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Abstract: This study investigates the perceptions of employees in the hotel industry of the Republic
of Serbia regarding the acceptance and importance of artificial intelligence (AI). Through a modified
UTAUT model and the application of structural equation analysis (SEM), we investigated the key
factors shaping AI acceptance. Research results show that behavioral intention and habit show
a significant positive impact on AI usage behavior, while facilitating conditions have a limited
but measurable impact on behavioral intention. Other factors, including social influence, hedonic
motivation, performance expectancy, and effort expectancy, have minimal influence on the examined
variables. The analysis reveals the crucial mediating role of behavioral intention, effectively bridging
the gap between various predictors and AI usage behavior, thereby highlighting its significance in
the broader context of technology adoption in the hotel industry. The primary goal of the study,
which closes significant research gaps, as well as the manner in which it uses a specific model and
statistical analysis to accomplish this goal, shows how innovative the work is. This method not
only broadens the field’s understanding but also offers valuable insights for shaping sustainable
development practices in the hospitality sector in the Republic of Serbia.

Keywords: artificial intelligence; employee attitudes; sustainability; hotel industry; Republic of Serbia

1. Introduction

The hotel industry globally is at the forefront of adopting innovative technologies to
improve guest experiences and operational efficiency. Among these technologies, artifi-
cial intelligence (AI) has emerged as a transformative force, expanding service offerings
and redefining operational strategies. The incorporation of AI into the hospitality sector
presents numerous opportunities and challenges, particularly in the developing Serbian ho-
tel industry, which is navigating its path to digital transformation amidst unique economic
and cultural contexts. This backdrop provides a compelling setting to explore how AI
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technologies are being adopted and their impacts on hotel operations and guest experiences
within Serbia. Although the global hospitality sector has made significant progress in the
application of AI, there continues to be an obvious gap in our understanding of how hotel
employees in Serbia experience AI and its implications for sustainable business [1–5]. This
gap is critical because employee attitudes significantly dictate the success and sustainabil-
ity of AI technology’s integration. Acknowledging this, our study aims to fill this gap
by providing an in-depth analysis of the attitudes of employees in the hotel industry in
Serbia towards the adoption of AI, with a particular focus on its potential sustainability
implications in the hotel sector in the future. In this research, the main target variables
are the AI usage behavior, which describes the actual behavior of the user in connection
with the use of AI for the purpose of sustainability, and the behavioral intention, which
describes the intention or will of the user toward the future use of AI with the aim of poten-
tial sustainability. To address the identified gap, our study aims to explore the following
key questions:

Q1. What are the perceptions of employees in the Serbian hotel industry regarding the
acceptance and use of AI?

Q2. How do these perceptions influence their actual usage behaviors towards AI technolo-
gies?

Q3. What role do the facilitating conditions, effort expectancy, performance expectancy,
social influence, and hedonic motivation play in shaping these perceptions and be-
haviors?

Q4. To what extent can the adoption of AI in the Serbian hotel industry contribute to its
sustainability goals?

The motivation for this research is twofold. First, we seek to uncover the under-
researched dimensions that influence the adoption of AI in the Serbian hotel industry,
offering insights that go beyond the current literature. This research is crucial, bearing in
mind the unique socio-economic and technological space of Serbia, which can affect the
perception and behavior of employees differently compared to other regions. Second, we
aim to establish a thorough understanding of how AI can drive sustainable practices in the
hospitality industry. It is important to clarify that while our study explores the potential for
sustainability through AI, it does not claim to establish definitive sustainability outcomes
from AI integration. Instead, our research sets the stage for future research on how artificial
intelligence can improve sustainable practices in the hospitality sector.

The significance of our study is manifold. Theoretically, it enters the relatively un-
known territory of the adoption of AI in the Serbian hotel industry, thus enriching the
academic approach with new insights. Practically, it provides valuable information to
hotel industry managers, policymakers, and scholars, guiding the development of effec-
tive strategies for the application of AI, employee training programs, and organizational
changes adapted to a Serbian context. Our study stands out in that it focuses on the Serbian
hospitality sector, comprehensively examines employee attitudes towards AI, and explores
the potential benefits of AI in terms of sustainability. Through rigorous methodological
approaches, including detailed statistical analyses and structural equation modeling, we
ensure the reliability and validity of our findings, contributing to a solid framework for
future research on AI adoption in hotel organizations.

This study not only addresses a significant gap in the literature but also focuses on the
unique dynamics of the adoption of AI in the Serbian hospitality industry. As AI continues
to evolve in the hospitality sector, our research offers fundamental insights that will inform
future academic research and strategic decisions, ensuring that the Serbian hospitality
industry remains competitive and sustainable in the global marketplace.

2. Theoretical Background and Hypothesis

According to Martínez et al. [6], the hospitality sector plays a crucial role in the eco-
nomic prosperity of numerous states. The provision of food, beverages, and lodging is
the main focus of hospitality services, which can be provided in both commercial and
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non-commercial settings [7]. Because the hospitality industry is based on providing hu-
man services, it is heavily reliant on representation and customer reviews [8]. Artificial
intelligence (AI) is the process by which computer systems mimic human intelligence func-
tions [9]. According to Roussel and Norvig [10], AI has evolved into a powerful force that
has a significant impact on a variety of business aspects across all industries. The hospitality
industry, which includes hotels and tourism, food and beverage, and meeting and event
businesses, makes extensive use of AI and robotic technologies [11]. In the food and bever-
age industry, sale controls can be handled by the artificial intelligence used in point-of-sale
systems [12]. Automation and AI services not only decrease human error but also forecast
future business success [13]. Automation is actually fueled by machine learning algorithms,
which boost operational efficiency in the hotel industry significantly [14]. This is a strategic
step towards optimizing and sustainable processes, but it also presents a challenge for cost
reduction and a notable improvement in the decision-making process [15]. According to
Davenport and Harris [16], AI provides data-driven insights, allowing businesses to make
more informed strategic decisions. This capability is further emphasized by Provost and
Fawcett [17], who highlight the crucial role of predictive analytics in enabling executives to
predict market trends, optimize supply chains, and make swift decisions by identifying
patterns and correlations in large datasets. Through real-time data analysis, AI is being
applied in the hotel industry to help businesses gain a competitive edge in dynamic markets
and quickly adapt to changing conditions [18]. AI integration aims to achieve three major
objectives: customization, anticipating client demands, and increasing pleasure through
unique experiences [19]. It also aims to optimize operational procedures and revenue man-
agement and adapt service prices to reflect changes in the market [20]. The automation of
routine tasks, such as reservation and inventory management, contributes to more efficient
hotel operations [21]. A key motivation for adopting AI in the hospitality industry stems
from the desire to improve the guest experience [22]. However, implementing AI in the
hotel industry presents challenges, particularly in managing extensive personal guest data,
leading to concerns about data privacy [23–27]. Hotels struggle to maintain compliance
with rules and protect the privacy of personal information [28,29]. Additionally, the integra-
tion of AI requires its successful alignment with existing technological systems, demanding
organizational and technical expertise [30]. Despite these challenges, AI enhances security
measures by leveraging features such as facial recognition and real-time security situation
monitoring, thereby expanding its advantages [31–33].

In the modern hotel industry, employee attitudes regarding AI play a crucial role
in shaping the use of AI in the workplace, directly impacting sustainability within the
sector [34]. The divergent attitudes and expectations of employees impact the adoption
process of AI, thereby exerting an influence on the social, environmental, and economic
dimensions of sustainability [35–37]. The automation of work raises concerns about poten-
tial job losses and the erosion of specialized skills, yet it is also recognized for its potential
to enhance productivity and stimulate creativity, contributing to economic sustainability
and resource efficiency [38,39]. Those with a positive outlook see AI as a tool that not only
enhances working conditions but also opens up new opportunities for career advancement,
thereby supporting social sustainability by fostering a skilled and adaptable workforce [40].
Importantly, attitudes towards AI vary according to the industry and job function, with
employees in sectors that are more integrated with AI, such as information technology,
being more open to its benefits, including its contributions to sustainability by optimizing
operations and reducing waste [41–43]. Through strategies such as open communication,
employee training, and policies that encourage human–AI collaboration, organizations can
significantly influence attitudes towards AI, overcoming resistance and building trust [37].
This comprehensive approach ensures the balanced integration of AI, highlighting its
positive effects in the workplace while also emphasizing its role in advancing sustainability
in the hotel industry [44–47].
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2.1. The Role of the Unified Theory of Acceptance and Use of Technology (UTAUT) in Developing
AI Integration Models in Hospitality

A variety of theoretical vantage points, including the cognitive, affective, motivational,
and behavioral intentions and reactions of individuals, have contributed to the evolution of
the acceptance of contemporary technologies in business. The most commonly used theory
in the study of user behavior towards the acceptance of artificial intelligence is the Unified
Theory of Acceptance and Use of Technology (UTAUT) [48]. This theory represents a unique
synthesis of various theories of user behavior’s study, including the Theory of Reasoned
Action (TRA), the Theory of Planned Behavior (TPB), the Technology Acceptance Model
(TAM), the combined form of TAM and TPB (C-TAM-TPB), the Model of PC Utilization
(MPCU), Innovation Diffusion Theory (IDT), the Motivational Model (MM), and Social
Cognitive Theory (SCT) [49]. Developed by Venkatesh et al. [50], UTAUT provides a holistic
view by incorporating elements such as social impact and performance expectancy.

The development of AI integration models in the hotel sector is greatly aided by the
Unified Theory of Acceptance and Use of Technology. In order to forecast and explain
behavior towards AI adoption, this framework emphasizes the significance of performance
expectancy, effort expectancy, social influence, and facilitating settings. These factors are
essential for the long-term integration of technology in hotels [51]. By applying UTAUT,
hospitality businesses can gauge the likelihood of successful AI implementation, address-
ing workforce concerns and expectations, thereby facilitating a smoother transition to
technologically advanced, sustainable operations [52,53]. This model is key in directing
strategic planning and training initiatives for AI deployment, ensuring the technology is
not only effectively utilized but also that the workforce is fully prepared and supportive,
aligning with economic, social, and environmental sustainability goals [54].

