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Abstract
This research exhibits and empirically validates an expansion of the Unified Theory of Acceptance and Use
of Technology (UTAUT2) and integrates artificial intelligence (AI) and pandemic threats to explain cus-
tomers’ utilitarian-versus-emotional behavioral intentions towards AI-adopting hotels amid and post-
COVID-19. Utilizing data gathered from 416 customers, the findings confirmed that customers’ perceived
importance of AI amid and post-COVID-19 has a direct positive effect on their behavioral intentions towards
hotels adopting those technologies, with perceived benefits of technology playing a more significant
mediating role than customers’ trust intervening in that correlation. This provides evidence for the util-
itarian perception of customers during crises and offers updated insights into the dynamics that constitute
and trigger hotel customers’ behavioral intentions toward AI. The results provide hoteliers with a valid
understanding and rationalization of how to utilize AI to address customers’ crucial concerns and interests
amid and post-COVID-19 and in similar crises.
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Introduction
Artificial intelligence (AI) has been widely used in the
contemporary hospitality industry and is deeply
changing and reshaping the behaviors and experiences
of both tourists and businesses (Zhong et al., 2020;
Ivanov et al., 2020; Gursoy and Chi, 2020; Kim et al.,
2021; Knani et al., 2022; Saydam, et al., 2022; Li, et al.,
2022). From the perspective of hospitality businesses,
as the supply side, the adoption of AI solutions

improves service quality while increasing operational
capability and efficiency, lowering costs, and conse-
quently creating a competitive advantage (Lukanova
and Ilieva, 2019). While providing interactive,
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personalized, and customized services to tourists can
improve the customer experience (Lu, 2019), it cannot
improve the supply side. AI frequently refers to ma-
chine learning, deep learning, robotics, the Internet of
Things, and the use of big data (Lukanova and Ilieva,
2019). In hospitality companies, AI offers versatile
applications, like biometric authentication (hence,
biometrics), robotic process automation, virtual and
augmented reality, self-service technologies, and so
forth (Ivanov et al., 2020; Tussyadiah, 2020). AI ap-
plications are used to authenticate online bookings and
check-in/out, access guestrooms and outlets, operate
in-room functions, process inquiries and payments,
facilitate luggage transfer, provide concierge services,
clean and disinfect guestrooms and public areas, deliver
foodservice, and pose as in-room assistants (Murphy
and Rottet, 2009; Lukanova and Ilieva, 2019; Ivanov
et al., 2020). However, there are some risks associated
with tourists’ distrust, fear of interacting, security and
privacy concerns, and human contact preferences
(Tussyadiah, 2020; Li et al., 2022; Saydam et al., 2022;
Knani et al., 2022).

Moreover, the hospitality industry is highly vulner-
able to outbreaks of epidemics and diseases (like
COVID-19, SARS, H1N1, MERS, Ebola, etc.), which
severely damage the industry and deeply affect the
behaviors and experiences of both tourists and busi-
nesses in terms of safety, economic spending, convic-
tion, and attitude (Ivanov et al., 2020; Zeng et al., 2020;
Lin, Chi, & Gursoy, 2020; Kim et al., 2021). Partic-
ularly, the COVID-19 pandemic has urged the hotel
industry to accelerate the exploitation of AI-contactless
solutions to recover customer trust and encourage
demand through keeping social and physical distance
and lowering costs (Seyitoğlu and Ivanov, 2020;
Romero and Lado, 2021; Perić, and Vitezić, 2021; Kim
et al., 2021). Hence, increasing interest is directed
toward investing in and adopting AI and its applications
in hospitality enterprises to enrich the customer service
experience and minimize pandemic-related health and
economic risks (Ivanov et al., 2020; Gaur et al., 2021).

Since AI solutions, in conjunction with the COVID-
19 pandemic, have reformed customers’ attitudes,
expectations, and experiences, hotel marketers and
operators must have a thorough understanding of their
acceptance of such trends, particularly during and after
the COVID-19 pandemic (Lin et al., 2020; Ivanov
et al., 2020; Gaur et al., 2021; Lin et al., 2020;
Perić, and Vitezić, 2021). Yet, there is a lack of em-
pirical research on the role of AI to manage safety and
health risks in hospitality settings amid and post-
pandemic era (Ivanov, et al., 2020; Zhong et al.,
2020; Zeng et al., 2020; Seyitoğlu and Ivanov,
2020). Accordingly, hospitality scholars have called

for further research to understand the role of AI con-
tactless solutions to assure and recover customer trust
and safety amid and post-pandemic era (Hao et al.,
2020; Romero and Lado, 2021; Pillai et al., 2021; Perić,
and Vitezić, 2021; Lin et al., 2020; Gaur et al., 2021).
There is no empirical study that investigates whether
the COVID-19 pandemic obliges intelligent automa-
tion of hotel services, and there is also no dedicated
investigation of whether customers embrace utilitarian
or emotional perspectives towards staying in hotels
during and post-COVID-19 and towards newly in-
troduced initiatives.

This research thus aims at determining how the
pandemic compels hotel customers’ utilitarian versus
emotional tendencies and their behavioral intentions
toward AI-adopting hotels. Working towards that aim,
this study employed a noteworthily extended utilization
of Venkatesh et al. (2012)’s unified theory of accep-
tance and use of technology 2 (UTAUT2) to examine
whether customers embrace utilitarian or emotional
perspectives towards staying in hotels amid and post-
COVID-19. That is, the literature still needs more
studies that integrate customer trust, in addition to
novel variables, into UTAUT2, in order to gain more
structured, meaningful outcomes. There are limited
studies that involved customers’ trust to reveal their
behavioral intentions in the hospitality context in
general (Jalilvand et al., 2017) and amid and post-
pandemic in particular (Hao, 2021; Park and
Tussyadiah, 2020; Ruan et al., 2020; Tussyadiah
et al., 2020; Perić and Vitezić, 2021). The authors
therefore adopted the perspective of Hao (2021), who
perceived that some contactless technologies might
provoke some uncertainties and trust issues among
customers. Consequently, trust occupies an essential
position and represents a focal addition to UTAUT2 in
the current study’s aim to inquire whether hotel cus-
tomers are more inclined to be utilitarian or emotional.

The concepts of utilitarian versus emotional nature
are comparable and equivalent toUTAUT2’s variables,
and are most suitable to the current study’s objective.
Hence, twofold purposes are attained. In addition to
the intervening function of AI benefits, the model ex-
tends to examine the intervening and mediating role of
“COVID-triggered customers’ trust in AI-adopting
hotels” (hence, trust) towards their behavioral inten-
tions. Trust represents a customer’s emotional per-
spective. To provide a more thorough comprehension
of the role of technologies, probable moderating vari-
ables need to be investigated (Beatson, 2010; Salem &
Čavlek, 2016). To recapitulate, extending the
UTAUT2’s variables has the evident benefits of en-
riching the UTAUT2’s current stand by a novel set of
variables that have not been included in the model
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before, suiting the current study’s needs and aims that
would not otherwise be attained if UTAUT2 is utilized
as it is, and, eventually, providing a solid base for future
research endeavors to build upon for unreservedly in-
tegrating more contemporary variables, while simul-
taneously enjoying the well-structured skeleton of
UTAUT2.

