (Y. Chen et al., 2016). Once retailers invest in the classes of Al, the current tasks that Al
performs framework can be used as a basis for automating tasks. Therefore, the contribution to retail
and practice is formulating the tasks Al fulfils across the retail value chain, helping retail leaders solve

business problems with Al.

7.4.2.2 The outcomes associated with Al

A challenge noted amongst retailers is the difficulty articulating the outcomes associated with
implementing Al. Article 3 identified four outcomes of applying Al across the retail value chain: Al that
enhanced the customer experience, enabled revenue, led to substantial cost savings and
improvements in efficiency, or Al that enhanced decision-making. This article shows that some
outcomes are more likely when Al is applied in particular value chain stages. Therefore, the
contribution to retail and practice are once retailers have decided which outcome they want to attain
through the application of Al, both the type of Al and the value chain stage in which they want to apply
the technology, their options are narrowed down significantly, and managerial decision making and

creating a business case for an Al investment becomes easier.

7.4.2.3 Complex interplay between structure, technology, people, and tasks

A vast majority of retailers are experimenting with the possibility of Al (Ganapathy et al., 2020).
Despite the promise of Al, most Al investments are failing to deliver on their promised returns
(Fountaine et al., 2019). Integrating Al into existing business processes, workflows, and systems is
challenging. Article 4 investigates the possible structure, technology, task and human-related
challenges of implementing Al in the retail value chain. This article shows the variety of Al-related
challenges retailers experience when implementing Al into their businesses, with challenges relating
to people and structure the most prominent challenges. However, there is a complex interplay
between all the variables (people, structure, tasks and technology) when integrating Al in retail. For
retailers to successfully implement Al into their business, consideration and focus should be given to
its impact on all the variables (people, structure, technology, and tasks). Therefore, an updated
diamond model framework contributes to retail and practice. The framework identifies considerations

retail leaders can use to minimise the impact of integrating Al into the retail business.

This study contributes to practice by discussing how Al is transforming the retail value chain through
various applications in the value chain. The contribution to the theory and practice leads to several

recommendations for academia and practice discussed in more detail in the following section.
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Although multiple insights were gained from each article and the study as a whole, the study is not

without limitations. The possible limitations of this study are discussed in more detail.

7.5 POSSIBLE LIMITATION OF THE STUDY
The possible limitations of this study revolve around the generalizability of the findings, the methods

used, the target population, and the analysis of results. Each is discussed in turn.

7.5.1 Generalisability

This study aimed to understand how Al is transforming the retail value chain. To do so, an exploratory
research design was deemed the most appropriate. Exploratory research designs are used to explore
research areas that describe words such as “how” or “what” (Creswell, 2014, p. 141) and used to
uncover insights into a specific issue or a particular phenomenon such as Al. However, exploratory
research designs are typically associated with qualitative research, which is not without its limitations.
The most notable limitation is the generalisation of the findings (Eriksson & Kovalainen, 2008, p. 158;
Leung, 2015, p. 327) and “claiming that they are relevant to other groups at times and places”
(O’Reilly, 2009, p. 82). Generalisation involves “theoretical inference from the data to develop
concepts and theory and empirical application of the data to a wider population” (Miller & Brewer,
2003, p. 127). The purpose of this study was not intended to generalise the findings but rather on
gaining a firm grasp of the phenomenon of artificial intelligence in the retail value chain by

investigating how Al is transforming the retail value chain.

7.5.2 Methods used

This study used several methods to understand better how Al is transforming the retail value chain.
The study employed a two-stage design, using two stages of qualitative data collection. Furthermore,
while the various methods suited this study well, the design addressed the various research questions
and an iterative data analysis. There are still limitations associated with all research methods. The
limitations from the methods could originate from the choices the research made, systematic bias
intentionally introduced (Ross & Bibler Zaidi, 2019, p. 262), it is labour-intensive and time-consuming
process (Cho & Lee, 2014) and data could be misinterpreted by the author (Conboy et al., 2012, p.
115).

7.5.3 Target population and sampling

During stage two of the research, the target population was experts in Al in retail. The experts needed
to have Al knowledge in consulting, developing, working with, or implementing Al applications in the
retail industry. Therefore, even though the research was well justified in its focus on Al experts in

retail, the findings from this study cannot be generalized to the entire retail industry.
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Purposive sampling was used to identify relevant participants to investigate the research question
regarding Al in retail. Purposive sampling deliberately seeks out participants with a specific
characteristic (Morse, 2011). However, participants were selected based on the researchers'
judgement about the appropriate characteristics needed for the study, causing potential selection bias
in the sample. To mitigate the risk of bias in the sample, it was ensured that there was a representative
sample across the Al in retail experts (i.e., Al technology vendors, management consultants, platform
technology vendors and retailers). Another potential limitation was the small sample size of 20
participants used. However, article four found saturation was reached at about 16 participants. Thus,
while the targeting and sampling suited this study well as the sampling sought participants with
appropriate characteristics, there are still limitations associated with all targeting and sampling used

in research.

7.5.4 Data collection

Stage one’s purpose was to collect data to build theory on Al in retail for articles one to three. To do
so, a systematic literature review was conducted. A search of the databases used did not guarantee
that all literature available was retrieved for analysis, causing a potential limitation. However, to
mitigate this limitation in the data collection process, this study used a well-defined search strategy
using the PRISMA method to select, identify and include data for analysis (PRISMA method) (See
Section 1.5.2.1 or Section 5.5). During stage two, semi-structured interviews were used as a data
collection instrument. The interviews followed an interview protocol in combination with probing.
Possible limitations could be the unintended influence of how the participant responded to the
guestions. While the data collection suited this study well, there are still limitations associated with

all data collection methods.

7.5.5 Measurement

A coding strategy followed an iterative process to create a rigorous analysis process for this study to
address the various research questions. Qualitative researchers usually are faced with data analysis
challenges due to little or no structure in the data (Conboy et al., 2012, p. 115). With a two-stage
design approach, the coding becomes quite complex, and the interpretation of results through coding
could be a possible limitation. Nevertheless, while iterative coding suited this study well, there are still
limitations associated with all measurement procedures to address the various research questions.
The data was coded and iteratively grouped through multiple phases to mitigate the limitation. As a

result, themes emerged from the review process.
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In this study, the analysis was limited to the research questions to understand how Al transforms the
retail value chain. No consideration was given to other factors that could transform retail or any

criticism towards Al. The following section discusses future research.

7.6 FUTURE RESEARCH

The research field of Al in retail is still young, with most research articles published during the past
eight years (see Appendix B). Nevertheless, Al in retail is an essential and much-needed field of study
as it enables insights into new upcoming automation of activities within the retail value chain, the
simulation of new Al algorithms for technology development and how to enhance the business
through the use of Al. Thus, this study presents how Al is transforming the retail value chain. For this
reason, future research could replicate this study in other contexts to test the applicability to the
Leavitt Diamond Model, the updated shape of the value chain and the application of jobs in other

industries.

There are numerous opportunities for future research for Al in the retail field. The most apparent
future research directed by this study is understanding Al's impact on retail employees, i.e., the skills
and resources required. It will be crucial for organisations to have a skilled workforce to support the
implementation of Al, and there will be an even higher demand for skilled professionals (Van Esch &
Black, 2019). While companies face external competition in finding skilled employees, low skilled
workers could find it challenging to compete with machines and struggle to be employable in the
future (Frey & Osborne, 2017). Therefore, future research can focus on the skills and competencies
necessary for the organisation to implement the Al-enabled retail value chain. In addition, this
research can be helpful to enable a skills gap analysis and provision training to narrow the skills gap in

retail.

The study noted that change management practices are needed to enable employees and Al to work
together. Future research into the change management practices needed to reduce trust and
resistance amongst employees using Al systems. The research should focus on leaders' change

management role in Al implementation.

This study provided the theory to explain how Al can be used to solve business problems in retail by
using the jobs to be done approach, an analysis of the tasks Al automates, and the outcomes
associated with Al. Future studies can test the approaches and outcomes empirically and present

retailers with an Al problem-solving framework.

This study provided an overview of the importance of data management for Al applications. Future

research could assess how organisations can address these vulnerabilities and avoid the potential
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biases in data or focus on the ethical considerations needed for successful use of Al. Finally, scaling Al
applications across the retail value chain will require the right platforms to be in place, data to be
available, and employees to support the initiatives in the long term. Future research should examine
the technological and organisational platforms necessary for successfully implementing an Al-enabled
value chain. As the technology, most likely to reshape the retail landscape, retailers that embrace Al

are poised to enhance every link in their value chain.

The success of Al depends on the people who use the technology in the retail value chain. However,
to do this, retailers need to adjust the way of working and internal business processes to enable people
and Al to work together. Future research could investigate what an Al and human working business
process should be in the retail value chain. The research should focus on business and customer-facing
value chain stages, as the stakeholders will be differentin each stage. Also, to integrate Al, employees
should accept and trust the technology. The current research focused on customer acceptance of Al
technology in retail (Chen et al., 2021; Liang et al., 2020), yet few studies have investigated the
employee acceptance of Al in the retail value chain. Future research should focus on what is required

for employees to build user trust in working with the technology.

A survey by Gartner 2019 estimates that 30 % of businesses are using some form of Al technologies
(Hare & Andrews, 2019, p. 3). However, less than half of Al proof of concepts gets integrated and
scaled into business (Davis, 2020, p. 3). Similarly, in retail Al adoption rates remain low, even though
Al can provide significant value (Dogru & Keskin, 2020, p. 69). For retailers to transform with Al,
strategic focus is required for investment prioritisation. Future research could investigate successful

Al retailers’ strategic priorities and provide a framework for building a successful Al strategy in retail.

The global coronavirus pandemic has changed how retailers interact with their customers, with
retailers needing to adapt to keep their employees and customers safe. Retailers have adjusted to
different methods of fulfilling customer orders, for example, curb side pickup. Future research can
investigate what Al methods retailers can use to limit customer contact while providing the best
possible customer service. The pandemic created upstream disruptions in the global supply chains of
goods and services, with customers panic buying (Nikolopoulos et al., 2021, p. 99). The disruptions
created challenges for retailers' short-term forecasts (daily and weekly), affecting the retail value
chain. Forecasting during a pandemic will continue to be a challenge for retailers. Future research
could develop an Al pandemic forecasting model that can easily anticipate environment shock in the

retail value chain.
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Retailers are under increasing pressure to decrease their operations' internal and external
environmental impacts (Naidoo & Gasparatos, 2018, p. 125). Sustainable manufacturing and shipping
practices should be at the forefront of every retailer’s and brand’s priorities in the coming years (Erez,
2019). With a trend towards a circular economy and sustainability practices in retail, retailers could
look towards Al. Al could potentially provide retailers with visibility throughout the entire retail value
chain helping build sustainability practices. Future research could focus on how Al can help and guide
retailers to understand how sustainable their operations and practices are and how to manage
products through a circular economy. Also, future research can focus on how Al can support building

a sustainable business model in retail.

