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Abstract

Emerging technologies, such as artificial intelligence (AI), including chatbots, are now
transforming the hospitality and tourism industry. Chatbot technology is an excellent
tool for enhancing communication, boosting service delivery efficiency, reducing costs,
and improving the tourist experience. Despite their potential benefits, the adoption of AI-
powered chatbots in Goa’s hospitality and tourism industry remains low, underscoring the
need to identify the determinants influencing tourists’ behavioural intention to adopt this
technology and use behaviour. Therefore, this study examines the key determinants influ-
encing tourists’ behavioural intentions to adopt AI-powered chatbots in the hospitality and
tourism industry. In addition, the study also examines the impact of tourists’ behavioural
intentions to adopt AI-powered chatbots on use behaviour. For this purpose, a revised
UTAUT2 model is assessed by leveraging a quantitative research approach. Structured
questionnaires were distributed to a total of 400 inbound and outbound tourists, of which
227 respondents who were aware of AI-powered chatbots were chosen as the respondents
for this study based on purposive sampling. The collected data were analysed using Partial
Least Squares–Structural Equation Modelling (PLS-SEM) in SmartPLS 4.0. The findings re-
vealed that attitude, performance expectancy, effort expectancy, social influence, facilitating
conditions, and perceived enjoyment significantly influence tourists’ behavioural intention
to adopt AI-powered chatbots, whereas automation and habit do not significantly influence
their behavioural intention to adopt AI-powered chatbots. This study has implications for
tourism managers and policymakers in the tourism and hospitality industry, who can gain
insights into the factors that can encourage tourists to adopt AI-based facilities.

Keywords: artificial intelligence; AI-powered chatbots; hospitality and tourism; tourists’
behavioural intention to adopt; UTAUT2 model

1. Introduction
Technology is transforming the travel and tourism industry, acting as a key driver of

innovation and efficiency (Pillai & Sivathanu, 2020). Advanced technologies, including
chatbots, artificial intelligence (AI), and robotics, are reshaping operational practices within
the travel and tourism sector (Tussyadiah, 2020). AI-based systems not only facilitate
service and process automation but are also increasingly employed for direct customer
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interactions across various frontline services, thereby enhancing the overall guest experi-
ence (van Doorn et al., 2017). A chatbot is a computer software programme, often referred
to as a bot, designed to engage in natural language conversations with users (Dhiman &
Jamwal, 2023; Sumarjan et al., 2023). Chatbots have evolved into sophisticated systems
with advanced written and voice dialogue capabilities through developments in natural
language processing and artificial intelligence (Sumarjan et al., 2023).

Despite the numerous benefits that AI-powered chatbots offer in the hospitality and
tourism industries, research on chatbots has primarily focused on the technical aspects of
users’ attributions of human qualities to chatbots and their effects on communication (Hill
et al., 2015). Nevertheless, there is limited research about tourists’ behavioural intentions
to adopt these technologies, as well as their actual usage behaviour, which remains insuf-
ficiently understood, creating a critical knowledge gap for both researchers and industry
practitioners (Ayyildiz et al., 2022; Tuomi et al., 2021; Wirtz et al., 2018). Research suggests
that several factors may play a crucial role in shaping users’ intentions to adopt and interact
with these technologies. These include attitude, performance expectancy, effort expectancy,
social influence, facilitating condition, automation, habits and perceived enjoyment (Hakim
et al., 2022; A. Huang et al., 2024; de Kervenoael et al., 2020; Melián-González et al., 2021;
Sujood et al., 2024).

Moreover, previous researchers such as Pillai and Sivathanu (2020) and Sujood et al.
(2024) have utilised the theory of planned behaviour (TPB) and the technology acceptance
model (TAM) to provide valuable insights; however, these frameworks have limitations.
The TPB focuses on attitudes, subjective norms, and perceived behavioural control, while
the TAM emphasises perceived usefulness and ease of use, both of which overlook social,
hedonic, and habitual influences. The unified theory of acceptance and use of technology
(UTAUT) addressed some of these gaps by integrating performance expectancy, effort
expectancy, social influence, and facilitating conditions (Marghany et al., 2025), yet it
primarily targets organisational contexts.

The UTAUT proposed by Venkatesh et al. (2003) represents a comprehensive integra-
tion of the theory of reasoned action (TRA), TPB, and TAM. The UTAUT model identifies
four core determinants of technology adoption: performance expectancy, effort expectancy,
social influence, and facilitating conditions. Additionally, it incorporates four moderating
factors: age, gender, experience, and the voluntariness of use. Among the core determinants,
performance expectancy, effort expectancy, and social influence directly affect individuals’
behavioural intention to use technology and their actual usage behaviour. In contrast,
facilitating conditions do not directly influence behavioural intention but instead directly
affect actual usage behaviour. Notably, performance expectancy and effort expectancy align
closely with the TAM’s concepts of perceived usefulness and perceived ease of use (Davis,
1989), while social influence and facilitating conditions correspond to the TPB’s subjective
norms and perceived behavioural control (Ajzen, 1991).

Recognising the widespread application and significance of UTAUT, Venkatesh et al.
(2012) extended the model to create UTAUT2, incorporating three additional determinants,
namely hedonic motivation, price value, and habit, while removing the moderating factor
of voluntariness of use. Wen et al. (2023) identified three main applications of the UTAUT2
model, i.e., testing it in new contexts such as emerging technologies, varied user groups,
and cultural settings; incorporating additional constructs to strengthen its theoretical
mechanisms; and extending the original framework to broaden its scope and enhance its
explanatory power. Ali et al. (2024) modified the UTAUT by incorporating price value and
residency as moderating variables to examine their influence on the proposed relationships,
while Neves et al. (2025) extended the UTAUT2 model across five European countries,
finding that habit, environmental knowledge, information provision, and innovativeness
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significantly drive sustainable technology adoption, while social influence and price value
vary across countries.

Foroughi et al. (2025) also extended the UTAUT2 model and found that performance
expectancy, hedonic motivation, facilitating conditions, personal innovativeness, and risk
aversion significantly influence intention to use ChatGPT for travel planning. Low et al.
(2025) combined UTAUT and protection motivation theory (PMT) to examine factors
influencing employee pro-environmental and green behaviours. The findings show that
pro-environmental behaviour is driven by social influence and perceived severity, while
green behaviour is shaped by effort and performance expectancy. Despite its theoretical
advancements, UTAUT2 does not fully capture the evolving dynamics of contemporary
technology adoption, particularly in contexts characterised by rapid AI development and
increasing user complexity in the hospitality and tourism industry.

Although UTAUT2 adds constructs such as hedonic motivation, price value, and
habit (Çalışkan et al., 2025; Melián-González et al., 2021), its explanatory scope remains
constrained in highly contextualised service settings in tourism and hospitality. There-
fore, the following question arises: Do any determinants influence tourists’ intentions to
adopt AI-powered chatbots in the hospitality and tourism industry in Goa? Specifically,
UTAUT2 does not adequately capture users’ overall attitudes and intrinsic enjoyment, nor
does it sufficiently address perceptions of automation, which are particularly important
in tourists’ interactions with AI-powered chatbots. These dimensions are particularly
important in tourists’ interactions with AI-powered chatbots, where adoption decisions are
shaped not only by functional utility but also by emotional engagement and perceptions of
system intelligence.

Furthermore, to better capture the technological and experiential characteristics of
tourism and hospitality, and to fill the gaps in the literature, we propose the revised
UTAUT2 model (see Figure 1) by incorporating additional constructs, such as attitude,
perceived enjoyment, and automation, which are particularly relevant to tourists’ adoption
of AI-powered chatbots. Therefore, the study examines the key determinants influencing
tourists’ behavioural intentions to adopt AI-powered chatbots in the hospitality and tourism
industry. In addition, the study also examines the impact of tourists’ behavioural intentions
to adopt AI-powered chatbots on use behaviour.

Understanding these determinants provides valuable insights into tourist behaviour
and contributes to a more nuanced understanding of technology adoption in tourism. This
investigation is particularly relevant in Goa, where travel service providers are increasingly
integrating AI-enabled tools, yet tourist adoption of chatbot technologies remains uneven.
Goa’s diverse tourist population, with varying levels of digital literacy and technology
readiness, offers a suitable and realistic setting to examine how such determinants influence
the adoption of AI-powered chatbots. The findings therefore provide context-specific
and actionable guidance for hospitality managers, service providers, and policymakers
in Goa and similar emerging tourism destinations seeking to enhance AI implementation,
improve service delivery, and increase user acceptance of AI-powered technologies within
the tourism and hospitality sector.

The present study is structured as follows: Section 1 introduces the research back-
ground, problem, and objectives. Section 2 outline the literature review and hypothesis
development. Section 3 presents the research methodology, which includes the study
site, data collection, sampling design, constructs measurement and analysis techniques.
Section 4 presents the analysis of the results, while Section 5 discusses the findings and
their implications. Finally, Section 6 presents the conclusion, highlighting key insights,
limitations, and directions for future research.
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2. Literature Review
The revised UTAUT2 model, mainly applied in the hospitality and tourism industry,

proposes that a tourist’s behavioural intention to adopt AI-powered chatbots is influenced
by multiple factors, including performance expectancy, effort expectancy, social influence,
facilitating conditions, attitude, automation, habit, and perceived enjoyment. In addition,
the model posits that tourists’ behavioural intention to adopt AI-powered chatbots directly
affects use behaviour. For this study, the model was adapted to fit the specific context of AI-
powered chatbots in the hospitality and tourism industry. Each construct is hypothesised
to have a direct and significant impact on user adoption and usage behaviour. The inter-
relationships among these constructs are analysed and discussed in the following section,
and specific hypotheses are developed to reflect the adaptation of UTAUT2 constructs to
the study’s objectives and context.

