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This exploratory study explores perceptions of Artificial Intelligence (AI) and organizational readiness to adopt
Al in the exhibition sector of the events industry. A theoretical framework synthesizing the Technology - Or-
ganization - Environment framework and the Technology Readiness Index was developed to guide this quali-
tative study. Seventeen senior managerial representatives from exhibition organizations across nine Western
European countries were interviewed, and a reflexive thematic approach was adopted to analyse the data. The
findings suggest that the European exhibition industry is a slow adopter of Al, which may impact its future
competitiveness, despite the stimulus provided to Al adoption during the COVID-19 pandemic. The degree of
confidence in organizational technological practices, financial resources, the size of the organization, and issues
of data management and protection, as well as the impacts of the COVID-19 pandemic, motivate or inhibit
readiness for Al adoption in the event industry. A new Exhibition Sector Readiness for Al Adoption Model is
presented in this research that managers and researchers can use to analyze inhibitors and motivations for Al

adoption, which is contextualized for the current challenges facing the exhibitions sector.

1. Introduction

Artificial Intelligence (AI), as an emerging technology, is widely
discussed by scholars and professionals across industries, including
Automotive, Transportation & Logistics, Pharma, Agriculture and
Manufacturing (Colins et al., 2021; Davenport, Guha, Grewal, & Bress-
gott, 2019; PWC, 2020; Towers-Clark, 2019). The event industry has not
been excluded from this trend, and trade publications refer to the
revolutionizing of event management through AI (CVENT, 2020; Gart-
ner, 2019). These reports identify potential Al applications in events
such as chatbots, facial recognition, matchmaking, and service robots,
and suggest positive impacts such as better return on investment (ROI),
higher efficiency and cost-cutting effects. However, there have been
difficulties in implementing Al in the event industry, and the adoption of
Al has been relatively slow in event businesses (Davidson, 2019; Ogle &
Lamb, 2019).

Business events have a prominent position in the event industry
(ICCA, 2018) and are one of its fastest-growing sectors (Anas, Maddiah,
Eizamly, Sulaiman, & Wee, 2020). The industry’s global value was £ 602
billion in 2017, and it has the potential to grow by 44% by 2025, with a
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concentration in Europe and the Asia-Pacific (Anas et al. (2020). Exhi-
bitions are a major component of business events. They can be charac-
terized as ‘events that bring together, in a single location, a group of
suppliers, distributors and related services that set up physical exhibits
of their products and services from a given industry or discipline’ (Black,
1986). Accordingly, they constitute a key element of the sales, market-
ing and communication strategies of the companies and organizations
that exhibit their goods and services at such events. The European
exhibition market is the largest in the world (EEIA, 2020). Europe has
496 exhibition venues, accounting for 48% of the world’s exhibition
space capacity. Organizers put on 13,700 exhibitions, and around 260
million visitors attended these in 2019 (EEIA, 2020). Therefore, un-
derstanding event organizers’ readiness for AI adoption will have
valuable implications for the sector and its impacts.

Business events contribute to economic development and regional
prosperity (Huang, 2016). The literature highlights many challenges
facing these events in attracting new exhibitors and customers,
providing better networking opportunities and better-quality service
(Huang, 2016; Lee, Kim, & Kang, 2019). Al adoption could provide a
higher ROI for business event organizers, reduce overall costs, help with
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decision-making and replace repetitive work (Davenport et al., 2019;
Dhar, 2016; Grace, Salvatier, Dafoe, Zhang, & Evans, 2018; Makridakis,
2017).

The event industry is intimately connected with technology and its
development, and much research engages with this phenomenon
(Davidson, 2019; Getz & Page, 2016; Laing, 2018; Martin & Cazarre,
2016). However, very little has been written about AI and events and
even less in the exhibition context. The primary references to Al in
events studies refer to works written by Ogle & Lamb (2019) and
Davidson (2019), which provide an overview of the potential real-life
applications (e.g., security, staging, marketing and operations)
together with the benefits (e.g., revenue management, exhibition
setting, networking purposes) that Al could provide in events. Although
these serve as an introduction to a complex research area, their argu-
ments are generic and lack empirical support. Relevant applications of
Al are more often discussed in other service sectors, which have been
earlier adopters of these technologies, such as tourism and hospitality
(Coombs, Hislop, Taneva, & Barnard, 2020; Drexler, Lapre, & V, 2019;
Ivanov, Webster, & Berezina, 2017; Tussyadiah, 2020; Webster & Iva-
nov, 2020a, 2020b).

This study aims to explore organizations’ readiness to adopt Al in the
exhibition sector in Western Europe. From the perspective of exhibition
professionals, the study seeks to understand the current level of Al
adoption and explore influential factors on organizational readiness to
adopt Al Due to its exploratory nature, this research adopted a quali-
tative research design. Events studies are often criticized for their weak
theoretical background (Robertson, Ong, Lockstone-Binney, &
Ali-Knight, 2018), and Al research in information systems has also often
lacked theoretical perspectives (Collins, Dennehy, Conboy, & Mikalef,
2021). Therefore, this research embraced the Technology - Organization
- Environment framework (TOE) and the Technology Readiness Index
(TRI), which have been previously synthesized and applied in quanti-
tative technology adoption readiness studies but not yet applied quali-
tatively, or to events (Aboelmaged, 2014; Dewi, Hidayanto, Purwandari,
Kosandi, & Budi, 2018; Oliveira & Martins, 2011).

This exploratory study aims to contribute to the literature in three
ways. First, there is a lack of sector-specific research on organizations’
readiness to adopt Al in the exhibition sector. In fact, decision-makers
and managers’ opinions towards Al adoption in the service sector
more broadly have been largely neglected. The exploratory nature of
this study was appropriate, as Swedberg (2020) explains, because this
research involves theorizing in an empirical setting, at an early stage of
Al research in the social sciences in general and in business and events
management research in particular. This study aims to address this gap
in the events literature and to contribute transferable knowledge for
other parts of the service sector that share similar characteristics. Sec-
ond, research on organizational adoption of Al is still lacking (Alshei-
bani, Cheung, & Messom, 2018; Cheng et al., 2019), and only a few
recent studies investigate firms’ AI adoption (e.g., Alsheiabni, Cheung,
& Messom, 2019; Pumplun, Tauchert, & Heidt, 2019; Johnk, WeiBert, &
Wyrtki, 2021). Focusing on the readiness of organizations, this study
aims to contribute to the scant literature on Al adoptions at the orga-
nizational level by exploring how decision-makers evaluate various
factors in this, and their willingness to adopt Al Third, by empirically
exploring the synthesis of TOE and TRI qualitatively, the study aims to
contribute to knowledge by emphasizing the situated and contextual
complexity of understanding organizational readiness for new technol-
ogy adoption.

2. Literature review
2.1. Al in the Service Sector
The term “Artificial Intelligence” was coined by Marvin Minsky and

John McCarthy in 1956 (Haenlein & Kaplan, 2019), although in-
vestigations into the nature of intelligence and its applications has a
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much longer history that stretches into antiquity (Collins et al., 2021).
Tussyadiah (2020) defined Al as “thinks humanly acts humanly, thinks
rationally, or acts rationally”. Al is a computing process that tries to
emulate human learning, based on data, arriving at decisions similar to
human cognition (Boden, 2018), which is especially useful in business
decision making contexts where problems can be highly complex and
have unclear goals (Johnson et al., 2021). Al is additionally able to learn
by repeating specific tasks, adapting and improving over time (Coombs
et al. (2020).