7.7 CONCLUSION

Al is transforming how retailers operate. Al shifts retailers to move away from the traditional way of
doing business and opens up new opportunities within the value chain. When retailers adopt Al across
the retail functions and processes at scale, they can unlock unprecedented value and transform their
businesses. Al offers every retailer an opportunity to take advantage of adapting business modelsin a

digitalised world and compete for market share.

Al can only perform specific tasks in the retail value chain. The need for people working alongside the
technology will be an essential factor for retailers when automating tasks in the value chain. Al can
best be employed in the retail value chain by serving one of the following purposes: knowledge and
insight management, inventory management, operations optimisation and customer engagement.
Nevertheless, investments in Al should focus on solving a business problem and not merely
implementing Al as a technology. Therefore, retailers should approach Al investments from a more
strategic service-centric perspective and understand the outcomes that can be achieved in the retail

value chain.

When undertaking any Al initiative, the focus should be given to all the organisational variables,
people, structure, tasks and technology to ensure success. However, implementing Al from only
focusing on the technology creates challenges for retailers wanting to integrate the technology into
their business. In addition, implementing Al requires retailers to adapt the way of working across the

value chain.

For retailers to transform with Al, this study suggests the following eight imperatives for transforming

with Al in the retail value chain, namely:

e |tis essential to articulate what the technology needs to be used for clearly—the solution to

the business problem, not the solution for the solution sake.
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e Ensure that the data lines up with the business problem and do not underestimate the
complexity of managing data for Al.

e Al requires scalable technical infrastructure to consolidate, process and simulate data.

e Al implementations are capital intensive, and reliable estimates for Al projects require
expertise, understanding context and understanding the business problem.

e Strategic prioritisation and ownership in the organisation are required to integrate Al
successfully.

e To implement Al successfully, retailers require employees with implementation skills,
knowledge about the algorithms and Al, platform knowledge and business knowledge. In
addition, retailers should prepare for the future Al organisation and access the current
workforce to determine the skills and capability gap.

e Adequate change management practices need to be in place, and communications of the
purpose of the technology should start in the early project stages to avoid resistance from
people working with the technology.

e Toenable a new way of working with Al, retailers should adapt their organisational structures

and job designs to bring the best out of people and Al.

In conclusion, many considerations are required for retailers to transform with Al successfully. Al is
changing how retailers operate and can create many benefits. When retail and business leaders focus

on the organisation, it can assist with the successful integration of Al into the business.
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No [Title Authors Total Theoretical focus Research Focus Link to the retail [Facing |[Link to Al technology
Citations value chain stage Leavitt mentioned
as of 29 Diamond
June 21 Model

1 |The future of employment: How (Frey & Osborne, [8403 Occupational choice, Skill |Changing occupations with computerisationand  |No link No link  [Technology, [Computerisation

susceptible are jobs to 2017) demand; Technological  |Al technologies People in general
computerisation? change

2 |The Future of Retailing (Grewal et al., 961 Retail; Future The article focuses on the future of retail by Customer use and [Custome [Technology [Al in general

2017) technologies highlighting five key areas, Technology, Visual support r-facing
display, Consumption and engagement, big data
collection and analytics
3 [Siri, Siri, in my hand: Who's the (Kaplan & 738 Internet of things; Big Discussion on Al application No link No link  [Technology |Alin general
fairest in the land? On the Haenlein, 2019) data; Al
interpretations, illustrations, and
implications of artificial intelligence
4 |The digitalisation of retailing: (Hagberg et al., 478 Retail; Digitalisation This article addresses a significant and ongoing Store operations |Custome [Technology; [Technology in
an exploratory framework 2016) transformation in retailing and develops a and sales r-facing |Tasks general
framework
5 |ABrief History of Artificial (Haenlein & 296 Al; Big data; Strategy Review of Al history No link No link |Technology |Alin general
Intelligence: On the Past, Present, |Kaplan, 2019)
and Future of Artificial Intelligence
6 |Artificial Intelligence (Al): (Dwivedi et al., 285 Al, Research agenda This article focuses on emerging Al challenges and [Store operations [Custome [Structure, |Alin general
Multidisciplinary perspectives on 2021), opportunities across a variety of sectors, including |and sales; r-facing |Technology,
emerging challenges, opportunities, retail Customer support People and
and agenda for research, practice and end-use Tasks

and policy
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7 |Value co-creation with Internet of |(Balaji & Roy, 2017)(215 Marketing; retail Customers experience shopping with loT Customer use and |Custome [Technology |[loT, Al
things technology in the retail management technology support r-facing
industry
8 |Artificial Intelligence in Advertising [(Kietzmannetal.,, (111 Al; Marketing Al application along the customer journey Customer use and |Custome [Technology; [Multiple Al types
How Marketers Can Leverage 2018) support r-facing [Tasks
Artificial Intelligence Along the
Consumer Journey
9 |How Artificial Intelligence (Al) Is (Shankar, 2018) 103 Al; Retail Resents a framework for understanding Al. This Link to all stages |Link to all|Structure, |Al in general
Reshaping Retailing article also outlines how Al can be applied in stages |Technology
retail.
10 |The future of in-store technology  |(Grewal et al., 100 Retail; Future a conceptual framework for understanding new  |Store operations |Custome |Technology |None
2020) technologies and futuristic in-store technology infusions and sales r-facing
11 |The Evolution and Future of (Grewal et al., 95 Retail, Future Education [The article outlines retail innovations and how No link No link |Technology |Alin general
Retailing and Retailing Education 2018) retail has evolved. Calls out new retail
technologies that should be included in retail
education, Al, Service robots, 10T, Blockchain,
12 |Applications of artificial intelligence |(Guo et al., 2011) |84 Al, Apparel industry Review of Al literature in apparel Design; Business- [Technology |Various Al types
in the apparel industry: a review Sourcing/Procure [facing
ment;
Manufacturing
and assembly
13 |Rulers of the world, unite! The (Kaplan & 76 Al; Business Analysis of Al using PESTEL No link No link  |Economical |Alin general
challenges and opportunities of Haenlein, 2020)
artificial intelligence
14 |A human-centric perspective Mahroof, 2019) 68 Artificial Intelligence, The research explores the barriers and Inventory Business- |People; Al in general
exploring the readiness towards Logistics; Technical opportunities of Al within a major retailer's Management and |[facing Technology;
smart warehousing: The case of a readiness warehouse. Distribution Tasks
large retail distribution warehouse
15 |Artificial intelligence (Al) and its (Paschen et al., 67 Marketing; Al describes the foundational building blocks of any |No link No link  [Technology |Alin general

implications for market knowledge
in B2B marketing

2019)

artificial intelligence system and their
interrelationships
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16 (Lee, 2017) 57 Retail, Big data Optimisation model using Big data to support Fulfilment Custome [Technology |genetic algorithm
A GA-based optimisation model for anticipatory shipping r-facing (GA)-based
big data analytics supporting optimisation
anticipatory shipping in Retail 4.0 mode

17 |Artificial intelligence: Building (Paschen et al., 51 Al, Information systems  |Al building blocks No link No link [Technology |Multiple Al types
blocks and an innovation typology [2019)

18 |Autonomous Shopping Systems: de Bellis & 46 Artificial Intelligence; Examining the barriers to adoption of autonomous|Store operations |Custome |People; Virtual assistants
Identifying and Overcoming Barriers [Venkataramani Consumers; Retail systems and sales; r-facing [Technology;
to Consumer Adoption Johar, 2020) Customer support Tasks

and end-use

19 [State-of-the-art and adoption of (Weber & Schitte, |32 Artificial Intelligence; The article shows the application of Al to different |Link to all stages [Link to all[Tasks Al in general

artificial intelligence in retailing 2019) Retail value-added core tasks depending on the area you stages
apply it to

20 |Indian shopper motivation touse  |(Chopra, 2019) 29 Artificial intelligence; he findings indicate that Vroom’s expectancy Store operations |Custome [Technology, |Chatbot,
artificial intelligence: Generating Consumer motivation; theory of motivation can be used to explain and sales; r-facing |People Augmented
Vroom's expectancy theory of Retail the motivation of young consumers to use Al tools Customer support reality, Voice
motivation using grounded theory to aid in taking shopping decisions. and end-use assistant
approach

21 |Shopping intention at Al-powered |(Pillai et al., 2020) |24 Technology readiness; The outcome of the study reveals that Store operations |Custome [Technology, |[RFID, AR systems
automated retail stores (AIPARS) Consumers; Retail Innovativeness and Optimism of consumers affect [and sales; r-facing |People

the perceived ease and perceived usefulness. Customer support
and end-use

22 |Changing the game to compete: (Jin & Shin, 2020) |23 Business innovation The study analyses how business-model Inventory Business- [Technology |Alin general
Innovations in the fashion retail disrupting the fashion innovations have disrupted the fashion retail Management and |[facing
industry from the disruptive retail industry industry Distribution
business model

23 |Taking the fiction out of science (Gonzalez-limenez, [22 Artificial Intelligence; The article outlines examples of how human-robot|No link No link  |People/Envi [Al; Robots
fiction: (Self-aware) robots and 2018) Consumer; Retail interactions can be shaped with Al ronment

what they mean for society,
retailers and marketers
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24 |Rising with the machines: A (Makarius et al., 21 Artificial Intelligence; Organisational socialisation approach to build an |No link No link  |All Al in general
sociotechnical framework for 2020) Organisational understanding of the process of integrating Al into
bringing artificial intelligence into socialisation; the organisation.
the organisation Sociotechnical

25 |Chatbots in retailers' customer (Rese et al., 2020) |20 Artificial Intelligence; The study measured the customer acceptance of a |Customer use and |Custome |[Technology, [Chatbots
communication: How to measure Consumers Acceptance |chatbot at an online retailer support r-facing |People
their acceptance?