2.1. Performance Expectancy

Performance expectancy, as conceptualised in the UTAUT, is closely related to the
TAM’s ‘perceived usefulness’ construct. Davis (1989) defines perceived usefulness as “the
degree to which individuals believe that using a particular technology will enhance their
job performance or overall effectiveness”. Venkatesh et al. (2003) extend this idea in the
UTAUT model by framing it as performance expectancy, which emphasises “the degree
to which an individual believes that using the system will help him or her to attain gains
in job performance”. This terminology is also used by Pillai and Sivathanu (2020) and
Sujood et al. (2024), who emphasise that the two constructs are theoretically analogous and
highlight the central role of perceived performance improvement in driving technology
adoption decisions.

Performance expectancy, also known as perceived usefulness, has a significant influ-
ence on technology adoption intentions in the tourism sector. Studies have shown that
users are more likely to adopt technologies in tourism and hospitality when they perceive
them as beneficial and efficient. This has been observed across various contexts, including
self-service hotel technologies (Hakim et al., 2022; Kaushik et al., 2015; J. J. Kim & Han,
2022; Lata, 2021; Lim et al., 2024), business-to-consumer (B2C) airline websites (H. Kim
et al., 2009), and AI-powered chatbots and smart technology (Ali et al., 2024; Dhiman &
Jamwal, 2023; Melián-González et al., 2021; Pillai & Sivathanu, 2020; Rafdinal et al., 2021;
Sujood et al., 2024). Venkatesh et al. (2003) identified performance expectancy as one of the
strongest predictors of behavioural intention to adopt technology. Based on this theoretical
foundation, the following hypothesis is proposed:

H1: Performance expectancy significantly influences tourists’ behavioural intention to adopt
AI-powered chatbots.

2.2. Effort Expectancy

Effort expectancy is defined as “the degree of ease associated with the user’s use
of technology” (Venkatesh et al., 2012) and has consistently been recognised as a key
factor influencing technology adoption. In the TAM, a closely related construct to effort
expectancy is referred to as ‘perceived ease of use’, which suggests that when consumers
believe a system can be used with little effort, they are more likely to adopt it (Davis,
1989). A substantial body of literature supports this construct as a determinant of adoption
behaviour. For instance, studies by Faqih (2022), Pillai and Sivathanu (2020), Rasheed
et al. (2023b), Shen et al. (2022), and Yavuz et al. (2021) have demonstrated that perceived
ease of use significantly predicts behavioural intention to use various digital technologies,
including e-commerce platforms, mobile applications, and online services.
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In parallel, other scholars have employed the terminology of ‘effort expectancy’,
especially when applying the UTAUT model in the travel and tourism industry (Lata,
2021; Ma & Huo, 2023; Melián-González et al., 2021). Despite differences in terminology,
both constructs, such as perceived ease of use and effort expectancy, converge on the
notion that ease and simplicity of interacting with technology reduce barriers to adoption
and encourage user acceptance. In service-oriented industries such as hospitality and
tourism, this factor becomes particularly salient. Travellers and guests typically seek
quick, seamless, and convenient interactions when booking hotels, accessing concierge
services, or requesting travel information. It can be logically posited that if AI-powered
chatbots are perceived as user-friendly, intuitive, and easy to learn, customers would
be more inclined to adopt them as part of their service experience. Conversely, it is
reasonable to assume that if such chatbots are perceived as complex or difficult to use, their
likelihood of adoption would diminish, even if they offer substantial functional benefits.
Given this theoretical and empirical grounding, effort expectancy is considered a vital
antecedent of behavioural intention to adopt AI-powered chatbots within the revised
UTAUT2 framework, particularly in contexts where user experience and service efficiency
are central. Therefore, the following hypothesis is proposed:

H2: Effort expectancy significantly influences tourists’ behavioural intention to adopt AI-
powered chatbots.

2.3. Social Influence

The concept of social influence, also referred to as social norms or subjective norms,
was first introduced in the TRA by Ajzen and Fishbein (1975), where it was defined as “the
individual’s perception that most people who are important to him think he should or
should not perform the behaviour in question”. Later, in the TPB, Ajzen (1991) emphasised
that individuals are strongly influenced by peer groups in their decision to adopt or use a
new technology, highlighting that social approval or disapproval can significantly shape
behavioural intentions. Building on this, the UTAUT conceptualises social influence as “the
degree to which an individual is influenced by family, friends, or other important referents
to use a particular technology” (Venkatesh et al., 2003). Social influence has since been
widely recognised as a core determinant of behavioural intention in technology adoption,
consistently validated in the UTAUT and UTAUT2 models (Venkatesh et al., 2003, 2012).

Empirical research across various domains has further reinforced the importance
of social influence. For instance, Ma and Huo (2023) confirmed its role in shaping the
adoption of AI technologies, while Faqih (2022) highlighted its significance in the gaming
industry. In the hospitality, travel, and tourism sector, multiple studies such as Lata (2021),
Melián-González et al. (2021), Ronaghi and Ronaghi (2022), Sujood et al. (2024), and
Tussyadiah and Miller (2019) demonstrated that individuals’ choices are frequently guided
by the opinions and recommendations of peers, family members, and social networks. This
influence is particularly evident in travel-related decisions, where travellers often rely on
trusted sources to select hotels, plan itineraries, and evaluate service experiences. Within
this context, the adoption of AI-powered chatbots in hospitality and tourism may also be
shaped by social influence, as travellers are likely to form favourable intentions when family,
friends, or peer groups recommend or endorse the technology. Therefore, grounded in both
theoretical and empirical evidence, the present study proposes the following hypothesis:

H3: Social influence significantly influences tourists’ behavioural intention to adopt AI-powered chatbots.

2.4. Facilitating Conditions

Facilitating conditions refer to “the degree to which an individual believes the organi-
sational and technical infrastructure exists to support the use of the system” (Venkatesh
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et al., 2003). When individuals believe that adequate support structures, such as reliable
technology, access to resources, and organisational assistance, are in place, they are more
likely to engage with and adopt new technologies. Within the UTAUT, facilitating con-
ditions are considered a critical determinant of technology adoption, as they capture the
extent to which users feel empowered by supportive infrastructure, including hardware,
software, training, and technical support services (Oye et al., 2014). This construct closely
parallels the concept of perceived behavioural control in the TPB, which emphasises in-
dividuals’ perceptions of the ease or difficulty of performing a behaviour based on the
availability of resources, knowledge, and capabilities (Ajzen, 1991). Both perspectives
suggest that when individuals perceive fewer barriers and greater support, their likelihood
of adopting and using technology increases. Therefore, in this study, facilitating conditions
are recognised as a central factor influencing chatbot adoption.

Prior research provides empirical evidence supporting the significance of facilitating
conditions in shaping behavioural intentions toward technology adoption. For instance,
Palau-Saumell et al. (2019) found that facilitating conditions strongly influenced users’
intentions to adopt mobile applications in the restaurant sector. Similarly, Chiao et al. (2018)
demonstrated that facilitating conditions played a primary role in driving the intention
to use a virtual platform in cultural tourism education. Escobar-Rodríguez and Carvajal-
Trujillo (2014) also identified facilitating conditions as a key predictor of online purchase
intentions. However, it was found to be relatively less influential than other UTAUT
constructs. In the tourism industry, Ronaghi and Ronaghi (2022) found that facilitating
conditions positively affect the perceived value, indicating that internet infrastructure
and knowledge-based capabilities positively influence its use. Collectively, these find-
ings highlight that facilitating conditions, while varying in relative importance across
contexts, consistently shape technology adoption and usage behaviours. Drawing on these
insights, the present study posits that facilitating conditions will significantly influence the
behavioural intention to adopt AI-powered chatbots. Accordingly, the following research
hypothesis is proposed:

H4: Facilitating conditions significantly influence tourists’ behavioural intention to adopt AI-
powered chatbots.

2.5. Attitude

Attitude is referred to as “the positive and negative judgment of a consumer’s willing-
ness to adopt a given behaviour” (Ajzen & Fishbein, 1975). It has been widely recognised
as a critical determinant of behavioural intention to adopt AI technologies (Ajzen, 1991).
Empirical studies indicate that individuals with positive attitudes toward AI are more likely
to use it (Ayyildiz et al., 2022; Cha, 2020; Melián-González et al., 2021; Rasheed et al., 2023a;
Sujood et al., 2024). Specifically, Ayyildiz et al. (2022) found that favourable perceptions
of AI’s usefulness and ease of interaction enhance users’ willingness to engage with AI
systems, while Cha (2020) highlighted that trust and perceived benefits strengthen the link
between attitude and adoption intention.