Thus, unlike the original UTAUT2 model, the
current study’s UTAUT2 equivalents of habit, social
influence, and facilitating conditions will not act as
independent variables, but rather will be scrutinized as
moderators (as shown in Figure 1). This study and its
proposed extended model will thus direct hoteliers in
predicting customer trends concerning AI in hotels and
in formulating and implementing effective strategies for
the adoption of AI technologies during pandemic pe-
riods and similar crises.

Literature review and
hypotheses development

AI importance and Behavioral Intentions (BIs)

Behavioral Intentions (BIs) refer to an individual’s
likelihood of engaging in a specific behavior, which
helps to predict the actual behavior in one’s decision-
making process (Ajzen, 1991). Based on the Theory of
Planned Behavior (Ajzen, 1991) and the Theory of
Reasoned Action (Fishbein and Ajzen, 1977), prior
studies have extensively confirmed that customer
awareness and attitudes towards novel technology

usage and importance have an influence on BIs (e.g.,
Shin and Kang, 2020; Zhong et al., 2020; De
Kervenoael et al., 2020; Kim, et al., 2021). Shin and
Kang (2020) revealed that lower expected interaction
and better cleanliness associated with technology in-
novation positively affected hotel booking intention
during the COVID-19 pandemic. The importance of
personalization and entertainment, as well as the safety
and security of smart hotels, had a leading role to shape
customer behavior (Elkhwesky et al., 2022; Kim et al.,
2021). Moreover, UTAUT2-based previous findings
performance expectancy has significant effect on atti-
tudes and intentions to use various innovative tech-
nologies (Chen et al., 2022; Hao, 2021; Jung and Cha,
2022;Morosan andDeFranco, 2016;Wu, et al., 2021).
Thus, the AI importance’ (UTAUT2’s performance
expectancy) role in shaping customers’BI is evident. As
such, we propose:

H1: AI-importance has a positive and significant in-
fluence on BIs.

AI-importance and customer trust

COVID-19-provoked anxiety was a positive predictor
of attitude towards virtual reality tourism (Talwar,
et al., 2022). Empirical research emphasized that in-
telligent technologies, including AI, serve as objects of
customer trust (Tussyadiah et al., 2020). Ruan et al.
(2020) similarly showed that technological proficiency
and service innovation accomplishment positively affect

Figure 1. Conceptual model.
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trust by customers’ perceived value. Based upon the
interdisciplinary trust model proposed by McKnight
and Chervany (2001), a series of studies identified that
trust propensity has positive influences on developing
trust beliefs toward intelligent technologies (e.g.,
Tussyadiah et al., 2020). Thus, the following hypoth-
esis is proposed:

H2: AI-importance has a positive and significant in-
fluence on customer trust.

AI-importance and AI-benefits

Several studies confirmed the positive effect of AI
perceived importance (UTAUT2’s performance ex-
pectancy) on AI-benefits (UTAUT2’s effort expec-
tancy) in the hospitality context (De Kervenoael et al.,
2020; Ruan et al., 2020; Shin and Kang, 2020;
Tussyadiah, 2020). In addition, Shin and Kang (2020)
found that minimized interaction and high cleanliness
associated with new technologies positively affected
perceived health risks during the COVID-19 pandemic.
Likewise, de Kervenoael et al. (2020) confirmed that
robot characteristics positively affect AI perceived
benefits. As such, and as a variation of UTAUT2, it is
proposed that:

H3: AI-importance has a positive and significant in-
fluence on AI-benefits.

AI-benefits and customer trust

Prior studies collectively established that the AI-benefits
(UTAUT2’ effort expectancy) play an important positive
role in forming customers’ perceived trust (Ameen, et al.,
2021; Lee and Lee, 2019; Ruan et al., 2020). Specifically,
Ameen et al. (2021) demonstrated the positive effect of
perceived convenience and AI-enabled service quality on
trust. Pai et al. (2018) confirmed that biometric tech-
nology benefits positively affected visitors’ perceptions of
trust. Ruan et al. (2020) showed that customers’ per-
ceived value of technological competence and service
innovation implementation positively affect trust.
Therefore, it is assumed that:

H4: AI-benefits has a positive and significant influence
on customer trust.

Customer trust and Behavioral
Intentions (BIs)

Trust has been shown to be a strong determinant of BIs
(e.g., Tussyadiah et al., 2020; Park and Tussyadiah,

2020; Ruan et al., 2020; Lee and Lee, 2019). Customer
trust, as perceived byMartı́nez and Del Bosque (2013),
represented a necessity for the healthy relationship with
the hotel, represented in creating a positive attitude,
loyalty, and satisfaction. Also, Cha (2020) confirmed
that perceived trust has a significant positive effect on
the intention to use restaurant robots, and Pai et al.
(2018) found that perceived trust has a positive impact
on the intention to use the biometric systems in the
hospitality industry. Based upon the trust model pro-
posed by McKnight and Chervany (2001), other
studies supported the positive relationship between
trust and positive intentions towards AI and service
robots (Tussyadiah et al., 2020; Park and Tussyadiah,
2020). Consistently, the above studies supported the
notion of the theory of planned action (Ajzen, 1991),
implying that beliefs, particularly trust, are directly
associated with corresponding intentions. Conse-
quently, it is proposed that:

H5: Customer Trust has a positive and significant in-
fluence on BIs.

AI-benefits and Behavioral Intentions (BIs)

In UTAUT2, AI-benefits, current study’s equivalent
of effort expectancy, directly affect customers’ in-
tentions towards new technological adoption (Jung
and Cha, 2022). Consistently, AI-benefits are ex-
tensively researched to ascertain their positive effect
on customers’ behaviors and attitudes, for instance,
towards using social robots (De Kervenoael et al.,
2020), for service robots in restaurants (Jung and
Cha, 2022), and for touchless, mobile-phone-based
payment in restaurants (Chen et al., 2022). Lin et al.
(2020) highlighted that robots’ benefits support
customers’ positive emotions toward AI robotics. As
such, it is hypothesized that:

H6: AI benefits have a positive and significant influence
on BIs.

The mediating effects of perceived AI-benefits

Previous studies established that customers first need
to perceive a novel technology application as beneficial
to develop positive behavioral intentions towards it.
AI-benefits worked as a mediating variable in the re-
lationship between both AI technology and trust (Lee
and Lee, 2019). Ruan et al. (2020) revealed that
perceived value mediated the association between
both technological provision and trust, and between
service innovation accomplishment and trust.
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Pinxteren et al. (2019) exhibited that the influence of
perceived trust on customers’ intentions to use hu-
manoid service robots was fully mediated by cus-
tomers’ perceived enjoyment. AI benefits’mediating is
thus recognized to influence the relationship among
technological novelties and customers’ reactions,
suggesting the subsequent hypotheses:

H7a: AI-benefits positively and significantly mediate the
relationship between AI-importance and customer trust.
H7b: AI-benefits positively and significantly mediate the
relationship between AI-importance and BIs.

The mediating effects of customer trust in
AI-adopting hotels

Relevant studies supported trust as a mediator between
AI importance and AI-benefits (Ameen et al., 2021;
Ruan et al., 2020), as well as mediating the AI benefits
correlation to behavioral intentions (Wang, et al., 2015;
Lee and Lee, 2019). Ruan et al. (2020) revealed that
trust mediates both the relationship between perceived
value and brand image, and between perceived value
and perceived quality. Ameen et al. (2021) found that
trust also mediates the effects of convenience, per-
sonalization, and AI-enabled service quality on AI-
enabled customer experience. Lee and Lee (2019)
proved that brand trust mediates the relationship be-
tween customers’ engagement with branded hotel ap-
plications and brand loyalty. Thus, this efficaciously
mediating role of trust is consistent with the trust model
(McKnight and Chervany, 2001), suggesting the sub-
sequent hypotheses:

H8a: Customer trust positively and significantly mediates
the association between AI-importance and BIs.
H8b: Customer trust positively and significantly mediates
the association between AI-benefits and BIs.