Some authors emphasize that each theory has its limitations and does not complement
each other completely [55]. There are differences in terminology between them, but they
are essentially directed towards the same concepts. Also, given the complexity of studying
behavior and the limitations of researchers, there is no universal theory that encompasses
all behavioral factors [56–58].

2.2. Behavioral Intention and AI Usage Behavior in the Hotel Industry

The application of AI to hotel business is a game-changing development that promises
increased productivity, better customer satisfaction, creative operational procedures, and
sustainable business in the field [59]. As organizations navigate this technological evolution,
it is imperative that they understand the multiple factors shaping AI adoption among hotel
industry employees in Serbia. Behavioral intent is emerging as a key factor influencing
AI adoption [60]. The recognition of their perceived ease of use and benefits, according to
Davis [61], significantly influences users’ intentions to adopt new technologies. According
to his claim, in the hotel industry, the attitudes and intentions of employees play a key
role in shaping their willingness to adopt artificial intelligence technologies. Knowing the
drivers of these behavioral intentions is essential to formulating strategies that are in line
with employee expectations and preferences [62]. Positive factors can explain why people
engage in certain behaviors, but they cannot predict the reasons behind their resistance to
those behaviors [63]. Therefore, it is important to identify the negative factors that influence
people to refrain from specific behaviors. Theoretically, these subjective elements may
differ depending on how clients view their values and beliefs [64–66]. There are a number
of factors that can influence one’s ability to positively influence employee attitudes, and
their justifications can offer insights into contextual or situational decision-making [67]. In
this context, the Unified Theory of Acceptance and Use of Technology (UTAUT) further
enriches the understanding of intentions and behaviors related to the adoption of artificial
intelligence in hotels. Thus, we proposed the next hypothesis.
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H1. Behavioral intention positively mediates the relationship between performance expectancy,
effort expectancy, hedonic motivation, social influence, facilitating conditions, habits, and AI
usage behaviors.

2.3. Facilitating Conditions and the Acceptance of AI in the Hotel Industry

Creating facilitating conditions is key to fostering positive attitudes towards the adop-
tion of artificial intelligence (AI). Venkatesh et al. [54] elaborate on the concept of facilitating
conditions from the Technology Acceptance Model (TAM), emphasizing the influence of
organizational support and resources on user intentions and behaviors. Critical determi-
nants, such as adequate resources, support systems, and infrastructure, are encompassed
within these facilitating conditions. This is in line with the understanding that when orga-
nizations provide the necessary conditions, employees are more likely to express positive
intentions towards adopting AI. According to Davenport [16], facilitating conditions en-
compass the organizational and technical support that can ease in the integration of AI
technologies. The availability of favorable facilitating conditions significantly affects the
behavioral intentions of employees towards artificial intelligence and the creation of a
positive attitude that AI can significantly contribute to sustainability in a hotel business. In
other words, when organizations provide adequate resources, training, and support for AI
adoption, employees are more likely to develop positive attitudes and intentions towards
incorporating AI technologies into their work processes, as well as creating conditions for
potential future sustainability. Venkatesh et al. [55] emphasize that facilitating conditions
not only encourages favorable attitudes but also have a significant positive effect on AI
usage behavior. When employees understand that there are necessary conditions for a
sustainable business, they are more likely to actively engage and use AI technologies in
their daily tasks. This continuity in considering the factors that shape employees’ attitudes
and intentions towards artificial intelligence illustrates the importance of the UTAUT model
(Unified Theory of Technology Acceptance and Use). Based on the conclusion that the
availability of favorable enabling conditions is significant, we made an assumption.

H2. Facilitating conditions have a significant impact on employees’ behavioral intention towards AI
in the Serbian hotel industry.

2.4. Hedonic Motivation

Hedonic motivation is also introduced by Momani et al. [68] as a key element that
influences the intentions and behaviors of employees. Employee intentions are influenced
by the satisfaction, fun, and experiential aspects of interacting with AI technologies, which
also create a positive and engaging experience when adopting AI [69]. In the context of the
hotel sector, people are more inclined to accept AI technologies when they have enjoyable
and positive experiences using them, knowing that they support the development of the
hotel industry in a sustainable way [70]. Artificial intelligence-powered personalized
recommendations, interactive services, and smart room features can all lead to a more
enjoyable and rewarding hotel stay, which in turn encourages guest loyalty and further
suggests sustainability in the business setting [71–74]. These are some instances of hedonic
motivation in action. Employees are more hedonistically motivated to adopt artificial
intelligence when they believe that these technologies will improve their work experience
or improve customer satisfaction, thereby creating a continuity of business with loyal
visitors [75–77]. More precisely, this favorable correlation with pleasant experiences may
increase the willingness to accept and implement AI technologies in different contexts of
sustainability in hotel operations. In light of the aforementioned data, and based on the
above-mentioned findings, we hypothesize that:

H3. Hedonic motivation has a significant positive effect on the behavioral intention towards AI in
the Serbian hotel industry.



Sustainability 2024, 16, 3172 6 of 26

2.5. Performance Expectancy

Focusing on the expected performance of artificial intelligence (AI) in the hotel in-
dustry, Davies [61] highlights the importance of employee perceptions of the technology’s
usefulness in creating a long-term or sustainable business. Regarding artificial intelligence,
how stakeholders and employees view the technology’s potential benefits is a major factor
in determining how likely they are to adopt it. Employees and other stakeholders are more
ready to embrace AI technology if they believe it may greatly increase operational efficiency,
lead to better outcomes, foster long-term business relationships, and raise customer satis-
faction [78]. Employee expectations regarding positive results and performances, if met,
can form positive intentions to adopt and use AI technologies in hotel processes, which
further contribute to sustainable business. Gaining insight into the expected performance
of AI technologies is essential to advance the adoption of these technologies into the hotel
industry [79]. Positive perceptions can help overcome resistance to change and create a pos-
itive environment for AI integration, which can ultimately lead its to successful adoption
and deliver significant benefits [80]. The following hypothesis was established:

H4. Performance expectancy has a significant positive effect on behavioral intention.

2.6. Effort Expectancy

The expected effort in the use of AI in the hotel industry is a key component of the
successful adoption of these technologies. Venkatesh et al. [55] emphasize the importance of
this factor, showing the influence of users’ perception of ease of use on their intentions and
behaviors. Designing easy-to-use AI solutions is an important aspect, bearing in mind the
need to seriously consider user needs and expectations. Expected effort plays a key role in
the formation of employee intentions in the hotel industry, which highlights the need for AI
solutions that are easy to use, if employees are aware of the importance of AI for sustainable
business [81]. The user’s awareness of and ability to perceive the technology as adapted to
the sustainability system of the hotel business and as being easy to use significantly affects
their willingness to adopt and use AI technologies [82]. The original definition of expected
effort duration was proposed by Davies [61] and evaluated the usability of the technology.
When it comes to artificial intelligence, the easier it is for employees and stakeholders to
integrate these technologies into their work, the more likely they are to be seen as adaptable
and useful for the future, requiring little effort or complexity to use [83–85]. Years of
research by Ankara and Walden [86] provide additional proof that people’s perceptions of
artificial intelligence systems’ simplicity and ease of use have a substantial impact on their
acceptability. If employees think that using artificial intelligence will be simple and require
little effort, and, on the other hand, contribute to the sustainability of the business, their
willingness to incorporate it into their tasks will positively affect their perception [87].

H5. Effort expectancy has a significant positive effect on behavioral intention.

2.7. The Influence of Habits on the Acceptance of AI by Hotel Employees

Ingrained habits play a significant role in the adoption process of AI by hospitality
employees. Cain et al. [88] point out that habitual behaviors not only influence intentions
but also the consistent and repetitive use of AI technologies. Leveraging existing habits
becomes key to successful integration strategies. Respecting the role of habits, which are
constantly present in employees’ daily tasks, it is important to design AI integration so that
it does not disrupt existing routines [89]. If artificial intelligence is harmoniously integrated
into workflows with evidence of a positive effect on sustainability being at work, and with it
being adapted to existing habits, the chances of successful acceptance by employees increase
significantly [90]. Studies indicate that the development of positive habits related to the
use of artificial intelligence can be achieved through targeted training and familiarization
programs [91–93]. Supporting employees in developing habitual patterns of interaction
with AI systems through the regular use of the tool, for example, for data analysis, customer
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interaction, or room management, can increase their comfort level and enable its successful
adoption [94]. Also, emphasis is placed on the organizational culture and its role in shaping
habits related to technological innovation. A culture that encourages experimentation,
learning, and the integration of artificial intelligence into daily routines contributes to
the creation of positive habits among employees and the successful acceptance of these
technologies [95]. Emphasizing the role of ingrained habits in the acceptance of AI, an
assumption is made.

H6. Habit has a significant positive effect on behavioral intention.

