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Abstract This study examines the factors shaping tourists’ adoption and use of artificial intelligence (AI) tools in tourism
by drawing on the Unified Theory of Acceptance and Use of Technology 2 (UTAUT2). Focusing on tourists visiting
Fes, Morocco, AI is operationalised as a conversational assistant similar to ChatGPT that helps travellers search for
information, plan itineraries, and make decisions during their trip. The research investigates how performance expectancy,
effort expectancy, social influence, facilitating conditions, hedonic motivation, price value, and habit influence behavioural
intention and usage behaviour, and whether trust in AI technology moderates the intention–behaviour link. Data were
collected through an online survey of N=183 tourists in Fes, Morocco. Respondents completed a screening question on prior
use of a ChatGPT-like assistant for travel tasks. Only “Yes” respondents proceeded. Usage behavior reflects general self-
reported use of AI for travel purposes, not verified frequency of use during the Fes stay. The collected data was then analyzed
using a consistent “partial least squares” (PLS) SEM technique. The findings show that performance expectancy, hedonic
motivation, price value, and habit significantly predict behavioural intention. Facilitating conditions and habit significantly
predict usage behaviour. Effort expectancy and social influence are non-significant predictors of intention. Trust in AI
technology does not significantly moderate the relationship between intention and usage behaviour. The study contributes
to tourism technology literature by refining the application of UTAUT2 in an AI-intensive context and highlighting the role
of habit and perceived value in tourists’ continued reliance on AI assistants. Practical implications are discussed for tourism
managers and destination stakeholders seeking to design and communicate trustworthy AI-based services.
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1. Introduction

The tourism industry has been profoundly reshaped by digital technologies [1]. Travellers increasingly rely
on online platforms, mobile applications, and AI-based tools for information search, planning, and decision-
making. Conversational agents such as ChatGPT and similar systems allow tourists to obtain personalised
recommendations, refine itineraries, and translate lo-cal information in real time. For many visitors, these tools
become part of the travel routine rather than a novelty. Understanding why tourists decide to adopt and effectively
use AI-based tools is therefore a central question for both researchers and practitioners. Adoption is not only a
matter of access to technology; it reflects expectations about usefulness, ease of use, enjoyment, social norms, trust
in algorithms, and the perceived value of such tools compared to traditional sources of information.

This study examines adoption of conversational AI assistants in tourism using an extended UTAUT2 model.
We focus on ChatGPT-like tools that tourists use for travel planning and trip decisions. The study contributes in
three ways. First, it tests UTAUT2 in a conversational AI setting. Second, it examines whether trust in AI changes
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the link between intention and use. Third, it provides evidence from Fes, Morocco, a destination that remains
underrepresented in tourism technology research.

In Morocco, tourism remains a key driver of economic activity, and destinations such as Fes attract visitors
interested in cultural heritage, gastronomy, and experiences in the Medina and surrounding areas. Fes is a heritage
destination where visitors often face dense urban layouts and information frictions (routes, opening hours, local
norms). In such contexts, conversational AI can be valued for rapid clarification and itinerary adjustments. These
benefits depend on enabling conditions, including connectivity and device access during the trip. Indeed, tourists
increasingly arrive with smartphones and prior exposure to AI tools, including conversational assistants that can
recommend activities, propose routes, or suggest restaurants and accommodations based on user queries. For
destination stakeholders, this raises questions about how these tools are integrated into the tourist experience
and what factors foster or hinder their adoption. This study addresses these questions by using UTAUT2 as the
main theoretical framework to explain tourists’ intention to use and actual use of AI-based tools in tourism. In
our empirical context, AI is defined concretely as a conversational assistant similar to ChatGPT, which travellers
can use to: obtain personalised suggestions for things to do in Fes; ask for step-by-step itineraries; compare
accommodation or restaurant options and translate and interpret local information, including reviews and cultural
notes.