The moderating effect of preferences for
personal service (personal-service)
Preferences for Personal Service (hence, personal-
service) refers to the desire to interact with service
employees during the service encounter (Dabholkar
and Bagozzi, 2002). The influences of customers’
preferences for personal service, as the UTAUT2’s
“Habit,” have been highlighted in previous studies, on
customers satisfaction and, hence, commitment,
(Beatson, 2010), and intentions (Chen et al., 2022;
Gupta et al., 2018; Morosan and DeFranco, 2016).
Prior studies provided empirical evidence of the neg-
ative link between personal-service and the benefits of
technology (Ameen et al., 2021) and customer AI-

related trust (Tussyadiah et al., 2020). For illustra-
tion, Shin andKang (2020) exhibited a positive effect of
expected interaction with employees on the perceived
health risk of hotel customers during the COVID-19
pandemic. Ameen et al. (2021) demonstrated that
perceived sacrifice due to a lack of human interaction
has a negative direct effect on AI-enabled customer
experience. It has been even reported that self-service
represents a significant moderating pose in technology-
related models (Beatson, 2010; Dabholkar and
Bagozzi, 2002). The moderating role of personal-
service is predicted, proposing the following
hypotheses:

H9a: Personal-service positively and significantly
moderates the impact of AI-importance on customer trust.
H9b: Personal-service positively and significantly mod-
erates the impact of AI-importance on AI-benefits.

The moderating effect of perceived
corporate reputation

Perceived Corporate Reputation (hence, reputation,
resembling UTAUT2’s “Social Influence”) is defined
as the customer’s overall evaluation of the organiza-
tion’s past actions and expectations regarding its future
actions, in view of its efficiency in relation to the main
rivals (Walsh et al., 2009). Prior studies provided
empirical evidence on the positive influence of repu-
tation on trust in tourism and hospitality contexts (e.g.,
Jalilvand et al., 2017; Chang, 2013). Moreover, repu-
tation has a significant impact on AI-benefits; repre-
sented as perceived value, service quality, satisfaction,
and perceived trust (Perez-Aranda, et al., 2019; Chang,
2013; Dardeer et al., 2017). Thus, customers who
perceive a hotel as being highly reliable are most likely
to develop trust and a more positive perception of
acquired AI-benefits. With this situation, and the pre-
hypothesized impact of AI importance on trust and AI-
benefits, the moderating role of reputation is predicted,
proposing the following hypotheses:

H10a: Reputation positively and significantly moderates
the impact of AI-importance on customer trust.
H10b: Reputation positively and significantly moderates
the impact of AI-importance on AI-benefits.

The moderating effect of perceived
customer-company identification

Perceived Customer-Company Identification (hence,
identification, representing UTAUT2’s “Social Influ-
ence”) is defined as the extent to which customers
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perceive the company identity as trustworthy
(Bhattacharya and Sen, 2003). Identification positively
pushes towards customer loyalty, as a form of behav-
iroal intention (Gupta et al., 2018), commitment, more
constant and long-term preference, setting customers
more tolerant towards trivial alterations in the product/
service (Bhattacharya and Sen, 2003), and accepting
and utilizing modern technologies (Hao, 2021).
Identification rationalizes the motives that inspire in-
dividuals to associate to the organization, and fostering
similarities with its members and differences with non-
members (Martı́nez and Del Bosque, 2013). Prior
research has supported the association between iden-
tification and trust (So, et al., 2013; Rather, 2018).
Other studies also indicated the positive impact of
identification on AI benefits through improving their
perceptions of service quality, perceived value, satis-
faction and brand trust (So et al., 2013). Besides,
identification’s intervention positive role on customer
trust has been reported by Martı́nez and Del Bosque
(2013). Therefore, customers who positively identify
themselves with a particular hotel are most likely to
build trust and promote a better perception of gained
AI benefits. Based on this, the moderating role of
identification is predicted, proposing the following
hypotheses:

H11a: Identification positively and significantly mod-
erates the impact of AI-importance on customer trust.
H11b: Identification positively and significantly mod-
erates the impact of AI-importance on AI benefits.

Themoderating effect of perceived ease of use

Perceived Ease of Use (hence, easiness, representing
UTAUT2’s “Facilitating Conditions”) is defined as
“the degree to which a person believes that using a
particular system would be free from effort” (Davis,
1989). Frequently, models and theories integrated
easiness as an antecedent of acceptance of technology,
perceived usefulness, and intention to be adopted,
since the easier it is to utilize technology, it is per-
ceived as being more useful (Venkatesh, 2000). Thus,
in order to properly adopt digitalization, it is imper-
ative to comprehend the leading provision for easi-
ness, as an essential moderating step towards
developing and maintaining customers’ acceptance
and due adoption (Wu et al., 2021). The literature
frequently supported the positive effect of easiness on
AI-benefits in hospitality (De Kervenoael et al.,
2020). Hao (2021) and Chen et al. (2022) stated
that facilitating conditions are a major antecedent of
accepting and adopting novel technologies. The lit-
erature also provided support for the relationship

between easiness and trust (Agag and El-Masry,
2016). For example, Pai et al. (2018) confirmed
that the easiness of biometric technology positively
affected visitors’ perceptions of trust. Consequently,
customers who perceive a certain technological ap-
plication as easy to use have the most potential to
perceive it as more beneficial, and trust the organi-
zation providing it. Thus, the moderating role of
easiness is predicted, proposing the following
hypotheses:

H12a: Easiness positively and significantly moderates the
impact of AI-importance on customer trust.
H12b: Easiness positively and significantly moderates the
impact of AI-importance on AI-benefits.1

Methods

Questionnaire development and pre-testing

This study is an exploratory and empirical one that
adopted a quantitative approach by using a survey
questionnaire. Before commencing data gathering, a
pre-test was carried out with seven expert academics
and 16 frequent hotel customers. Based on their re-
sponses, a few minor changes were addressed to en-
hance the questionnaire content validity.

Respondents were asked to participate in the survey
only if they had patronized 3-, 4-, or 5-star hotels in the
previous 6 months. Since the travel and vacation in-
dustry’s activities almost ceased due to the pandemic, it
was impossible to approach actual hotel customers to
survey respondents. Rather, the preliminary question
aimed at guaranteeing that respondents had experi-
enced recent hotel accommodation and relevant hos-
pitality services, to better assess the AI-importance in
hotels, including how much the respondents would
trust AI-adopting hotels and what their behavioral in-
tentions would be.