2.8. Social Influence

Interpersonal factors, including relationships with colleagues and superiors, play a
crucial role in the acceptance process of AI by employees in the hotel industry [96]. Intro-
ducing social aspects, such as subjective norms and social influences, is a critical element
for crafting strategies that support collaborative dynamics in the hotel industry [97]. The
attitudes of employees are significantly influenced by the social consequences of the adop-
tion of AI, which implies an awareness of the social determinants of business. Concerns
about job displacement, changes in team dynamics, or changes in job responsibilities can
profoundly affect a technology’s acceptance [98]. Therefore, proactive measures, such as
open communication, developing an awareness of environmental and social sustainability,
training programs and involving employees in decision-making processes, are essential for
increasing social acceptance [99]. Additionally, numerous social risks, including privacy
and the ethical use of data, underscore the need for clear rules and standards. Responsi-
bility in handling data and the ethical use of AI technologies are key factors influencing
employee acceptance [100]. Thus, improving the social environment within the company
and fostering positive peer relationships can facilitate the acceptance process [101]. On-
going feedback and channels for expressing employees’ opinions about AI technologies
are crucial aspects. This open and inclusive strategy empowers employees to actively
participate in defining the organizational AI landscape and effectively addressing social
challenges [102]. Based on these ideas, which have social implications, we present the
following hypothesis (Figure 1).
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H7. Social influence has a significant positive effect on behavioral intention.
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3. Methodology
3.1. Research and Questionnaire Design

The methodology included several key components, including construct measurement,
data collection, and statistical analysis. The survey instruments were designed based on the
established model of the Unified Theory of Acceptance and Use of Technology (UTAUT)
used by many authors in their research [28,47,51,53,57]. The questions were taken and
modified specifically from the research of Ali et al. [103] and Vinesa et al. [104]. Identified
constructs included behavioral intention (4 items), facilitating conditions (4 items), hedonic
motivation (4 items), performance expectancy (4 items), AI usage behavior (3 items), effort
expectancy (4 items), habit (4 items), and social influence (4 items). These constructs were
chosen based on their relevance to understanding the factors influencing AI adoption
in hotel settings. Constructs were operationalized using validated measurement items.
Items were carefully selected to capture the essence of each construct, ensuring content
validity. It must be noted that AI usage behavior describes the actual behavior of users
in connection with the use of artificial intelligence in the direction of sustainability, and
behavioral intention describes the user’s intention or willingness to use AI in the future
with the idea of potential sustainability.

3.2. Sample and Data Collection Procedure

Stratified random sampling was the method of sampling that was used in this inves-
tigation. Based on their employment duties, the population of interest, which was made
up of workers in Serbian hotel businesses, was separated into strata. Participants were
chosen at random from each stratum to guarantee representation from a variety of industry
roles. The chosen participants were subsequently surveyed in-person to gather data, and a
total of 479 complete responses were obtained. The study was conducted at seven five-star
hotels in Serbia, in the two main cities of the Republic of Serbia, Novi Sad and Belgrade,
between May and August of 2023. Measurement items were created for every construct in
an organized survey instrument. Respondents gave their perceptions and attitudes on a
five-point Likert scale (1—strongly disagree, 2—disagree, 3—neither agree nor disagree,
4—agree, 5—strongly agree), reflecting their intensity of agreement or disagreement. Men
dominate among the respondents, and the largest age group is that of people between 20
and 35 years old, with university education being the most represented, and the majority
of respondents having incomes between 500 and 1000 euros (Table 1).

Table 1. Socio-demographic characteristics of the respondents.

Gender Age Education Monthly Income (in Euros)

Men Women 20–35 38.2% High School 29.8% <500 2.7%

54.1% 45.9% 36–60 36.7% Faculty 60.2% 500–1000 62.3%

>61 25.1% PhD, MSc 10% >1000 35%

3.3. Data Analysis

To describe the sample and comprehend the central tendency and variety of responses,
descriptive statistics such as means, standard deviations, and frequency distributions were
utilized. After dividing the items into factors using a factor analysis, eight factors were
discovered. To verify the robustness of the factor analysis and the presence of these eight
factors, Horn’s parallel method was used [105]. The Kaiser–Meyer–Olkin (KMO) [106]
measure indicates a high value of 0.830, suggesting that the sampling adequacy for the
factor analysis is good. This implies that the collected data is suitable for extracting
meaningful factors. Bartlett’s test of sphericity [107], with an approximate Chi-Square value
of 7309.858 and 105 degrees of freedom, is statistically significant (p = 0.000). This indicates
that correlations between variables are sufficiently different from zero, justifying the use of
factor analysis. Among the identified factors, performance expectancy explained the largest
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percentage of variance, accounting for 24.51%. On the other hand, AI usage behavior
explained the least percentage of variance, with a value of 3.53%. The total percentage of
explained variance across all factors was 66.31%.

Structural equation modeling (SEM) was utilized to assess the relationships among
the identified constructs [108]. The model aimed to explore the predictive power of various
factors on behavioral intention and AI usage behavior. A path analysis was conducted to
estimate the direct and total effects of each factor [109]. Cronbach’s alpha, rho_A, compos-
ite reliability, and the average variance extracted (AVE) were calculated to evaluate the
reliability and validity of the measurement model [108]. Discriminant validity was assessed
using the Heterotrait–Monotrait Ratio (HTMT) and the Fornell–Larcker criterion [110].
Variance inflation factor (VIF) values were examined to identify potential multicollinearity
issues among the predictor variables. Fit indices, including SRMR, d_ULS, d_G, Chi-Square
and NFI were employed to assess the overall goodness of fit of the SEM model [111]. A
bootstrapping analysis was conducted to verify the identified relationships. The software
SmartPLS 3 was used to carry out structural equation modeling (SEM).

The answers to questions about attitudes and perceptions regarding the use of artificial
intelligence (AI) in the context of sustainable business practices in the hotel industry are
shown in Table 2. A single AI usage item is represented by each row, and the columns
provide the mean (m) and standard deviation (sd) of replies, the factor loading that in-
dicates the item’s relationship to the underlying construct, and the Cronbach’s alpha (α)
value for internal consistency reliability. The good internal consistency of the measures
is demonstrated by the results, which are backed by high values of Cronbach’s alpha
coefficient (α) for every construct. Furthermore, a robust measurement model is shown by
the fact that the detected factors account for a considerable percentage of response variance,
ranging from 81.9% to 93.1%.

Table 2. The measurement items, descriptive statistics, and reliability analysis of the constructs.

Items m sd α Factor Loading

AI is beneficial to sustainable hotel business 2.03 1.168 0.852 0.659
AI helps to complete the task faster 2.97 1.437 0.843 0.787
AI brings convenience to my work 2.25 1.357 0.846 0.701
AI can improve the sustainability of service quality 3.09 1.382 0.825 0.744
We are ready to use AI because it is easy to understand 3.09 1.382 0.818 0.623
Using the AI interface is less complex 2.14 1.325 0.847 0.841
The AI is intuitive and efficient to use 2.12 1.325 0.868 0.744
AI makes it easier for me to become an expert/skilled 2.13 1.292 0.856 0.559
People around me think that artificial intelligence should be used for
business sustainability 2.56 1.440 0.832 0.719

Family and friends have an important role to play in the use of artificial intelligence 2.01 1.291 0.876 0.658
The use of artificial intelligence seems prestigious/admirable during travel 4.35 2.205 0.841 0.743
I will discuss the feeling of using artificial intelligence when traveling with my family 3.86 2.068 0.836 0.783
We can afford digital devices to use artificial intelligence 3.52 2.089 0.839 0.827
People around me think that artificial intelligence should be used for
business sustainability 2.56 1.440 0.832 0.719

I have the necessary resources to use AI 3.07 1.973 0.811 0.709
AI is compatible with the technology devices I use 3.27 1.994 0.829 0.699
I can get help from others when I have difficulty using AI 3.81 2.144 0.840 0.646
Using artificial intelligence is fun for me because I contribute to sustainable business
and quality 3.03 1.950 0.891 0.759

I like the AI application 3.68 2.070 0.844 0.694
AI application is kind of fun for me 3.43 2.009 0.837 0.693
The use of artificial intelligence enhances my tourist experience 3.35 2.002 0.833 0.793
Using artificial intelligence has become a habit for me 3.43 2.073 0.826 0.864
I like the AI application 3.68 2.070 0.844 0.694
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Table 2. Cont.

Items m sd α Factor Loading

AI application is kind of fun for me 3.43 2.009 0.837 0.693
The use of artificial intelligence enhances my tourist experience 3.35 2.002 0.833 0.793
Using artificial intelligence has become a habit for me 3.43 2.073 0.826 0.864
I have to use AI when I travel 1.99 0.164 0.852 0.782
I am addicted to using AI for its sustainability benefits 1.57 0.503 0.868 0.931
Using artificial intelligence has become commonplace for me 2.00 0.151 0.819 0.815
I intend to continue using AI in the future to contribute to sustainable business 2.00 0.303 0.856 0.637
I plan to continue to use AI frequently to improve my work 1.96 1.217 0.888 0.941
I foresee the use of artificial intelligence in the near future for the benefit of
sustainable business 3.46 1.212 0.831 0.723

I want to inform others to use artificial intelligence when they travel 2.58 1.440 0.877 0.658
I want to continuously improve AI technology 3.62 1.381 0.826 0.801
I very often use artificial intelligence to plan work in a hotel 2.02 1.322 0.819 0.970
I very often use artificial intelligence to plan tourism products 2.02 1.204 0.810 0.623

Note: m—arithmetic mean, sd—standard deviation, α—Cronbach’s alpha.

Table 3 presents the results of the factor analysis conducted on the measured constructs.
Each row corresponds to a specific construct, including performance expectancy, effort
expectancy, social influence, facilitating conditions, hedonic motivation, habit, behavioral
intention, and AI usage behavior. The table provides the mean (m) and standard deviation
(sd) of the responses, the Cronbach’s alpha (α) coefficient for internal consistency reliability,
the percentage of variance explained by each factor, the cumulative percentage of variance
explained, the composite reliability (CR), and the average variance extracted (AVE). The
results indicate the satisfactory internal consistency of the measurements, as confirmed by
the high values of Cronbach’s alpha coefficient (α) for each construct. Additionally, the
identified factors explain a significant percentage of variance in responses (ranging from
24.514% to 66.306%), indicating an adequate measurement model.

Table 3. The measurement items, descriptive statistics, and reliability analysis of the constructs for
the factors.