One key characteristic of service Al is connectivity. The Internet of
Things (IoT) is the ecosystem that demonstrates AI's connectivity by
linking machines, consumers, organizations, and objects within auton-
omous networks of data and information (Bello & Zeadally, 2017).
Although IoT is highly dependent on up-to-date technology, improve-
ments to Internet connectivity and data storage could bring new possi-
bilities for Al solutions for event stakeholders. In studies about future
trends and digitalization in the event industry, authors discuss the
increasing role of smart venues and smart devices within the IoT
ecosystem and their benefits for event businesses (Laing, 2018; Ryan,
Fenton, Ahmed, & Scarf, 2020). The following section examines this
context for the adoption of Al by situating the present study within the
broader field of research into Al in the service sector.

As a major source of innovation, Al has been increasingly adopted in
the service sector. Applications of Al in the service industries range from
standardized “mechanical AI” (e.g., cleaning robots) and rule-based
“analytical AI” (e.g., intelligent system diagnosing problems) to com-
plex “intuitive AI” (e.g., personal travel concierge) and highly commu-
nicative “empathetic AI” (e.g., Robot Sophia) (Huang & Rust, 2018).
More than just “standardized” automation, today’s service Al provides a
large variety of services with high levels of engagement, interaction, and
personalization (Mende, Scott, Doorn, van, Grewal, & Shanks, 2019).

Studies argue that Al-powered kiosks or service robots will replace,
or cooperate with, human employees (Ivanov, Webster, & Berezina,
2017; Webster & Ivanov, 2020b). Gadgets equipped with speech
recognition can accomplish specific tasks, e.g. speed up the check-in
process and provide customer service. In retail, Eisingerich, Lin, &
Doong (2021) found customers tend to follow virtual salespersons’
advice rather than peers’ recommendations. In healthcare, rule-based
expert systems have been widely adopted to support clinical decisions
(Vial et al., 2018). In their study on the adoption of robots and service
automation in the tourism and hospitality sector, Ivanov et al. (2017)
suggested service robots could be used for catering purposes, in the form
of robotic chefs and bartenders.

Although AI has the potential to improve living and working con-
ditions, it also raises questions about privacy, security, legality, and
fairness (Boyd & Holton, 2018; Tucker, 2019). Threats to human jobs
have been widely discussed in the service sector (Chessell, 2018; Koo,
Curtis, & Ryan, 2020). Huang & Rust (2018) developed a theory of Al
job replacement to illustrate the progression of Al task replacement from
lower to higher intelligence. They argued that with the adoption of Al,
the service sector will demand less analytical skills from employees and
will emphasize intuitive and empathetic skills. Dhar (2016) argued that
Al will create more jobs than it will destroy. However, Huang & Rust
(2018) predicted that by leveraging its full potential in the future
through human-machine integration (e.g., feeling AI), Al will become a
fundamental threat to service employment. The following section pro-
vides an overview of the service sector context for this research, the
exhibitions industry.

2.2. The exhibitions industry

The exhibitions industry has traditionally been classified as one of
the principal components of the business events sector or “MICE”, in
which compound term, the ‘E’ derives from exhibitions. Within this in-
dustry, a standardized and universally accepted terminology has yet to
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be developed, and consequently, terms such as “trade fairs”, “trade
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shows”, and “expositions” are variously substituted for ‘exhibitions’
(Davidson, 2019; Morrow, 2002). However, there is widespread agree-
ment that most exhibitions may be defined as temporary market events,
held at regular intervals, where a large number of buyers (attendees or
visitors) and sellers (exhibitors) interact for the purpose of purchasing
displayed goods and services, either at the time of presentation or at a
future date. (Black, 1986).

The uses of exhibitions are many, and most of them are summarized
in the list proposed by Jotikasthira (2015): they help promote new
products to pre-screened audiences; they allow firms to discover new
prospective customers as well as potential trade partners and suppliers;
they yield several benefits to the host destinations in forms of local
spending, distribution of wealth, attraction of foreign income, stimula-
tion of local businesses, and destination image; they help enhance the
image of exhibitors in regards to their respective technological break-
throughs, good causes or other aspects of their corporate image. To these
may be added two further benefits: they showcase innovations and
simultaneously serve as a platform for networking and idea-sharing.

The history of exhibitions can be traced back to the commercial fairs
of the ancient world when, according to Morrow (2002), ‘A fair was a
temporary market where buyers and sellers gathered to transact busi-
ness. (It) offered the opportunity to barter and sell goods and services
within a particular region and became to a central distribution point for
entire geographical areas’. However, by the 21st century, a vast, global
professionalized industry had been developed to organize and host ex-
hibitions for practically any type of goods and services, fueled by de-
mand from the companies and organizations producing these goods and
services, for whom exhibitions represent an effective sales and com-
munications tool.

Reflecting the structure of the broader events industry in general and
business events in particular, the exhibition industry is fragmented and
made up of many different sectors, organizations and suppliers. In
addition to venue suppliers, there is also a whole plethora of specialist
suppliers who provide the industry with products and services such as
displays, catering, staffing, technical equipment, telecommunications
and IT companies, caterers, exhibition contractors, production com-
panies and event insurance specialists (Quick, 2020). Together, these
sectors constitute the supply side of the exhibitions industry, which is
the focus of this paper.

The evolution of the exhibition industry is closely connected with
technological development. However, the experience or level of readi-
ness and intention that exhibition suppliers have to implement emerging
technologies such as Al remains under-researched. In the business
events literature, there is very little evidence regarding technology
adoption in general (Sangkaew, Jago, & Gkritzali, 2019), or Al adoption
processes or Al applications specifically, reflecting the relatively slow
pace of technology adoption in this industry when compared to other
sectors (Soifer et al., 2021).

Technology adoption has been widely discussed at both individual
and organizational levels (Cai, Richter, & McKenna, 2019). Organiza-
tions adopting new technologies expect to improve their performance
(Hameed, Counsell, & Swift, 2012). Lokuge, Sedera, Grover, &
Dongming (2019) suggested that differing from other “easy-to-deploy”
digital technologies, the high complexity of Al sets a knowledge barrier
for organizational adoption. Technical and non-technical factors such as
the technology capabilities (Zebec & Stemberger, 2020) and leadership
(Frick, Mirbabaie, Stieglitz, & Salomon, 2021) of a firm influence the
adoption and implementation of Al, as well as the integration of Al with
other organizational resources (Zhang, Pee, & Cui, 2021). Given the
breadth of research into technology adoption, it is necessary to apply a
clear theoretical perspective in the analysis of this process, and the
following section demonstrates how this was approached in this
research.
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2.3. Theoretical development

To understand exhibition organizations’ readiness to adopt Al, we
developed a theoretical framework synthesizing the Technology-
Organization-Environment (TOE) framework and the Technology
Readiness Index (TRI). Instead of using popular technology acceptance
theories such as the Technology Acceptance Model (TAM) or Unified
Theory of Acceptance and Use of Technology (UTAUT), the rationale for
applying TOE is as follows. First, differing from other theories and
models, TOE specifically focuses on technology acceptance at the firm
level, which is appropriate for the organizational focus of this study.
Second, in addition to technology acceptance, TOE also considers the
dimensions of organization and environment, which take into consid-
eration the characteristics and resources of the firm, and the external
business environment in terms of Al adoptions. Third, the focus of the
study is the readiness of a firm’s AI adoption; thus, investigating the
three dimensions of TOE offers comprehensive understandings of how
various factors influence the willingness for Al adoption.