26 |Customer experiences in the age of |(Ameen et al., 17 Artificial Intelligence; Al-enabled customer experiences Customer use and [Custome [Technology; |Al in general
artificial intelligence 2021) Consumer; Retail support r-facing |People

27 |Modelling wholesale distribution (Bottani et al., 16 Artificial Intelligence; The study implements ANN's to test if out of Inventory Business- [Technology [Artificial neural
operations: an artificial intelligence |2019) Supply chain stocks can be decreased management and |[facing networks,
framework management; Wholesale distribution Multiple neural

networks

28 |Speciesism: an obstacle to Al and (Schmitt, 2020) 13 Al, Research agenda Research agenda proposal Customer use and |Custome [Technology |Al in general
robot adoption support r-facing

29 |Artificial intelligence applied to Cruz-Dominguez, |8 Artificial Intelligence; The study simulated a neural network and generic |Inventory Business- [Technology |Neural networks
assigned merchandise locationin  |O.; Santos- Warehouse; Retail algorithm to determine merchandise locations management and |[facing
retail sales systems Mayorga, R. distribution

30 |How artificial intelligence will affect |(Shankar, 2018) 7 Artificial Intelligence; The article developed a framework to understand |Customer use and |Custome [Technology; |Al, Bots
the future of retailing Retail how a retailer may adopt Al and offers a future support r-facing |People,

research agenda tasks

31 |Demand forecasting at retail stage |[(Priyadarshi etal., |7 Artificial Intelligence; Comparison of different Al models to test the Inventory Business- [Technology |Al, ANN, Support
for selected vegetables: a 2019) Retail performance and accuracy of sales forecasts management and |[facing vector machines
performance analysis distribution

32 [Technology Revolutionizing Retail |[(Wadhawan & 4 Technology changing Evolution of retail with digitalisation No link No link |Technology |Technology in
Practices in Digital Era Seth, 2016) retail practices general

33 |Deep Store: Understanding (Guo et al., 2020) |3 Artificial Intelligence; The article represents the usage of different Store operations |Custome [Technology |[loT, Al
Customer Behaviours in Unmanned Consumers technologies needed for a smart store and sales; r-facing

Stores

Customer support
and end-use
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34 |Artificial Intelligence in retail: The [Our article 3 Artificial Intelligence; Presents a retail Al-enabled framework Link to all stages [Link to all[Technology, |Various Al types

Al-enabled value chain (Oosthuizen et al., Retail; Value chain stages [Tasks
2020)

35 |Artificial intelligence-driven music  [(Rodgers et al., 3 Artificial Intelligence; The study shows how Al-influences music Store operations |Custome [Technology, [Deep Learning,
biometrics influencing customers' |2021) Retail; Customer influences shopping behaviour in a store and sales r-facing |People Machine Learning
retail buying behaviour experience

36 |Influence of technological advances |(Kaur et al., 2020) |3 Artificial Intelligence; The study examines data analytics in retail to Store operations |Custome [Technology |Analytics, Al in
and change in marketing strategies Marketing capture and retain customers through marketing |and sales; r-facing general
using analytics in retail industry and merchandising strategies Customer support

and end-use

37 |Alexa, she's not human but (Pitardi & Marriott, |2 Artificial Intelligence: The study shows an integrated approach for Customer use and [Custome [Technology, [VA
horizontal ellipsis Unveiling the 2021) Technology adoption examining Al interactions and how to improve support r-facing |People
drivers of consumers' trust in voice- customers trust in an online setting
based artificial intelligence

38 |Clustering consumers' shopping (Tupikovskaja- 2 Customer behaviour; This article represents a customer segmentation  |Store operations [Custome |Technology [Eye tracking
journeys: eye-tracking fashionm-  |Omovie & Tyler, Fashion retailing; Mobile [approach for customer shopping journey using and sales r-facing glasses
retail 2020) mobile eye-tracking technology

39 |Artificial intelligence and the new  |(Pizzi et al., 2021) |2 Artificial Intelligence; The study examines how customers react when Al |Customer use and [Custome |Technology, [Conversational Al
forms of interaction: Who has the Consumer behaviour tools assist their choices support r-facing |People
control when interacting with a
chatbot?

40 |Self-efficacy and callousness in (Esch etal., 2021) |1 Artificial Intelligence; The study examines data analytics in retail to Store operations |Custome [Technology, |Al in general
consumer judgments of Al-enabled Shopping convenience; |capture and retain customers through marketing |and sales; r-facing |People
checkouts Consumers and merchandising strategies Customer support

and end-use

41 |Artificial intelligence in retail: (Cao, 2021) 1 Artificial Intelligence; five main strategies for Al-related data Link to all stages |[Link to all[Technology |Alin general
applications and value creation Value creation; Retail management stages
logics

42 |Artificial intelligence in the fashion |(Sohn et al., 2020) |1 Artificial Intelligence; This study evaluates the utility of GANs from Customer use and [Custome [Technology [generative
industry: consumer responses to Consumption; Consumer |consumers’ perspective based on the support r-facing adversarial
generative adversarial network behaviour network

(GAN) technology

the perceived value of GAN-generated product
designs
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43 |Usability and responsiveness of (Chen et al., 2021) |1 Retail; Chatbot; Customer [explores the role of Al Customer use and |Custome [Technology, [Chatbots
arti'ficial intelligence ch.atbot.on experience chatbots in influencing the online customer support r-facing |People
online customer experience in e- experience and customer satisfaction in e-
retailing retailing.
44 |Artificial intelligence in retail: (Stanciu & Rindasu, [0 Artificial Intelligence; practical implications of using artificial Customer use and [Custome [Technology |[Al, ML
Bene.fits and r'isks assc.>cia.ted with  |2021) Retail; Mobile intelligence (Al) based solutions in the case of support r-facing
mobile shopping applications A retail mobile applications,
45 [Impact of artificial intelligence on  [(Jain & Gandhi, 0 Artificial Intelligence; The impact of modern technologies which the Customer use and |Custome [Technology, |Al in general
impulse buying behaviour of Indian |2021) Fashion Retail retailers use to enhance sales and consumer support r-facing |People
shoppers in fashion retail outlets engagement was studied.
46 |Intelligent and efficient? An (Loske & Klumpp, [0 Information technology; [This study represents one of the first quantitative |Inventory Business-|Technology, |Al in general
empirical analysis of human-Al 2021) Retail logistics efficiency analyses of the impact of Management and |[facing People
colla-bora_tic')n for truck drivers in digitalisation on transport performance (i.e. truck [Pistribution
retail logistics driver efficiency). Furthermore, we build an
econometric
model combining behavioural aspects with actual
technology usage in a real application scenario.
47 |The integration of artificial (Anica-Popa et al., [0 Artificial Intelligence; Al benefits and associated risks for implementing [Store operations [Custome |Technology |Alin general
intelligence in retail: Benefits, 2021) Retail; Customer Al in retail and sales; r-facing
challenges and a dedicated experience Customer support
conceptual framework and end-use
48 |The profound nature of the linkage |(Purcdrea et al., 0 Artificial Intelligence; The linkage between Al and consumers perception|Store operations |Custome [Technology |Al, VA's
between the impact of the used of |2021) Retail; Customer in a supermarket and sales; r-facing
artificial intelligence in retail on experience Customer support
buying and consumer perceptions and end-use
of artificial intelligence on the path
to the next normal
49 |Impact of artificial intelligence on  |(Jain & Gandhi, 0 Impact of modern Impact of modern technologies such as artificial [Customer use and |Custome |Technology, |Chatbot, virtual
impulse buying behaviour of Indian |2021) technologies such as intelligence support r-facing |People assistant, self-

shoppers in fashion retail outlets

artificial intelligence

on impulse buying
behaviour

on impulse buying behaviour

checkout, smart
mirrors
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Appendix B: Bibliometric mapping

To gain an understanding of the literature available, a bibliometric mapping was completed. Van Eck
et al., 2010 defines bibliometric mapping as a “powerful tool for studying the structure and the
dynamics of scientific fields”. Bibliometric analysis helps researchers analyse current trends in
literature and motivates future research work (Muhuri et al., 2019, p. 0). The bibliometric maps were
created to understand better literature available for the research constructs, namely, artificial

intelligence or Al; Retail; and Value chain and help understand the gap in the literature.

To create the bibliometric maps, the web of science was used as a platform to create bibliographic
database files. Web of Science provides comprehensive citation data for many academic disciplines.
To create the database needed for bibliometric maps, an advance search was conducted on the web
of science core collection database using keywords search term ALL=(“Artificial intelligence” OR “Al”)
AND ALL=(“Retail”). The search rendered 926 publication results. Figure B.1 show the returned search

results with citations.

2017 2018 2019 2020 2021 Total Average
- L

Citations
per Year
Use the checkboxes to remove individual items from this Citation Report
423 532 768 1350 991 6700 152.27
or restrict to items published between| 1970 w and | 2021 w Go
1 Modeling supply chain dynamics: A multiagent approach
By: Swaminathan, JM; Smith, SF; Sadeh, NM 20 18 18 14 3 459 1813
DECISION SCIENCES Volume: 29 Issue:3 Pages:607-632 Published: SUM 1998
2. CORPORATE DISTRESS DIAGNOSIS - COMPARISONS USING LINEAR DISCRIMINANT-ANALYSIS AND NEURAL NETWORKS (THE
ITALIAN EXPERIENCE)
21 20 21 30 9 386 13.79
By: ALTMAN, EI; MARCO, G; VARETTO, F
JOURNAL OF BANKING & FINANCE Volume: 18 Issue:3 Pages: 505-529 Published: MAY 1994
3. Multiple Antimicrobial Resistance in Plague: An Emerging Public Health Risk
By: Welch, Timothy J.; Fricke, W. Florian; McDermott, Patrick F.; et al. 16 13 13 13 6 2719 18.60
PLOSONE Volume: 2 Issue:3 Article Number: 309 Published: MAR 21 2007
4. The Future of Retailing
By: Grewal, Dhruv; Roggeveen, Anne L.; Nordfalt, Jens 3 27 83 101 59 213 54.60
JOURNAL OF RETAILING Volume: 93 Issue:1 Special Issue: SI Pages: 1-6 Published: MAR 2017
5 Plasmid replicon typing of commensal and pathogenic Escherichia coli isolates
By: Johnson, Timothy J.; Wannemuehler, Yvonne M.; Johnsan, Sara J.; et al. 13 16 24 17 9 227 15.13
APPLIED AND ENVIRONMENTAL MICROBIOLOGY Volume: 73 Issue:6 Pages: 1976-1983 Published: MAR 2007
6. Genetic algorithm-based heuristic for feature selection in credit risk assessment
By: Oreski, Stjepan; Oreski, Goran 23 30 30 a1 12 183 2288

EXPERT SYSTEMS WITH APPLICATIONS Volume:41 Issue:4 Pages: 2052-2064 Part:2 Published: MAR 2014

Figure B.1. Returned search results Al in retail

The research field of Al in retail is still young. The majority of articles were published in the past eight
years from 2013, with a spike in Al and retail publications in 2020. Figure B.2 show the total

publications dashboard.
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Figure B.2. Total publication Al in retail

When looking at the subject publications, many (702) publications are in computer science, with 81

publications in business, 56 in management, and 55 in operations research. Figure B.3 show the

number of articles by publication.