Factors m sd α % of Variance Cumulative % CR AVE

Performance expectancy 2.41 0.895 0.655 24.514 24.514 0.800 0.505
Effort expectancy 2.24 1.00 0.677 10.598 35.112 0.810 0.520
Social influence 3.43 1.072 0.663 8.181 43.293 0.838 0.564
Facilitating conditions 3.29 1.591 0.632 6.983 50.276 0.813 0.523
Hedonic motivation 3.47 1.699 0.645 4.410 54.686 0.824 0.541
Habit 1.89 0.196 0.734 4.095 58.780 0.911 0.722
Behavioral intention 2.09 0.834 0.740 3.999 62.780 0.858 0.561
AI usage behavior 1.98 0.968 0.746 3.562 66.306 0.847 0.656

Note: m—arithmetic mean, sd—standard deviation, α—Cronbach’s alpha, CR—composite reliability,
AVE—average variance extracted, % of variance—the percentage of variance explained by the extracted factors,
cumulative %—cumulative share of variance explained by the extracted factors, AI usage behavior describes
the actual behavior of users in connection with the use of artificial intelligence in the direction of sustainabil-
ity, behavioral intention describes the user’s intention or willingness to use AI in the future with the idea of
potential sustainability.

4. Results

Table 4 gives an insight into the reliability and validity of the construct. The R squared
(R2) table provides insights into the explained variance and the impact of individual factors
on the dependent variables. The R2 values indicate the proportion of variance explained
by the model for each dependent variable [109]. In the case of behavioral intention, the
R2 is 0.683, suggesting that approximately 6.83% of the variance in behavioral intention is
explained by the model. The adjusted R2, which considers the number of predictors in the
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model, is 0498. For AI usage behavior, the R2 is higher, at 0.456, indicating that about 45.6%
of the variance in AI usage behavior is explained by the model. The adjusted R2 is 0.455.

Table 4. The construct’s reliability and validity.

Factors Cronbach’s Alpha
(>0.6) rho_A (>0.7) CR

(>0.7)
AVE

(>0.5)

Behavioural intention 0.691 0.771 0.808 0.660
Facilitating conditions 0.864 0.841 0.816 0.537
Hedonic motivation 0.786 0.726 0.919 0.733
Performance expectancy 0.700 0.706 0.863 0.609
AI Usage behavior 0.729 0.738 0.847 0.651
Effort expectancy 0.742 0.715 0.832 0.553
Habit 0.715 0.733 0.887 0.677
Social influence 0.674 0.882 0.914 0.727

Behavioral Intention AI Usage Behavior

R2 R2 adjusted R2 R2 adjusted
0.683 0.498 0.456 0.455

Note: CR—composite reliability; AVE—average variance extracted; rho_A—omega reliability.

The results show that all constructs in the research have satisfactory reliability and
validity. Examining various measures of reliability and validity, it is observed that all
constructs exceeded the critical thresholds for Cronbach’s alpha (all values above 0.6),
rho_A (all values above 0.7), composite reliability (all values above 0.7) and the average
variance extracted (AVE) (all values over 0.5). This indicates that each construct, behavioral
intention, facilitating conditions, hedonic motivation, performance expectancy, AI usage
behavior, effort expectancy, habit, and social influence, has good internal consistency to
reliably measure the intended concepts. High values of composite reliability and the AVE
also confirm that the constructs are well defined and that the relevant indicators are effective
in measuring those constructs. These results provide a solid basis for further analysis and
the interpretation of data in the context of this research.

The results of the combined Fornell–Larcker criterion and HTMT analysis offer strong
evidence of discriminant validity across all constructs, as the square roots of the AVE values
for each construct exceed the HTMT values in comparisons with all other constructs. This
outcome firmly establishes that each construct in the model is significantly distinct and does
not share excessive variance with other constructs, underscoring their unique contributions
to the research model. In Table 5, the diagonal shaded in gray visually emphasizes the
square roots of AVE values, crucial for the Fornell-Larcker criterion, confirming that each
construct uniquely contributes without excessive shared variance with others, contrasting
with the HTMT measure of similarity among constructs.

Table 5. The check of discriminant validity using Fornell–Larcker and HTMT criteria.

Behavioral
Intention

Facilitating
Conditions

Hedonic
Motivation

Performance
Expectancy

AI Usage
Behavior

Effort
Expectancy Habit Social

Influence
Behavioral intention 0.812 0.061 0.087 0.106 0.727 0.148 0.199 0.104
Facilitating conditions 0.061 0.733 0.120 0.400 0.035 0.539 0.075 0.309
Hedonic motivation 0.087 0.120 0.856 0.556 0.066 0.498 0.095 0.370
Performance expectancy 0.106 0.400 0.556 0.780 0.063 0.132 0.117 0.414
AI usage behavior 0.727 0.035 0.066 0.063 0.807 0.086 0.271 0.082
Effort expectancy 0.148 0.539 0.498 0.132 0.086 0.744 0.113 0.283
Habit 0.199 0.075 0.095 0.117 0.271 0.113 0.823 0.112
Social influence 0.104 0.309 0.370 0.414 0.082 0.283 0.112 0.853

The variance inflation factor (VIF) values assess multicollinearity among the variables
in the model. These values indicate the extent to which the variance of an estimated
regression coefficient increases when the predictors are correlated (Table 6).
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Table 6. Collinearity statistics (variance inflation factor—VIF).

Factors Items Variance Inflation Factor—VIF (VIF < 3.3)

AI usage behavior

AIUB1 1.660

AIUB2 1.917

AIUB3 1.285

Behavioral intention

BI1 1.071

BI2 1.656

BI3 1.228

BI4 1.842

Effort expectancy

EE1 1.478

EE2 1.732

EE3 1.531

EE4 1.231

Facilitating conditions

FC1 2.280

FC2 2.575

FC3 2.197

FC4 1.666

Habit

HBT1 2.337

HBT2 1.034

HBT3 3.314

HBT4 1.869

Hedonic motivation

HM1 1.482

HM2 1.393

HM3 2.142

HM4 1.711

Performance expectancy

PE1 1.200

PE2 2.174

PE3 1.338

PE4 1.991

Social influence

S1 1.209

S2 1.157

S3 2.430

S4 2.570

All VIF values are below the recommended threshold of 3.3, indicating adequate
independence between variables. Based on this, we conclude that the measurement of the
structural model is reliable and valid in terms of the multicollinearity test.

Based on the above values, it can be concluded that the saturated and estimated
models are extremely similar in terms of fit. All values (SRMR, d_ULS, d_G, Chi-Square,
and NFI) are identical or very close between the two models, indicating that the estimated
model provides almost the same level of fit as the saturated model (Table 7). This suggests
that the estimated model effectively follows the structure of the data. A high NFI and low
values for the SRMR, d_ULS, and d_G indicate good model fit. The Chi-Square values are
low, which also indicates a good fit [109].
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Table 7. Fit summary indices.

Saturated Model Estimated Model

SRMR 0.072 0.072
d_ULS 0.069 0.069
d_G 0.041 0.043
Chi-Square 2.782 2.782
NFI 0.961 0.961

Figure 2 displays the direct influences between variables in a model that explores the
factors affecting the intention and actual usage behavior of artificial intelligence. Lower
value connections are also included, allowing for a more comprehensive insight into all
influences within the model. Indirect influences are not shown in this figure but are
presented in Table 8.
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Figure 2. Path coefficient estimates.

Table 8 shows the estimated path coefficients (β) between the various factors, the
sample means (means), and the sample standard deviations for each factor. Also, the table
contains information on the t-values and p-values used to test the statistical significance of
the relationships between factors. In particular, the indirect effect, as well as the influence
of behavioral intention as a mediator, is highlighted. The same table provides a detailed
overview of the analysis of the hypotheses set in the research.

Behavioral intention ➜ AI usage behavior (β = 0.675; p = 0.000; H1 confirmed).
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Table 8. Values of the estimates, means, standard deviations, t-statistics, and p-values of the struc-
tural model.

Estimate
(β)

Sample
Mean (M)

Standard
Deviation

Path from BI
to AUB (β)

Indirect
Effect (β) t Statistics p Values Hypothesis

Behavioral intention ➜ AI
Usage behavior 0.675 0.678 0.016 - - 42.543 0.000 H1 ✔

Facilitating conditions ➜
Behavioral intention 0.089 0.000 0.089 0.675 0.995 0.020 H2 ✔

Hedonic motivation ➜
Behavioral intention 0.141 0.011 0.120 0.675 0.09517 1.176 0.040 H3 ✔

Performance expectancy ➜
Behavioral intention 0.022 0.013 0.072 0.675 0.01485 0.312 0.055 H4 ✔

Effort expectancy ➜ Behavioral
intention 0.185 0.126 0.154 0.675 0.01248 1.196 0.032 H5 ✔

Habit ➜ Behavioral intention 0.177 0.187 0.038 0.675 0.01194 4.712 0.000 H6 ✔
Social influence ➜
Behavioral intention 0.119 0.030 0.109 0.675 0.06007 1.096 0.054 H7 ✔

Note: ✔—hypothesis confirmed.

Based on this result, it can be inferred that there is a significant mediating role between
the behavioral intentions and the actual usage of artificial intelligence (AI) among hotel
employees in Serbia. The high beta coefficient (β = 0.675) suggests that as employees’
intentions to use AI increase, their actual usage of AI also significantly increases. The
p-value (<0.001) confirms the statistical significance of this relationship, affirming H1. This
finding underscores the critical role of cultivating strong behavioral intentions towards AI
usage for its effective adoption in the hotel industry. The mediation analysis revealed the
nuanced ways in which facilitating conditions, hedonic motivation, effort expectancy, habit,
performance expectancy, and social influence impact the usage of AI through behavioral
intention. Facilitating conditions, despite their modest effect (β = 0.089), still play a crucial
role in nurturing the intention to use AI, thereby underscoring the importance of providing
the right support and resources for fostering AI engagement. Hedonic motivation emerges
as a more potent indirect influencer (β = 0.141), signifying that the pleasure and positive
experiences associated with AI significantly bolster the willingness to use it, subsequently
translating into actual usage behavior. Effort expectancy is highlighted as a key driver
(β = 0.185), suggesting that the perceived ease of using AI shapes the intention to engage
with it and is a critical consideration for enhancing AI adoption. Furthermore, the habitual
use of AI (β = 0.177) indicates that as employees become more accustomed to incorporating
AI into their daily routines, their continued usage is likely. This points to habit formation
as a strategic element in ensuring sustained AI application in the workplace. Meanwhile,
performance expectancy and social influence, although positive, exhibit weaker effects
on behavioral intention, signaling that while these factors contribute to the shaping of
intentions towards AI usage, they may not be as compelling as the other predictors. Overall,
these findings offer valuable insights into the complex interplay of the factors influencing
AI’s adoption and highlight where managerial interventions could be most effective.