In the hospitality and tourism industry, Melián-González et al. (2021) and Sujood
et al. (2024) reported that tourists’ positive attitudes toward AI-powered services, such as
chatbots for hotel bookings and itinerary planning, significantly shape their intention to
use these technologies. Rasheed et al. (2023a) further emphasised that user perceptions
of convenience, responsiveness, and personalisation contribute to favourable attitudes,
which in turn encourage adoption. Collectively, these studies suggest that fostering positive
attitudes through intuitive design, clear communication of benefits, and integration of
AI-powered chatbots is key to enhancing tourists’ behavioural intention. In the revised
UTAUT2 model, attitude plays a significant role alongside the other key determinants,
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underscoring the importance of favourable user perceptions for technology adoption in the
hospitality and tourism industry. Therefore, the hypothesis is proposed as follows:

H5: Attitude significantly influences tourists’ behavioural intention to adopt AI-powered chatbots.

2.6. Automation

As automation continues to reshape service industries, machines are increasingly
performing tasks traditionally carried out by humans (Pol & Reveley, 2017). Public concerns
persist that robots and AI technologies may replace human jobs (Wike & Stokes, 2018).
Recent large-scale bibliometric research by Gavrila et al. (2025) demonstrates that AI
automation has expanded rapidly across industries, becoming increasingly specialised in
organisational tasks and decision-making processes. Their findings show that AI extends
beyond routine automation to enable innovation, productivity enhancement, and strategic
transformation. This evolution provides strong theoretical support for the adoption of
AI-powered chatbots, as such systems represent specialised, task-oriented automation tools.

In hospitality and tourism, AI advances traditional automation by shifting from rou-
tine task efficiency to intelligent, data-driven personalisation and decision-making, thereby
transforming workforce roles and performance (Jabeen et al., 2022). Similarly, Melián-
González et al. (2021) proposed that consumers’ negative attitudes toward chatbots may
stem from the perception that these technologies are replacing tasks and services that
humans have traditionally performed. However, empirical findings demonstrate a direct,
positive, and significant relationship between perceptions of automation and chatbot usage
intention. These advancements highlight a positive and significant relationship between
AI-driven automation and service outcomes. Within the revised UTAUT2 proposed by
Venkatesh et al. (2012), positive perceptions of automation, such as efficiency, convenience,
and innovativeness, align with performance expectancy, effort expectancy, and hedonic mo-
tivation. These favourable beliefs positively and significantly influence users’ behavioural
intention to adopt AI-powered chatbots. Thus, automation acts as a key perceptual driver
of chatbot acceptance. In the present study, automation is defined as “the application of
machines to tasks once performed by human beings or, increasingly, to tasks that would
otherwise be impossible”. Accordingly, it is hypothesised that favourable attitudes toward
automation are positively and significantly related to tourists’ behavioural intention to use
AI-powered chatbots. Therefore, the hypothesis is proposed:

H6: Automation significantly influences tourists’ behavioural intention to adopt AI-powered chatbots.

2.7. Habit

Habit is referred to as “the extent/degree to which users/consumers use technology
behaviours automatically because of learning” (Venkatesh et al., 2012). Users use technol-
ogy, and when they realise that it is easy and comfortable, they become repeat customers
(Lata, 2021). In the UTAUT2 proposed by Venkatesh et al. (2012), habit is introduced as a
key construct that captures the extent to which individuals perform behaviours automati-
cally as a result of learning. It reflects how repeated interactions with a technology shape
users’ behaviour, making their use more automatic and less deliberate. When individuals
develop stronger habits of using a technology, they are more likely to exhibit a higher
intention to continue using it (Escobar-Rodríguez & Carvajal-Trujillo, 2014).

In the context of AI-powered chatbots in tourism, habit plays a particularly crucial role.
Travellers who frequently use AI tools for booking, information, or assistance are likely to
develop habitual patterns that make chatbot usage more automatic and appealing. Once
the interaction becomes familiar and comfortable, travellers are less likely to resist using
AI-driven interfaces, thereby reinforcing their behavioural intentions. Studies grounded in
the UTAUT2 highlight habit as a key predictor of behavioural intention and technology
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use. For instance, Escobar-Rodríguez and Carvajal-Trujillo (2014) found that habitual
online booking behaviour significantly strengthens consumers’ intention to purchase hotel
rooms and flight tickets. Similarly, Lata (2021) found that prior repeated use reinforces
intention in digital service contexts. Ali et al. (2024) and Melián-González et al. (2021) show
that habitual interaction with digital tools increases continued usage intention. Likewise,
Wen et al. (2023) demonstrated that habit significantly predicts visitors’ intention to use
smart technologies at cultural heritage sites. Collectively, these findings suggest that
repeated prior use fosters automaticity, thereby positively and significantly influencing
behavioural intentions in tourism and hospitality settings. Therefore, it can be inferred that
travellers’ technology use habits significantly influence their behavioural intention to adopt
AI-powered chatbots. Based on this reasoning, the following hypothesis is proposed:

H7: Habit has a significant influence on tourists’ behavioural intention to adopt AI-powered chatbots.

2.8. Perceived Enjoyment

Perceived enjoyment refers to “the intrinsic drive of an individual that relates to how
users perceive something as enjoyable and pleasurable, regardless of the consequences”
(Davis et al., 1992). It reflects the subjective pleasure or satisfaction a person experiences
while performing a task or engaging in a particular behaviour (Moon & Kim, 2001). In the
context of tourism, Do et al. (2020) described perceived enjoyment as a feeling arising from
the interaction between an individual’s experiences and their surrounding environment.
This highlights that enjoyment is not only a personal emotional state but also a response
to situational factors. Within the UTAUT2 framework, perceived enjoyment is identified
as a key hedonic motivator influencing users’ behavioural intentions. It represents a
user’s internal satisfaction and pleasure derived from using a technology, rather than
from achieving functional benefits (Venkatesh et al., 2012). Hence, perceived enjoyment
embodies intrinsic motivation, as it stems from the inherent pleasure of performing the
activity itself (Orden-Mejía & Huertas, 2022).

In technology-enabled service settings, perceived enjoyment often refers to the plea-
sure users experience when interacting with digital tools or systems. For instance, Melián-
González et al. (2021) demonstrated that enjoyment has a significant impact on users’
intentions to engage with chatbots in travel-related contexts. It also enhances users’ engage-
ment and willingness to use the technology in robot-serviced restaurants (Cha, 2020) and
mobile augmented reality games (Faqih, 2022). Similarly, studies in hospitality and tourism
(Do et al., 2020; A. Huang et al., 2024; Orden-Mejía & Huertas, 2022; Ronaghi & Ronaghi,
2022) show that hedonic experiences strengthen adoption intentions. In online purchasing
environments, Goli et al. (2023) further confirm that enjoyment positively and significantly
influences intention to use AI-powered chatbots. Thus, it is evident that perceived enjoy-
ment predicts continuance intention in technological environments, particularly in chatbot
applications. Therefore, the study proposes the following:

H8: Perceived enjoyment significantly influences tourists’ behavioural intention to adopt AI-
powered chatbots.

2.9. Tourists’ Behavioural Intention to Adopt AI-Powered Chatbots

Behavioural intention is defined as “the subjective probability of an individual’s
engagement in a certain behaviour” (Fishbein & Ajzen, 1975) and explains and predicts
users’ acceptance of new technology (Davis, 1989; Venkatesh et al., 2003). Actual use
behaviour refers to “an individual’s eagerness to use technology and continue to utilise
it further” (Venkatesh et al., 2012). Behavioural intention is the proximal predictor of
actual usage. It reflects a person’s motivation to perform a specified behaviour, thereby
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influencing actual usage (Fishbein & Ajzen, 1975). The UTAUT2 model provides flexibility
to incorporate additional constructs, offering a more comprehensive understanding of user
behaviour in technology adoption (Chao, 2019). Although developed through a review of
prior technology acceptance models, UTAUT is not exhaustive, and other factors may also
impact technology acceptance (Venkatesh et al., 2016).

Empirical studies have consistently demonstrated a strong and positive relationship
between behavioural intention and actual technology use across various contexts. For
example, Davis (1989) showed that users’ intentions to adopt a system strongly predicted
their actual use in workplace settings. Similarly, Venkatesh et al. (2003, 2012) confirmed
this relationship in both organisational and consumer technology contexts, highlighting
that intention is a reliable indicator of subsequent usage behaviour. More recent studies
in tourism and service contexts further confirm that behavioural intention is a strong
predictor of actual technology use. Research by Ali et al. (2024) found that positive
attitudes, trust, and perceived usefulness significantly increase both intention and actual
use of digital technologies in tourism. Lata (2021) showed that behavioural intention
mediates the effect of perceived benefits on continued usage. Similarly, Pillai and Sivathanu
(2020) demonstrated that performance expectancy and organisational support significantly
predict intention, which in turn drives actual technology use. These studies collectively
underscore the critical role of behavioural intention as a precursor to actual adoption and
use of technology. Thus, travellers’ behavioural intentions significantly influence their
use behaviour of AI-powered chatbots. Based on this rationale, the following hypothesis
is proposed:

H9: Tourists’ behavioural intention to adopt AI-powered chatbots significantly impacts the use behaviour.

 

Figure 1. Theoretical framework of the revised UTAUT2 model.