Before starting the questionnaire, respondents answered a screening question about prior use of a ChatGPT-
like conversational assistant for travel-related tasks. Only respondents who answered “Yes” completed the full
survey. Respondents were instructed to answer based on their actual prior use of such tools during travel planning
and/or on-site activities. The study examines the influence of UTAUT2 constructs on tourists’ intention and use of
AI-based conversational tools, explores the moderating role of trust in the intention–behaviour relationship, and
provides empirical evidence from a North African tourism destination that remains underrepresented in technology
adoption research.

The paper is structured as follows. Section 2 reviews the literature on AI in tourism, technology adoption models,
and trust in AI, and develops the hypotheses. Section 3 presents the methodology, including the research context, AI
scenario, measures, and data collection. Section 4 reports the results of the PLS-SEM analysis. Section 5 discusses
the findings in light of existing research. Section 6 out-lines theoretical implications, Section 7 addresses practical
implications, and Section 8 concludes with limitations and directions for future research.

2. Literature review and hypotheses development

2.1. AI and conversational assistants in tourism

AI has become embedded in many aspects of tourism, from recommendation engines on booking platforms to
chatbots that answer questions about local ser-vices [1, 2]. Recently, general-purpose conversational assistants
such as ChatGPT have enabled flexible, natural language interactions where tourists can formulate open-ended
queries and receive tailored responses [3]. For instance, a traveller may ask, “I have two days in Fes, what should I
not miss?” or “Can you suggest a walking route that includes the main historical sites and places to eat nearby?”.
Such tools can support information search (discover attractions, events, transport options), planning (day-by-day
itineraries, time optimisation), decision-making (comparing services, clarifying trade-offs) and on-site support
(translation, explanations of cultural norms). The perceived benefits of these assistants are likely to influence
tourists’ willingness to adopt and use them throughout their trip.

2.2. UTAUT2 in tourism

UTAUT2 integrates several determinants of technology adoption: performance expectancy, effort expectancy,
social influence, facilitating conditions, hedonic motivation, price value, and habit, with behavioural intention
and usage behaviour [4]. UTAUT2 includes behavioural intention and usage behaviour as core outcomes. [5, 6].
This framework has been applied in various tourism settings (e.g. mobile travel apps, booking platforms, smart
tourism services), showing that perceived usefulness, enjoyment, and habit are often central drivers of intention
and continued use [7, 8].
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Rather than claiming that UTAUT2 is rarely used in tourism, this study acknowl-edges that there is a growing
body of work applying UTAUT2 in travel, hospitality, and tourism-related digital services [9, 12, 11, 10, 13]. Our
contribution lies in extending this framework to an AI-intensive context in which the technology is not a static app
but a conversational assistant relying on opaque algorithms and large-scale data.

2.3. Trust in AI technology as a moderating factor

Beyond traditional adoption factors, trust in AI technology has emerged as a central concern [14, 15, 16]. AI
systems operate as “black boxes” for most users, raising questions such as: Are the recommendations accurate? Is
the underlying information reliable? Will personal data be used responsibly [17]? In tourism, where decisions may
involve safety, cost, or time constraints, these concerns are not trivial. We conceptualise trust in AI technology as
the belief that AI algorithms and their providers are reliable, competent, and act in a way that does not harm the
user’s interests [19]. Trust is expected to influence whether tourists feel comfortable rely-ing on AI assistants for
meaningful travel decisions rather than treating them as mere curiosities [18, 16].

From a theoretical standpoint, trust may not only affect intention but also the translation of intention into actual
use. A traveller can recognise AI as useful and express a positive intention in a survey, yet still hesitate to rely
on the system in real-life situations if they do not fully trust it. In other words, trust can act as a “gatekeeper”
that either facilitates or inhibits the enactment of intention. Building on this reasoning, we propose that trust in AI
technology moderates the link between behavioural intention and usage behaviour: when trust is high, intentions
are more likely to turn into actual use; when trust is low, intentions may remain unfulfilled.