Facilitating conditions ➜ Behavioral intention (β = 0.089; p = 0.020; H2 confirmed)

The positive beta coefficient (β = 0.089) shows a statistically significant but relatively
modest influence of facilitating conditions on behavioral intention. While facilitating
conditions do impact employees’ intentions to use AI, the strength of this effect is less
pronounced. The significance (p = 0.020) validates the relationship, suggesting that while
important, facilitating conditions alone may not be the strongest predictor of the behavioral
intention to use AI. Enhancing facilitating conditions could still contribute to more favorable
attitudes towards AI adoption.

Hedonic motivation ➜ Behavioral intention (β = 0.141; p = 0.040; H3 confirmed).

With a beta coefficient of 0.141 and a p-value of 0.040, hedonic motivation has a
significant positive effect on behavioral intention. This indicates that the more employees
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find AI enjoyable and satisfying to use, the stronger their intention is to adopt it. This effect,
while statistically significant, highlights the importance of the user experience in promoting
AI adoption in the hotel industry.

Performance expectancy ➜ Behavioral intention (β = 0.022; p = 0.055; H4 marginally confirmed).

The relationship between performance expectancy and behavioral intention is positive
but with a very low beta coefficient (β = 0.022), and the p-value (0.055) is slightly above
the traditional threshold for significance. This result suggests a very weak and marginally
non-significant influence of performance expectancy on behavioral intention, indicating
that expectations regarding the performance of AI might not be a strong driver of the
behavioral intention to use AI among hotel employees. This relationship, being borderline
significant, warrants further investigation.

Effort expectancy ➜ Behavioral intention (β = 0.185; p = 0.032; H5 confirmed).

Effort expectancy has a positive and significant effect on behavioral intention, with
a beta coefficient of 0.185. This means that the easier the AI technology is to use, the
stronger the employees’ intentions are to use it. The significant p-value (0.032) confirms
this relationship, highlighting the importance of user-friendly AI technologies in fostering
adoption intentions.

Habit ➜ Behavioral intention (β = 0.177; p = 0.000; H6 confirmed).

Habit shows a significant positive impact on behavioral intention (β = 0.177), indicat-
ing that the more ingrained the use of AI becomes in the employees’ daily routines, the
stronger their intention is to use AI. The highly significant p-value (<0.001) underscores the
critical role of habit formation in the adoption of AI technologies.

Social influence ➜ Behavioral intention (β = 0.119; p = 0.054; H7 marginally confirmed).

With a beta coefficient of 0.119, social influence appears to have a positive effect on
the behavioral intention to use AI, although this effect is only marginally non-significant
(p = 0.054). This suggests that the opinions and behaviors of others may somewhat influence
employees’ intentions to use AI, but this influence is not as strong or as clear-cut as some
other factors. This borderline significance indicates a potential area for further exploration.

In presenting our SEM findings, we note the inclusion of items with lower loading
values. This decision was informed by a balanced evaluation of theoretical significance
and empirical evidence, underscoring our commitment to a nuanced exploration of AI
adoption dynamics. Despite their lower loadings, these items contribute to a richer, more
textured understanding of the factors at play, offering valuable insights into the diverse
attitudes and behaviors towards AI within the hotel industry.

A bootstrapping analysis was conducted to examine the identified relationships (struc-
tural model) (Figure 3). This involved randomly selecting observations from the original
data set (with replacement) to create subsamples. These subsamples were then used to
calculate a PLS path model. This procedure was repeated multiple times to generate a
significant number of random subsamples.
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In the model, each construct is measured across a set of indicators, and the coefficients
between indicators and constructs indicate how strongly each indicator represents the
construct it measures. The coefficients are high, which indicates that the indicators well
“capture” what the construct should represent, which further means that the measurement
is reliable. The bootstrapping method helped us confirm that these coefficients are robust,
that is, they can be reliably used in further analyses and conclusions.

5. Discussion

In this research, we analyze how hotel employees in Serbia accept the application of
artificial intelligence (AI), a key technology in the modern hotel industry. This research
aims not only to understand current trends, but also to assess how the application of AI
can contribute to the potential sustainability of hotel operations. The seven hypotheses we
put forward shed light on various aspects and factors that influence this process.

In the analysis of the structural model, H1 reveals a pronounced effect (β = 0.675)
in the mediation relationship between various predictive factors (facilitating conditions,
effort expectancy, hedonic motivation, social influence, and habit) and AI usage behavior,
with behavioral intention acting as the intermediary. The mediation analysis of our study
highlights the pivotal role of behavioral intention in bridging the gap between various
predictors and the actual usage of AI in the hotel industry. The indirect effects observed
from facilitating conditions, hedonic motivation, effort expectancy, and habit confirm that
while the direct path to AI usage is important, their relation through behavioral intention
is crucial.

Unlike the dominant influence of H1, other hypotheses that examine various predictors
of behavioral intention show considerably weaker effects. The effect estimates for these
hypotheses fall within a relatively lower range, illustrating that although each of these
factors contributes to the formation of behavioral intention, their individual contributions
are far less compared to the direct impact of this intention on AI usage. This difference in
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effect strengths underscores the importance of understanding how behavioral intention
acts as a key mediator between various psychological and situational factors and actual AI
usage behavior.

Furthermore, facilitating conditions in the workplace exhibit a statistically significant
but relatively modest influence on employees’ behavioral intentions towards AI adoption
(β = 0.089, p = 0.020), in line with H2. While favorable conditions contribute to shaping
intentions, their impact may be overshadowed by other determinants. Our results also
highlight the significance of hedonic motivation in fostering behavioral intention towards
AI adoption (β = 0.141, p = 0.040), supporting H3. Employees who derive pleasure and sat-
isfaction from using AI technologies are more likely to intend to adopt them, emphasizing
the experiential aspect of AI acceptance.

However, the influence of performance expectancy on behavioral intention appears to
be marginal and non-significant (β = 0.022, p = 0.055), providing limited support for H4.
This suggests that employees’ expectations regarding AI performance may not strongly
drive their intentions to adopt it. Conversely, factors such as effort expectancy (β = 0.185,
p = 0.032) and habit (β = 0.177, p < 0.001) demonstrate significant positive effects on
behavioral intention, supporting H5 and H6, respectively. User-friendly interfaces and
established usage habits play crucial roles in fostering employees’ intentions towards AI
adoption. While social influence exhibits a positive but marginally significant effect on
behavioral intention (β = 0.119, p = 0.054), partially supporting H7, its influence appears to
be less pronounced compared to other factors.

Our decision to retain certain items with lower statistical loadings in the SEM analysis
warrants further discussion. This choice was not made lightly but was rooted in a firm
belief in the items’ theoretical contributions to their respective constructs. By retaining these
items, we aimed to encapsulate the complexity of the constructs fully, thereby enriching
our analysis and discussion of AI adoption in the hospitality sector. We acknowledge
the potential methodological concerns this decision may raise; however, we assert that
the inclusion of these items adds depth to our study, facilitating a more comprehensive
exploration of AI’s role in advancing sustainability and efficiency within the Serbian
hotel industry.

This exploration into AI adoption within the Serbian hotel industry has yielded
valuable insights, providing answers to the research questions posed in the introductory
section. The results obtained indicate that employees in the Serbian hotel industry generally
hold positive perceptions towards the acceptance and use of AI technologies. They perceive
AI to be a valuable tool that can enhance efficiency, improve service quality, and contribute
to innovation within the industry. These perceptions are influenced by various factors such
as its ease of use, perceived benefits, and the organizational support for AI integration.

The results reveal that employees’ perceptions towards AI significantly influence their
actual usage behavior. When employees perceive AI technologies positively, with high
levels of intention and motivation to use them, they are more likely to actively engage
with these technologies in their daily work practices. Conversely, negative perceptions or
skepticism towards AI may result in lower levels of adoption and usage among employees.

The findings highlight the critical role of facilitating conditions, such as access to re-
sources and support from management, in shaping employees’ perceptions and behaviors
towards AI adoption. Effort expectancy, reflecting the perceived ease of use of AI tech-
nologies, influences employees’ willingness to adopt and engage with these technologies.
Similarly, performance expectancy, which relates to the perceived benefits and effectiveness
of AI, also impacts employees’ perceptions and behaviors towards AI adoption. Social
influence, including peer opinions and organizational norms, can further shape employees’
attitudes and intentions towards AI. Additionally, hedonic motivation, or the enjoyment
derived from using AI, can positively influence employees’ perceptions and behaviors
towards AI adoption, fostering greater acceptance and usage.

The responses suggest that the adoption of AI technologies in the Serbian hotel in-
dustry has the potential to significantly contribute to sustainability goals. By streamlining
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operations, optimizing resource utilization, and enhancing service delivery, AI can help
hotels minimize waste, reduce energy consumption, and mitigate their environmental
impact [112–116]. Moreover, AI-driven analytics and predictive modeling can facilitate
data-driven decision-making, leading to more efficient resource allocation and improved
environmental stewardship. Overall, the adoption of AI technologies has the potential to
align with the sustainability objectives of the Serbian hotel industry, fostering economic,
social, and environmental benefits.