326

COMPUTER SCIENCE ARTIFICIA
INTELLIGENCE

85
177

ENGINEERING ELECTRICAL
ELECTRONIC

81

BUSINESS

161

COMPUTER SCIENCE THEORY
METHODS

62

COMPUTER SCIENCE
INTERDISCIPLINARY APPLICATI(

56

COMPUTER SCIENCE INFORMAT| MANAGEMENT
SYSTEMS

OPERATIONS RES

AUTOMATION CONTROL SYSTEl MANAGEMENT SCil

31

ECONOMICS

38
ROBOTICS

24

ENGINEERING
INDUSTRIAL

37

COMPUTER SCIENCE | 23

SOFTWARE ENGINEERI| coMpUTER SCIENCE

SCIENCE

MICROBIOLO
12

COMPUTER
SCIENCE
HARDWARE

15

CYBERNETICS
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SCIENCE
TEXTILES

PHYSICS
APPLIED

Figure B.3. Number of articles by publication

Once the data records terms were finalized, the full data record was downloaded into a plain text, tab-

delimited file. To create the bibliometric map, the software tool VOSviewer was used. VOSviewer is a
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software tool for constructing and visualizing bibliometric networks. VOSviewer displays only the
distance between two nodes indicating the relatedness of the nodes, and is suitable for visualizing

large networks (van Eck & Waltman, 2010).

The first map is an analysis of the text data in the publications. Figure B.4 shows the relatedness of

the nodes. Artificial intelligence and retail are on opposite ends of the map.

The first map is an analysis of the text data in the publications. Figure B.4 shows the keyword
occurrences that indicate the number of documents in which the keyword occurs. The occurrence
attribute indicates the number of documents in which a term occurs at least once (van Eck & Waltman,

2021). Artificial intelligence and retail are on opposite ends of the map.
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Figure B.4. Al in retail keyword cooccurrence relatedness of nodes

The following map is a keyword search by authors. Figure B.5 shows the bibliometric map of the
authors keywords found during the identification process for all returned results for Al in retail
literature. The keywords in the bibliometric map were extracted from author-supplied keyword lists

of a publication (van Eck & Waltman, 2014, p. 4).
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Figure B.5. Al in retail literature author keywords

The final map shows the number of authors in the Al in the retail field. Figure B.6 show the authors

with two or more citation.
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Figure B.6. Authors in the Al in retail literature field of study
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Artificial intelligence in retail: The Al-enabled value chain
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1. Introduction

Traditional retailers” business models are facing disruption by
new entrants who can deliver greater value to customers maore
efficiently. In recent years, authors have argued that the tradi-
tional value chain drives inefficiencies (Begley et al, 2018) and
that the value chain is shortening as manufacturers, third parties
and customers are increasingly engaging with customers directly
(Reinartz et al., 2019). These inefficiencies combined with the in-
ability to adapt to a changing competitive landscape leaves tradi-
tional retailers vulnerable to disruption from market entrants. To
remain competitive and survive in an ever-changing and diversified
customer market, retailers need to become leaner [Campbell et al.,
20207, more agile (Goworek, 2014), and innovate their value chain
by adopting new technologies (Lee et al, 2018). Of the new
technologies that are impacting the retail industry, Al has been
earmarked as the most transformative (Kietzmann et al. 2018,
Lee et al. 2018; Silva et al, 2019). Yet while there is great ex-
citement about artificial intelligence (Al), it has vet to fully deliver
on its promise (Ransbotham et al, 2017) and academics and prac-
titioners are in the early stages of understanding the application
of Al (Van Esch et al, 2020). This article introduces a conceptual
framework to understand the role that Al can play in the retail
value chain by proposing an Al-enabled retail value chain.

As a starting point, we provide a brief overview of the tradi-
tional retail value chain and the activities, stakeholders, and tech-
nology involved at each stage. The disruption of the retail indus-

* Corresponding author.
E-mail mddresses: kim botes03@ gmail. com (LS Dosthuizen),
elsamari botha@®canterburyacnz (E Botha), jeandriroberston@uct.acza (). Robert-
s0n], marten montecchi@kelac.uk (M. Montecchi).

hitps:/jdolorg/10.1016)j.ausm| 2020007.007

try is then explained, followed by a particular focus on the role
that Al has played in disrupting this industry. We then map var-
ious Al technologies based on Gartmer's (Sicular et al, 2012}, o
each stage in the value chain and show that some Al technology
investments can serve multiple purposes in the value chain. Then,
we use Christensen’s jobs-to-be-done approach (Christensen, 2003;
Christensen et al, 2016a; Christensen et al., 2016b) to better under-
stand the value of Al in the retail industry. The main aim of this
article, therefore, is to better understand what an Al-enabled retail
value chain would look like.

This article provides two important contributions to the emerg-
ing literature on Al and its implementation in marketing and
retailing. First, we show how Al technologies can be used
across variows retail value chain activities. While several au-
thors have addressed the relevance of Al to business in general
(Kietzmann et al, 2018; Paschen et al, 2019a; Poole and Mack-
worth, 2010; Ransbotham et al, 2017, Van Esch et al., 2019), the
strategic role and implementation of Al in retailing organizations
has been subject to limited critical scrutiny [Van Esch. 2019). By
mapping specific Al technologies against the retail value chain,
we provide retail managers with some guidance regarding which
Al technology investments to prioritize, or how current Al invest-
ments can be leveraged.

Second, while authors argue that the retail value chain
needs revisiting because of new technologies (Hagel et al, 2016;
Reinartz et al, 2019), no academic studies, to the knowledge of
the authors, have suggested exactly how the retail value chain
should change. Guided by the jobs-to-be-done approach to inno-
vation (Christensen et al, 2016a; Christensen et al, 2016b) we
identify four key roles for Al solutions in the retail value chain:
knowledge and insight management, inventory management, op-
erations optimization, and customer engagement. This approach

1441-3582/0 2020 Australian and Mew Zealand Marketing Academiy. Published by Elsevier Ltd. All righes reserved.
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is customer-centric {Bettencourt and Ulwick, 2008), not Taylonistic
and process-driven and, therefore, better suited to the complex na-
ture of business amidst new technologies (McChrystal et al., 2015).
Contrary to the more traditional silo-mentality and linear view of
the value chain, we argue that Al solutions can perform multiple
roles simultaneously, thus establishing interconnectivity between
the different value chain activities. First, however, the digital dis-
ruption of the traditional retail value chain is discussed.

2. Digital disruption of the traditional retail value chain

In his seminal work, Michael Porter (1985) used the term
value chain to describe a set of activities pedformed to design,
produce, market, deliver, and support products within businesses
(Hagel et al., 2016). Often referred to as the supply chain (Levy and
Weitz, 2009), the value chain is a set of processes that deliver
value across primary activities [for example, inbound logistics, op-
erations, ocutbound logistics, marketing and sales, and service),
and secondary activities (including firm infrastructure, human re-
source management, technology development and procurement).
The activities in the traditional value chain move in a sequence
of linear steps, which facilitates the process from product design,
to the peoint of consumption {Reinartz et al, 20191 In retailing,
the value chain encompasses all the stakeholders and processes
needed for retailers te deliver an end product or service to a cus-
tomer (Levy and Weitz, 2009). From the supplier, to the manufac-
turer, to the retailer - each stakeholder in the value chain con-
tributes toward adding value to the customer. Table 1 details the
stages involved in the traditional retail value chain, including the
objectives and typical activities in each stage {Hagel et al, 2016;
Rieple and Singh, 2010} The stakeholders and technologies typi-
cally invalved in each stage have been included.

New digital technologies have, however, disrupted the tradi-
tional retail business model by changing marketplaces from brick
and mortar only to omnichannel, which significantly alter the
customer ]:url:hasc journey (Bolton et al, 2019; Carlsson, 2018;
Van Esch et al, 2019a and b). Customers are more connected
than ever (Kietzmann et al, 2011), and the transformation from
store to omnichannel retailing has elevated their service expec-
tations (Oh and Polidan, 2018). As the rate with which these
new technologies enter the market increases (Brynjolfsson and
Meafee, 2016; Gupta, 2018), the accelerated rate of change blurs
the market boundaries and holds unpredictable consequences for
retailers {Day and Schoemaker, 2019). For instance, innovative and
fast-growing digital entrants like Alibaba and Amazon, have al-
ready adversely affected traditional retailers like Toys ‘R'Us and Ra-
dioshack, by using their digital resources to not only disrupt the
retail industry but also seemingly unrelated industries, like bank-
ing and global shipping (Verhoel et al., 2019}

As new digital technologies continue to transform the retail in-
dustry {Hagberg et al, 2016; Romero and Martinez-Roman, 2015;
Van Esch et al, 2019}, the retail value chain needs to evolve with
it (Fiorito et al., 2010). However, majority retailers still employ the
traditional value chain, or variations thereof (like the intreduc-
tion of multiple channels to serve customer needs), which holds
the following four risks. First, while each stage of the retail value
chain adds value, it also adds complexity by increasing the num-
ber of stakeholders and their accompanying support structures in-
velved., Complicated value chains inhibit retailers to understand
and swiftly respond to customer preferences {(Hagel et al. 2016).
Second, various stakeholders are likely to use their own platforms
and software, making it difficult to integrate systems and man-
age data. Legacy systems often inhibit organizations’ agility to re-
spond to changing customer needs and use the data for compet-
itive advantage [Westerman et al., 2014). The ability to manage
mass amounts and different sources of data are critical to a com-

pany's success (DalleMule and Davenport, 2017; Sankaran et al,
2019}, and data-driven decisions are becoming increasingly im-
portant in supply chains (Sankaran et al., 20019). Third, the more
complex and long the value chain is, the more expensive prod-
ucts and services become, and the longer it takes to reach cus-
tomers. Finally, overly complex value chains leave organizations
vulnerable to digital disruption from smaller. more agile firms that
leverage new technologies to reduce costs and scale up quickly
[Gupta, 2018; Verhoef et al. 2019).

According to Ransbotham et al (2017) expectations for the
commercial application of Al in business, particularly in retailing,
are sky-high. While there are, however, existing analytical rools for
managers to gauge Al's influence on the retail and other industries
(U Paschen et al.. 2019a), how to create and leverage Al's value for
commercial advantage in the value chain still seems complex to
maost. To assist in this delineation, the following section explicates
what exactly Al is and how it is currently applied in retailing,

3. Artificial intelligence in the retail value chain
3.1, Artificial intellipence

Most extant conceptualizations of Al make reference to com-
puter systems with human-like intelligence (Wierenga, 2010}
which encompasses these systems’ abilities “to interpret external
data correctly, to learn from such data, and to use those leamn-
ings to achieve specific goals and tasks through flexible adaptation”
[Kaplan and Haenlein, 20019 17). In their definition, the Oxford
Dictionary includes tasks such as visual perception, speech recog-
nition, decision-making, and the translation between languages,
with the Mernam-Webster Dictionary emphasizing that Al imi-
tates intelligent human behavior. Poole and Mackworth (2010: 3)
offer a slightly nuanced explanation by framing Al as “computa-
tional agents that act intelligently”. This definition describes Al as
agents capable of perceiving an environment in order to take ac-
tion, with the goal being to maximize the likelihood of achieving
success (Faschen et al, 2019a). From a systems perspective, the
definition also implies a rational view of AL where an Al system
would, given what it knows, act to achieve the best possible out-
come (Paschen et al, 20019a).