The questionnaire includes three main sections. In
the first one, AI importance as a multi-dimensional
construct was measured through three main di-
mensions; namely, the biometrics (eight statements
adopted from Murphy and Rottet, 2009), robotics
(eight statements adopted from Ivanov et al., 2017),
and self-service technologies (nine statements
adopted from Ivanov et al., 2017). AI importance was
operationalized as higher-order factors. These di-
mensions were gauged by using a 5-point Likert scale,
where 1 = not important at all and 5 = very important.
Another section of the questionnaire was assessing;
AI benefits in hotels (four statements adopted from
Lu, 2019), trust (four statements adopted from
Martı́nez and Del Bosque, 2013) and their behaviroal
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intentions towards hotels adopting AI (four state-
ments adopted fromKim, et al., 2009). A third area of
questions focused on evaluating the personal-service
(four statements adopted from Beatson, 2010),
reputation (four statements adopted from Jalilvand
et al., 2017), easiness (three statements adopted from
Venkatesh, 2000), and identification (four statements
adopted from Martı́nez and Del Bosque, 2013). By
using a 5-point Likert scale, the survey questions
were formulated, where 1 = strongly disagree and 5 =
strongly agree. The questionnaire ended with some
demographic questions.

Population and sample

Respondents were preliminarily asked to participate in
the survey only if they had patronized 3-, 4-, or 5-star
hotels in the previous 6 months. This opening question
aimed at guaranteeing that respondents had experi-
enced recent hotel accommodation and relevant hos-
pitality services, to better assess the variables of the
study.

A sample frame for the population was unknown,
therefore a non-probability sampling approach was
selected, whereby a two-stage sampling process has
been employed: firstly, the convenience sampling and
then the snowball techniques. Convenience sampling was
applied to reach ‘convenient’ sources of respondents
(San Martı́n and Herrero, 2012) from several regions
around the world. When the population is large, con-
venient sampling is successful (Etikan, et al., 2016), as
in this study. In addition, it provides strong data when
participation is high (Coviello and Jones, 2004). It is
also the frequently selected sampling technique in
hospitality studies due to the impossibility of accessing
all available electronic sources of hotel customers
around the world.

As mentioned before, and due to the surge of
COVID-19, it was not possible to approach actual hotel
guests. Due to this dilemma, the authors had to choose
between a statistically valid sample of the most acces-
sible part of the target population, which will be ab-
solutely limited, and a statistically less-valid and less-
representable sample of broader coverage. That is why
we resorted to snowball sampling, which is used when
characteristics to be possessed by samples are rare and/
or difficult to find, and where a population is hard to
locate and tough to choose subjects to assemble them as
samples for research. Snowball sampling may also help
discover characteristics about usually inaccessible
populations. And to avoid the common bias of snowball
sampling, respondent-driven sampling was, in part,
implemented. The authors could not be able to

determine the tally of respondents recruited by each
study subject initially contacted. Still, initial study
subjects were asked to select from among their ac-
quaintances, their own peers. This approach would
mostly assure minimum level of homophily and ho-
mogeneity on attributes in the population.

The questionnaire was designed using Google
Forms. Respondents were contacted through a number
of hotel chains, that distributed the e-form question-
naire through their websites and customer databases.
Second, a snowball sampling technique was utilized to
collect data from respondents through an online survey.
Because of its relevant restrictions, the online survey
was shared with conceivable participants within pro-
fessional and social networks (e.g., WhatsApp, and
Linked-In), which they then shared with their networks
(Salem et al., 2021, 2022, 2023; Ghazi, 2018; Ghazi
and Ammar, 2018; Ghazi, et al., 2023).

The typical sample size for Structural Equation
Modeling (SEM) is approximately 200 cases. However,
more than 400 cases are adequate for examining a the-
oretical inclusive model (Kline, 2011). The responses
obtained were from 451 previous hotel clients, of which
416 were valid. From the total usable sample (416),
60.8% of the respondents were men and 39.2% were
women. Respondents represented diverse age groups;
36.1% were from 28 to 37, 29.3% were from 38 to 47,
18.8%were from18 to 27, 12.3%were from48 to 57, and
3.6% were from 58 years old and above. Most of the
respondents were master’s degree holders (54.1%), fol-
lowed by those with university education (22.8%), then
Ph.D. holders (19.7%), and finally those with secondary
education (3.4%). Respondents were from different
geographic areas; about 31% were from the MENA re-
gion, 27.6% were from Europe and North America, 24%
were from Asia, and 17.3% were from Africa.

Data analysis and results

Data analysis

Partial Least Squares-Structural Equation Modeling
(PLS-SEM) was used by exploiting WarpPLS7 (Kock,
2020). Prior to testing the model, normality, multi-
collinearity and common method bias (CMB) tests
were carried out by using the average full collinearity
variance inflation factor (AFVIF) that affirmed all
variables had values of less than 3.00, which is ideal
(Kock, 2020). The PLS-SEM assessment comprised of
a two-step process; the measurement model through
confirmatory factor analysis (CFA), followed by testing
the hypothesized structural relationships among the key
constructs included in the conceptual model (Hair
et al., 2017).
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Measurement model

In this research, the guidelines of Hair et al. (2017) have
been followed, recommending the selection of reflec-
tive constructs.We first assessed the convergent validity
which includes the composite reliability (CR), Cron-
bach’s Alpha, average variance extracted (AVE), and

the variance inflation factor (VIF). Table 1 displays the
value of the CR and Cronbach Alpha values, which
exceeded the appropriate level of 0.7. AVE values were
higher than the value of 0.5 (range, 0.584–0.811),
which intimates an adequate convergent validity
(Fornell and Larcker, 1981). Moreover, all variables
had VIF values of below 3.3 (range 1.142–3.126),

Table 1. Convergent validity.

Variable Composite reliability Cronbach’s alpha AVE VIF

Biometric authentication 0.926 0.908 0.613 2.016
Robotic process automation 0.918 0.898 0.584 2.404
Self-serve technologies 0.960 0.955 0.668 1.979
Customer trust 0.917 0.877 0.734 1.586
Perceived benefits 0.927 0.895 0.761 1.931
Preference for personal service 0.945 0.922 0.811 1.142
Perceived corporate reputation 0.924 0.890 0.751 2.270
Perceived ease of use 0.921 0.884 0.744 1.518
Customer-company-identification 0.908 0.864 0.713 3.126
Behavioral intention 0.931 0.901 0.771 2.281

Note. AVE = average variance extracted; VIF = variance inflation factor.

Table 2. Discriminant validity.

Constructs 1 2 3 4 5 6 7 8 9 10

Squared roots of average variance extracted (AVE)

1. Biometric authentication 0.783 — — — — — — — — —

2. Robotic process automation 0.637 0.764 — — — — — — — —

3. Self-serve technologies 0.566 0.652 0.817 — — — — — — —

4. Customer trust 0.300 0.202 0.174 0.857 — — — — — —

5. Perceived benefits 0.376 0.439 0.412 0.429 0.872 — — — — —

6. Preference for personal service 0.209 0.107 0.031 0.224 0.071 0.900 — — — —

7. Perceived corporate reputation 0.390 0.359 0.346 0.507 0.586 0.033 0.867 — — —

8. Perceived ease of use 0.300 0.357 0.309 0.366 0.513 0.119 0.444 0.862 — —

9. Customer-company-identification 0.413 0.403 0.284 0.402 0.471 0.122 0.569 0.421 0.844 —

10. Behavioral intention 0.412 0.510 0.440 0.452 0.537 �0.007 0.637 0.448 0.557 0.878

Heterotrait-monotrait HTMT

1. Biometric authentication — — — — — — — — — —

2. Robotic process automation 0.708 — — — — — — — — —

3. Self-serve technologies 0.609 0.705 — — — — — — — —

4. Customer trust 0.335 0.228 0.192 — — — — — — —

5. Perceived benefits 0.419 0.490 0.446 0.484 — — — — — —

6. Preference for personal service 0.228 0.157 0.084 0.249 0.079 — — — — —

7. Perceived corporate reputation 0.433 0.403 0.376 0.575 0.656 0.059 — — — —

8. Perceived ease of use 0.330 0.401 0.337 0.415 0.574 0.133 0.500 — — —

9. Customer-company-identification 0.471 0.403 0.314 0.458 0.537 0.139 0.649 0.482 — —

10. Behavioral intention 0.457 0.567 0.476 0.511 0.598 0.048 0.712 0.501 0.631 —

HTMT ratios (good if <0.90, best if <0.85).
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which is perfect, in addition to the lack of both mul-
ticollinearity and common method bias (Kock, 2020).
CFA is shown in Appendix A.