TRI is used to explore exhibition firms’ readiness for Al adoption.
The application of TRI helps to narrow the focus to decision makers’
conscious willingness and their state of mind when making rational
choices (Jiang, Chen, & Lai, 2010) rather than general perceptions or
use, as in other theories. Particularly, the four dimensions of TRI offer a
framework to analyze motivators and inhibitors that affect a decision
maker’s state of mind when adopting Al. TOE and TRI offer a framework
to investigate how the affordance of Al artifacts, organizational assets,
and external environments act as influential factors that motivate
and/or prohibit the firm’s decision-making in relation to AI adoption.

2.4. Technology-Organization-Environment (TOE) framework

This study applies the Technology-Organization-Environment (TOE)
framework to understand Al adoption in the exhibition sector. The TOE
framework was developed by Tornatzky & Fleischer (1990) to explain
factors that contribute to decision-making in technology adoption at the
organizational level. They argue that in addition to technology, other
relevant factors are involved in the adoption of innovations (Tornatzky
& Fleischer, 1990). The framework brings together technological,
organizational and environmental dimensions to investigate firms’
adoption and implementation of technological innovations. TOE has
been widely theoretically and empirically examined, and subsequently
employed, in sectors such as IT, manufacturing, healthcare, hospitality
and financial services (Aboelmaged, 2014; Oliveira & Martins, 2011;
Wang, Wang, & Yang, 2010; Wang, Li, Li, & Zhang, 2016; Yang, Sun,
Zhang, & Wang, 2015) to understand organizations’ adoption of new
technologies. However, it has not yet been applied to events.

The technological dimension explores all the available internal and
external technological equipment, process and practices related to the
firm. Technology infrastructure is a factor that drives technology
adoption by eliminating high adoption costs, as the environment has
already been equipped with hardware, software and networking tech-
nologies (Bhattacherjee & Hikmet, 2008).

The organizational dimension characterizes the organization and its
resources with a focus on business size, structure, communication
mechanisms and decision-making (Aboelmaged, 2014). Top manage-
ment support involves leaders who have the power to make pivotal
decisions and create a positive environment for innovations (Chaubey &
Sahoo, 2021; Premkumar & Roberts, 1999). A company’s size is directly
connected with the adoption of innovation. Larger companies have a
more obvious ability to adopt technology as they can absorb the risks
and costs (Duan, Deng, & Corbitt, 2010; Sharma & Rai, 2003).

The environmental dimension refers to the external environment of
the business, including competitors, suppliers, customers and regulatory
subjects (Oliveira & Martins, 2011). Competitive pressure is a widely
known factor in technology adoption. Significant pressure to adopt new
technologies can often come from business partners, and public sector
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policy initiatives. In several cases, governments have supported the
adoption of the new technology by directed incentives. Conversely, in-
novations can be stopped or slowed down by government’s restrictions
or policies (OECD, 2018).

The TOE framework has been combined with different theoretical
models to explain organizational technology adoptions in various con-
texts (Arpaci, Yardimci, Y., O., S., & Turetken, 2012). For example, Li
(2008) combined TOE, Diffusion of innovations (DOI) and Institutional
theory to understand the adoption of E-procurement, stating that
intangible benefits encourage the organization to adopt new technology.
Zhu & Xu (2006) merged TOE and DOI to investigate E-business usage.
Their study revealed factors such as relative advantage, compatibility
cost, technological competence, competitive pressure, and partner
readiness are crucial for implementing new technology.

In the limited studies on firms’ Al adoption, TOE is the predominant
applied framework. It has been utilized in understanding AI adoption in
the hotel industry (Nam, Dutt, Chathoth, Daghfous, & Khan, 2020),
public organizations (Mikalef et al., 2021), the telecoms industry (Chen
and Chen, 2021), and the retail sector (Mahroof, 2019). The TOE
framework was applied in Alsheiabni et al. (2019) quantitative study,
which identified factors such as a lack of skills to deploy Al solutions and
unclear business cases for Al implementations were inhibiting Al
adoptions in Australia. Also investigating the barriers to Al adoptions,
Kushwaha & Kar (2020)’s study suggested that issues such as employee
training, trust, and security should be addressed for smooth AI adop-
tions. In Pumplun et al. (2019)’s qualitative study, they extended the
TOE framework adding “the availability, protection and quality of data”
as a new category of organizational readiness factor for Al adoption.
Based on the studies of Alsheiabni et al. (2019) and Pumplun et al.
(2019), Johnk et al. (2021) developed an action-oriented framework
and highlighted five Al readiness factors (strategic alignment, resources,
knowledge culture and data) and provided actionable indicators.
Focusing on Al adoption in the public sector, Mikalef et al. (2021)
identified five factors that affect the development of organizations’ Al
capacities: perceived financial costs, organizational innovativeness,
perceived governmental pressure, government incentives, and regula-
tory supports. However, the service sector’s and the exhibition indus-
try’s readiness for Al adoption, is yet to be investigated. The present
study’s focus on large service firms in the exhibition sector in the
Western Europe region will generate rich contextual explanations and
theoretical contributions regarding Al adoption.

Along with adoptions of Al firms’ readiness to adopt Al has been
investigated in various contexts (Halpern, Mwesiumo, Suau-Sanchez,
Budd, & Brathen, 2021; Mather & Cummings, 2019). Johnk et al.
(2021) conceptualized Al readiness, and differentiated Al readiness from
Al adoption. Instead of investigating initiation, adoption decision, and
implementation, Al readiness, in the pre-adoption stage, focuses on the
assessment of organizations’ necessities, commitment and available re-
sources required for Al adoption. Financial resources, particularly a
dedicated budget (Pumplun et al., 2019), available internal expertise
(Mikalef & Gupta, 2021), including domain experts (AlSheibani, Mes-
som, & Cheung, 2020) and skilled, trained staff (Pumplun et al., 2019),
as well as organizational culture and strategic plans (Johnk et al., 2021)
are the key AI readiness factors identified in the literature. In a
sector-specific analysis, Alami et al. (2020) suggested that healthcare
decision-makers considering adopting Al in service delivery should
evaluate added value, understand the perceptions and engagements of
stakeholders, assess the alignment of technology and the organization,
and have a clear and realistic financial plan. To examine exhibition
organizations’ readiness for adopting Al in this research, the TOE
framework is integrated with the Technology Readiness Index (TRI) to
develop a theoretical framework, which will further clarify and explain
organizational and technological acceptance and readiness to embrace
Al in the exhibition sector in Western Europe.
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2.5. Technology readiness index

First presented by Parasuraman (2000), TRI refers to “people’s pro-
pensity to embrace and use new technologies for accomplishing goals in
home life and at work” (Parasuraman & Colby, 2015 p.59). TRI reflects
an overall state of mind and does not measure competence. The second
generation of this concept was introduced by Parasuraman & Colby
(2015), with four dimensions: optimism, innovativeness, discomfort and
insecurity. Optimism and innovativeness are motivators contributing to
technology readiness. People who fall into the category of optimism be-
lieves that innovative technology will increase efficiency, flexibility, and
control. Innovativeness describes those who are opinion leaders and pi-
oneers in adopting new technology. The other two dimensions —
discomfort and insecurity are considered as inhibitors distracting from
technology readiness (Parasuraman & Colby, 2015). Discomfort de-
scribes users who are overwhelmed by and perceive little control with
the new technology. People who are in the category of insecurity do not
trust the technology for the reasons of its functionalities and potential
harm.