For the purposes of this paper, we adopt the definition by
Poole and Mackworth (2010, as it highlights two conceptual de-
lincations. First, it highlights the different evolutionary stages of
Al (Haenlein and Kaplan, 2019} What might have been considered
intelligent behavior displayed by a machine five years ago, is now
hardly noteworthy. Three stages of Al are differentiated: artificial
narrow intelligence (applied, below human-level Al, eg., Siri voice
recognition), artificial generalized intelligence (strong, human-level
Al eg., Siri developing the ability to autonomously perform tasks
like driving a car), and artificial superintelligence {conscious/self-
aware, above human-level Al eg., Sin developing superhuman
capabilities to instantaneously solve complex problems) Most of
the commercial Al technologies available roday are classified as
“narrow” and almost all of the Al technology to be integrated
into business in the next ten years will be “narrow”™ or “applied”
[Kelly, 2017, Marr, 2017). For example the use of Al to create ads
[Bakpayev et al., 2020). This applies to retailing as well,

The second defining characteristic highlighted in the Poole and
Mackworth (20100 definition is the notion that Al represents
knowledge, expertise, and intuition to solve problems. Al requires
tailored knowledge to be built into a “carefully constructed sys-
tem” (Kaplan, 1984: 52), where the storage of past knowledge
should reflect experiences that would inform subsequent intelli-
gent behavior (Paschen et al, 2019a). In Al systems, these knowl-
edge representations could include inputs (structured and unstruc-
tured data), processes (machine learning); or self-generated Al-
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Table 1
Traditional Retail Value Chain
Retail Value Chain Techmalogy Application
Stages Activities Stakeholders Key Driver Decisicn Outcame Examples
Design Design initiation, Design Retail; Product trends; Customer Which products ta design: Fattern Design and CAD system: Fabric quality
concept; Decision making Manufacturer; needs: Bring new product to Product i i i i Prod chedking; Online product
process; Technical design Suppliers; market quicker; Market Materials planning and cantral; searches
Customers research; Product quality Carment evaluation
Sourcing/Procurement  Planning and production Retailer; Tailaring assortment for Which products will fulfil Sales budget planning; Assortment plansing;
coatrol; Purchasing or Manufacturer; customer needs; customer needs? When is Merchandise strategy; Merchandise financial
building imventory Suppliers Understanding customer the product needed in Merchandise nancial planning; Size prafile
segments; Product selection: stare? Buy quantity: Align planning; Assartment optimization; Excel
Price negatiation: Liasing e budger; Which supplier planning;
with suppliers or rt turer
selection: Order placement
Manufacturing and Cutting. Sewing, Finishing. Manufacturer; Accurate farecasting: Cme-time Cutting; Sewing: Finishing Cutting quantity; Job ERF systems: Assembly;
assembly FPacking. Acquiring, Storing. Supplier: Shipping ordering; Praduct flow and distribution; scheduling: Assembly line: Wark force scheduling:
and preparing raw wisibility: Preduct quality Froductions scheduling; Fabric laying: Cutting: Materials management
materials Factary management; Overall handling:
Quality checking Workforee planning
Inventory Managing and distributing End-to-End inventory Monitoring deliveries; Movement of products Product information
management and products to be sald wisibility; Consistent and Monitoring inventory; from manufacturer to DC management; Order
distribution accurate sales and inventory Scheduling DC to store or store sales forecasting; processing; Dremand
Forecasti Monitaring deliveries Allocation to stores; planning; Product
product deliveries Forecasting: Determining allacation
replenishment
information; Contrelling
inventary levels;
Workforce planting
Store operations and Managing pednt of sale Retall: suppliers; sales: Promotions and markdown Pricing management;
Sales and executing purchase Logistics; Price and markdown Minimising markdowns; planning; Reerdering; ey Framotional planning;
transition Customer; ptimisation; Monitaring stock Managing produce ki products; Reverse Praduct lifecycle
Competitors levels cycle; Price point logistics; Repairs, returns management; POS system
management; Customer and maintenance support:
service Traffic management
Fulfilment Delivering products to the Retail; Suppliers; Matching demand to product Managing out of stocks; Product replenishment; Demand prediction,

Castomer use and

customer

Helping customers
maximise value; Using and
maintaining products

Manufacturer

Retall; Customer:
Logistics

supply

ffering customers
persanalised or customized
ciferings

Maximising sales;
Managing inventory;
Reorder negotiation

Identify high value
customers and products;
Supporting customer
queries

Logistics management;
Movement of products to
stores; Forecast accuracy:
nventory placement
optimisation for amni
fulilment; Workforee
planning

Sarisfied customers:
Personalised offerings;
Product recommendations

inventory management;
ordering irems

online platform; FOS
systems; CEM
management

SOURCE: Adapted from Cammetr, 2006; Hagel et al., 2016: Lee et al., 2018; Michael, 1985; Reinartz et al, 2019; Rieple & Singh, 2010
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Table 2
Example applications of Retallers’ Al Technology in the Value Chain

Al Technology [Gartner

Value Chain Stage Retailer Hype Cycle) Detail of Technology Use

Design Adidas Machine learning Using Machine learning Adidas is using a “speed factory” to help customers
design their own personalised shoes and making them in 24 hours and
shipping te customers

Sourcing{Procurement  Simons Insight engines Simons implemented analytics for improved insight on projected demand
and inventory optimization recommendations that get the right product to
the right stare proactively

Manufacturing Mohammadi Fashion Intelligent applications Al enabled sewing machines thar knit sweaters

Sweaters

Inventory management ThredUp Deep learning scanning close to 100 million unigue inbound items via image recognition

and distribution enabling autormated visual tagging of products and assigning a unique item
code

Fulfilment The Home Depot Edge Al The Home Depot Inc. is connecting in-store robotics with an intelligent

enterprise approach It is using drones and reborics to create an efficient
in-stare experience that delights customers and provides faster arder
fulfillment

Store operations and Sephora Augmented Intelligence The app allows customers to try products virtually via augmented reality.
Sales The toel scans a customer’s face, figures out where their lips and eyes are

then matches colours and suggests products for consumers to buy.
Custamer use and Ikea Augmented Intelligence The augmented reality helps the customer virtually “place” mue to scale 30
SUPPOTT furniture in their home.

S0URCE: Adapted from Araujo, 2019; de Leon, 2019; Emont, 2018; Galer. 2018; lkea, n.d.; RIS, 2020; Sephora, 2017

output {robotics) (Paschen et al, 201%a, Faschen et al, 2015b). As
Al continuously advances, our understanding of its various applica-
rions similarly needs to develop at a breakneck pace. Research into
Al and its implications for business has burgeoned with studies
looking at Al in recruitment (Black and Van Esch, 2020; Van Esch
et al., 2019, 2020; Van Esch & Black, 2019) and marketing [Bak-
payev et al, 2020, 2020, Mogaji et al, 2020; Paschen et al, 2020,
Xu et al, 2020, 2020) amongst others. Feng ef al (2020} provide
a summary of all the key Al-related studies in marketing. The fol-
lowing section looks at the application of Al technologies in retail
in particular, in order to better understand their role in the retail
value chain.

320 Al in retail

Although Al technologies have advanced in recent years, Al still
remains in its infancy {Bughin et al., 2017). A vast majority of re-
tailers have started testing the possibility of Al, yet many retailers
are missing the full benefit of scaling the technology throughout
the value chain (Standish and Canapathy, 2020). Many Al applica-
rions, already available or under development, contribute to retail-
ers’ confusion and frustration with regards to which Al technolo-
gies to invest in. To assess the potential application of Al-enabled
solutions across the various retail value chain activities, this sec-
tion first focuses on providing an overview of where Al is currentiy
being applied in retail.

To develop an understanding of the current application Al tech-
nologies used in retailing, we first reviewed the 2019 Gartner hype
cycle for artificial intelligence report (Sicular et al, 2019), focus-
ing on the Al technologies predicted to reach mainstream adop-
rion in the next five years. The report examines trends and inno-
vations in the Al sector and classifies the different Al applications
{Sicular et al., 2019). These include speech recognition, graphic pro-
cessing unit [GPU) accelerators, robotic process automation soft-
ware, artificial intelligence [Al)-related consulting and system inte-
gration (C & S1) services, augmented intelligence, chatbots, machine
learning, deep learning, edge Al, intelligent applications, virtual
personal assistant (VPA)-enabled wireless speakers, virtual assis-
tants, field-programmable gate array (FPCA) accelerators, computer
wision, insight engines, data labelling and annofation services, and
automated machine learning (AutoML) {Sicular et al., 2019).

Using the retail value chain presented in Table 1 to better un-
derstand the possible role of Al therein, we identified retailers
whao currently apply Al technologies in their value chain. Table 2
illustrates examples of retailers applying various Al technologies
throughout the value chain.

Retailers are already beginning to apply Al applications in parts
of the value chain (Bughin et al, 2017). However, both researchers
and practitioners are only in the early stages of fully understanding
the application of Al (Van Esch et al, 2020). And as is evidenced in
Table 2, some Al applications were used for more than one value
chain activity. For example, Augmented Intelligence was used for
store operations and sales by one retailer, and customer use and
support by another. This prompted the authors to take a broader
view of where each Al technology can be applied in the retail value
chain.

While an understanding of current application of Al in retail
can help identify current gaps in its use, it does not provide in-
sight into its most effective use in the retail value chain. To further
develop our understanding of the opportunities and address this
gap. we next use Clayton Christensen's (2003) jobs-to-be-done ap-
proach as a guideline to identify four conceptual dimensions which
highlight how Al can best be applied to the retail value chain.

3.3. Reimagining Al in the retail value chain: a jobs-to-be-done
approach

Using a customer-centric innovation view to understanding
value (Bettencourt and Ulwick, 2008), the jobs-to-be-done ap-
proach was developed by Clayton Christensen in his 2003 book,
The Innovator's Selution, and later expanded upon in Competing
Against Luck (Christensen et al, 2016a). The theory proposes a
group of principles that explain how to make marketing more ef-
fective and innovation more predictable by focusing on the cus-
tomer’s jobs to be done. Christensen et al's (2016a) approach is
based on the idea that, in order to stimulate the effective develop-
ment and implementation of innovation, companies should focus
on the key goals of a product or service. For example, when con-
sidering how to best improve a razor blade, companies should be
less concerned with improving the product itself {e.g., adding more
blades), and more concerned with what “job" the razor blades
do (eg, quick and easy grooming). As an example, Philips re-
cently presented their OneBlade range of razor blades, that not
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only shaves, burt also trims and styles any length of hair for multi-
ple looks (Philips, 2020). In essence, Christensen et al. (2016a) ar-
gue that people ‘hire' products and services to get jobs done, and
companies can innovate through doing those jobs better. Each job
can be broken down into various steps or stages of execution,
with validating guestions to assess the best job fit at each stage
{Bettencourt and Ulwick, 2008).