Figure 1 illustrates the conceptual framework that examines the factors influencing
the adoption and use of AI-powered chatbots in the hospitality and tourism industries.
At the core of the model is the “Behavioural Intention to Adopt AI-powered Chatbots”,
which serves as the immediate predictor of actual “Use Behaviour”. This relationship
suggests that the stronger the behavioural intention to adopt, the more likely a user is to
utilise AI-powered chatbots. Furthermore, several antecedents, including performance
expectancy, effort expectancy, social influence, facilitating conditions, attitude, automation,
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habits, and perceived enjoyment, are hypothesised to influence the behavioural intention to
adopt AI-powered chatbots. Together, these constructs create a comprehensive model that
integrates cognitive, social, and affective factors to explain both the behavioural intention
to adopt AI-powered chatbots and their actual usage behaviour. The framework offers
a multidimensional view, combining theories such as TPB, TAM, UTAUT, and UTAUT2,
providing a robust explanation of AI-powered chatbot adoption.

3. Materials and Methods
3.1. Study Site

The present research was conducted by the researcher in Goa, situated on the western
coast of India. Goa is one of the country’s most prominent tourist destinations, attracting
both domestic and international visitors due to its stunning beaches, rich cultural heritage,
vibrant festivals, and thriving hospitality industry (Directorate of Planning Statistics &
Evaluation—DPSE, 2023a; Incredible India, n.d.). The state has also witnessed rapid tech-
nological innovation and digital transformation in the hospitality and tourism sector, with
a highly competitive, service-intensive approach to cater to a diverse customer segment.
The high volume of tourists and the need for efficient service delivery create a conducive
environment for implementing technology-driven solutions such as chatbots (Narayan,
2024). These systems can assist with travel planning, virtual concierges, automated booking
systems, and chatbot interfaces, providing an opportunity to study real-world usage and
adoption patterns, as well as customer support, which is particularly valuable in desti-
nations with seasonal tourist influxes and multilingual businesses (Sujood et al., 2024).
The diverse tourist population, comprising domestic travellers, international visitors, and
repeat tourists, enables a comprehensive assessment of different user expectations, pref-
erences, and behavioural intentions toward AI-based technologies. In such a diverse and
dynamic tourism environment, with varying levels of digital literacy and a wide range
of hospitality services, tourists’ interactions with AI-powered chatbots in Goa make it
particularly suitable for applying the revised UTAUT2 model. Therefore, this will allow the
researcher to capture real-world insights into how AI-based service automation is perceived
and utilised across different tourist segments, thereby providing actionable knowledge for
service providers seeking to implement AI-driven solutions effectively.

3.2. Source of Data Collection

The primary data for this study were collected from inbound and outbound tourists
aged 18 years and above who had undertaken at least one leisure or business trip within
the past year. Participants were required to have prior experience using digital technologies
for travel, such as booking services or interacting with AI-powered tools, such as chatbots.
Only those who had engaged with tourism or hospitality providers that employed such
technologies and had willingly participated in the survey were included in the sample.
This study is based on quantitative data collected using structured questionnaires. The
researcher used a self-administered questionnaire method to collect data from the targeted
respondents. The targeted respondents here are the inbound and outbound tourists. Here,
inbound tourists refer to those who travel to the state of Goa, India, from any other state in
India or from another country. These tourists visit Goa for various reasons, including leisure,
holidays, business, and other purposes. Outbound tourists are residents of Goa who travel
to destinations outside the state or country for leisure, business, or other purposes. These
individuals are departing from Goa and travelling to other regions, either within India or
internationally. Inbound and outbound tourists were included to capture diverse travel
experiences and technology usage patterns across different travel contexts. Inbound tourists
may rely more heavily on AI-powered chatbots for destination information, local navigation,
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and service coordination in unfamiliar environments, whereas outbound tourists may
use such technologies for trip planning, booking management, and pre-travel support.
Including both groups enhances the generalisability of the findings, reduces contextual
bias, and provides a more comprehensive understanding of AI-powered chatbot adoption
behaviour within the tourism sector. The interaction with these tourists took place at
various locations in Goa, spanning both North Goa and South Goa. Respondents were
approached at key tourist locations, including airports, hotels, travel agencies, and popular
tourist sites.

3.3. Sampling Design

The sampling design was implemented in two stages. At the first stage, the researcher
drew a sample size based on the total number of inbound and outbound tourists in the state.
It was noted that the population of inbound tourists is approximately 7,187,850, and the
outbound tourists approximately 1,575,000 (Directorate of Planning Statistics & Evaluation—
DPSE, 2023a, 2023b; Ministry of Home Affairs [MHA], 2011). Therefore, the total population
identified for the study was 8,762,950. The identification of the total population informed
the sample size selection for the present study. The required sample size for this study was
determined using (Krejcie & Morgan, 1970). The sample size determination table indicated
a sample size of 384 respondents, since the sample size determination method given by
Krejcie and Morgan (1970) provided nearly identical results, which supports the adequacy
of the estimated sample. However, to enhance the reliability of the findings, account for
potential non-responses, and ensure a sufficiently representative dataset, the final sample
size proposed for this study was 400 respondents.

Prior to the main data collection, the questionnaire underwent content validity as-
sessment through expert review. The instrument was evaluated by academic and industry
experts in the research community. Their feedback focused on clarity, relevance, wording,
and contextual appropriateness of the items. Based on their suggestions, minor modifi-
cations were made to enhance the instrument’s content validity and comprehensibility.
Subsequently, a pilot study was conducted among 38 inbound and outbound tourists across
major tourist destinations in North and South Goa to assess the instrument’s reliability
and practicality. The pilot study helped assess the clarity of items, response patterns,
and preliminary reliability of the constructs. The results indicated satisfactory internal
consistency, confirming the instrument’s suitability for the full-scale survey.

During the second stage of sampling, the researcher employed purposive sampling
techniques to identify suitable participants. Purposive sampling was used to ensure
that only respondents with prior experience using AI-powered chatbots for travel-related
purposes who had used them at least once during their travel journey were included.
Since chatbot adoption is experience-based and not all tourists have interacted with such
technology, a screening question helped identify qualified participants while maintaining
consistency in the sampling process. This dual approach enabled the researcher to access
a more targeted, relevant pool of participants, ensuring that the collected data reflected
meaningful insights into tourists’ experiences with AI-powered chatbot technologies.

The final data were initially collected from 400 respondents, consisting of 200 inbound
and 200 outbound tourists, to ensure balanced representation of different tourist segments
and enhance generalizability. However, after applying data screening procedures, includ-
ing the removal of incomplete responses and inconsistent answer patterns, a total of 227
valid questionnaires were retained, comprising 118 inbound and 109 outbound tourists.
Only fully completed and valid responses were included in the final analysis to ensure
data quality and robustness of results. This reflects an effective response rate of approx-
imately 53%, ensuring a reliable and representative dataset for analysis. The adequacy
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of the sample size was assessed using the 10-times rule commonly applied in PLS-SEM
analysis. According to this rule, the minimum sample size should be at least ten times the
maximum number of structural paths directed at any construct in the model (Hair et al.,
2019, 2022). In the present study, the most complex construct receives fewer than ten direct
paths, indicating that the required minimum sample size is substantially lower than 227.
Therefore, the final sample of 227 valid responses exceeds the recommended threshold and
is considered sufficient for reliable structural model estimation.

3.4. Constructs Measurement

The primary research instrument for this study was a structured questionnaire de-
signed using a 5-point Likert scale, where 1 represented ‘strongly disagree’, 2 represented
‘disagree’, 3 represented ‘neutral’, 4 represented ‘agree’, and 5 represented ‘strongly agree’.
The questionnaire was organised into two sections to comprehensively address the study’s
objectives. Section A focused on recording respondents’ demographic profiles, including
gender, type of tourist, age, education level, and occupation. Section B was developed to
explore the factors influencing respondents’ adoption of AI-chatbots in the hospitality and
tourism sector, covering aspects such as performance expectancy (4 items), adapted from T.
L. Huang et al. (2023), Li and Jiang (2023), and Rasheed et al. (2023a); effort expectancy
(3 items), adapted from T. L. Huang et al. (2023), Li and Jiang (2023), and Rasheed et al.
(2023a); social influence (4 items), adapted from Melián-González et al. (2021) and Ron-
aghi and Ronaghi (2022); facilitating conditions (3 items), adapted from Gudowsky et al.
(2023), Ronaghi and Ronaghi (2022), and Venkatesh et al. (2016); attitude (3 items), adapted
from Ajzen (1991), Davis (1989), Li and Jiang (2023), and Rasheed et al. (2023a); automa-
tion (3 items), adapted from Melián-González et al. (2021); habit (3 items), adapted from
Melián-González et al. (2021) and Venkatesh et al. (2012); perceived enjoyment (3 items),
adapted from Li and Jiang (2023), Rasheed et al. (2023a), and Ronaghi and Ronaghi (2022);
behavioural intention to adopt AI-powered chatbots (4 items), adapted from Li and Jiang
(2023), Rasheed et al. (2023a), and Venkatesh et al. (2012); and use behaviour (3 items),
adapted from Ronaghi and Ronaghi (2022) and Venkatesh et al. (2012).