6. Conclusions

The application of artificial intelligence (AI) in hotel businesses opens up new oppor-
tunities for improving sustainability in this industry. This approach not only contributes to
increasing efficiency and reducing costs, but also plays an important role in improving the
quality of service and satisfaction of both employees and guests [117–119]. Based on the
analyzed results, we can conclude that there is a significant relationship between various
factors and the use of artificial intelligence (AI). First and foremost, we observe a strong
correlation between behavioral intention and actual AI usage behavior. This suggests
that when users have a clear intention to use AI, they are more likely to act accordingly.
Facilitating factors also play a role, but to a lesser extent, in shaping behavioral intention
and actual AI use behavior. This indicates that providing more favorable conditions may
have some influence on encouraging users to use AI, but it is not a decisive factor. Hedonic
motivation, although present, does not show a significant association with behavioral
intention. This suggests that the enjoyment and satisfaction users get from using AI does
not play a key role in their decision to use it. Performance expectancy and effort expectancy
are relatively less important in the formation of behavioral intention. This means that users
may not consider how effective or easy-to-use AI is when deciding to use it. Habit, as a
factor, has a significant impact on behavioral intention and actual AI usage behavior. This
highlights the importance of creating a routine in the use of AI as a means of increasing
its use. Finally, social influence has a moderate effect on behavioral intention, indicating
that other people’s opinions and attitudes may play a certain, but not decisive role in the
decision to use AI.

In the realm of the results questioning the impact of facilitating conditions and ex-
pected performance on the application of artificial intelligence (AI) in the hotel industry, the
need for more detailed research becomes apparent. It is especially important to understand
the specifics of these factors within the context of the hotel industry in the Republic of
Serbia. The complexity of employee attitudes and behaviors underscores that it is not
enough to simply introduce AI technologies; it is also necessary to deeply understand how
these factors operate at the local level. For the successful integration of AI into the hotel
industry of Serbia, a holistic approach that respects technological, human, organizational
and market aspects is necessary. Such an approach can enable not only technological
adaptation, but also the creation of a sustainable and innovative business model that will
respond to the challenges and take advantage of the opportunities brought by the digital
era. Certainly, the results of this research, which talk about the acceptance of the application
of AI in Serbian hotels, can in some ways represent the basis for creating a theory about
sustainable hotel business.

6.1. Theoretical Implications

This study directs attention to the importance of behavioral intention as a key factor
in the adoption of artificial intelligence (AI) in the Serbian hotel industry. Emphasizing the
applicability of behavior theories, the study advocates for different interventions in the
attitudes and intentions of employees. The investigation into the variable impact of facili-
tating conditions on employees’ attitudes provides a starting point for the reassessment
of theoretical frameworks and the exploration of additional factors influencing attitude
formation and intentions. The focus on the balanced relationship between habits and
behavioral intentions, along with the insignificant link between habits and the usage of AI,
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reveals a complex dynamic that necessitates further theoretical exploration. Understanding
the interaction between habit formation in shaping intentions and subsequent behaviors
allows for a more detailed investigation into the dynamics of artificial intelligence adop-
tion. Exploring the negligible connection between expected performance and behavioral
intentions underscores the need for more advanced explorations of the factors shaping
perceptions of the utility of artificial intelligence, potentially uncovering hidden dynamics
in employee attitudes. Additionally, the results of this study provide a foundation for
the development of a missing theory regarding the assumption that the greater use of
AI affects the sustainability of hotel businesses in Serbia. This theory would deal with
examining how the increased use of AI in the hospitality industry can contribute to envi-
ronmental, economic, and social sustainability. This includes analyzing how AI can aid in
optimizing operations, reducing environmental impacts, improving guest and employee
satisfaction, and enhancing market competitiveness. Although certain results pertaining to
the influence of some factors on AI adoption exhibit relatively weak effects, they have been
retained within the model for a deliberate purpose. Retaining these variables allows for a
more comprehensive exploration within the literature, facilitating comparative analyses
and theoretical extensions across diverse contexts. By retaining even marginally signifi-
cant findings, our study contributes to the broader theoretical discourse surrounding AI
adoption dynamics, fostering a different understanding of the multifaceted factors influ-
encing organizational behaviors and attitudes towards emerging technologies. This study,
therefore, highlights the need for a multidisciplinary approach that integrates knowledge
from technology, management, sociology, and ecology fields to understand the complex
relationships between the use of AI and sustainability in the hotel industry.

6.2. Practical Implications

For managers in the Serbian hotel industry, these findings offer significant insights that
can be strategically applied to advance the adoption of artificial intelligence. Encouraging
positive behavioral intentions through targeted interventions can significantly influence
how employees interact with and accept AI technology. To do this effectively, organizations
need to develop tailored strategies that go beyond simply providing enabling conditions.
This requires a deeper understanding of employee perceptions, attitudes, and the unique
challenges they face in their roles. Recognizing the role of habit formation in shaping
intentions implies that organizations could greatly benefit from initiatives that actively
cultivate positive habits around the use of AI. This can be achieved through various
means such as comprehensive training programs, engaging in awareness campaigns, and
designing AI user interfaces that are intuitive and easy to adopt. These initiatives should
be ongoing, not one-off events, to reinforce positive habits and ensure long-term behavioral
change. Moreover, the insignificant impact of expected performance on AI adoption
highlights the need for organizations to expand their focus beyond traditional performance
metrics. When promoting AI adoption, it is important to communicate and highlight
the broader benefits of AI technologies. Employee training and education programs
should be structured to not only impart their technical knowledge, but also address their
potential misconceptions and foster a more comprehensive understanding of the role of
artificial intelligence in improving overall operational efficiency, guest experiences, and
hotel sustainability.

Fostering an organizational culture that values innovation and adaptability is key.
This includes leadership support for AI initiatives, creating a safe environment for exper-
imentation and feedback, and recognizing and rewarding employees who contribute to
the successful integration of AI into their workflows. Given the dynamic and competitive
nature of the hotel industry, the continuous monitoring and evaluation of the effectiveness
of AI solutions and strategies is essential. This entails collecting employee feedback, assess-
ing customer satisfaction, and monitoring technological advances to ensure AI solutions
remain relevant and effective.
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It should be emphasized that keeping factors within the model, even those that show
marginal effects on AI usage behavior, offers significant practical benefits for organizations.
Firstly, maintaining a comprehensive model allows organizations to understand the myriad
of factors influencing employees’ attitudes towards AI technologies. While certain factors
may seem insignificant individually, their collective impact within organizational dynamics
is crucial. By retaining these factors, organizations can identify subtle potential interactions
that may influence AI integration success. Factors that appear insignificant in isolation
could exert indirect or interactive effects when considered together. Furthermore, retaining
non-significant factors fosters a robust approach to organizational learning and adaptation.
Acknowledging diverse influences encourages a culture of openness to change, promoting
continuous improvement and innovation in AI adoption practices.

6.3. Limitations

Although this study provides valuable insights into the willingness of employees in
the Serbian hotel industry to embrace artificial intelligence, it is important to recognize
certain limitations and contextual factors. Primarily, this research concentrates on the
hotel industry within Serbia, and its findings may not be immediately applicable to other
sectors or different cultural contexts. The cross-sectional nature of the study limits the
ability to establish causal relationships, and a longitudinal approach could yield a more
nuanced understanding of these dynamics over time. Another limitation is the reliance on
self-reported measures, which may introduce response bias. Future research could benefit
from incorporating a combination of qualitative and quantitative methodologies to enhance
the robustness and depth of the findings.

Moreover, while the study effectively illustrates the readiness of employees to accept
AI in hotel operations, it does not directly investigate its impact on sustainability. Generally,
proving sustainability in business operations can be challenging, and the study primarily
aimed to demonstrate employee readiness for AI adoption rather than its direct influence
on sustainable practices. This is an important distinction, as the readiness to adopt AI
does not inherently guarantee sustainability outcomes. Additionally, the study did not
explore potential external factors, such as economic conditions, regulatory influences, or
technological advancements, which may significantly impact the adoption and effective
utilization of AI in the Serbian hotel industry. These external factors can play a crucial role
in shaping both the opportunities and challenges associated with AI adoption.

Given these considerations, while the study lays a foundation for understanding AI
adoption in the Serbian hotel industry, it also highlights the need for further research.
This research should aim to bridge these gaps, particularly focusing on the long-term
sustainability impacts of AI integration and the influence of external environmental factors.
Such investigations could provide more comprehensive insights, aiding in the formulation
of strategies that not only foster AI adoption but also promote sustainable development
within the industry.

We are aware of the methodological lack of our study, notably our approach to item
retention in the face of lower loading values. This decision underscores our dedication to
a thorough and theoretically grounded investigation of AI adoption. We believe that this
approach not only strengthens the integrity of our findings but also lays a foundation for
future research to build upon, encouraging further inquiry into the subtleties of technology
adoption in hospitality.

6.4. Future Directions and Global Implications

Future research endeavors could explore the temporal dynamics of artificial intel-
ligence’s adoption into the hotel industry in Serbia, tracking changes in attitudes and
behaviors over an extended period. Comparative studies across different industries and
countries could offer a broader understanding of contextual variations in AI’s adoption.
Investigating the role of external factors and contextual influences in shaping attitudes
towards artificial intelligence might uncover hidden determinants not addressed in this
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study. Moreover, the integration of qualitative methodologies, such as interviews and
focus groups, could provide richer insights into the nuanced experiences and perceptions
of employees in the Serbian hospitality sector. This study lays the groundwork for a
more nuanced understanding of artificial intelligence’s adoption into the hotel industry
in Serbia, offering theoretical insights and practical implications. Recognizing limitations
and identifying future directions will contribute to the ongoing discourse on the role of
artificial intelligence in organizational environments. Given the complexity of employees’
attitudes, we conclude that the successful integration of artificial intelligence into the hotel
industry requires a comprehensive approach that takes into account individual differences,
organizational support, and market dynamics—all while being mindful of the overarching
goals of sustainability. These findings provide a foundation for further research and the
development of AI adoption strategies in the specific context of the hotel sector in Serbia. It
emphasizes the continuous pursuit of sustainable development within the industry.