We argue thar this approach can successfully be applied to not
only final products and services, but also to the application of tech-
nology like Al in the workplace. Better understanding the jobs-to-
be-done by Al technologies will increase the value it delivers to the
company. Following the job mapping approach by Bettencourt and
Ulwick (2008), the authors iteratively followed a customer-centric
validation process, guided by the retail value chain processes as a
reference point, to conceptually cluster what jobs Al can perform
in the retail value chain. From this perspective four job dimensions
emerged, which are discussed in greater depth in the following
sections:

(1) Knowledge and insight management Al technologies refer to
the ability to provide insights by managing, sharing, using, creating
and processing information.

(2] Inventory management Al technologies refer to those that as-
sist in the process of balancing demand to supply over large as-
sortments to meet customer needs and financial objectives.

(3) Operations optimization Al technologies help retailers operate
effectively and efficiently by minimising costs and maximising op-
erational capabilities.

(4] Customer engagement Al technologies enable retailers to build
relationships with their customers.

Table 3 details current Al technologies that fulfil these four
‘jobs-to-be-done" dimensions set against the traditional stages of
the retail value chain. Each of these four dimensions of Al appli-
cations in the retail value chain is now discussed in the following
section.

3.3.1. Knowledge and insight management

Knowledge and insight management Al technologies provide in-
sights throughout the value chain by managing, sharing, using, cre-
ating and processing information. Data is one of the foundations
of Al (Haenlein et al, 2019), and the effective translation of that
data into knowledge is key to its success. This dimension includes
the process of transforming structured and unstructured data in-
puts into outputs that contribute to the organization's knowledge
base. Paschen et al. (2019a) refer to this as the building block
of Al Current examples include deep learning, intelligent appli-
cations, and insight engines amongst others. The importance of
transforming data into knowledge has been stressed by various au-
thors (Paschen et al., 2019a; Black and Van Esch, 2020). Although
there is more data available than ever before, only a fraction is in-
tegrated and analyzed within businesses (Chen et al, 2016). While
some companies use data to create a competitive advantage, many
businesses fall short of gaining real insights from their data. This
can mainly be ascribed to big data requiring powerful technolo-
gies, computer processing power, skilled personnel and predictive
models to crunch enormous amounts of data (Djafri et al., 2018;
Gupta, 2018).

The analysis, processing and interpretation of data is a time-
consuming activity in the retail value chain; thus, more sophisti-
cated Al technologies can be utilized to reduce the shortcomings
of human efforts (Chen et al, 2016, Gupta, 2018; Sivarajah et al,
2017). Insight engines can anticipate future customer product
needs and assist retailers in sourcing optimal assortments for their
customers, Gaining knowledge and insights from value chain data
should, therefore, be a key motivator to implement Al technologies
in the retail value chain. However, for Al to reach its full poten-
tial, siloed legacy IT systems should be replaced with robust and

scalable technology (Wirth, 2018). Therefore, the current linear ap-
proach to the retail value chain is not conducive to the advanced
knowledge and insight management available through Al technolo-
gies.

332 Inventory management

Retailers hawve two main inventory management objectives:
first, to buy products to fulfil customers’ requirements; and sec-
ond, to plan the inventory flow to maximise profits (Fairhurst and
Fiorito, 1990). As retailers are always trying to match supply to
demand, they are continually revising their sales forecasts to an-
ticipate demand throughout the value chain (Coworek, 2004). To
achieve the required forecasting capabilities, they need very spe-
cific sources of knowledge and insight. Al technologies can assist
in the process of balancing demand and supply over large assort-
ments to meet the customers’ needs and the company's financial
objectives. Current Al applications in this category are those that
can drive lower inventory levels, anticipate future demands and
create localised assortments leading to reduced working capital for
retailers (Chao et al., 2019; Chuprina, 2019; Marr, 2018). These Al
solutions include chatbots, insight engines, intelligent application,
machine learning and virtual assistants.

Al can furthermore assist retailers in streamlining inventory
management by predicting demand, keeping popular items stocked
on shelves, and using clustering technologies to anticipate future
customer requirements. Machine learning, deep learning and intel-
ligent applications could match supply to demand by using multi-
ple data sources and adjusting demand accordingly (Bughin et al,
2017). Predictive inventory management could drive improvements
in forecast accuracy and optimize the inventory throughout the re-
tail value chain, leading to increased profits and cost-saving for
the retailer (Petropoulos et al, 2018). The eCommerce retailer, Otto
Group, has for example reduced their out-of-stock rate by 80% by
using predictive machine learning applications, which also boosted
revenue, increased margins and assisted to respond to market
shifts (Trotter, 2018},

3.3.3. Operations optimization

Al applications assisting with operations optimization are de-
signed to improve operations efficiently and effectively by min-
imising cost and maximising operational capabilities (LI et al,
2017). Inefficient operations slow down the movement of products
through the value chain, moving the customer further away from
a successful purchase (Rieple and Singh, 2010). Al applications for
this purpose, include Al-related C&SI services, computer vision,
deep learning, Edge Al intelligent applications. machine learning
robotic, process automation and virtual assistants which all shorten
the value chain by improving production speed and managing in-
ventory flow to the customer.

Various authors agree that streamlining operational processes
creates efficiencies throughout the retail value chain (Bughin et al,
2017; Li et al,, 2017; Marr, 2019; Daugherty and Wilson, 2018). For
example, JD.com, one of China's largest retailers, has introduced Al
to drive efficiencies in their operations (Marr, 2019). The introduc-
tion of the Al applications allowed the retailer to deliver 92% of
their orders on the same or next day (Trotter, 2018). Nike imple-
mented augmented intelligence to design customised shoes for its
customers, and the end-to-end process only takes two weeks from
design to customer delivery (Chao et al., 2019). Optimizing opera-
tions can offer unexpected benefits by increasing operational effi-
clency, increasing agility and speed across the retail value chain.
These improvements should be the driving force behind imple-
menting Al in retail operations.
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Jobs to be done
area of

Objective

application

Customer To balld customer trust
through p

Imventary Fredict demand close to
supply By anticipati
customer needs and achieving
financial abjectives

Operations Operating efficiently and

optimization effectively by minimising cost
and maximising operational
capabilities

Knowledge and  Ability to provide insights by Deep learning:

imsight managing. sharing. using.

management creating and processing

infarmation

Current applications of Al in the retall value chaln

Insight engines  Insight engines

acoelerators; Insight engines

Sourcing] Inventory Store and Sales Customer use and support
Frocurement and assembly and distribwtion
Deep bearning Al-related CBSI Services: Augmented intelligence;
Augmented intelligenae; Chatbet; Compater vision:
Chatbot; Computer vision; Deep bearning; Edge Al
Deep learning; intelligent Insight engimes: Machine
applications: Machine learning; Speech recognition:
learning; Virtual assistant Virtual assistant
Intelligent Intelligent applications:  Chatbot; Virtual assistant Insight engines;
applications Machine learning Intelligent
applications;
Machine learning
Robotic process  Al-related CBSI  Deep learning; Edge Al;  Al-related CASI services; Edge Al
automation : Rabatic process Camputer vision; Edge Al;
saltware automation software Intelligent applicatians;
Machine learning; Rebotic
applications process autnmation seftware;
Virtual assistant
Deep bearning; Insight engines Deep learning; Edge AL GFU Al-related C&SI services;

Insight engines: Intelligent
applications
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334, Customer engagement

The value of using Al in customer-facing activities is well doc-
umented and Xu et al {2020) recently provided a definition of Al
in the context of customer service as “a technology-enabled sys-
tem for evaluating real-time service scenarios using data collected
from digital andfor physical sources in order to provide person-
alized recommendations, alternatives, and solutions to customers’
enquirics or problems”. To create a customer-centric value chain,
retailers need to exceed customer expectations to survive in a com-
petitive market. To deliver seamless shopping experiences across
all channels, retailers need to build connections with their cus-
temers (Araujo, 2019). Therefore, Al technologies for customer en-
gagement in the retail value chain are predominantly focused on
the customer journey, enabling customer engagement, enhanced
customer service, and sales support functions (Kaplan and Haen-
lein, 2018). As per Table 3, the majority of retailers currently focus
on Al applications that would facilitate customer engagement. Re-
tailers are wtilizing Al applications to connect and build relation-
ships with customers by personalizing their product recommen-
dations and purchases, helping them find their way around the
store, and answering product-related questions in real time using
apps (Morgan, 2019; Standish and Ganapathy, 2020). A common
example of such personalization is the use of chatbots to reduce
customer service costs and speed up customer response time to
queries (Reddy, 2017)

Current Al technologies that assist retailers in engaging with
customers across the retail value chain (and not only in the fi-
nal stages of the value chain) include speech recognition, robotic
process automation, Al-related CBSI services, augmented incelli-
gence, chatbots, computer vision deep learning, Edge Al insight
engines, intelligent applications, machine learning, speech recog-
nition and virtual assistants. At retailer Sephora, for example, in-
store employees are equipped with handheld devices to scan a cus-
temer's face, creating a personalized cosmetic shade to match the
customer’s complexion. The shade matching creates a unique code
enabling the customer to personalize purchases across all channels
[Milnes, 2016). The Morth Face, a retailer of technical outerwear,
utilizes augmented intelligence to help consumers find clothing
and apparel suited to specific weather conditions (Trotter, 2018}
These customer engagement Al applications are building customer
loyalty through personalization, moving away from the purely
transactional towards a more customer-centric approach.

4. The Al-¢nabled retail value chain framework

In the previous section, we used the jobs-to-be-done approach
[Christensen et al., 2016a; Christensen et al, 2016b) to better un-
derstand how Al can be successfully applied to the retail value
chain. We conceptually proposed four Al technology dimensions,
which fulfil the majority of the reles in the "traditional” retail value
chain. The majority of current Al applications are narrow in na-
ture (Marr, 2017) and are being implemented in some offerings
and processes (Ransbotham et al. 2017). However, we suggest that
various Al applications, such as machine learning, intelligent appli-
cations, Edge Al and deep learning, can undertake multiple tasks
across the retail value chain. Retail managers would therefore get
the greatest return on investment in investing in these Al technolo-
gies.
‘When applied more generally to the retail value chain, the four
dimensions identified in section 3.3 can be represented as an im-
proved value chain that stands in contrast to the silo mentality
and linear process proposed in many traditional retail value chains
[see Figure 1). The process contained within the Al-enabled retail
value chain framework is iterative and agile, which enables real-
time data flows.

The dimensions in the Al-enabled retail value chain framework
are not mutually exclusive. As the backbone of any Al implementa-
tion, knowledge and insight manogement provides insights through-
out the value chain by managing, sharing, using, creating and pro-
cessing information. Its objective is to generate knowledge and in-
sights in support of all value chain activities. The appropriate use
of Al technologies provides responsive RED, dynamic price recom-
mendations, and the extensive processing of transactional data. By
collecting and analysing data across various data sources, the Al
applications can anticipate future product and customer needs.