Secondly, as shown in Table 2, the square root of
AVE for each construct with correlations among the
latent variables was examined, revealing an accept-
able discriminant validity (Fornell and Larcker,
1981). Additionally, Henseler et al. (2015) intro-
duced an alternative and novel method to verify
discriminant validity that concentrates on the
multitrait-multimethod matrix to assess discriminant
validity; the heterotrait-monotrait (HTMT) ratio of
correlations (see Table 2). To meet the HTMT
criterion, each value must be equal to or below 0.85.
All study variables have values less than 0.85, showing
that discriminant validity was satisfactory.

Structural model and hypotheses testing

The structural model was estimated using goodness-of-
fit indices, standardized path coefficients (β-value),
significance level (t statistic), effect sizes (f2), and R2

estimates (Hair et al., 2017). To estimate the model fit,
standardized root mean square residual (SRMR) was
employed (Henseler et al., 2015). An SRMR value of 0

would indicate an ideal fit, and generally, an SRMR
value of ≤0.1 is rated as satisfactory for PLS models
(Kock, 2020). In this study, an SRMR of 0.065 resulted
in a satisfactory model fit.

As shown in Table 3, all hypothesized relationships
were supported, except for H9a (AI importance - >
Personal-service - > trust: β-value = -0.068, and
t value = -1.395), H11a (AI importance - > CCI- >
trust: β-value = 0.052 and t value = 0.822), H11b (AI
importance - > CCI - > AI benefits: β-value = 0.040
and t value = 0.809), and H12a (AI importance - >
Easiness > trust: β-value = 0.039 and t value = 0.806).
Furthermore, R2 values below 0.25 show a weak
accuracy, those lower than 0.50 indicate a moderate
accuracy, and values below 0.75 imply a solid pre-
dictive accuracy. AI importance during the COVID-
19 pandemic explained 41% of the variance in be-
havioral intentions (R2 = 0.41). The R2 value of 41%
is greater than the 0.25, implying a noteworthy
model. Moreover, the effect size (f2) exhibits whether
the effects stipulated by path coefficients are small,
medium, or large. Kock (2020) clarified that the
values commonly implied are 0.02, 0.15, and 0.35,
sequentially. As shown in Table 3, most relationships
had a medium effect.

Table 3. Hypotheses-testing summary.

No. Hypotheses Beta
p-
Value t Supported? f2

H1 AI-importance has a positive influence on customers’ BIs 0.421 <0.001 9.1** Yes 0.215
H2 AI-importance has a positive influence on customer trust 0.276 <0.001 5.8** Yes 0.075
H3 AI-importance has a positive influence on AI-benefits 0.475 <0.001 10.3** Yes 0.226
H4 AI-benefits have a positive on customer trust 0.352 <0.001 8.5** Yes 0.172
H5 Trust has a positive influence on BIs 0.369 <0.001 7.9** Yes 0.161
H6 AI-benefits have a positive influence on BIs 0.409 <0.001 8.1** Yes 0.292
H7a AI-benefits positively mediate AI-importance and trust 0.188 <0.001 1.7* Yes 0.052
H7b AI-benefits positively mediate AI-importance and BIs 0.179 <0.001 7.5** Yes 0.095
H8a Customer trust positively mediates AI-importance and BI 0.102 0.002 9.2** Yes 0.054
H8b Customer trust positively mediates AI-benefits and BIs 0.141 <0.001 8.8** Yes 0.077
H9a Personal-service positively moderates AI-importance and

customer trust
�0.068 0.082 �1.395 No 0.023

H9b Personal-service positively moderates AI-importance and AI-
benefits

�0.217 <0.001 �4.6** Yes 0.023

H10a Reputation positively moderates AI-importance and customer trust 0.110* 0.021 2.285** Yes 0.025
H10b Reputation positively moderates AI-importance and AI-benefits 0.252 <0.001 5.317** Yes 0.111
H11a Identification positively moderates AI-importance and customer

trust
0.052 0.223 0.822 No 0.019

H11b Identification positively moderates AI importance and AI-benefits 0.040 0.206 0.809 No 0.009
H12a Easiness positively moderates AI-importance and trust 0.039 0.210 0.806 No 0.019
H12b Easiness positively moderates AI-importance and AI-benefits 0.190 <0.001 3.975** Yes 0.078

**t value for two-tailed tests: 1.960 (p < 0.001), *t value for one-tailed tests: 1.645 (p < 0.01).
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Table 4 exhibits the mediation analysis results.
The variance accounted for (VAF) confirms the in-
direct effect size and the total effect are connected.
Values above 80% exemplify full mediation, those
within 20% and 80% imply partial mediation, and
values below 20% reveal no mediation force (Zhao
et al., 2010). Table 4 exhibits that all mediating ef-
fects are partially supported.

The moderation effects by using the two-stage
approach were also measured. The formula proposed
by Kock (2020) was used to evaluate the variations in
path coefficients between AI importance and both AI

benefits and trust models. The t-statistics were de-
termined and are exhibited in Table 3. The projected
standardized path coefficients for the effect of the
moderator on AI benefits (β = �0.217; p < 0.001)
were significant (see Table 3). Therefore, personal-
service dampens the positive association between AI-
importance and AI-benefits (see Figure 2). Likewise,
as shown inTable 3 and Figure 2, reputation strengthens
the positive relationship between AI importance, trust
and AI benefits, while easiness increases the positive
relationship between AI importance and AI benefits.
As explained earlier, H9a, H11a, H11b, and H12a

Table 4. Summary of mediation results.

Paths

Significance
Confidence
intervals

VAF

Mediation

Direct
effect

Indirect
effect 95% LL 95% UL % Outcome

AI-importance on customer trust via AI benefits 0.083* 0.188** 0.094 0.282 0.693 69.3 Partially mediated
AI-importance on BIs via AI-benefits 0.352** 0.179** 0.112 0.246 0.337 33.7 Partially mediated
AI-importance on BIs via trust 0.421** 0.102** 0.035 0.168 0.195 20 Partially mediated
AI-benefits and BIs via trust 0.409** 0.141** 0.075 0.208 0.256 25.6 Partially mediated

**p < 0.01; *p < 0.05; LL, Lower level; UL, Upper level; VAF, Variance Accounted For.

Figure 2. Moderation analysis.
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were not supported, as no moderation effects were
experienced.