3.5. Data Analysis Tools and Techniques

For the analysis and interpretation of the collected data, the Partial Least Squares–
Structural Equation Modelling (PLS-SEM) technique was employed with SmartPLS 4.0.
This technique was chosen as it is particularly effective for examining complex relationships
among constructs, testing measurement models, and assessing both direct and indirect
effects within the research framework. It is widely used in social science research, as it is
suitable for non-normal data and supports both small and large sample sizes (Hair et al.,
2013, 2017, 2014b). Melián-González et al. (2021) and Pillai and Sivathanu (2020) have
used the PLS-SEM technique in the context of technology adoption, demonstrating its
robustness in analysing complex models that involve multiple construct relationships. This
methodological strength makes PLS-SEM particularly suitable for investigating the adop-
tion of AI-powered chatbots within the hospitality and tourism industry. Given the sector’s
dynamic nature and the interplay of technological, behavioural, and experiential factors in-
fluencing adoption decisions, PLS-SEM enables a comprehensive assessment of both direct
and indirect relationships among variables. Therefore, applying PLS-SEM in this research
context enables a nuanced understanding of how these factors collectively influence the
adoption of AI-driven chatbot technologies in the hospitality and tourism sectors.
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4. Results
4.1. Demographic Profile of the Respondents

Table 1 shows that most respondents were male (58%) compared to female (42%). In
terms of tourist types, a significant portion of respondents (52%) were inbound tourists,
while the rest (48%) were outbound tourists. The age distribution of respondents varied,
with the largest group being those aged 18 to 30 (58%), followed by those aged 31 to 40
(23%), 41 to 50 (14%), 51 to 60 (4%), and those aged 61 and above (2%). In terms of education,
the majority of respondents were graduates (53%), followed by postgraduates (31%), those
with higher secondary education (11%), and others (5%). Finally, occupation-wise, the
majority were private-sector employees (44%), followed by students (25%), self-employed
individuals (12%), government-sector employees (11%), and others (8%).

Table 1. Demographic profile of respondents (n = 227).

Particulars Frequency Percent

Gender
Male 132 58
Female 95 42

Type of Tourist Inbound Tourists 118 52
Outbound Tourists 109 48

Age (Years)

18 to 30 132 58
31 to 40 51 23
41 to 50 31 14
51 to 60 8 4
Above 60 5 2

Education

Up to Higher Secondary School 25 11
Graduate 120 53
Postgraduate 71 31
Others 11 5

Occupation

Self-employed 28 12
Private-sector employee 100 44
Government-sector employee 24 11
Student 56 25
Others 19 8

Source: Author’s work using primary data.

4.2. Determinants of Tourists’ Behavioural Intention to Adopt AI-Powered Chatbots for the
Hospitality and Tourism Industry

Prior to hypotheses testing, the data were examined for normality and common
method bias. Normality was assessed using skewness and kurtosis statistics for all mea-
surement items, although this is not a prerequisite for PLS-SEM. The results indicated
that the values fell within the acceptable range of ±2, suggesting that the data did not
significantly deviate from normality and were appropriate for multivariate analysis. To
evaluate common method bias, Harman’s single-factor test was conducted by entering all
measurement items into an unrotated exploratory factor analysis. The findings showed
that a single factor accounted for well below the commonly accepted threshold of 50%.
Therefore, common method bias is unlikely to be a serious concern in this study. This
indicates that common method bias is unlikely to pose a serious threat to the validity of the
study’s results.

4.2.1. Measurement Model

The measurement model results presented in Table 2 provide strong evidence of
reliability and validity for the constructs examined in the study on AI chatbot adoption.
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The variance inflation factor (VIF) values are all well below the critical cut-off of 5 (Hair
et al., 2019), confirming that multicollinearity is not a concern. Across all constructs, the
standardised factor loadings exceed the recommended threshold of 0.70, indicating that the
individual items are strong indicators of their respective latent variables.

In terms of reliability, the CA values consistently exceed the acceptable benchmark
of 0.70, ranging from 0.728 to 0.911, which suggests strong internal consistency. Similarly,
CR values range from 0.834 to 0.944, all of which surpass the minimum threshold of
0.70, thereby confirming the reliability of the constructs. Convergent validity is further
established through the AVE, with all constructs exceeding the recommended 0.50 cut-
off. Notably, constructs such as ‘habit’ (0.721) and ‘perceived enjoyment’ (0.778) show
particularly high convergent validity, indicating that their items capture the construct
exceptionally well. Thus, the measurement model demonstrates robust psychometric
properties, thereby providing a solid foundation for subsequent structural model testing to
examine the relationships among the constructs.

Table 2. Showing multicollinearity, reliability and validity assessment.

Constructs and Statements VIF SL CA CR AVE

Attitude (ATT)

ATT1← It is a good idea to use AI applications. 1.494 0.809

0.752 0.858 0.668ATT2← I have a favourable attitude towards AI applications. 1.501 0.796

ATT3← For me, using AI technology is a pleasurable experience. 1.529 0.846

Automation (AUT)

AUT1← I believe that chatbots will enhance and support the work done by
employees. 1.813 0.780

0.743 0.844 0.643AUT2← Chatbots will perform tasks currently handled by humans,
improving efficiency. 1.504 0.767

AUT3← Firms will increasingly integrate chatbots to complement their
workforce and optimise operations. 1.403 0.856

Effort Expectancy (EFF)

EFF1← Learning how to use chatbots is easy for me. 2.214 0.849

0.803 0.883 0.716EFF2← I find chatbots easy to use. 2.311 0.871

EFF3← It is easy for me to become skilled at using a chatbot. 1.408 0.817

Facilitating Condition (FAC)

FAC1← I have all the necessary resources for using the AI technology. 1.626 0.822

0.728 0.847 0.650FAC2← I can acquire sufficient knowledge to utilise AI technology. 1.683 0.861

FAC3← AI technology is generally compatible with the other technologies
that I currently use. 1.262 0.729

Habit (HAB)

HAB1← The use of chatbots has become a habit for me. 1.822 0.865

0.806 0.886 0.721HAB2← Using chatbots has become natural to me. 1.643 0.832

HAB3← I use chatbots regularly. 1.810 0.849

Perceived Enjoyment (PEE)

PEE1← Using AI technology will provide me with much enjoyment. 1.780 0.826

0.857 0.913 0.778PEE2← Using AI technology will be much fun. 2.901 0.923

PEE3← Using the AI technology will be very exciting. 2.513 0.894
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Table 2. Cont.

Constructs and Statements VIF SL CA CR AVE

Performance Expectancy (PER)

PER1← I find chatbots to be helpful. 1.985 0.850

0.876 0.915 0.728
PER2← Using chatbots helps me accomplish things more quickly. 2.511 0.869

PER3← Using chatbots improves information search. 2.258 0.849

PER4← Chatbots help solve doubts. 2.112 0.845

Social Influence (SOC)

SOC1← I will use AI systems if the important people in my life do so. 2.027 0.849

0.783 0.855 0.597
SOC2← I will use AI systems if my friends and acquaintances use them. 1.950 0.813

SOC3← People who influence my behaviour use chatbots. 2.358 0.710

SOC4← People whose opinions I value use chatbots. 2.399 0.708

Behavioural Intention to Adopt AI-powered Chatbots (INT)

BINT1← I intend to use the AI technology in the future. 2.000 0.748

0.736 0.834 0.556
BINT2←I will recommend using AI technology to others. 2.016 0.711

BINT3← I intend to use or continue using chatbots in the future. 1.756 0.747

BINT4←When required, I will use the chatbot. 1.849 0.776

Use Behaviour (UBEH)

UBEH1← I use AI for travel and tourism purposes. 2.070 0.860

0.832 0.900 0.750
UBEH2← I use AI-powered chatbots to resolve issues during the trip, such
as delays, cancellations or customer service problems. 2.525 0.917

UBEH3← After the trip, I use AI-powered chatbots to provide feedback,
reviews or check loyalty/membership benefits. 1.702 0.818

Source: Author’s work using primary data in SmartPLS 4.0. Note: VIF: variance inflation factor; SL: standardised
loading; CA: Cronbach’s alpha; CR: composite reliability; AVE: average variance extracted.

Table 3 presents the discriminant validity results, as determined by the Fornell–Larcker
criterion, which compares the square roots of the AVEs with the inter-construct correlations.
The diagonal elements are all higher than the corresponding correlations in their respective
rows and columns, which establishes discriminant validity among the constructs. It is
noted that the square root of AVE for ‘attitude’ (0.817) is greater than its correlations with
‘automation’ (0.187), ‘effort expectancy’ (0.606), and ‘use behaviour’ (0.731), confirming that
attitude is a distinct construct. Similarly, ‘use behaviour’ (0.866) demonstrates particularly
strong discriminant validity, with diagonal values substantially higher than the cross-
loadings. Moreover, constructs such as ‘performance expectancy’ (0.853), ‘habit’ (0.849), and
‘perceived enjoyment’ (0.882) also meet this criterion, indicating conceptual distinctiveness.
Although some correlations are moderately high, such as those between ‘behavioural
intention to adopt’ and ‘performance expectancy’ (0.727) or ‘attitude’ and ‘use behaviour’
(0.731), the diagonal values remain higher, affirming that these constructs, while related,
measure unique dimensions. Thus, the results confirm that the measurement model
possesses sound discriminant validity, ensuring that the constructs are empirically distinct
while still theoretically connected, thereby strengthening the robustness of the structural
model assessment.
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Table 3. Discriminant validity—Fornell-Larcker criterion.