To further enhance the strategic approach towards sustainable AI integration, the
incorporation of these findings into a broader sustainability strategy for the hotel industry
in Serbia is essential. This would involve creating a roadmap that aligns AI adoption with
sustainable business practices, focusing on areas such as energy efficiency, waste reduction,
and improved customer experiences. The strategy should consider both short-term and
long-term goals, identifying key performance indicators that can measure the impact of AI
on various aspects of sustainability. Collaboration with stakeholders, including government
bodies, industry associations, and technology providers, will be crucial in this endeavor.
Their involvement can facilitate the sharing of best practices, access to resources, and the
creation of a supportive ecosystem for AI integration.

In expanding the relevance of our findings beyond the Serbian hotel industry, it is
important to consider the generalizability of our results. While our study provides nuanced
insights into the adoption and implications of AI within Serbian hotels, these insights may
also resonate with broader, international contexts. Factors influencing AI adoption, such as
performance expectancy and effort expectancy, are likely to be relevant in other countries,
especially those with similar economic and technological landscapes.

To contextualize these factors internationally, future research could compare the deter-
minants of AI adoption in Serbian hotels with those of hotels in other countries, particularly
within the Central and Eastern European region where the economic and cultural fac-
tors may be comparable. Furthermore, a cross-cultural study examining the differences
and similarities in AI’s adoption across various hospitality markets could provide a more
comprehensive understanding of the global implications of our findings.

As the global hotel industry increasingly embraces technology in its operations and
customer service, the insights gained from our study about employee attitudes and usage
behaviors could inform international strategies for AI’s implementation. This would be
particularly relevant for multinational hotel chains seeking to standardize AI’s integration
across different countries while being mindful of local nuances.

The potential for AI to contribute to sustainable business practices, as highlighted
by our findings, also warrants international consideration. With sustainability being a
global concern, understanding how AI can drive such practices in the hotel industry has
implications for policy-making and strategic planning on an international scale.
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60. Vuković, D.B.; Zobov, A.M.; Degtereva, E.A. The Nexus between Tourism and Regional Real Growth: Dynamic Panel Threshold
Testing. J. Geogr. Inst. “Jovan Cvijic” SASA 2022, 72, 111–116. [CrossRef]

61. Davis, F.D. Perceived Usefulness, Perceived Ease of Use, and User Acceptance of Information Technology. MIS Q. 1989, 13,
319–340. [CrossRef]

62. Venkatesh, V.; Morris, M.G.; Ackerman, P.L. A Longitudinal Field Investigation of Gender Differences in Individual Technology
Adoption Decision-Making Processes. Organ. Behav. Hum. Decis. Processes. 2000, 83, 33–60. [CrossRef] [PubMed]

63. Dellaert, B.G.; Kahn, B.E. How Tolerable Is Delay? Consumers’ Evaluations of Internet Web Sites After Waiting. J. Interact. Mark.
1999, 13, 41–54. [CrossRef]

64. Ajzen, I. The Theory of Planned Behavior. Organ. Behav. Hum. Decis. Processes. 1991, 50, 179–211. [CrossRef]
65. Ajzen, I. Perceived Behavioral Control, Self-Efficacy, Locus of Control, and the Theory of Planned Behavior. J. Appl. Soc. Psychol.

2002, 80, 2918–2940. [CrossRef]
66. Hernandez, A.A. Assessing the Maturity of Green IT Adoption Within the Philippine Manufacturing Industry. Int. J. Sociotechnol.

Knowl. Dev. 2017, 9, 37–55. [CrossRef]
67. Hussein, A.S.; Rosita, N.H.; Ayuni, R.F. Knowledge Management Orientation Behavior and Innovation: A Lesson from Indonesia

Creative Economy Sector. Int. J. Sociotechnol. Knowl. Dev. 2019, 11, 17–28. [CrossRef]
68. Momani, A.M.; Jamous, M.M.; Hilles, S.M.S. Technology Acceptance Theories: Review and Classification. Int. J. Cyber Behav.

Psychol. Learn. 2017, 7, 1–14. [CrossRef]
69. Sivathanu, B.; Pillai, R. Leveraging Technology for Talent Management: Foresight for Organizational Performance. Int. J.

Sociotechnol. Knowl. Dev. 2019, 11, 16–30. [CrossRef]
70. Sahu, A.K.; Padhy, R.; Dhir, A. Envisioning the Future of Behavioral Decision-Making: A Systematic Literature Review of

Behavioral Reasoning Theory. Australas. Mark. J. (AMJ) 2020, 28, 145–159. [CrossRef]
71. Bae, H.; Oh, J.-H. Biped robot state estimation using compliant inverted pendulum model. Robot. Auton. Syst. 2018, 108, 38–50.

[CrossRef]
72. Arunnaa, S.; Marwin, A.M.S. The Luxury Value Perception: Malaysian Emotional Intelligence Towards Purchase Intention. Voice

Acad. 2021, 17, 1–10. Available online: https://ir.uitm.edu.my/id/eprint/49990/ (accessed on 12 June 2023).
73. Park, B.; Chang, H.; Park, S.S. Adoption of Digital Devices for Children Education: Korean Case. Telematics Inform. 2019, 38,

247–256. [CrossRef]
74. Essien, A.; Chukwukelu, G. Deep Learning in Hospitality and Tourism: A Research Framework Agenda for Future Research. Int.

J. Contemp. Hosp. Manag. 2022, 34, 4480–4515. [CrossRef]
75. Davenport, T.; Guha, A.; Grewal, D.; Bressgott, T. How Artificial Intelligence Will Change the Future of Marketing. J. Acad. Mark.

Sci. 2020, 48, 24–42. [CrossRef]
76. Bisoi, S.; Mou Roy, D.; Samal, A. Impact of Artificial Intelligence in the Hospitality Industry. Int. J. Adv. Sci. Technol. 2020, 29,

4265–4276. Available online: http://sersc.org/journals/index.php/IJAST/article/view/13739 (accessed on 25 July 2023).
77. Chi, O.H.; Denton, G.; Gursoy, D. Artificially Intelligent Device Use in Service Delivery: A Systematic Review, Synthesis, and

Research Agenda. J. Hosp. Mark. Manag. 2020, 29, 757–786. [CrossRef]
78. Prentice, C.; Dominique Lopes, S.; Wang, X. Emotional intelligence or artificial intelligence–an employee perspective. J. Hosp.

Mark. Manag. 2020, 29, 377–403. [CrossRef]
79. Jasonos, M.; McCormick, R. Technology Integration for Restaurants & Hospitality Industry in the Year 2025. Degree Programme

Degree Programme in Tourism, Haaga-Helia University of Applied Sciences, 2017. Available online: https://www.theseus.fi/
bitstream/handle/10024/132779/Jasonos_Michael%20McCormick_Richard.pdf (accessed on 25 July 2023).

80. Khatri, M. How Digital Marketing along with Artificial Intelligence is Transforming Consumer Behaviour? Int. J. Res. Appl. Sci.
Eng. Technol. 2021, 9, 523–527. [CrossRef]

81. Sadangharn, P. Acceptance of Robots as Co-workers: Hotel Employees’ Perspective. Int. J. Eng. Bus. Manag. 2022, 14. [CrossRef]
82. Savela, N.; Turja, T.; Oksanen, A. Social Acceptance of Robots in Different Occupational Fields: A Systematic Literature Review.

Int. J. Soc. Robot. 2018, 10, 493–502. [CrossRef]
83. Turja, T.; Oksanen, A. Robot Acceptance at Work: A Multilevel Analysis Based on 27 EU Countries. Int. J. Soc. Robot. 2019, 11,

679–689. [CrossRef]
84. Hannola, L.; Richter, A.; Richter, S.; Stocker, A. Empowering Production Workers with Digitally Facilitated Knowledge Processes—

A Conceptual Framework. Int. J. Prod. Res. 2018, 56, 4729–4743. [CrossRef]

https://doi.org/10.1287/isre.11.4.342.11872
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.2307/3250981
https://doi.org/10.3390/su15065130
https://doi.org/10.2298/IJGI2201111V
https://doi.org/10.2307/249008
https://doi.org/10.1006/obhd.2000.2896
https://www.ncbi.nlm.nih.gov/pubmed/10973782
https://doi.org/10.1002/(SICI)1520-6653(199924)13:1%3C41::AID-DIR4%3E3.0.CO;2-S
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1111/j.1559-1816.2002.tb00236.x
https://doi.org/10.4018/IJSKD.2017040103
https://doi.org/10.4018/IJSKD.2019010102
https://doi.org/10.4018/IJCBPL.2017040101
https://doi.org/10.4018/IJSKD.2019040102
https://doi.org/10.1016/j.ausmj.2020.05.001
https://doi.org/10.1016/j.robot.2018.06.004
https://ir.uitm.edu.my/id/eprint/49990/
https://doi.org/10.1016/j.tele.2018.11.002
https://doi.org/10.1108/IJCHM-09-2021-1176
https://doi.org/10.1007/s11747-019-00696-0
http://sersc.org/journals/index.php/IJAST/article/view/13739
https://doi.org/10.1080/19368623.2020.1721394
https://doi.org/10.1080/19368623.2019.1647124
https://www.theseus.fi/bitstream/handle/10024/132779/Jasonos_Michael%20McCormick_Richard.pdf
https://www.theseus.fi/bitstream/handle/10024/132779/Jasonos_Michael%20McCormick_Richard.pdf
https://doi.org/10.22214/ijraset.2021.36287
https://doi.org/10.1177/18479790221113621
https://doi.org/10.1007/s12369-017-0452-5
https://doi.org/10.1007/s12369-019-00526-x
https://doi.org/10.1080/00207543.2018.1445877


Sustainability 2024, 16, 3172 25 of 26

85. Melian-Gonzalez, S.; Bulchand-Gidumal, J. A Model That Connects Information Technology and Hotel Performance. Tour. Manag.
2016, 53, 30–37. [CrossRef]

86. Anckar, B.; Walden, P. Introducing Web Technology in a Small Peripheral Hospitality Organization. Int. J. Contemp. Hosp. Manag.
2001, 13, 241–250. [CrossRef]

87. Shove, E.; Southerton, D. Defrosting the Freezer: From Novelty to Convenience. J. Mater. Cult. 2000, 5, 301–319. [CrossRef]
88. Cain, L.N.; Thomas, J.H.; Alonso, M., Jr. From Sci-Fi to Sci-Fact: The State of Robotics and AI in the Hospitality Industry. J. Hos.