Conclusions and implications

Conclusions

As a result of the pandemic, potential hotel customers
are more concerned with utilitarian, concrete benefits
and outcomes than with emotional perspectives such as
trust. Likewise, triggered by the pandemic, customers
are also more compelled by tangible influencing vari-
ables, such as preference for personal service, and ease
of use, than social influences, such as corporate rep-
utation and identification with the company. It was
confirmed that the higher the potential guests’ per-
ceived AI-importance, the higher their behavioral in-
tentions towards AI-applying hotels will be during and
post-COVID-19. This conforms to previous studies
(e.g., Shin and Kang, 2020; Zhong et al., 2020),
confirming that customers’ behavioral intentions are
positively influenced by their awareness of the value of
novel technologies. This also corresponded to
UTAUT2’s assumption that performance expectancy
has a significant effect on attitudes and intentions to use
various innovative technologies (Hao, 2021; Jung and
Cha, 2022; Morosan and DeFranco, 2016; Wu et al.,
2021).

This urging need for tangible value was apparent in
that the AI-benefits are more influential across various
investigated correlations than trust, either as a direct
predictor, a dependent variable, or as an efficacious
mediator. This implies that the pursuit of solid gains by
potential guests surpasses and precedes their need for
trust. The results indicate that the more potential
customers perceive AI as being important, themore this
would build their trust in AI-adopting hotels, which
conforms with Tussyadiah et al. (2020) and Ruan et al.
(2020). Furthermore, Wu et al. (2021) confirmed that
AI-importance has a more significant effect on AI-
benefits. This result proves that the current study’s
variation of UTAUT2 is significant, whereby perfor-
mance expectancy significantly and positively impacts
effort expectancy.

Besides, it was proved that AI-benefits have a sub-
stantial effect on trust. This conforms to prior studies,
which revealed that AI-benefits positively influenced
trust, in addition to mediating the impact of AI-
importance on trust (Ameen et al., 2021; Lee and
Lee, 2019; Ruan et al., 2020).

In addition, it was supported that trust has a sig-
nificant effect on BI, a result that was also supported
through previous studies (Tussyadiah et al., 2020;
Ruan et al., 2020; Wu et al., 2021). Nevertheless,

results once again assert the worth of AI-benefits for
customers, where it is found to have a significant effect
on behavioral intentions. An added argument that
verifies the fundamental role of AI benefits is that re-
sults show that AI-benefits play a partial mediating role
through the impact of AI importance on trust. This
implies that even trust, as a common key variable, is also
preceded and foreshadowed by AI-benefits. This agrees
with studies proving that various forms of AI-benefits
mediate the impact of AI-importance on trust (Ameen
et al., 2021; Pinxteren et al., 2019; Ruan et al., 2020).
The findings also revealed that the correlation between
AI-importance and behavioral intentions is partially
mediated by AI-benefits, to a greater extent than trust.
These results validate the investigation and the inclu-
sion of the customers’ utilitarian versus emotional
perceptions into UTAUT2.

Furthermore, results confirmed the necessity of
gaining trust, which significantly mediates the rela-
tionship between AI-benefits and behavioral intentions.
A rather insubstantial mediating magnitude assures the
previously induced inference that customers now seek
more tangible outcomes. Customer trust was found to
play a mediating role between AI-importance and AI-
benefits (Ameen et al., 2021; Ruan et al., 2020) and
between AI-benefits and behavioral intentions (Wang
et al., 2015; Lee and Lee, 2019). This strongly suggests
that AI-benefits play a critical role in the decision-
making process of supporting and dealing with AI-
adopting hotels. These findings are consistent with
previous research (Davis, 1989; De Kervenoael et al.,
2020; Lin et al., 2020) indicating that perceived AI-
benefits, value, and usefulness have a direct impact on
customers’ intentions and positive emotions to support
and use new technologies. AI-benefits have also been
shown to play a mediating role in the relationship be-
tween AI-importance and behavioral intentions
(Pinxteren et al., 2019; Ruan et al., 2020).

Results additionally indicated that personal service is
not moderating the relationship between AI-
importance and trust. A logical inference is that
personal-service, as a moderator, dampened the rela-
tionship between AI-importance and AI-benefits. This
sheds light on the fact that, in spite of the pandemic and
its compelling impacts on the hospitality industry, and
despite the tendency towards recent technological ap-
plications and solutions, the human touch is still much
appreciated in the hospitality industry, and it will deter
the full automation of service processes. This coincides
with previous empirical studies that proved the negative
association between personal-service and AI-benefits of
technology (Shin and Kang, 2020; Ameen et al., 2021).

The fact that tangible values are preferred to the
indirectly rewarding, emotional aspects is also
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perceptible in other moderating relationships. The
rather concrete variable “reputation,” which typically
necessitates the formulation of a solid foundation
(Walsh et al., 2009), moderates the relationship be-
tween AI-importance and both AI-benefits and trust.
Furthermore, the effect of reputation, similar to
UTAUT2’s “Social Influence,” is more significant
when it modifies the relationship between AI-
importance and AI-benefits rather than trust. This
implies that the more reputable the hotel is, the more
potential customers would perceive AI practices as
being more beneficial and would subsequently trust the
AI-adopting hotel. These findings are consistent with
previous research indicating the importance of repu-
tation in forming trust (Jalilvand et al., 2017; Chang,
2013) and influencing AI-benefits (Perez-Aranda et al.,
2019; Chang, 2013).

The results also indicated that identification, which
represents UTAUT2’s “social influence”, which is a
rather sentimental and intangible construct, does not
moderate the relationships between AI-importance and
trust nor between AI-importance and AI-benefits. This
finding contradicts previous research that suggested the
AI-importance of identification in achieving AI benefits
(So et al., 2013; Rather, 2018). This disagreement can be
attributed to COVID-19 circumstances, which engender
different perceptions and varied responses to variables
than those commonly established, and which push cus-
tomers towards the pursuit of more tangible outcomes.
Moreover, the results confirmed that ease, representing
UTAUT2’s “facilitating conditions,” does not moderate
its relationship with trust. This contradicts existing lit-
erature that supports the impact of ease on trust building
(Agag and El-Masry, 2016; Chen et al., 2022; Hao, 2021;
Pai et al., 2018). This might also be due to the same
rationale: COVID-19 has directed potential customers’
interests towards more functionality and pursuing ma-
terial outcomes. Meanwhile, the results confirmed pre-
vious research that ease, as a utilitarian perception (Davis,
1989), moderates the impact of AI-importance on its
benefits (De Kervenoael et al., 2020).

Theoretical implications

This study presents a novel perception of how to inte-
grate trendy operational solutions to deal with and re-
cover from a crisis. In addition, it incorporates customer-
decision-related utilitarian and emotional variables in the
proposed model, which provides a workable extension to
UTAUT2. AI solutions have been integrated with key
moderating and mediating variables, with the ultimate
goal of configuring how to build positive behavioral
intentions towards AI-adopting hotels during COVID-
19, and in similar crises.

This study complements the empirical research gap
concerning utilizing AI applications for amid and post-
pandemic management (Ivanov et al., 2020; Seyitoğlu
and Ivanov 2020; Shin and Kang, 2020), utilizing
UTAUT2 to frame and streamline the study findings.
Additionally, the current study examined AI-
importance, AI-benefits, trust, identification, reputa-
tion, personal-service, and easiness variables, to pro-
vide a holistic, generalizable model that fits in most
operational settings to positively steer customers’ be-
havioral intentions towards the hotel’s best interests, to
make up for relevant shortages spotted in previous
studies (Ruan et al., 2020; Shin and Kang, 2020;
Tussyadiah, 2020; Zhong et al., 2020).