ATT AUT EFF FAC HAB BINT PEE PER SOC UBEH

ATT 0.817
AUT 0.187 0.802
EFF 0.606 0.354 0.846
FAC 0.377 0.006 0.349 0.806
HAB 0.396 0.292 0.569 0.237 0.849
BINT 0.670 0.307 0.664 0.483 0.510 0.746
PEE 0.339 0.280 0.416 0.461 0.494 0.556 0.882
PER 0.606 0.272 0.724 0.391 0.577 0.726 0.535 0.853
SOC 0.345 0.272 0.338 0.461 0.402 0.535 0.522 0.477 0.773
UBEH 0.731 0.267 0.601 0.349 0.457 0.662 0.374 0.681 0.304 0.866

Source: Author’s work using primary data in SmartPLS 4.0. Note: ATT: attitude; AUT: automation; EFF: effort
expectancy; FAC: facilitating condition; HAB: habit; BINT: behavioural intention to adopt AI-powered chatbots;
PEE: perceived enjoyment; PER: performance expectancy; SOC: social influence; UBEH: use behaviour.

Table 4 presents the HTMT (Heterotrait–Monotrait Ratio) results for assessing dis-
criminant validity. Following established guidelines, HTMT values below 0.85 or 0.90
indicate adequate discriminant validity. Several construct pairs demonstrate clear separa-
tion, such as ‘attitude–automation’ (0.233), ‘facilitating conditions–automation’ (0.057), and
‘use behaviour–social influence’ (0.365). However, certain relationships approach or exceed
the recommended threshold, including ‘behavioural intention to adopt–performance ex-
pectancy’ (0.883), ‘behavioural intention to adopt–effort expectancy’ (0.837), ‘use behaviour–
attitude’ (0.922), and ‘use behaviour–behavioural intention’ (0.832). The HTMT value
between ‘attitude’ and ‘use behaviour’ slightly exceeds 0.90, as suggested by Henseler et al.
(2015). To further evaluate discriminant validity, HTMT inference was conducted using
bootstrapping. The 95% confidence interval did not include 1, supporting discriminant
validity. Cross-loadings also confirmed that all indicators loaded higher on their respective
constructs than on other constructs. Although attitude and use behaviour are found to
be statistically closely related within the AI-powered chatbots adoption framework, they
remain theoretically distinct constructs and were therefore retained.

Table 4. Discriminant validity—HTMT ratio matrix.

ATT AUT EFF FAC HED BINT PEE PER SOC UBEH

ATT
AUT 0.233
EFF 0.777 0.429
FAC 0.512 0.057 0.439
HAB 0.512 0.372 0.693 0.318
BINT 0.883 0.373 0.837 0.662 0.643
PEE 0.429 0.332 0.488 0.574 0.598 0.700
PER 0.736 0.316 0.854 0.487 0.684 0.883 0.613
SOC 0.424 0.355 0.413 0.572 0.515 0.685 0.608 0.564
UBEH 0.922 0.333 0.729 0.449 0.558 0.832 0.440 0.789 0.365

Source: Author’s work using primary data in SmartPLS 4.0. Note: ATT: attitude; AUT: automation; EFF: effort
expectancy; FAC: facilitating condition; HAB: habit; BINT: behavioural intention to adopt AI-powered chatbots;
PEE: perceived enjoyment; PER: performance expectancy; SOC: social influence; UBEH: use behaviour.

4.2.2. Structural Path Model

Table 5 and Figure 2 present the structural model results, which provide valuable
insights into the determinants of behavioural intention to adopt AI-powered chatbots
and their subsequent effect on usage behaviour. The R2 and adjusted R2 for behavioural
intention to adopt AI-powered chatbots are 0.687 and 0.675, respectively, indicating that
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68.7% and 67.5% of the variance in behavioural intention is explained by the predictors,
suggesting a moderate-to-strong relationship. Moreover, the R2 and adjusted R2 for use
behaviour are 0.439 and 0.436, respectively, indicating that 43.9% and 43.6% of the variance
in use behaviour is explained by behavioural intention to adopt AI-powered chatbots.

Table 5. Path coefficients and testing of hypotheses.

Hypotheses Relationship Path Coefficient SD T Stat p Values Inference

H1 PER→ BINT 0.257 0.068 3.768 <0.001 Supported
H2 EFF→ BINT 0.148 0.070 2.111 0.035 Supported
H3 SOC→ BINT 0.133 0.048 2.774 0.006 Supported
H4 FAC→ BINT 0.104 0.048 2.157 0.031 Supported
H5 ATT→ BINT 0.284 0.067 4.204 <0.001 Supported
H6 AUT→ BINT 0.058 0.042 1.384 0.166 Unsupported
H7 HAB→ BINT 0.010 0.056 0.176 0.860 Unsupported
H8 PEE→ BINT 0.122 0.057 2.143 0.032 Supported

H9
BINT→
UBEH 0.662 0.037 18.001 <0.001 Supported

Source: Author’s work using primary data in SmartPLS 4.0. Note: PER: performance expectancy; BINT: be-
havioural intention to adopt AI-powered chatbots; EFF: effort expectancy; SOC: social influence; FAC: facilitating
condition; ATT: attitude; AUT: automation; HAB: habit; PEE: perceived enjoyment; UBEH: use behaviour.

 

Figure 2. Graphical output of the path coefficient of the revised UTAUT2 model.

Further, out of the nine hypothesised relationships, seven are statistically significant,
while two are not supported. First, significant influence on behavioural intention to
adopt AI-powered chatbots was demonstrated for performance expectancy, H1 (β = 0.257,
p < 0.001); effort expectancy, H2 (β = 0.148, p = 0.035); social influence, H3 (β = 0.133,
p = 0.006); facilitating condition, H4 (β = 0.104, p = 0.031); attitude, H5 (β = 0.284, p < 0.001);
and perceived enjoyment, H8 (β = 0.122, p = 0.032). These findings suggest that individuals
are more likely to intend to adopt AI-powered chatbots when they have favourable attitudes
toward AI, believe chatbots enhance performance, find them easy to use, feel social pressure
from important others, have the necessary resources and knowledge, and experience
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enjoyment from using the technology. Among these, attitude emerges as the strongest
predictor, highlighting the central role of personal evaluations and perceptions in shaping
the adoption intention of AI-powered chatbots, while performance expectancy is a stronger
determinant of tourists’ behavioural intentions to adopt AI-powered chatbots among the
key determinants of the original UTAUT2 model.

Second, automation, H6 (β = 0.058, p = 0.166), and habits, H7 (β = 0.010, p = 0.860),
do not significantly influence behavioural intention to adopt AI-powered chatbots. This
implies that concerns about job replacement by chatbots, general fun-seeking tendencies,
and existing usage habits may not significantly influence adoption intentions in this con-
text. This could be due to the relatively novel stage of chatbot adoption, where practical
usefulness and attitudes are more influential than habitual or hedonic motivations. Finally,
behavioural intention to adopt AI-powered chatbots strongly influences use behaviour, H9

(β = 0.662, p < 0.001), confirming that individuals who intend to use chatbots are highly
likely to engage with them in practice. This path shows the strongest effect in the model,
underlining the robustness of behavioural intention as a direct driver of use behaviour.

Thus, the findings validate much of the revised UTAUT2 framework, emphasising the
importance of attitude, performance expectancy, effort expectancy, facilitating conditions,
social influence, and perceived enjoyment in driving AI-powered chatbot adoption in the
hospitality and tourism industry. The results also indicate that habit and hedonic motivation
are not yet central to adoption, suggesting that users may prioritise utility and ease of use
over intrinsic fun or routine use when evaluating AI-powered chatbot technologies.

The effect size (f2) and predictive relevance (Q2) analyses were conducted, shown in
Table 6, to assess the contribution of each exogenous construct to the endogenous variables.
According to (Cohen, 1988; Hair et al., 2014a; Shmueli et al., 2019) guidelines, values of
0.02, 0.15, and 0.35 indicate small, medium, and large effects, respectively. The effect size
indicates that behavioural intention to adopt AI-powered chatbots has a very large effect on
use behaviour (f2 = 0.781), indicating that behavioural intention is the primary driver of use
behaviour. Among the predictors of behavioural intention to adopt an AI-powered chatbot,
attitude (f2 = 0.142) demonstrates the strongest contribution, approaching a medium effect
size. Performance expectancy (f2 = 0.074), social influence (f2 = 0.033), effort expectancy
(f2 = 0.026), perceived enjoyment (f2 = 0.026), and facilitating conditions (f2 = 0.022) exhibit
small effect sizes, suggesting limited but meaningful practical contributions. In contrast,
automation (f2 = 0.009) and habits (f2 = 0.000) show negligible effects, indicating that they
contribute little to explaining behavioural intention to adopt an AI-powered chatbot within
the current model.

Table 6. Effect sizes (f2) and predictive relevance (Q2).

Path f2 Effect Size Endogenous
Construct

Q2

(Blindfolding)
Q2predict
(PLSpredict)

Predictive
Relevance

ATT→ BINT 0.142 Small to Medium BINT 0.360 0.648 Large
AUT→ BINT 0.009 No Effect UBEH 0.321 0.499 Moderate
EFF→ BINT 0.026 Small
FAC→ BINT 0.022 Small
HAB→ BINT 0.000 No Effect
PEE→ BINT 0.026 Small
PER→ BINT 0.074 Small
SOC→ BINT 0.033 Small
BINT→
UBEH 0.781 Very Large

Source: Author’s work using primary data in SmartPLS 4.0. Note: ATT: attitude; AUT: automation; EFF: effort
expectancy; FAC: facilitating condition; HAB: habit; PEE: perceived enjoyment; PER: performance expectancy;
SOC: social influence; BINT: behavioural intention to adopt AI-powered chatbots; UBEH: use behaviour.
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The predictive relevance analysis indicates that, for behavioural intention to adopt
AI-powered chatbots (Q2 = 0.360; Q2predict = 0.648), the Q2 and Q2predict values exceed
the commonly accepted large threshold (≥0.35), suggesting that the model predicts users’
behavioural intention quite well. For use behaviour (Q2 = 0.321; Q2predict = 0.499), the
values are above the medium threshold (≥0.15) but below the large cut-off, indicating
moderate predictive accuracy; the model is less precise at predicting actual usage than at
predicting behavioural intention.