TRI has been applied in various sectors, such as E-commerce, E-
Service and E-tailing, E-banking and E-payment (Celik & Kocaman,
2017; Mukherjee, Smith, & Turri, 2018; Mummalaneni, Meng, & Elliott,
2016; Naidu & Sainy, 2018; Wiese & Humbani, 2020). Although TRI has
been adopted to understand the tourism and hospitality sector in the
applications of E-services (Huy, Nguyen, Pham, & Berry, 2019; Victor-
ino, Karniouchina, & Verma, 2009), events studies use this model only
superficially, with one exception (Goebert & Greenhalgh, 2020), which
investigates fan perceptions of augmented reality in sports marketing.

In this exploratory study, we synthesize the TOE framework and TRI
to explore exhibition organizers’ readiness for Al adoption (Fig. 1).
Firstly, by merging these two theories, the theoretical framework not
only provides a framework (TOE) to explore technological, organiza-
tional environmental dimensions of Al adoptions but also narrows the
focus to ‘readiness’ through the TRI. Secondly, the four dimensions of
TRI offer indicators to identify and further explore the level of readiness.
Thirdly, this framework operates contextually given the uniqueness,
large varieties, and complexity of AI (Fig. 2).

With the novel theoretical synthesis (Fig. 3), and the new research
setting in the context of Al research, this exploratory approach differs
from alternative explanatory studies, where hypotheses are developed
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Fig. 1. Theoretical Framework - Organizational Readiness of AI Adoption.
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Fig. 2. Map of participant locations.

from theory and tested empirically. Instead, this exploratory research
has been developed to investigate a new field, and to contribute to the
development of the field through the dissemination of published find-
ings. This will be helpful for future studies, in a way categorized by
Swedberg (2020) as typical of a ‘type 1’ exploratory study, which is
among the most common of these types. Exploratory research of a
similar nature, involving theoretical exploration in a new empirical
context in the field of service industry technology adoption has been
carried out, for example, in retail (Pantano & Vannucci, 2019), financial
investing (Atwal & Bryson, 2021) and housing (Angioso and Musso,
2020), and more generally in the case of IT systems adoption (Martin,

Technological Dimension
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2003).

Through this novel synthesis of theory, and the use of an exploratory
method, this research also responds to Dennis (2019) call for exploratory
Information Systems research on new phenomena that can help to ‘lead
practitioners by applying deep academic insight into new problems and
opportunities...such as climate change, fake news on social media,
artificial and augmented intelligence, virtual and augmented reality,
and so on.’. Reiter (2013) however, cautions that exploratory research of
this nature in the social sciences should be carried out in a transparent
and reflexive way, so that its assumptions and limitations are made
clear, and that the role of the researcher in the process is made explicit,
to increase the reliability of the findings. The following section of this
study sets out the way in which a qualitative, explorative method was
developed and implemented, to meet these criteria.

3. Method

Information Management research is increasingly using qualitative
methods to focus on the experiences of information users (Nili, Tate,
Barros, & Johnstone, 2020), and this study contributes to this trend.
Qualitative research was appropriate for this exploratory study, which
aimed to gain information-rich data from managers in the diverse
context of the exhibition industry in Western Europe. Wynn & Hult
(2019) explained that qualitative research in information systems has
value in capturing “how things work at some level of granularity” to
represent the realities of complex situations that are not reproducible,
reinforcing the seminal position of Silverman (1998), who argued that
qualitative research within information systems offers the opportunity
to focus on organizational practices in situ, with a focus on how people
“do things” within firms.

Within organizational research, considerations of reflexivity have
come to dominate discussions of the rigor and trustworthiness of qual-
itative methods (Galdas, 2017; Haynes, 2012), and this is widely held to
be the gold standard for determining the trustworthiness of qualitative
findings (Dodgson, 2019). Reflexivity refers to the extent to which the
researcher is aware of their own positionality in the research process and
can consider the impact of the context of their research and the human

Connectivity
Technological practices

Organisational Dimension

TRI Motivators:

Optimism
Innovativeness

Size and financial resources
Strategic plans and senior managements’ vision

TRI Inhibitors:

Discomfort
Insecurity

Environmental Dimension

Data management and privacy Issues
COVID-19

Exhibition Sector Readiness for Al adoption

Fig. 3. Exhibition Sector Readiness for AI adoption Model.
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interactions that take place within this context, on their analysis. In the
present study, one author carried out all the interviews in a process that
was co-designed within the author team. The use of a single interviewer
was a first step in establishing the rigor of this research. The position-
ality of the interviewer, as a junior researcher with limited industry
experience, interacting with senior industry figures, was taken into ac-
count in the choice of data collection method, the selection of a quali-
tative data analysis technique, and the steps that were taken in data
analysis to ensure the reflexivity of the approach.

Semi-structured online interviews offering the opportunity to inte-
grate open-ended and theoretically driven questions (Galletta, 2013)
were used. This method shows a high level of versatility through the
possibility of switching experience-oriented questions to
theoretically-guided questions (Galletta, 2013). Opening questions that
allowed participants to discuss their experience within the industry and
their current roles allowed for establishing rapport with the interviewer,
reflexively acknowledging the power imbalances in these social in-
teractions (Dodgson, 2019) and minimizing their impact on the theo-
retically informed data collection that followed. Later interview
questions were thematically designed (see Appendix A) and informed by
the theoretical synthesis of the TOE framework with the TRI, shown in
Fig. 1, with questions asked about every component of the model to
ensure that the resulting data could be reliably analysed using the
theoretical constructs employed in this study.

All interviews were conducted online due to the constraints on travel
associated with the COVID-19 pandemic. Online interviews have some
positive aspects in the ability to overcome geographical distance, time
and cost connected with travelling for interviews (Mann & Stewart,
2000).

A purposive sampling technique was applied in this study. Partici-
pants hold senior management positions in major European exhibition
venues and exhibition companies in Western Europe, with the seniority
of their roles used as a way of enhancing the trustworthiness of the
findings, as participants have substantial and comparable experience of
the exhibition industry. Their locations are shown in Fig. 1. The orga-
nization’s size plays a vital role in technology adoption, as they are more
likely to demonstrate adoption potential, resources, skills and experi-
ence, and they are more resilient against potential technology adoption
failure (Matta, Koonce, & Jeyaraj, 2012). Therefore, all participants
from venues represent organizations with more than 100,000 square
meters of exhibition space, making them among the preeminent exhi-
bition venues in Europe.