Another apparent, statistically validated implication
is the study’s applicable extension to UTAUT2’s to a
broader spectrum through exchanging the traditional
UTAUT2’s variables. This aimed at specifically in-
corporating a vast array of hypothesized correlations
that would most fit into the operational status quo of
hotels during and post COVID-19 and similar crises.
Furthermore, other research-related outcomes are
augmenting UTAUT2’s framework by additional,
parallel variables to broaden the applicability of
UTAUT2, and ultimately inspiring researchers to
utilize the UTAUT2 as a launching point towards more
exploratory studies according to concurrent needs of
the hospitality industry.

Managerial implications

The current study posits several practical implications
for involved stakeholders, particularly hotel managers.
The major implication is expressed by Gaur et al.
(2021), who urged hospitality practitioners to foster
available knowledge to recover the COVID-19 crisis via
resorting to digitalization solutions, with AI on top of
technological innovations, not only for the sake of re-
covery, but also for thriving business and re-developing
guests’ interest. Particularly, the extended UTAUT2
model examined is provided for effective managerial
implications to institute the proper and purposeful
adoption of AI technologies, and to survive and recover
from the pandemic, by developing and sustaining
customers’ interest and trust during and post COVID-
19, and in similar crises.

First and foremost, managers should exploit andmake
best use their customers’ pursuit of material, tangible
gains; a need that is driven by fear from contagion and by
the desire to obtain required services and products
seamlessly. Thus, rather than just jacking a trend, ho-
teliers should steer their implementation of AI towards
specific operational objectives that fulfil customers’
concurrent, COVID-19-driven expectations and needs,
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comprising cognitive and social benefits, value, conve-
nience, practicality, quality, reliability, user-friendliness,
security, and privacy. All those notions need to be
supported by hotel managers to obtain the full potential
of AI solutions.

Second, customer trust is an important determinant
among AI-related variables, and the eventual behavioral
intentions. Hoteliers should develop and maintain their
customers’ health-related and operational trust through
providing AI applications that are easy to use, de-
pendable, effective, time and cost-efficient, and, above
all, guarantee the proper social distancing that does not
deter smooth operations. Thus, trust should be pro-
voked by linking it to material benefits to best appeal for
customers, rather than just being an emotional prospect
that might not matter to customers in times of crises.
Hence, hotels would associate and gain both cognitive
and emotional support from customers, eventually
leading to positive behavioral intentions.

Third, it is also imperative that managers, besides
maximizing benefits, and supporting trustworthiness,
should take due measures to stabilize and enhance
their corporate reputation. This is attainable
throughout monitoring and measuring customers’
reaction to and evaluation of the hotel’s goods, ser-
vices, communication activities, interactions with the
company and/or its representatives (Walsh, et al.,
2009), and enhancing the corporate transparency,
assuming social responsibility, pursuing business
ethics, and preventing unfair competition (Almeida
and Coelho, 2019). Furthermore, the corporate rep-
utation should be portrayed as providing AI-assisted
operations for the best interests of customers, their
crisis-related concerns, and their pursuit for more
facilitated, yet personalized, services.

Fourth, It is not only compelling to adopt and im-
plement AI; but it is also crucial that managers devise
workable, feasible measures to periodically track and
assess customers’ behavioral intentions as a rational,
eventual outcome.

Fifth, it was advised by several respondents that AI
can be applied in functions that already involve a
tangible product, like food and beverage outlets and
housekeeping tasks. However, where functions are
purely service centered, like reservations, check-in and
check-out, it is preferred for them to be administered
through human contact, where AI should only be in-
tegrated to enhance the service experience, not to
substitute the human-based hospitable service en-
counters. That is, AI should be advertised as a means of
facilitating and enriching customers’ service experi-
ence, thus enabling the “human and personal” hospi-
tality element to be enhanced towards more
personalized service, rather than advertising AI as a tool

for decreasing personal contact, that would otherwise
resent customers.

Since perceived “Customer-Company Identifica-
tion” is associated with the company’s trustworthiness,
thus, customers’ inclination towards such an identifi-
cation, as an emotional construct, will not be substantial
during crises. Consequently, identification should be
elicited and incited through including AI-assisted service
capacities. AI usage should not then be solely a means of
enhancing services and product delivery, rather, AI
should be directed as a utility towards soliciting cus-
tomers’ needs and wants, and incorporating them into
designing and creating personalized packages, services,
and communications. Accordingly, customers will not
perceive identification as an ineffectual element in
forming their behaviroal intentions towards AL-
adopting hotels. Rather, identification will be appreci-
ated as being associated with quantifiable, pertinent
outcome, particularly during and after crises.

Moreover, hotel managers have to carefully monitor
data privacy and security issues, since some respondents
welcomed using AI applications, but were hesitant to use
biometric identification to pay their bills, while others
were totally against biometric identification. Thus, hotels
should provide their guests withmultiple options for these
concerns. In addition to the indispensable security con-
cerns, to influence behavioral intentions further positively,
it is essential for hospitality managers and practitioners to
boost their AI applications’ perceived usefulness, ease of
use, interactivity, responsiveness, and innovativeness.
Finally, those AI-inherent features must not come on the
account of anthropomorphism, so as not to miss the
hospitality-inbuilt human touch and the personalized
flair. Ultimately then, customers will build up and ef-
fectuate their proclivity to use AI applications.

Since COVID-19 is almost done, it is rather essential
to comprehend that those implications are equally es-
sential and applicable to stimulate customers’ behavioral
intentions during and amid other types of crises, and to
minimize or compromise the effect of other types of
turmoil. AI applications’ versatility directly supports the
aspects that are usuallymost adversely affected, improving
service quality, increasing operational capability and ef-
ficiency, lowering costs, and consequently creating a
competitive advantage for AI-adopting hotels during
crises. AI-contactless solutions help recover customer
trust and encourage demand through keeping social and
physical distance and lowering costs, which are themajor
customers’ concerns during health and economic risks.

Limitations and future directions

The current study was directed towards customers of
hotels. Further studies are needed to examine the
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proposedmodel in other tourism and hospitality sectors
and in specific geographical areas, discerning the needs
of various types of customers.

Furthermore, this study focused only on the positive
aspects and AI-benefits during the pandemic. Future
research should investigate the negative aspects and
drawbacks of AI, and whether they would hinder
customers from accepting AI in response to the threats
posed by COVID-19.

Further research should investigate how each type of
AI fits individually into the proposedmodel, rather than
biometric authentication, robotics, and self-serve
technologies. Moreover, more concern have to be di-
rected to the utilization of Metaverse and ChatGPT,
and their role towards minimizing crisis-related oper-
ational drawbacks.

Rather than just surveying customers, a natural
extension of the current study is to scrutinize AI and its
applications during crises from an organizational and
strategic perspectives by surveying hotel chains’ trend-
setters and regional directors, tourism and hospitality
establishment owners, managers, supervisors, and
employees.

To gain more insights into how customers process
their decisions, a qualitative, rather than quantitative,
methodology should be utilized to acquire deeper
acumen on how customers proceed through each
phase of the guest cycle, starting from planning their
trip, and extending through their post-service
preferences.

Finally, researchers and theorists should be encour-
aged to launch novel, augmented versions from
UTAUT2 to specifically suit and investigate recent,
urging technology-related operational needs and research
gaps, and extendUTAUT2’s viability tomore spectrums.
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Appendix

Appendix A: Confirmatory factor analysis PLS approach.