Al-enabled customer engogement retail activities include a myr-
iad of functions geared toward not only optimizing customer in-
teractions, but building customer relationships, For example, these
functions include supporting customers to navigate the store, an-
swering questions and creating personalized product recommen-
dations. Retailers investing in customer-facing Al technologies are
creating a unique competitive advantage in the market. Techno-
logical innovations such as Al help new entrants to seamlessly
move through the value chain stages in the design, manufacture,
commercialization, distribution and support of preducts - enabling
them to connect with their customers.

In inventory management, Al can assist retailers in matching
supply and demand by using multiple data sources and adjust-
ing demand accordingly through the implementation of machine
learning, deep learning, and other Al intelligent applications. Pre-
dictive inventory management could drive improvements in fore-
casting accuracy and optimizing inventory throughout the retail
value chain, which could lead to increased profits and cost-saving
for the retailer. Retailers that want to benefit from this category
of Al applications need to work towards identifying employees’ ca-
pability to work alongside intelligent applications (Black and Van
Esch, 2020).

Optimizing operational efficiencies by streamlining processes
with Al applications, can remove silos throughout the value chain.
Major manufacturers and retailers are already using Al-based tech-
nologies throughout their distribution centres to streamline their
operations [(Grewal et al, 2017).

5. Conclusion and managerial implications

Research asserts that the traditional retail value chain is expe-
riencing a metamorphosis, yet, literature offering managenal guid-
ance on how to respond to these changes is limited {Araujo, 2019,
Van Esch et al, 20019) With added pressure to remain competi-
tive, many retailers have started to embrace a variety of digital
technologies to engage with their custemers (Grewal et al, 2017),
and many are utilizing Al applications to establish this connection
(Morgan, 2019). To bridge this gap, the application of current Al
technologies to the retail value chain was reviewed, and four di-
mensions of Al applications were conceptualized. Al can best be
employed in the retail value chain by serving one of the following
purposes: knowledge and insight management, inventory manage-
ment, operations optimization and customer engagement. These
four categories of Al technologies in the value chain enabled us
to propose a revised Al-enabled retail value chain.

Although extant literature suggests that most Al applications
over the next decade will remain narrow or applied (Kelly, 2017,
Marr, 2017), we propose that these narrow applications of Al can
be extended to multiple functions in the retail value chain. There-
fore, retailers should invest in classes of Al technologies (e.g. deep
learning capability) and not just specific applications thereby en-
suring that these technologies can be used for multiple functions
across the value chain. In addition, this framework provides retail-
ers with a list of prionties for investing in AL In particular, retail-
ers should start with knowledge and insight management at the
foundation. Using this framework, single Al applications can be ap-
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Al-enabled value chain

Figure 1. Al-enabled Retail Value Chain

plied to multiple tasks. Therefore, the framework (in combination
with the analysis of the Al jobs-to-be-done dimensions presented
in Table 3) provides retailers with insight into how to best leverage
current Al investments.

Retail managers need to focus on scaling Al technologies across
the walue chain to reap the full long-term benefits. Broadening
their horizons, retailer management should move away from a
narrow focus on technology investments for distribution chan-
nels and customer-facing technologies only (Olanrewaju and Will-
mott, 2012). For increased and sustained competitive advantage,
the suggested conceptual framework can help retailers transform
their value chains in order to compete and thrive in the changing
retail landscape.

6. Future research

To further build on the four identified value-adding dimen-
sions that Al solutions can fulfill in the retailers’ value chain, fu-
ture research could explore how these different Al dimensions
contribute to organizations’ competitive advantage in different
product-market contexts. Furthermore, as many global industries
gear up for the widespread adoption of Al technologies, demand
and competition will grow for scarce skilled employees with the
ability to implement, manage and work alongside the new tech-
nelogy (Van Esch et al, 2019; Butler-Adam, 2018). It will be crucial
for organizations to have a skilled workforce to support the im-
plementation of Al and there will be an even higher demand for
skilled professionals (Van Esch and Black, 2019). While companies
face external competition in finding skilled employees, low skilled
workers could find it challenging to compete with machines and
struggle to be employable in the future {Frey and Osborne, 2017).
Future research can focus on the skills and competencies necessary

for the organization that wishes to implement the Al-enabled retail
value chain.

An Al-enabled retail value chain is heavily reliant on trained
employees who supply high-quality data at each touch peint in
the valug chain. If the data is less than optimal, this may create
vulnerabilities and areas of risk, as organizations may unintention-
ally create biases with accompanying negative outcomes through
the data that is being provided for intelligent automation. Future
research could assess how organizations can address these vulner-
abilities and awvoid the potential biases. Finally, scaling Al applica-
tions across the retail value chain will require the right platforms
to be in place, data to be available and employees to support the
initiatives in the long term. Future research should examine the
technological and organizational platforms necessary for the suc-
cessful implementation of an Al-enabled value chain. As the tech-
nology, maost likely to reshape the retail landscape, retailers that
embrace Al are poised to enhance every link in their value chain.
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Appendix E: Ethical clearance approval letter

USBes»

University of Stellenbosch Business School

07 August 2020
Dear Kim

Re: Ethical screening: Kim Oosthuizen - Approved (USB-2020-16968)

US ID No : 18851703

Research programme :  PhDin Business Management and Administration
Title : Alin retail: Al-enabled value chain

Supervisor : Prof Martin Butler / Prof Elsamari Botha

The Departmental Ethics Screening Committee of the University of Stellenbosch Business School
{USB DESC) reviewed your application for the above-mentioned research. The research as set out in
the application has been approved.

You as researcher are obliged to maintain the ethical integrity of your research. As such, you should
adhere to the ethical guidelines of Stellenbosch University and remain within the scope of your
ethical clearance application and the supporting evidence submitted to the USB DESC. Should any
aspect of your research change from the information as presented to the USB DESC, you are under
the obligation to report it immediately to your supervisor. Should there be any uncertainty in this
regard, consult with the USB DESC.

Please note that this approval may still be subject to ratification by the Stellenbosch University
Research Ethics Committee. For more information on this ratification, please contact Clarissa
Graham at cgraham@sun.ac.za.

We wish you success with your research and trust that it will make a positive contribution to the
quest for knowledge at the USB and Stellenbosch University.

Should any research subject, participating organisation or person affected by this research have any
questions about the research, feel free to contact any of the following:

Researcher : kim.botes03@gmail.com
Supervisor :  martinbutler@usb.ac.za femc@usb.ac.za

Yours sincerely
Digitally sigred by Prof Mias de Klerk
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Professor Mias de Klerk
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Appendix F: Interview protocol for stage two data collection

USBess

University of Stellenbosch Business Schoaol

CONFIDENTIAL: INTERVIEW PROTOCOL

Title of research project : Artificial Intelligence in retail: The Al-enabled value chain

Researcher : Kim Oosthuizen

Research supervisor :  Prof Elsamari Botha/Prof Martin Butler
Department : University of Stellenbosch Business School
Qualification :  PhD in Business Management and Administration

The purpose of this study is to explore how Al technologies are changing the retail value
chain and to confirm/validate an Al-enabled retail value chain framework.

Section A:

Knowledge and insight management Al technologies refer to the ability to provide insights by
managing, sharing, using, creating and processing information. An example is online retailer
proven skincare that is using a database of over 20k skincare ingredients, 100k individual
products information, &8 million reviews and 4k scientific publications to create products that

suits each customers skin (Proven, 2019).

Questions sections A:

1.1. For a company to undertake an Al project, describe what infrastructure the company
should have in place?

1.2. Describe the types of data required for AI?

1.3. Describe what do you need for Al technologies process Al data and insights?

1.4. Describe how Al can drive insights for retailers?
1.5. Describe the types of Al that can drive insights and please give an example of each?
1.6. What are the benefits of using Al to assist with knowledge and insight management?

1.7. What are the major obstacles for retailers to implement this?

i Univeraity of Stellenbosch Business School
IUU ' BT il JASSOCIAT 0N Address: PO Box 610 Bellville 7535 Cail Cronjd Drive Belville 7530
. AACSB EQuis S MBA Tel: +27 ()21 218 4111 « Emall: usbcom@usb.ac.za - Website: www.ush.ac.za
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Section B:

Inventory management Al technologies refer to those that assist in the process of balancing
demand to supply over large assortments to meet customer needs and financial objectives. For

example, the eCommerce retailer, Otto Group, is using predictive machine learning

Section D:

Customer engagement Al technologies enable retailers to build relationships with their
customers. The North Face, a retailer of technical outerwear, utilises augmented intelligence

to help consumers find clothing and apparel suited to specific weather conditions (Trotter,

applications to boost revenue, increase margins and respond to market shifts. The application 2018)

has assisted the refailer in reducing their out-of-stock rate by 80% (Trotter, 2018).

b

Questions section C

2. Questions section B: 4.1. Which AT technologies can be used to assist with customer engagement?

2.1. Which AT technologies are available that can assist with inventory management in
retail? 4.2. What are the benefits of using Al to assist with customer engagement?
4.3. What are the major obstacles for retailers to implement Al applications for customer

2.2. Describe the process of how Al technologies can assist in inventory management?
engagement?

2.3, Which inventory management systems could benefit from Al technology?

) Section E:
2.4, What are the benefits of using Al to assist with inventory management? cetion
2.5. What are the major obstacles for retailers to implement AT applications for inventory Al in retail value chain fras ork
management?

»

Questions section E
Section C: ) )
eetion 5.1. Please consider the traditional retail value chain [Appendix A)

5.1.1.Which arcas in the Value chain function will benefit the most from Al

Operations optimization Al technolugms help retailers operate effectively and efficiently by technology?

costand i ilitics. For example, JD.com, onc of China's
Al to drive cfficiencies in their (Marr, 2019). The
introduction of the Al applications allowed the retailer to deliver 92% of their orders on the
same or next day (Trotter, 2018).

5.1.2.How could Al technologies transform the retail value chain in the future?
largest retailers, has i

5.2. Please consider the framework for AT in the retail value chain [Appendix B].
5.2.1.Do you think this adequately covers all the functions that AT can fulfil in the
retail value chain?
5.2.2.If not, what else needs to be considered?
3. Questions section C
5.3. Do you have any other comments to add to this research?
3.1. Which AT technologies can be used to assist with operations optimization?
3.2. Describe the process of how Al technologies can assist with operations optimization?

3.3. What are the major obstacles for retailers to Al ications for

optimization?
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Appendix G: Informed consent form for stage two data collection

versity of Stellenbosch Business Schoo
CONSENT TO PARTICIPATE IN RESEARCH
Title of research :  Artificial Intelligence in Retail: The Al-enabled value chain
project
Researcher :  Kim Qosthuizen
Research supervisor : Prof Elsamari Botha
Department :  University of Stellenbosch Business School
Qualification : PhD in Business Management and Administration
Dear (Paricipant)

You are asked to participate in this research study. You were selected as a possible participant in this
study because of your expertise in working or implementation of Al technologies in Retail.