Marshall, Cardon, Poddar, & Fontenot (2013) recommendations for
qualitative research in information systems suggest that benchmarking
sample size against related studies provides a strong justification for the
choice of sample size, with theoretical saturation in the analysis
providing another. Marshall et al. (2013) recommended sample sizes of
between 15 and 30 participants for qualitative case studies and recent
qualitative studies in technology adoption in service sector contexts
support this figure, with some significantly smaller sample sizes evident,
but very few that exceed this range (Eze et al., 2019; Odeh, Garcia-Perez,
& Warwick, 2017; Schmitt, Mladenow, Strauss, & Schaffhauser-Linzatti,
2019; Soares et al., 2020). This sample involved 17 interviews with
senior managers from across Europe (Table 1), with recruitment stop-
ping once theoretical saturation was reached (Rowlands, Waddell, &
McKenna, 2016).

Following Braun & Clarke (2006, 2021), reflexive thematic analysis
was conducted after transcribing the interviews. In the stage of famil-
iarization, transcripts were reviewed in light of the aims of the research
to highlight gaps or limitations in the data and to identify patterns
emerging within it (Lewis, McNaughton-Nicholls, Lewis, & Ormston,
2013). We then applied two rounds of coding. In the first round, a
combination of provisional and open coding was applied. The provi-
sional coding process was informed by the theoretical framework
(Fig. 1), using key terms and concepts as a starting point (Miles,
Huberman, & Saldana, 2014). This was followed by a stage of manual,
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Table 1
Participant Information.
Participant Exhibition Organization ~ Role Country
# type
(P1) International Founder/Exhibition United
Investment Exhibition Organizer Kingdom
(P2) Exhibition Venue IT Manager United
Kingdom
(P3) Exhibition Venue Floor Manager Netherlands
(P4) Exhibition Venue Exhibition Manager Germany
(P5) Exhibition Venue Exhibition Manager Belgium
(P6) Exhibition Venue Exhibition Manager Italy
(P7) Exhibition Venue Project Manager Germany
(P8) Exhibition Venue Events & Exhibitions Italy
Business Development
(P9) Exhibition Venue Head of Internal Germany
Organization
(P10) International Medical Head of Events United
Technology Exhibition Kingdom
(P11) International Telecoms Event manager United
Exhibition Kingdom
(P12) Exhibition Venue General Manager France
(P13) Exhibition Venue Project Manager Spain
(P14) Exhibition Venue Project Manager Spain
(P15) National Exhibition President Poland
Industry body
(P16) International CEO Germany
Exhibitions
Consultancy
(P17) International Managing Director Ireland
Exhibitions
Consultancy

open coding to allow further codes to emerge inductively from the data.
This process produced 13 deductive codes that related directly to the
theoretical framework and three inductive codes, one related to the
specific COVID-19 context that existed during the data collection period,
and two related to future Al strategy and application (Table 2). In the
second round, axial coding was used to strategically assemble data
(Corbin & Strauss, 2014) and look for relationships between the codes in
order to generate themes for analysis. In this round of coding, we focus
on synthesizing the relationship between TRI and TOE, particularly
exploring the four readiness elements within three dimensions of the
TOE. After 2 rounds of coding, seven themes: connectivity, lack of Al
practice and discomfort, excitement and positive perceptions, organi-
zational size and financial resources, organizations’ strategic plan, data
management and privacy, COVID-19 as a transformational force

Table 2
Codes used for thematic analysis.

Code Abbreviation =~ Name Connection to the
# theoretical framework
) PA Perception of Al TOE - Technology
(2) CA Current Al
Application
3) TI Technological
Infrastructure
[C)] RA Relative Advantage
(5) (e} Organization Size TOE - Organization
(6) OH Organization
Hierarchy
(¥4) EE External Environment TOE - Environment
Impact
(€)) GI Government Impact
9 OP Optimism TRI
(10) IN Innovativeness
(1) DC Discomfort
aa2) INS Insecurity
aa3) FA Future Al Strategy Inductive Codes
(14) FAA Future AI
Applications
(15) Ccv COVID-19
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emerged from the analysis.

These seven themes are organized using the three dimensions of the
TOE framework and have been used to structure the findings section that
follows.

4. Findings
4.1. Technology dimension

4.1.1. Connectivity

Digital maturity is vital for implementing new emerging technolo-
gies (Davidson, Alford, & Seaton, 2002; Sox, Crews, & Kline, 2014,
Talantis, Shin, & Severt, 2020). To adopt Al in exhibition venues, con-
nectivity is the fundamental infrastructure to enable AI implementation
(BVEP, 2020). The availability of 5G connections offers an opportunity
for AI adoptions. Project manager (P7) explained: “at the beginning of
this year, our venue implemented 5 G connection to make autonomous
driving possible. This technological development moved us one step
forward to implement Al and the Internet of things. So, a good IT
infrastructure is important”. Highly connected to other elements in the
ecosystem of IoT, the adoption of Al in the exhibition is largely related to
the technological affordances that enable autonomous networks (Bello
& Zeadally, 2017).

Participants understood the importance of having technical support
to adopt Al There were three organizations currently using and simul-
taneously developing networking systems. Project manager (P7)’s or-
ganization was investing in their system, and exhibition manager (P5)’s
organization used a contractor company for these purposes. General
manager (P12)’s organization launched a large project two years ago
with the aim to reinvent their facility management. They used Al for the
creation of predictive patterns, working with lights, temperature,
ventilation, lifts, escalators, overall energy consumption and toilet
cleanness: “thank to installed sensors, the organization can monitor all
the important data and then use them for Al predictive patterns. So, it
helps us increase customers’ experience and based on that the organi-
zation can provide better and more accurate service for their
customers”.

4.1.2. Lack of Al practice and discomfort

Internal technological practices also affect organizational adoptions
of AL Although a wide range of Al-powered applications were
mentioned, including facial recognition kiosks, networking systems,
smart venue features, crowd management tools, chatbots, and business
analytics software, participants noted that Al applications have not yet
been widely established in the business events industry. Hence, they
often talked about the phenomenon in an abstract, futuristic way.

Those who adopted Al are mainly in the initial stages of consider-
ations and pilot tests. For instance, IT manager (P2) talked about facial
recognition kiosks at the pilot stage, and how their real-life usage
brought issues and occasional errors. Many participants felt over-
whelmed by potential Al adoption and did not have clear ideas about its
operations and how exactly AI could be helpful to their business. For
example:

As an organiser you do not have an idea where exactly to implement
the Al technology. Obviously, you have a clear idea about the event.
Although, it is difficult to match the Al technology on your “unique”
event. Me as an organiser, I do not know the full scope what the
technology can provide and help me with. Although event organisers
are open to Al, they cannot use the entire potential of it just yet. And
it brings financial and other insecurities” (P11)

The lack of confidence in Al use and frequent errors from Al pilot
tests leads to the “discomfort” of TRI (Parasuraman & Colby, 2015). To
cope with such discomfort of Al adoption, participants agreed on the
need for training programs to develop employees’ skills to use Al
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effectively.
4.2. Organizational dimension

4.2.1. Excitement and positive perceptions

This research reveals optimism amongst exhibition sector pro-
fessionals who have feelings of excitement and curiosity towards Al
adoption (Parasuraman & Colby, 2015). Exhibition organizer (P1)
stated: “Al is causing much interest amongst investors. Exhibitors
organize entire sections about Al, and the investors tend to get into
investing in Al early as they are aware of the potential”. Beyond orga-
nizing events for Al, most of our participants have already come across
Al in their roles. Participants mostly agreed that AI is slowly being
implemented in the event industry and is considered beneficial with a
high level of expectation. Project manager (P13) emphasized that Al can
play an important role in venues’ or organizers’ image: “it not only has
this ability going out of its scope as it can do all the designated functions
but also have this external positive impact on the promotion and final
appeal for the venue or organizer”. Participants also agreed that Al
technology would increase efficiency, reduce cost, increase quality,
improve visitor experiences, assist faster decision-making, and replace
time-consuming activities (Davenport et al., 2019; Dhar, 2016; Grace
et al., 2018; Makridakis, 2017).