Tour. Technol. 2019, 10, 624–650. [CrossRef]
89. Marinova, D.; de Ruyter, K.; Huang, M.H.; Meuter, M.L.; Challagalla, G. Getting Smart: Learning from Technology-Empowered

Frontline Interactions. J. Serv. Res. 2017, 20, 29–42. [CrossRef]
90. Lee, R.; Murphy, J.; Swilley, E. The Moderating Influence of Hedonic Consumption in an Extended Theory of Planned Behaviour.

Serv. Ind. J. 2009, 29, 539–555. [CrossRef]
91. Lin, H.; Chi, O.H.; Gursoy, D. Antecedents of Customers’ Acceptance of Artificially Intelligent Robotic Device Use in Hospitality

Services. J. Hosp. Mark. Manag. 2020, 29, 530–549. [CrossRef]
92. Gursoy, D.; Chi, O.H.; Lu, L.; Nunkoo, R. Consumers Acceptance of Artificially Intelligent (AI) Device Use in Service Delivery.

Int. J. Inf. Manag. 2019, 49, 157–169. [CrossRef]
93. Williams, P.; Soutar, G.N. Value, Satisfaction and Behavioral Intentions in an Adventure Tourism Context. Ann. Tour. Res. 2009, 36,

413–438. [CrossRef]
94. Voss, K.; Spangenberg, E.; Grohmann, B. Measuring the Hedonic and Utilitarian Dimensions of Consumer Attitude. J. Mark. Res.

2003, 40, 310–320. [CrossRef]
95. Mende, M.; Scott, M.L.; van Doorn, J.; Grewal, D.; Shanks, I. Service Robots Rising: How Humanoid Robots Influence Service

Experiences and Elicit Compensatory Consumer Responses. J. Mark. Res. 2019, 56, 535–556. [CrossRef]
96. Domínguez-Falcón, C.; Martín-Santana, J.D.; De Saá-Pérez, P. Human resources management and performance in the hotel

industry: The role of the commitment and satisfaction of managers versus supervisors. Int. J. Contemp. Hosp. Manag. 2016, 28,
490–515. [CrossRef]

97. Hughes, J.C.; Rog, E. Talent management: A strategy for improving employee recruitment, retention and engagement within
hospitality organizations. Int. J. Contemp. Hosp. Manag. 2008, 20, 743–757. [CrossRef]

98. Bakker, A.B.; Wilmar, B.; Schaufeli, N.; Leiter, M.P.; Toon, W. Work engagement: An emerging concept in occupational health
psychology. Work Stress 2008, 22, 187–200. [CrossRef]

99. Fahmi, T.M.; Mohamed, H.A.S. Examining the Relationship Between Talent Management Practices, Work Engagement and
Intention to Quit of Academic Staff: Insights from Egyptian Faculties of Tourism and Hotels. Int. J. Hosp. Tour. Syst. 2020, 13, 2485.
Available online: https://www.cabi.org/leisuretourism/abstract/20203188743 (accessed on 18 May 2023).

100. Lu, N.V.; Capezio, A.; Lloyd, S.; Restubog, D.; Garcia, P.R.J.; Wang, L. In pursuit of service excellence: Investigating the role of
psychological contracts and organizational identification of frontline hotel employees. Tour. Manag. 2016, 56, 8–19. [CrossRef]

101. Holland, D.; Scullion, H. Towards a talent retention model: Mapping the building blocks of the psychological contract to the three
stages of the acquisition process. Int. J. Hum. Resour. Manag. 2021, 32, 2683–2728. [CrossRef]

102. Kwon, K.; Kim, T. An integrative literature review of employee engagement and innovative behavior: Revisiting the JD-R model.
Hum. Resour. Manag. Rev. 2020, 30, 100704. [CrossRef]

103. Ali, M.B.; Quaddus, M.; Rabbanee, F.K.; Shanka, T. Community Participation and Quality of Life in Nature-Based Tourism:
Exploring the Antecedents and Moderators. J. Hosp. Tour. Res. 2022, 46, 630–661. [CrossRef]

104. Vinuesa, R.; Azizpour, H.; Leite, I.; Balaam, M.; Dignum, V.; Domisch, S.; Felländer, A.; Langhans, S.D.; Tegmark, M.; Fuso Nerini,
F. The Role of Artificial Intelligence in Achieving the Sustainable Development Goals. Nat. Commun. 2020, 11, 233. [CrossRef]

105. Bartlett, J.E.; Kotrlik, J.W.; Higgins, C.C. Organizational Research: Determining Appropriate Sample Size in Survey Research. Inf.
Technol. Learn. Perform. J. 2001, 19, 43–50. Available online: https://www.opalco.com/wp-content/uploads/2014/10/Reading-
Sample-Size1.pdf (accessed on 18 May 2023).

106. Horn, J.L. A rationale and test for the number of factors in factor analysis. Psychometrika 1965, 30, 179–185. [CrossRef]
107. Kaiser, H.F. A second generation little jiffy. Psychometrika 1970, 35, 401–415. [CrossRef]
108. Jilke, S. Measuring technological uncertainty and technological complexity: Scale development and an assessment of reliability

and validity. Int. J. Innov. Sci. 2021, 13, 381–400. [CrossRef]
109. Boslaugh, S.; McNutt, L.-A. Structural Equation Modeling. Encyclopedia Epidemiol. 2008, 26, 22512262. [CrossRef]
110. Maydeu-Olivares, A.; Joe, H. Limited- and Full-Information Estimation and Goodness-of-Fit Testing in 2n Contingency Tables: A

Unified Framework. J. Am. Stat. Assoc. 2005, 100, 1009–1020. [CrossRef]
111. Kenny, D.A.; McCoach, D.B. Effect of the Number of Variables on Measures of Fit in Structural Equation Modeling. Struct. Equ.

Model. 2003, 10, 333–351. [CrossRef]
112. Miles, J.; Shevlin, M. A Time and a Place for Incremental Fit Indices. Pers. Individ. Differ. 2007, 42, 869–874. [CrossRef]
113. Kamarozaman, Z.; Abdul Razak, F.Z. The Role of Facilitating Condition in Enhancing User’s Continuance Intention. Proc. J. Phys.

Conf. Ser. 2021, 1793, 012022. [CrossRef]
114. Akdim, K.; Casaló, L.V.; Flavián, C. The Role of Utilitarian and Hedonic Aspects in the Continuance Intention to Use Social

Mobile Apps. J. Retail. Consum. Serv. 2022, 66, 102888. [CrossRef]

https://doi.org/10.1016/j.tourman.2015.09.005
https://doi.org/10.1108/09596110110395938
https://doi.org/10.1177/135918350000500303
https://doi.org/10.1108/JHTT-07-2018-0066
https://doi.org/10.1177/1094670516679273
https://doi.org/10.1080/02642060802287189
https://doi.org/10.1080/19368623.2020.1685053
https://doi.org/10.1016/j.ijinfomgt.2019.03.008
https://doi.org/10.1016/j.annals.2009.02.002
https://doi.org/10.1509/jmkr.40.3.310.19238
https://doi.org/10.1177/0022243718822827
https://doi.org/10.1108/IJCHM-08-2014-0386
https://doi.org/10.1108/09596110810899086
https://doi.org/10.1080/02678370802393649
https://www.cabi.org/leisuretourism/abstract/20203188743
https://doi.org/10.1016/j.tourman.2016.03.020
https://doi.org/10.1080/09585192.2019.1569546
https://doi.org/10.1016/j.hrmr.2019.100704
https://doi.org/10.1177/1096348020980094
https://doi.org/10.1038/s41467-019-14108-y
https://www.opalco.com/wp-content/uploads/2014/10/Reading-Sample-Size1.pdf
https://www.opalco.com/wp-content/uploads/2014/10/Reading-Sample-Size1.pdf
https://doi.org/10.1007/BF02289447
https://doi.org/10.1007/BF02291817
https://doi.org/10.1108/IJIS-08-2020-0120
https://doi.org/10.4135/9781412953948.n443
https://doi.org/10.1198/016214504000002069
https://doi.org/10.1207/S15328007SEM1003_1
https://doi.org/10.1016/j.paid.2006.09.022
https://doi.org/10.1088/1742-6596/1793/1/012022
https://doi.org/10.1016/j.jretconser.2021.102888


Sustainability 2024, 16, 3172 26 of 26

115. Cao, G.; Duan, Y.; Edwards, J.S.; Dwivedi, Y.K. Understanding Managers’ Attitudes and Behavioral Intentions Towards Using
Artificial Intelligence for Organizational Decision-Making. Technovation 2021, 106, 102312. [CrossRef]

116. Kelly, S.; Kaye, S.-A.; Oviedo-Trespalacios, O. What Factors Contribute to the Acceptance of Artificial Intelligence? A Systematic
Review. Telemat. Inform. 2023, 77, 101925. [CrossRef]
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