Construct/items Mean SE Loadings p-value Confidence
2.5%

Intervals
97.5%

AI-biometric authentication (BA) 3.75 0.970 — — — —

BA.1 Online booking of a hotel room 3.31 1.56 0.641 <0.001 0.553 0.729
BA.2 Check-in and check-out processes 3.84 1.19 0.829 <0.001 0.743 0.915
BA.3 Entering the guestroom 3.85 1.17 0.779 <0.001 0.693 0.866
BA.4 Operating in-room services and functions 3.80 1.25 0.833 <0.001 0.747 0.919
BA.5 Locking the guestroom upon the guest’s exit 3.96 1.23 0.821 <0.001 0.735 0.907
BA.6 Processing inquiries, ordering and booking hotel’s products
and services

3.63 1.20 0.804 <0.001 0.717 0.890

BA.7 Identifying guests when accessing various outlets 3.66 1.20 0.825 <0.001 0.739 0.911
BA.8 Processing and confirming various payments 3.89 1.15 0.708 <0.001 0.620 0.795

AI-robotic process automation (RPA) 3.41 0.914 — — — —

RPA.1 Front Desk robots performing check-in and check-out
functions

3.17 1.03 0.686 <0.001 0.599 0.774

RPA.2 Porter robots for luggage transferring 3.36 1.23 0.770 <0.001 0.683 0.857
RPA.3 concierge robots 3.30 1.29 0.768 <0.001 0.681 0.855
RPA.4 Vacuum cleaning and disinfectant robots for housekeeping
purposes

3.71 1.19 0.771 <0.001 0.684 0.857

RPA.5 In-room assistant robots 3.65 1.16 0.741 <0.001 0.654 0.828
RPA.6 Delivery robots 3.45 1.17 0.805 <0.001 0.719 0.891
RPA.7 Robot restaurant servers, bartenders, and baristas 3.02 1.28 0.770 <0.001 0.683 0.857
RPA.8 Robot-assisted bill-payment 3.56 1.19 0.794 <0.001 0.707 0.880

AI-self-serve technologies (SST) 3.57 0.971 — — — —

SST.1 Self-service check in and check-out lobby kiosks 3.58 1.1956 0.799 <0.001 0.713 0.885
SST.2 Self-service mobile check in/out 3.71 1.1924 0.827 <0.001 0.741 0.913
SST.3 Self-service kiosks for information (concierges services) 3.51 1.1760 0.827 <0.001 0.741 0.913
SST.4 Ordering hotel’s products and services using the hotel-
specific mobile application

3.762 1.1443 0.823 <0.001 0.736 0.909

SST.5 Restaurant table-side ordering 3.630 1.1481 0.863 <0.001 0.778 0.949
SST.6 Restaurant table-side entertainment 3.233 1.2108 0.794 <0.001 0.708 0.881
SST.7 Restaurant table-side payment 3.740 1.1822 0.854 <0.001 0.768 0.940
SST.8 Conveyor/Roller-coaster restaurants 3.317 1.2303 0.821 <0.001 0.735 0.907
SST.9 Using glass cubbies 3.385 1.2128 0.833 <0.001 0.747 0.919
SST.10 Using chatbots 3.466 1.2530 0.802 <0.001 0.716 0.889
SST.11 Offering virtual Voice assistants in room standalone
devices

3.577 1.1858 0.770 <0.001 0.683 0.857

SST.12 Using a mobile Native Languages translations 3.909 1.1349 0.792 <0.001 0.706 0.879

Preference for personal service (PPS) 4.00 0.916 — — — —

PPS.1 Face-to-face contact in providing services makes the
process enjoyable

4.147 0.9769 0.908 <0.001 0.823 0.993

PPS.2 I like interacting with the person who provides the service 4.024 1.0548 0.943 <0.001 0.858 1.027
PPS.3 I like making conversation with the person who is providing
the service

3.978 0.9679 0.853 <0.001 0.767 0.939

PPS.4 I have a preference for dealing with contact staff in service
settings

3.858 1.0717 0.896 <0.001 0.811 0.981

(continued)
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(continued)

Construct/items Mean SE Loadings p-value Confidence
2.5%

Intervals
97.5%

Perceived benefits (PB) 3.84 0.808 — — — —

PB.1 The hotel artificial intelligence reduces my searching time to
access the hotel products that I need

3.868 0.9180 0.880 <0.001 0.795 0.966

PB.2 The hotel artificial intelligence can provide me with the
convenience of instantly accessing the hotel products that I need

3.875 0.8719 0.884 <0.001 0.798 0.969

PB.3 I think that using artificial intelligence in a hotel can offer me
a wider range of hotel products

3.767 0.9699 0.830 <0.001 0.744 0.916

PB.4 Overall, I feel that the hotel artificial intelligence is beneficial
to access the hotel products

3.837 0.9530 0.893 <0.001 0.808 0.979

Perceived ease of use (PEU) 3.72 0.817 — — — —

PEU.1 Learning to deal with artificial intelligence in hotels would
be easy for me

3.861 0.9390 0.838 <0.001 0.752 0.924

PEU.2My interactions with artificial intelligence in hotels would be
clear and understandable

3.764 0.9196 0.909 <0.001 0.824 0.994

PEU.3 My interactions with artificial intelligence in hotels would
not require a lot of mental effort

3.546 1.0026 0.816 <0.001 0.729 0.902

PEU.4 Overall, I believe artificial intelligence is easy to use 3.714 0.9352 0.883 <0.001 0.798 0.969

Perceived customer-company-identification (CCI) 3.15 0.889 — — — —

CCI.1 When someone criticizes hotels that provide AI, it feels like a
personal insult

2.887 1.0818 0.827 <0.001 0.741 0.913

CCI.2 I am very interested in what others think about hotels that
provide AI.

3.450 0.9755 0.768 <0.001 0.681 0.854

CCI.3 When someone compliments hotels that provide AI, then it
feels like a personal compliment

3.207 1.0439 0.890 <0.001 0.805 0.976

CCI.4 When I talk about hotels that provide AI, I usually say “we”
rather than “they”

3.059 1.1090 0.887 <0.001 0.801 0.972

Perceived corporate reputation (PCR) 3.72 0.822 — — — —

PCR.1 Highly regarded 3.724 0.9304 0.853 <0.001 0.767 0.938
PCR.2 Successful 3.788 0.9511 0.884 <0.001 0.799 0.969
PCR3 Well-established 3.805 0.9483 0.873 <0.001 0.787 0.958
PCR.4 Stable 3.560 0.9675 0.857 <0.001 0.771 0.943

Customer trust (CT) 3.67 0.839 — — — —

CT.1 Hotels’ services will make me feel a sense of security 3.522 1.0503 0.824 <0.001 0.738 0.910
CT.2 Hotels will provide quality services 3.603 0.9713 0.921 <0.001 0.836 1.006
CT.3 Services of hotels will be a quality-assurance process 3.644 1.0028 0.899 <0.001 0.814 0.984
CT.4 Hotels will be interested in their customers 3.901 0.8984 0.776 <0.001 0.689 0.862

Behavioral intention (BI) 3.63 0.832 — — — —

BI.1 I would recommend hotels operating with AI to other people 3.709 0.9075 0.870 <0.001 0.785 0.956
BI.2 I would tell other people positive things about hotels operating
with AI.

3.793 0.8618 0.860 <0.001 0.774 0.945

BI.3 I consider hotels operating with AI as my first choice
compared to other hotels

3.416 1.0494 0.886 <0.001 0.801 0.972

BI.4 I have a strong intention to repeat visits to hotels operating
with AI.

3.582 0.9684 0.896 <0.001 0.811 0.981
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