4.2.2. Organizational size and financial resources

Participants reported that organizational size and financial resources
play a significant role in their readiness for Al adoption. Most partici-
pants saw larger organizations as faster adopters with better potential
and financial resources for adopting new technologies, including Al IT
manager (P2) compared his venue with football stadiums and argued
that these venues have significantly higher income and, therefore, they
will be the first ones to implement Al Larger companies can absorb risks
and initial costs (Duan et al., 2010; Sharma & Rai, 2003), and tend to be
innovators in technology (Parasuraman & Colby, 2015). Participants
from larger firms were shifting from using contractors, to developing
their own Al platforms. Business development manager (P8) stated that
the pressure of keeping their competitive advantages (Aboelmaged,
2014) for a firm of such size pushed them to develop their own Al
“geolocalization” system.

Conversely, other participants saw smaller companies are innovators
when adopting Al Exhibition Manager (P4) said that the number of
venues they have got would mean astronomical introductory invest-
ment. Hence, smaller companies are more resilient to the risks. CEO
(P16) analysed both pros and cons for small and big companies in terms
of Al adoptions: “smaller companies have advantage in the agility, faster
reaction, more risk taking; on the other hand, they are lacking budget.
Bigger players have finances and Human Resources. At least in numbers
not always in skills. Very slow in decision process. So, we see benefits
and disadvantages on both sides. But definitely I see is a potential and
opportunity for new players to gain competitive advantage”.

4.2.3. Organizations’ strategic plans

Our participants reported the lack of vision and progressivity from
CEOs as a key obstacle to AI adoption. From our interviews, many
participants stated the entire industry is not really progressive in
adopting new technologies. P10 explained that “organizations would
benefit from well-established IT departments. This is not a common
practice from my experience. IT departments are often overwhelmed by
digital obligations, and they do not have time and space for new tech-
nology research and implementation.” The top management has the
necessary power to make the final decision of technology adoption and
create a positive environment for innovations (Premkumar & Roberts,
1999). As the founder of the firm, exhibition organizer (P1) decided to
wait and see what is in the market for them, and thereafter they will
adopt Al technology. She also saw benefits in being a late adopter.

Concerning the potential harm and disruption that AI might bring to



D. Hradecky et al.

current organizational structures and operations, most top management
might perceive “insecurity” towards Al in TRI (Parasuraman & Colby,
2015). Some might also feel out of place towards new technologies,
associated with “discomfort” in TRI. Most participants stated that their
organizations do not have any plan for implementing Al. Exhibition
manager (P4) shared that although they have a 5-year business plan, Al
does not appear in this strategy. CEO (P16) explained that “the corporate
culture is not ready to drive digital business models”.

Some organizations in our study identified the potentials of Al and
implemented plans for adoption. Business development manager (P8)’s
organization has a 3-year Al strategy where they focus on transferring
their exhibition catalogue to directories and creating an Al-powered
marketplace; the organization dedicated €5million to this develop-
ment in 2018. Project manager (P14) hired a futurist to develop their
strategic plan for 2025, who helped to identify that AI will be one of the
disruptors and game-changers in the exhibition industry. Since 2016,
they have been adjusting themselves to get ready for the adoption: “we
started with cleaning our large amount of data. Our organization pur-
chased a data management system and integrated with our associated
management system [Salesforce/Marketo]. So, we can help suggesting
with better accuracy about services our customers are demanding from
us”. P16 explained their own organization’s progress in implementing Al
across their firm:

“We are testing and developing a community management algorithm
which helps us to mine data which are followingly used for de-
mographic group identification for our customers. Other Al algo-
rithm helps us booking exhibitors where after analysing CRM
software gives us potential candidates for particular show. And
lastly, one of the examples which is not working very well is an Al
algorithm helping with ideal floor plan positioning.”

From the financial perspective, Al is largely considered as a cost-
reduction tool (Davenport et al., 2019). Head of Internal Organization
(P9), however, could not see Al as a cost-cutting tool in upcoming years.
For their organization, the main investment would go to marketing and
sales because that is the core of their business. “The top management
does not know how to put Al into real-life”, project manager (P7) said
regrettably, but still held hope to see if the IT department can work with
and persuade the management board.

4.3. Environmental dimension

4.3.1. Data management and privacy

Large exhibition venues are connected to local authorities and poli-
cymakers. Al technologies require a significant amount of data, and
policymakers protect their customers. Governments, as well, can pro-
mote and fund new emerging technologies. (P13) explained this:
“Looking at the issue from the other point of view. Local authorities have
their own agenda. So, if the new technology adoption correlates with
their aim. They are more likely to release funding and enforce the pro-
posal”. Our participants were aware of the difficulties of data manage-
ment and privacy issues in the context of exhibitions. This topic is
controversial, mainly in facial recognition solutions (Bowcott, 2020;
Davis, 2019). IT manager (P2) was aware of the issue of privacy but
disclosed the optimism to adopt facial recognition as a valuable tool.
Looking into the issue of privacy from the perspective of attendees,
exhibition manager (P5) showed his insecurity in the level of Al readi-
ness and stated that attendees would be skeptical about adopting facial
recognition; also, the organization would be required to hire a specialist
to clear all the data after the event. (P9) was more positive about the
potential benefits of using customer data in Al applications:

“We need to focus on the data collection and we do so. Our organi-
zation constantly updating database about our clients and based on
their activities we can suggest their networking opportunities via e.
g., push up notification. Al algorithms can do miracles with these
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data. It can quickly analyse and evaluate and forecast what people
want, need and what they will do next”.

4.3.2. COVID-19 as a transformational force

COVID-19, as an environmental factor, has significantly affected the
event sector. Despite its devastating impact, participants see the
pandemic as a force of transformation to adopt Al “consequences of the
pandemic have proved that we need to go more digital and find new
ways of bringing the events to visitors” (P6, exhibition manager). The
president of a national exhibition industry body (P15) said: “because of
the pandemic, what we see is not getting back a large number of visitors
... I see the AI fitting the mix with its networking potential”. He further
explained the use of AI for marketing purposes: “the industry needs
better market intelligence about people who are coming to the events
and how to connect the supply with demand and here I see the potential
for the technology in the industry”. Additionally, participants have
noticed the urgent need for digitalization and increasing employees’
digital skills to enhance socially distanced working practices. (P14)
explained that “our organization has recently incorporated new tech-
nology to follow the stated trend in the industry caused by Covid-19.
Virtual meetings, virtual reality and augmented reality are areas
where we directed significant funding”. For instance, (P8)’s organiza-
tion adopted a facial recognition system with temperature checks at the
entrance. New Al-powered features of smart venues will increase secu-
rity and trustworthiness for attendees (Intel, 2020).