5. Discussion and Implications
5.1. Discussion

This research examines the key determinants influencing behavioural intention to
adopt AI-powered chatbots in the hospitality and tourism industry. Travel planning
chatbots are user-friendly tools that can be accessed through multiple devices, including
mobile phones, laptops, and desktops. By offering instant recommendations and real-time
solutions, these chatbots streamline travel automation and significantly enhance travellers’
efficiency (Pillai & Sivathanu, 2020). The findings validate the applicability of the revised
UTAUT2 model in explaining technology adoption in the hospitality and tourism industry,
while also emphasising the value of incorporating additional antecedents tailored to the
unique characteristics of each technology.

Performance expectancy, effort expectancy, social influence, facilitating conditions,
attitude, and perceived enjoyment significantly influence behavioural intention to adopt AI-
powered chatbots. The statistically significant positive relationship between performance
expectancy and the behavioural intention to adopt AI-powered chatbots results is also
aligned with previous research, such as Dhiman and Jamwal (2023), Hakim et al. (2022),
Kaushik et al. (2015), H. Kim et al. (2009), Melián-González et al. (2021), Pillai and Sivathanu
(2020), and Sujood et al. (2024). From the core dimensions of UTAUT2, performance
expectancy was found to be the strongest construct influencing behavioural intention
to adopt AI-powered chatbots. Foroughi et al. (2025) also confirmed that performance
expectancy was the strongest predictor, with innovativeness and risk aversion moderating
several relationships. This suggests that users are more likely to adopt AI-powered chatbots
when they perceive them as useful and performance-enhancing.

Regarding effort expectancy, the study found a significant influence of this factor
on the behavioural intention to adopt AI-powered chatbots. This result aligns with the
findings of Faqih (2022) and Pillai and Sivathanu (2020), who emphasised that perceived
ease of use or effort expectancy positively shapes users’ behavioural intention to adopt
new technologies. When travellers, hotel guests, or service seekers perceive chatbots as
simple, intuitive, and easy to use, they are more likely to engage with them. However, the
present findings contrast with those of Ali et al. (2024), Lata (2021), and Melián-González
et al. (2021), who suggested that effort expectancy may not be a decisive factor, as chatbot
use often involves only basic actions, such as opening the interface, typing a query, and
engaging in a conversational exchange.

The present study also found that social influence positively affects the behavioural
intention to adopt AI-powered chatbots. This suggests that individuals are guided by
people they know or consider influential. This finding corroborates prior research in the
hospitality and tourism domain. For instance, Lata (2021) emphasised that travellers’
technology adoption decisions are often shaped by peer recommendations and social
cues. Similarly, Melián-González et al. (2021) highlighted that social influence plays a
decisive role in tourists’ acceptance of digital tools within hotels, while Sujood et al. (2024)
demonstrated that endorsements from family, friends, or trusted networks significantly
strengthen travellers’ behavioural intention to adopt AI-driven services. Taken together,
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these studies reinforce the idea that social influence is a critical determinant of behavioural
intention in the adoption of AI-powered chatbots.

The study further revealed a positive and significant influence of facilitating conditions
on tourists’ behavioural intention to adopt AI-powered chatbots. This finding aligns with
prior research highlighting the critical role of facilitating conditions in technology adoption.
For instance, Palau-Saumell et al. (2019) found that facilitating conditions were a strong
determinant of users’ adoption of mobile applications in the hospitality sector. Similarly,
Chiao et al. (2018) emphasised that facilitating conditions drive the intention to use virtual
platforms in cultural tourism education. Contrastingly, the present result does not fully
align with Lata’s (2021) findings, which reported that facilitating conditions exerted only
a relatively weak influence on users’ intentions to adopt hotel booking applications on
smartphones. In the context of digital technology use for cultural heritage monuments,
Wen et al. (2023) found that facilitating conditions had a weaker influence on technology
adoption than other UTAUT constructs. These results align with foundational adoption
theories such as the TAM (Davis, 1989) and UTAUT2 (Venkatesh et al., 2012), which
emphasise the importance of core dimensions in shaping behavioural intentions.

Attitude was identified as the strongest predictor of behavioural intention, compared
with other key determinants, supporting principles derived from the TPB, which emphasise
the role of attitudinal evaluations in shaping behavioural intentions. Many previous
researchers have used these constructs to explore their influence on behavioural intention
across different areas, such as J. J. Kim and Han (2022), who found that attitude generates
favourable behavioural intentions in the consumer decision-making process towards a
smart hotel. Zhang and Liu (2022) revealed that attitude predicts consumers’ behavioural
intention to adopt eco-friendly smart home services. In the hospitality and tourism industry,
Rafdinal et al. (2021) and Sujood et al. (2024) highlighted that attitude have a significant
influence on consumers’ behavioural intention to use of smart technologies. These findings
reaffirm that attitude plays a pivotal role in shaping behavioural intention, consistent
with the core assumptions of the TPB and revised UTAUT2 model. This underscores the
importance of fostering positive attitudinal evaluations to enhance users’ intention to adopt
AI-powered technologies in hospitality and tourism contexts.

Perceived enjoyment also showed a significant positive effect, highlighting the expe-
riential and emotional dimension of AI chatbot adoption in tourism contexts. Cha (2020)
demonstrated that perceived enjoyment strongly influences users’ behavioural intentions to
adopt AI service robots in hospitality, as enjoyment enhances users’ emotional attachment
and satisfaction with technology-based interactions. Similarly, Hoang et al. (2023) found
that tourists’ enjoyment when interacting with virtual assistants significantly increases
their intention to use AI-enabled services, showing that positive emotional experiences can
outweigh concerns about privacy or reliability. A. Huang et al. (2024) further confirmed that
perceived enjoyment is a central factor driving continued usage of AI-powered chatbots in
the tourism and retail sectors, as enjoyable interactions contribute to both user engagement
and long-term loyalty.

In addition, Orden-Mejía and Huertas (2022) revealed that tourists who perceive
interactions with AI-powered chatbots as enjoyable are more inclined to rely on them
for destination information and travel planning, suggesting that emotional satisfaction
can play an equally, if not more, influential role than functional efficiency. However, the
current study’s findings do not support the results of Goli et al. (2023), who reported an in-
significant relationship between perceived enjoyment and the intention to use AI-powered
chatbots in online purchasing contexts. This discrepancy may be explained by contex-
tual differences; tourism interactions often involve more experiential, personalised, and
emotionally engaging elements than transactional online purchases. Thus, the significant

https://doi.org/10.3390/tourhosp7030065

https://doi.org/10.3390/tourhosp7030065


Tour. Hosp. 2026, 7, 65 21 of 28

effect of perceived enjoyment reinforces the relevance of the revised UTAUT2 model, which
extends the traditional UTAUT and UTAUT2 frameworks. This finding confirms that, in
tourism contexts, both utilitarian and experiential factors jointly shape users’ intentions to
adopt AI-powered chatbots.

Interestingly, the relationship between automation and tourists’ behavioural intention
to adopt AI-powered chatbots was not supported in the current study. This suggests that
while users recognise AI functionality, they may not yet perceive automation sophistication
or routine usage as primary drivers of adoption. Furthermore, habit did not significantly
influence behavioural intention, thereby contradicting the findings of Melián-González
et al. (2021), who reported a direct, positive, and significant relationship between habit and
behavioural intention. In addition, Wen et al. (2023) found that users’ habits of engaging
with AR/VR technologies positively affect their intention to use AR/VR applications in
heritage monuments. Collectively, these studies emphasise that when technology use
becomes part of individuals’ routines, it enhances their willingness to adopt and rely
on it consistently. However, the insignificant relationship observed in this study may
be attributed to participants’ busy schedules, which limit the time available to engage
with technology and AI-driven applications. As noted by Lata (2021), time constraints
and competing commitments can hinder users from developing habitual patterns of use,
thereby weakening the influence of habit on behavioural intention. This finding indicates
that AI chatbot usage in tourism may still be at an early diffusion stage where habitual
behaviour has not fully developed.

Finally, the analysis confirms the core relationship between behavioural intention to
adopt AI-powered chatbots and subsequent use behaviour, as proposed by the UTAUT2
model. This indicates that travellers’ behavioural intentions strongly shape their actual
usage in the hospitality and tourism industry. Previous studies corroborate this finding,
such as Lata (2021), who observed that intention predicts usage in tourism technology
adoption, while Venkatesh et al. (2012) highlighted the general applicability of this rela-
tionship across technologies. Pillai and Sivathanu (2020) specifically examined chatbots
in tourism and reported that the model explained 63.2% of the variance in intention and
67.9% of the variance in actual usage, demonstrating robust predictive validity.