About the study

To remain competitive and survive in an ever-changing and diversified customer market, retailers need
to become leaner (Campbell et al., 2020) more agile (Goworek, 2014), and innovate their value chain
by adopting new technologies (Lee et al., 2018). Of the new technologies that are impacting the retail
imndustry, Al has been earmarked as the most transformative (Kietzmann et al., 2018; Lee et al,, 2018;
Silva et al., 2019). Yet while there is great excitement about Al, it has yet to fully deliver on its promise
(Ransbotham et al., 2017).

Traditional retailers’ business maodels are facing disruptions by new entrants who can deliver greater
value to customers maore efficiently. New Al technologies are shortening the value chain by creating
apportunities for manufacturers and wholesalers to sell directly to customers. The technology has given
new entrants the ability to enter the market quicker than in the past. Overtime Al technolagies will make
the old retail value chain redundant by removing low value-added tasks and automating value chain
stages in the future.

1. Purpose and benefits of the study

The purpose of this study is to explore how Al technologies are changing the retail value chain and to
confirm/fvalidate an Al-enabled retail value chain framework. Once an Al-enabled framework is
confirmed, the framewaork can assist retail leaders to focus their Al investments in the future.

/ Uniyersity of Stallanbosch Business Sehoot

l UU [ oo LN Address: PO Box 610 Bedvilla 7535 Gal Crorg Drive Ballle 7530

. AACSB “ Equis Gv MBA Tel: 427 (0121 518 4111 « Emall: ushoom @ usb.ac.za - Website: www.ush.acza
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2. Procedures

‘Should you velunteer to participate in this study, we would request the following from you:

Firstly the researcher needs you to determine whether you are suitable to participate in the research
data collection process. Once you agreed to participate, the researcher requires you 1o take part in a
60-minute video conference interview. The researcher will need you to sign a consent or confidentiality
agreement.

During the interview, the researcher wants you to share your experiences regarding the development,
implementation and usage of Al technology in Retall. The interview wil follow five themed sections,
namely:

- Section A: and insight Al refer to the ability to provide
insights by managing, sharing, using, creating and processing information.
+  Section B: Inventory Al refer to those jes in the process

of balancing demand to supply over large assortments to meet customer needs and financial
cbjectives.

«  Section C: Operations optimisation Al technologies: help retailers operate effectively and
efficiently by minimising cost and maximising operational capabilties.

«  Section D: Customer engagement: Al technologies enable retailers to build relationships with
their customers.

«  Section E: Al in retail value chain framework.

The interviews will be conducted using Zoom software. The researcher requires 60 minutes for you to
participate in the interview. The interview will be recorded using Zoom. If further lime is needed, the
researcher will schedule another session with you.

3. Potential risks and discomforts

If you do not want to answer a specific question, please respond by saying “unable to answer this
question”. You also have the right to withdraw your participation.

4. Confidentiality and protection of participants

Any information that is obtained in connection with this study and that can be identified with you will
remain confidential and will be disclosed only with your permission o as required by law. Confidentiality
will be maintained through anonymising all research datasets to ensure the anonymity of the
participants. During the coding of the data all participants names and companies will be recorded as
either consultant no 1 from Company A, retailer manager no 2 from company B, Al technologies no 3
from company C or IT retail manager no 4 from company D. All anonymised data will be encrypted and
stored in a secure private cloud.

5. Payment for participation

No payment will be made for participation

6. Participation and withdrawal

You can choose whether to contribute to this study or not. If you volunteer to participate to this study,
you may withdraw at any time without consequences of any kind. You may also refuse to answer any
questions you do not want to answer and still contribute to the study. The investigator may withdraw

you from this research If circumstances arise which warrant doing so.

7. Contact detail

If you have any questions or concerns about the research, please feel free to contact the researcher
Kim Oosthuizen [kim.botes03@gmail.com; +61 477 992 422] and/or the Supervisor Dr Elsamari

Botha om or glsamar acnz)

8. Rights of research subjects

Should you decide to withdraw your consent at any time and discontinue participation, you do this
without penalty. You are not waiving any legal claims, rights or remedies because of your involvement
in this research study. If you have questions regarding your rights as a research subject, contact Ms
Maléne Fouché [miouche@sun.ac.za; 021 808 4622] at the University of Stellenbosch Division for
Research Development.

DECLARATION AND SIGNATURE OF RESEARCH SUBJECT

The information above was explained to me by Kim Oosthuizen in clear terms. | was given the
opportunity to ask questions, and these questions were answered to my salisfaction.

I hereby consent voluntarily to participate in this study. | have been given a copy of this form.

Name of subject or
participant:

Signature:
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Appendix H: Data management plan

The data management plan was created using DMPTool. The DMPTool is free, open-source software

that helps researchers develop data management plans. The data management plan outlines how the

interview data were treated throughout the data collection process for this study.

Data Collection

What data will you
collect or create?

The data collection method will employ unstructured interviews as an instrument. To collect the
interview data, the teleconference software Zoom will be used. Zoom invite will be set up to use a
secure pin code to join the meeting to ensure the privacy of the participant joining the call. The
interview will be recorded using the recording functionality within Zoom.

As a registered license user, the recorded Zoom meeting is saved to the Zoom cloud. The recorded
audio files are stored on the cloud can be accessed on the user’s desktop or from the web using a
secure password of the user.

How will the data be
collected or created?

To create data from the audio recordings, the data will be transcribed from speech to text using
MAXQDA software. MAXQDA is a world-leading software package for qualitative and mixed methods
research and the only leading QDA software to offer identical features on Windows and Mac. It is one
of the most comprehensive programs in the field and is used by thousands of researchers in more
than 150 countries worldwide.

The transcribed data will be saved onto the MAXQDA software for coding and analysis.

MAXQDA holding company VERBI takes all necessary technical and Organisational security measures
to protect data from loss or misuse. MAXQDA uses encrypted connection and secures data in a secure
data centre. The data is stored in a secure operating environment that is not accessible to the public.
VERBI follows data protection guidelines from EU General Data Protection Regulation (Art. 4(7)
GDPR)).

Documentation and Metadata

What documentation
and metadata will
accompany the data?

Once all the interviews are completed and transcribed, the data will be cleaned and coded. Coding is a
way to make sense of the data, by which raw data are transformed into meaningful and theoretically
categories. A qualitative coding process to identify themes, categories and organise the data will be
using MAXQDA software. The software facilitates the systematic coding to produce insights into
qualitative coding for analysis. All interviewee data will be kept anonymous during the coding process.
The coding standard will adhere to the UK language setting.

All interview data will be accompanied by an informed consent form from each participant.
The metadata will be stored in MAXQDA.

Ethics and Legal Compliance

How will you manage
any ethical issues?

The research involves human participants. The researcher will protect the respondent confidentiality,
with obtaining informed consent. All interview participants need to sign a formal consent form prior
to participating in the interview. The researcher will anonymize all research datasets to ensure the
anonymity of the participants.

All anonymized data will be encrypted. The data will be stored in a private cloud and backed up onto
SUNScholarData.

How will you manage
copyright and
Intellectual Property
Rights (IP/IPR)
issues?

The data will be collected and created by the researcher. The researcher will own the rights to the
data, and all IP belongs to Stellenbosch University. The researcher is affiliated with the University.

Academic Publications will manage copyright once the data is published.
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Storage and Backup

How will the data be
stored and backed up
during the research?

All data will be saved on analysis platform MAXQDA. The MAXQDA data is saved onto the user’s
device and backed up daily on the researcher’s private google drive cloud account. Updates are
scheduled to run daily. The google drive account is password protected.

The final dataset will be stored on data storage portal SunScholarData.

How will you manage
access and security?

SunScholarData enables Stellenbosch University researchers to share and disseminate their research
data in accordance with good research data management practices. This serves to facilitate the
findability, accessibility and reusability of the university’s research data.

Selection and Preservation

Which data are of
long-term value and
should be retained,
shared, and/or
preserved?

The university and academic journal will retain the data.

What is the long-
term preservation
plan for the dataset?

The data will be stored for 5 years

Data Sharing

How will you share
the data?

Data will be shared using SunScholarData. SunScholar data uses platform figshare. Figshare is a
repository where users can make all of their research outputs available in a citable, shareable and
discoverable manner.

Are any restrictions
on data sharing
required?

The data will be restricted until the final publication is published in an academic journal.

Responsibilities and Resources

Who will be
responsible for data
management?

The researcher will be responsible for managing the data.

What resources will
you require to deliver
your plan?

Zoom license, MAXQDA license, Google drive and collected data
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Appendix I: Turnitin originality report

Please see the below Turnitin originally report showing a similarity index of 22%, however 14% is from
Artificial Intelligence in retail: The Al-enabled value chain article published in the Australasian Marking

Journal, and 1% is from the template used. Therefore, the similarity should only be 7%.

= .. Turnitin Originality Report

T 8l led I HII]EEF“TI:"!I" [ Simalarity by Soarce
Kam Oosthuizen Sirnilarity Indeax Intemut Sourcas: e
From Tumnitin Playground (hMoodie FF) ot Prage n
{PhD in Business Administration (Moodle 22% Stertet P "

PP

Proceassed on 12-Sap-2021 12:31 SAST
1Dr: 1646310065

Word Count: 90637 at

1 11% match (publications)

Eim Gosthuizen, Elsamarni Botha. Jeandr Roberson, Matteo Montecchi. "Artficial intelligence
i retsil: The Al-enabled value chain®, Ausiralasian Marketing Joumal (Abd), 2020

Ii 1% match {publicationa)

1% match {Intermat from 03-Sep-2020)

[a
hitpes-fiweeny researchgate net/publication 3058229 38_The_digitalizeticn_of_retsiling_an_ecopdoratory._frameswork

5 = 1% match {publications)

Eim Gosthuizen. Elsemarni Botha. Jeandr Roberson, Matteo Montecchi, “Artficial intelligence
i retgil: The Al-enabled value chain®, Ausiralasian Markating Joumnal, 2020

= 1% mabch (Internat from 19-Apr-2021)

[&]

| T = 1% match {student papers from 01-Apr-2021)
Submitted to University of Stellenboach, South Africa on 2021-04-01

E = 1% mabch (student papers from 06-Sep-2021)

a = 1% match {student papers from 14-May-2018)
Submitted to University of Stellanbogch, South Africa on 2019-05-14

<= 1% I'I"IEI-d'1 (etudent papers from 13-N|:-u-201ﬁ]

[10]

= 1% match (sbudent papars from 16-MNow-2017)

[11] . .
- Bubmitted to University of Stellenbosch, South Africa on 2017-11-16

IEI <= 1% I'I"IEI-d'1 (etudent papers from 01 -MEr—EIIEH

[13]

< 1% match (student papars from 07-Dec-2017)
Submitted to University of Stelenbosch. Sowth Africa on 2017-12-07

[14]
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