5. Discussion
5.1. Theoretical contributions and implications

The theoretical synthesis (Fig. 1) of the TOE and TRI that was applied
in this research has provided new insights into the adoption context for
Al in the exhibition sector, a novel context for the application of this
theoretical lens.

Although TOE has been widely applied in other sectors (Aboelm-
aged, 2014; Oliveira & Martins, 2011; Wang et al., 2010, 2016; Yang
et al., 2015), this study has shown that it is also a useful perspective from
which to examine the events industry. This confirms the value of Tor-
natzky & Fleischer (1990) insight in developing the theory, that
non-technological factors must be considered when considering the
adoption of technology by businesses, in a new context. Johnk et al.
(2021) synthesized previous work on the TOE to highlight five Al
readiness factors that can be used to analyse the adoption of Al by firms,
and Mikalef et al. (2021) also identified five factors that affect public
sector organizations capacity to adopt Al. However, both of these pre-
vious attempts to consider firm-level adoption of Al focused on the
pre-adoption phase. The present study has examined a business envi-
ronment where the adoption of Al has already begun, albeit from a slow
start (Davidson, 2019; Ogle & Lamb, 2019), and where research had
identified concerns about the late adoption of technological innovations
(Sangkaew et al., 2019; Soifer et al., 2019) Because of this, it was
important to capture the decision-making processes of senior managers,
who have been involved in AI adoption processes, through the synthesis
of the TOE with the TRI, which emphasizes the centrality of these in-
dividual’s rational decision making (Jiang et al., 2010), rather than
general perceptions of Al held by managers.

This study has shown the value of this theoretical synthesis, which
has been used to produce the exhibition sector’s Readiness for Al
Adoption Model (Fig. 3), contributing to addressing the lack of theo-
retical perspectives in Al research in information systems (Collins et al.,
2021). This model provides a framework that can be used by researchers
in other service industry contexts, where the interactions between in-
ternal and external factors in the TOE will be similar, and where key
decision-makers are required to consider the adoption of AI in
customer-facing businesses. The model uses TOE dimensions that have
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been established in multiple studies and clearly indicates how TRI fac-
tors can influence these. The way in which this model was derived,
through a thematic analysis of senior managers’ perceptions of Al
adoption, helped to produce contextual, information-rich data, and
although this model includes a consideration of the exhibition sector
context, approaching this issue in other sectors using the same approach
will allow for the model to be modified to reflect diverse industrial
settings.

Three factors from TOE either motivate or inhibit the decision-
making of Al adoptions, and influence the readiness for the AI adop-
tions. On the one hand, some factors result in specific challenges of
discomfort (e.g., confidence towards new technology use) and insecurity
(e.g., data management issues), and some factors lead to an optimistic
and innovative outlook (e.g., improved connecting facilities, perceived
benefits of AI); on the other hand, some factors act as double-edged
swords (e.g., the size of the venue, and COVID-19 impacts) which
inhibit and motivate Al adoptions at the same time. The model con-
textualizes the characteristics of the exhibition sector and the current
state and challenges of adopting Al. Categorized using the TOE frame-
work, issues discussed in the findings showed either TRI motivators or
inhibitors, which present the exhibition sector’s readiness for Al adop-
tion. By synthesizing TOE and TRI and contextualizing the exhibition
sector and the situated environment, the model can be used to under-
stand current issues and better implement Al technologies in the event
sector by further emphasizing TOE elements that are considered as
optimism and innovativeness, and mitigating TRI inhibitors of discom-
fort and insecurity. Therefore, this model not only reflects the current
stage of Al adoption in the exhibition sector, but can also act as a road
map for future strategic planning to improve organizational readiness
for AI adoption in the sector.

We propose three avenues for future research, along with proposi-
tions that can inform this research, building on Fig. 3. Firstly, future
research should acknowledge that the functionality of AT highly depends
on the affordances of the IoT ecosystem. The development of advanced
network systems, 5 G infrastructure, and emerging new technologies
provide increased potential for Al operations in daily tasks. Although the
sector generally is optimistic and curious about AI (Davidson, 2019;
Ogle & Lamb, 2019), it is worth exploring as such developments in
connectivity are considered as optimistic and innovative motivators to
adopt Al Future studies can investigate the ways in which this curiosity
and optimistic motivations transform into actual Al adoptions. As Al
practice is still considered relatively new in the business events sector,
the level of confidence and familiarity with new technological practices
strongly influences the readiness for adoption. In this study, we found
that most adoptions are still in the very early stage. Many managers
demonstrate discomfort by not knowing how Al can specifically help in
their businesses or lacking the knowledge and skills to implement it.
Future studies should compare the positive perceptions of Al and the
actual experience of Al implementations, particularly if the competence
of Al use and the available infrastructure lead to optimistic outcomes of
Al adoption readiness.

Proposition 1. Al adoptions in the exhibitions sector will be
highly dependent on the affordances of the IoT ecosystem.

Secondly, at the organizational level, on the one hand, large exhi-
bition venues have more resources and capacities (Aboelmaged, 2014)
to drive Al implementation; on the other hand, small firms in the sector
tend to be the innovators and risk-takers in adopting new technologies
due to their flexibility, techno-driven visions, and flat organizational
structures. Future research should explore the relationship between the
organization size (including financial resources) and readiness for Al
adoptions (innovativeness and optimism). In addition, we found that
large venues face constraints from various stakeholders that prevent
them from pushing forward an Al implementation agenda. Furthermore,
many senior managers in the business events sector do not consider Al
implementation as a priority in their strategic plans. Future studies
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should further investigate the reasoning behind such hesitation and
resistance, particularly, the negative attitude (e.g., discomfort) towards
Al technology, and the negotiating strategies and experiences of Al
implementations at the organizational level.

Proposition 2. Motivators and Inhibitors for Al adoption in the
exhibitions sector will be strongly influenced by organizational
size and strategic focus.

Thirdly, at the environmental level, and in common with various
stakeholders in both the public and private sectors, large exhibition
venues face several challenging issues regarding managing data and
privacy when considering adopting Al technologies (Duan, Edwards, &
Dwivedi, 2019). Future research should further investigate how inse-
curity relating to concerns about privacy issues and data management
affect Al adoptions, and if improved data management protocols lead to
more optimistic readiness for Al adoptions.

Proposition 3. Insecurity surrounding data management and
privacy will continue to inhibit AI adoption in the exhibition
sector.

In addition, the COVID-19 pandemic is shown in our findings to be a
transformational force for the exhibition sector to increase the speed of
Al adoptions, in an industrial context where the speed of technology
adoption had previously been slow (Davidson, 2019; Ogle & Lamb,
2019; Sangkaew et al., 2019; Soifer et al., 2019). It is worth exploring if
Al adoptions served as a short-term, alternative solution during the
COVID-19 pandemic, or if the COVID-19 pandemic leads to a trans-
formational, long-lasting effect on adopting Al technology. In addition,
studies should also be conducted to explore any new inhibitors and
motivators of Al readiness as a result of COVID-19.