Similarly, Davis (1989) and Kaushik et al. (2015) confirmed that behavioural intentions
are strong determinants of actual adoption and usage. The results indicate that tourists
evaluate AI-powered chatbots through both performance-related and experience-related
dimensions. While functional benefits such as performance expectancy, effort expectancy,
social influence and facilitating conditions remain critical, emotional and experiential
factors such as enjoyment and attitude also play decisive roles, ultimately translating into
stronger behavioural intentions and actual use behaviour. These findings highlight the
multidimensional nature of AI adoption in tourism settings. Thus, the revised UTAUT2
model can serve as a useful framework to better understand user acceptance, behavioural
intentions, and continued usage of such chatbots in this sector.

5.2. Theoretical Contributions

This study makes several theoretical contributions to technology adoption research
and tourism literature. First, a key theoretical contribution of this study is to enhance
the UTAUT by extending and adapting its core constructs to better align with the specific
context of this research. Rather than applying the original model unchanged, we refined
its structure and incorporated context-relevant factors to develop a more comprehensive
and theoretically grounded framework. This enhanced model provides a more precise
explanation of behavioural intention and usage behaviour within the study setting, thereby
strengthening the model’s contextual relevance, explanatory power, and theoretical robustness.
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Second, it revised UTAUT2 by integrating automation, attitude, and perceived en-
joyment into the framework to better capture AI-specific system characteristics. While
UTAUT2 has been widely applied across consumer technologies (Venkatesh et al., 2012),
its adaptation to AI-powered conversational systems in tourism has been limited. The
inclusion of automation acknowledges that AI technologies embody intelligent system
attributes, such as real-time data processing, adaptive conversational interaction, and
contextual responsiveness, that extend beyond traditional expectancy-based constructs,
such as performance expectancy and effort expectancy. Moreover, incorporating attitude
introduces a comprehensive evaluative dimension that reflects users’ overall positive or
negative assessment of AI chatbots, drawing conceptual support from the TPB. This ad-
dition recognises that adoption decisions in tourism are not solely utility-driven but are
shaped by broader cognitive and affective judgments. Similarly, perceived enjoyment
captures the hedonic and experiential aspects of interacting with AI chatbots, which are
particularly salient in tourism environments characterised by emotional engagement and
experiential consumption.

Third, the insignificant effects of automation and habit refine theoretical understand-
ing by challenging assumptions that technological sophistication or routine behaviour
automatically drives adoption. The findings, therefore, indicate that AI-specific constructs
require careful conceptual differentiation rather than simple integration into existing ex-
pectancy dimensions. By empirically validating an extended UTAUT2 framework tailored
to AI-powered chatbots in tourism, this study provides a more context-sensitive adoption
model. It contributes to technology acceptance theory by demonstrating that AI-driven
service technologies require hybrid evaluation dimensions. This refined framework offers
a stronger theoretical lens for examining smart tourism ecosystems and digitally mediated
service innovations.

5.3. Practical Implications

The findings provide several important implications for tourism managers and pol-
icymakers implementing AI-powered chatbots in the hospitality and tourism industry.
First, since performance expectancy significantly influences adoption, organisations should
clearly communicate the tangible benefits of chatbot usage, such as faster responses, per-
sonalised travel recommendations, 24/7 availability, and improved customer convenience.
Moreover, demonstrating measurable value can strengthen tourists’ confidence and in-
crease adoption rates. Second, the significant role of effort expectancy underscores the
importance of a user-friendly design that provides seamless experiences for guests booking
hotels, planning trips, or seeking real-time recommendations. Managers and policymakers
should ensure that chatbots can handle queries efficiently, such as booking confirmations,
itinerary suggestions, or concierge services, while offering guided prompts and a natural
conversational flow to minimise user effort.

Third, social influence plays a meaningful role in shaping behavioural intention to
adopt. Hospitality organisations can leverage testimonials, online reviews, influencer
endorsements, and peer recommendations to build credibility and trust in chatbot services,
thereby increasing travellers’ behavioural intention to use AI-powered chatbots. Fourth,
facilitating conditions significantly affect adoption, emphasising the need for reliable tech-
nological infrastructure, strong internet connectivity, system compatibility, and accessible
technical support. This suggests that tourism service providers and organisations seeking
to implement chatbot solutions should prioritise ensuring reliable technological support
and user-friendly systems. Such efforts can enhance tourists’ confidence and ultimately
encourage greater adoption. Fifth, given the strong influence of attitudes, hospitality
and tourism organisations should promote the benefits and ease of use of chatbots while
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enhancing user experience through responsiveness, reliability, and multilingual support.
Training staff to assist customers and tailoring features for different segments can boost
adoption and satisfaction.

Sixth, the significant and positive relationship between perceived enjoyment and
tourists’ behavioural intention to adopt AI-powered chatbots suggests that when tourists
perceive their interactions with chatbots as rewarding, enjoyable, and engaging, they are
more likely to continue using such technologies and to re-engage with them in future travel
experiences. Tourism managers and policymakers should focus on creating emotionally en-
gaging, interactive experiences. Incorporating natural language, humour, personalisation,
and responsive dialogue can make chatbot interactions more enjoyable and memorable.
Enhancing human-like qualities, such as empathy and friendliness, can further strengthen
users’ emotional connection and trust. Finally, because behavioural intention strongly
predicts actual usage behaviour, hospitality and tourism organisations should focus on
strategies that enhance positive behavioural intentions, such as awareness campaigns, trial
opportunities, service guarantees, and continuous performance improvements, to convert
favourable perceptions into sustained adoption.

6. Conclusions, Limitations and Future Scope
6.1. Conclusions

This study focuses on understanding tourists’ behavioural intention to adopt AI-
powered chatbots in the hospitality and tourism industry, highlighting the importance of
applying a revised UTAUT2 model to examine the relationships between key constructs.
Therefore, this study concludes that attitude, performance expectancy, effort expectancy,
social influence, facilitating conditions, and perceived enjoyment are the significant determi-
nants influencing tourists’ behavioural intention to adopt AI-powered chatbots. Moreover,
the study demonstrates that tourists’ behavioural intention significantly influences use
behaviour, indicating that when chatbots perform effectively and meet users’ requirements,
they encourage continued use. On the other hand, constructs such as automation and habit
did not directly influence behavioural intentions to adopt AI-powered chatbots, as tourists
may prioritise practical benefits, ease of use, and social factors over novelty, pleasure, or
routine behaviours when deciding to use AI-powered chatbots.

Therefore, tourism businesses should provide 24/7 availability, enabling them to
respond to tourists’ inquiries at any time, thereby enhancing service and satisfaction. Chat-
bots are also cost-effective, as they can handle a large volume of inquiries simultaneously,
reducing reliance on human agents and lowering operational costs. Additionally, they
improve operational efficiency by automating responses to frequently asked questions,
allowing human staff to focus on more complex or personalised tasks. Thus, AI-powered
chatbots can contribute to tourism businesses by improving traveller service, streamlining
operations, and enhancing growth through personalised customer experiences. While
AI-powered chatbots offer significant opportunities to enhance service quality, efficiency,
and customer engagement in the tourism sector, businesses must carefully manage their
implementation and strike a balance between automated and human interactions to ensure
a seamless and satisfactory customer experience.

6.2. Limitations of the Study

Despite these insights, the study has several limitations. First, the findings are based
on a specific group of tourists within a particular geographical context, which may limit
the generalisability of the results across different cultural settings, tourism segments,
or technological environments. Second, other potentially influential factors outside the
UTAUT2 framework, such as trust, perceived risk, or technology anxiety, were not included.
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Finally, another limitation relates to potential measurement validity concerns. Although
established scales were adapted and statistical tests confirmed reliability and discriminant
validity, the adaptation of the items to the AI-powered chatbot context may not fully
capture users’ nuanced perceptions. Subtle contextual differences could affect construct
interpretation, thereby posing a potential threat to construct validity.

6.3. Future Scope of the Research

The study proposes several avenues for future research. First, future studies may
extend the present framework by integrating additional contextual and psychological
variables to further refine the explanatory power of the UTAUT and UTAUT2 models
in AI-powered chatbots, specifically in the hospitality and tourism industry. Second,
longitudinal research designs are recommended to examine changes in user attitudes and
usage behaviour over time, thereby capturing post-adoption dynamics. Third, comparative
studies across different cultural contexts, industries, or types of AI applications may
enhance the generalizability of findings. Finally, future research could adopt mixed-method
or experimental designs and incorporate mediation, moderation, or multi-group analyses
to provide deeper insights into how users’ demographic characteristics, prior experience,
and trust formation influence behavioural outcomes.
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AI Artificial Intelligence
ATT Attitude
AUT Automation
AVE Average Variance Extracted
B2C Business-to-Consumer
CA Cronbach’s Alpha
CR Composite Reliability
DPSE Directorate of Planning, Statistics and Evaluation
EFF Effort Expectancy
FAC Facilitating Condition
HAB Habit
HTMT Heterotrait–Monotrait
INT Behavioural Intention to Adopt AI-powered Chatbots
PEE Perceived Enjoyment

PER Performance Expectancy
PLS-SEM Partial Least Squares–Structural Equation Modelling
PMT Protection Motivation Theory
SOC Social Influence
TAM Technology Acceptance Model
TPB Theory of Planned Behaviour
TRA Theory of Reasoned Action
UBEH Use Behaviour
UTAUT Unified Theory of Acceptance and Use of Technology
VIF Variance Inflation Factor
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