Proposition 4. The COVID-19 pandemic will have a trans-
formational effect on the adoption of AI in the exhibitions sector.

5.2. Implications for practice

The findings of this research will be of value for exhibition managers
and those working in large event venues. The proposed model can be
adopted by organizations to determine and improve areas of strength
and weaknesses for AI adoption. Each TOE-related element of the model
has clear links to the operations of specific business departments, and
the TRI elements indicate factors influencing these. Moreover, exhibi-
tion organizers could use the model in a more holistic way to analyze
whether the venues that they use will be innovative enough to apply Al-
powered solutions to enhance their events.

A key practical implication of this research is that exhibition sector
businesses lack a strategic approach to the adoption and implementation
of AL Firms in this sector should either develop specific strategic ap-
proaches to Al adoption, or integrate these considerations within their
broader strategic planning, for two reasons. First, the level of complexity
involved in AI means that it requires greater attention and resources
than other “easy-to-deploy” technologies (Lokuge et al., 2019).
Although exhibition firms may have experience of integrating previous
technological advances into their business model and practices, the
complex interactions of technological and non-technological factors
uncovered in this research suggest that a strategic approach to resolving
these issues will be needed for Al adoption to be successful. For this to
happen, it is important the senior leaders and chief executives in exhi-
bition companies and venues and buy-in to the development of Al
strategy, and that the process of strategy implementation is resourced
and championed by them. Second, Al technology exists in a complex
regulatory space where multiple stakeholders have an interest in its
regulation and application. For exhibition firms to navigate this space
successfully, a strategic approach needs to be taken where the per-
spectives of multiple stakeholders can be considered. Managing these
complex stakeholder relationships can be challenging, especially as the
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nature of Al and its regulation means that stakeholder networks will
cross multiple sectors. For this reason, it is recommended that, in or-
ganizations where resources allow, dedicated staff with expert knowl-
edge of Al in an events context are tasked with managing the networks of
internal and external stakeholders necessary for successful Al adoption.

Research into the adoption of Al in the service sector has frequently
focused on problems associated with job replacement (Dhar, 2016), as
Al develops to the extent that it can begin to be used to carry out
complex services tasks that traditionally require human-human inter-
action (Chessell, 2018; Koo et al., 2020). This research, however, has
shown that in the specific service context of the exhibition sector,
managers are optimistic about the potential business future adoptions of
Al, and these concerns did not feature in their adoption
decision-making. This may reflect the nature of the sample used in this
study, which did not focus on human resources managers or at the
operational level, but this does appear to represent a lacuna in current
thinking within the exhibitions industry on this topic that should be
considered as AI adoption becomes more established.

5.3. Limitations and future research direction

Several limitations were identified in this study. First, the COVID-19
pandemic paused the entire events industry and limited the availability
of participants, many of whom were furloughed or otherwise unavai-
lable. Secondly, online interviews can cause difficulties in capturing rich
data from body language, facial expressions, and voice tone. Thirdly, as
Al adoption is still relatively new in the exhibition sector, participants’
responses were often abstract and lacked real-life evidence. Future
research can further explore the transformational force of COVID-19 in
the post-pandemic operations in the exhibition sector. Applications of
TOE and TRI can be further implemented in other contexts. Field studies,
including shadowing and longitudinal studies, can be implemented to
investigate the decision-making process of Al adoptions within organi-
zations. Studies on the exhibition sector’s readiness regarding Al
adoptions can be further investigated in other geographical contexts or
smaller venues.

6. Conclusion

This exploratory research aimed to explore organizational readiness
to adopt Al in the Western European exhibition industry. This research
has shown that although the majority of the participants have come
across some form of Al in their organization, their understanding of the
application of Al is rather limited and reserved, supporting the findings
of previous studies which have found that technology adoption is rela-
tively slow in this industry. Exhibition organizations are largely behind
in digitalization, and their technological infrastructure is not ready for
Al adoption. Although exhibition organizers believe that Al will increase
efficiency, reduce costs and enhance customer experience, most orga-
nizations do not have a future strategy to implement Al, despite the
recent spike in technology adoption in the industry due to the COVID-19
pandemic. In this study, we also revealed that the confidence level of
technological practices, financial resources, the size of the organization,
and issues of data management and protection, to some extent, motivate
or inhibit the readiness of Al adoptions in the organization. This research
has shown that COVID-19 could act as an enabler for the adoption of Al
technologies in the Western European exhibition sector, as it recovers
from the restrictions on gatherings and meetings with an enhanced level
of technological readiness and innovativeness.

This study has contributed to the literature in three ways. First, it
addresses a lack of sector-specific research on organizations’ readiness
to adopt Al in the events industry and, specifically, the exhibitions
sector. In helping to fill this gap in the events literature, the present
study has also produced transferable knowledge for other parts of the
service sector that share similar characteristics, and has provided a new
model of AI adoption that can be adapted for other related industrial

10

International Journal of Information Management 65 (2022) 102497

settings. Because research into the firm-level adoption of Al is still rare,
the second contribution of this study comes from its exploration of how
decision-makers evaluate various factors in this, and their willingness to
adopt Al Finally, by empirically exploring the synthesis of TOE and TRI
qualitatively, the study contributes to knowledge by emphasizing the
situated and contextual complexity of understanding organizational
readiness for new technology adoption.

Appendix A. - Interview questions
Section 1

Introduction to the research, confirmation of participant information
and consent.
General familiarisation questions.

Section 2

1. What do you think of when I mention Artificial Intelligence in the
exhibition events context?

2. How do you perceive Artificial Intelligence in general?

3. Thinking about adopting artificial intelligence. What are the
benefits that you or your organisation expect to gain by adopting
AT?

4. What other technological innovations, excluding Al, has your
company adopted in recent years? (Hardware, Software, Wi-Fi
connection or similar).

5. Do you consider your organisation sufficiently technologically
developed for adopting AI?

6. Where do you see the advantage or the disadvantage of your
organisation’s size for adopting Artificial Intelligence? Are you
too small to adopt AI? Or would the AI adoption be easier if you
were a larger company?

7. What kind of influence do senior management in your organisa-
tion have over Artificial Intelligence adoption?

8. How does government policy and regulation influence your or-
ganisation’s decision making in adopting Artificial Intelligence?

9. What other external influences are there on adopting Al in the

exhibition industry?

How could AI support employees and increase their productivity

within the organisation you represent?

Have you established any training program for your employees to

improve their skills before adopting AI? If not, are you planning

to do so?

Where do you see challenges in adopting Al for your employees?

What are the negative impacts that Artificial Intelligence could

cause in the exhibition industry?

Do you perceive any risks to your organisation if your organisa-

tion adopts AI?

Does your organisations have a strategy, or strategic perspective,

for adopting Artificial Intelligence in the upcoming five years?

How, in your opinion, could AI impact on your event services in

the upcoming five years?

How do you see the exhibition industry recovering from COVID -

19?

Do you see a role for Al in this recovery?

10.
11.
12.
13.
14.
15.
16.
17.
18.
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