2.4. Hypotheses

Following UTAUT2, we formulate the following hypotheses regarding tourists’ intention to use AI-based
conversational tools in tourism:

• Performance Expectancy (PE) refers to the extent to which tourists believe that AI-powered services will
enhance their travel experiences. AI applications, such as smart itinerary planners and real-time translation
tools, offer personalized recommendations and operational efficiency, leading to higher adoption rates among
travelers [6]. When tourists perceive AI services as useful and capable of improving their decision-making,
their behavioral intention to adopt AI increases [20]. Thus, we hypothesize: H1. Performance expectancy has
a positive effect on behavioural intention to use AI in tourism.

• Effort Expectancy (EE) measures the ease of use associated with AI technologies. Tourists are more likely
to use AI tools if they are intuitive [21]. Simplified AI interfaces, such as automated booking systems and
virtual travel assistants, significantly increase user engagement [37]. [22] demonstrate that tourists are more
inclined to adopt AI technologies when these services are perceived as intuitive and easy to use. Similarly,
[23] emphasizes that simplified AI interfaces, significantly enhance user engagement by reducing cognitive
load. According to [20], AI tools offering personalized experiences are more accepted when they are easy to
navigate. Consequently, we propose: H2. Effort expectancy has a positive effect on behavioural intention to
use AI in tourism.

• Social Influence (SI) examines the impact of social circles, online reviews, and digital communities on
technology adoption. Travelers rely on peer recommendations, influencer endorsements, and user-generated
content when deciding to use AI-based tourism services. Moreover, younger travelers, in particular, who
engage heavily with digital platforms, tend to place significant value on social validation when selecting
tourism technologies [24, 20]. Based on these insights, we hypothesize: H3. Social influence has a positive
effect on behavioural intention to use AI in tourism.

• Facilitating Conditions (FC) reflect the availability of resources and support systems necessary for AI
adoption. Tourists require access to reliable internet connectivity, well-integrated AI applications, and
responsive support services to ensure a seamless experience [21]. Indeed, access to Wi-Fi, technical
support, and integration into existing digital ecosystems boosts usage [25, 26]. Therefore, we propose: H4a.
Facilitating conditions have a positive effect on behavioural intention to use AI in tourism.
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• Hedonic Motivation (HM) refers to the enjoyment and entertainment derived from using AI technologies.
AI applications in tourism, such as virtual reality (VR) travel experiences, interactive AI tour guides, and
gamified trip planning, have been shown to increase tourist engagement. [34] have developed a model of
hedonic motivation in virtual reality tourism, comparing visitors and non-visitors. This study highlights those
hedonic motivations strongly influence tourists’ behavioral intention to use AI-based services. Similarly,
the hedonic experience boosts consumer motivation, requiring less effort to adopt these technologies [27].
Tourists who perceive AI as enjoyable and engaging are more likely to develop a positive behavioral intention
toward its adoption. Therefore, we hypothesize: H5. Hedonic motivation has a positive effect on behavioural
intention to use AI in tourism.

• Price Value (PV) represents tourists’ assessment of whether AI-powered services offer sufficient value for
their cost. Studies have shown that tourists are more inclined to adopt AI-based travel tools when they
believe these services enhance their experience at a reasonable cost [9]. AI-powered services that optimize
travel expenses, such as dynamic pricing recommendations and personalized discounts, enhance adoption
rates. A systematic review [28] examined the use of AI in dynamic pricing, showing how AI improves the
effectiveness of this strategy, which can positively influence tourists’ decision to adopt these services. Thus,
we propose: H6. Price value has a positive effect on behavioural intention to use AI in tourism.

• Habit (H) reflects the extent to which tourists have already integrated AI-powered services into their travel
routines. Travelers who regularly integrate AI-powered travel assistants, recommendation engines and smart
booking platforms into their practices are more likely to continue using them on future trips. According to
[29], 87% of users would be willing to interact with a travel chatbot if it could save them time and money.
Moreover, the adoption of intelligent voice assistants among Airbnb customers is a testament to this trend.
A study examined Airbnb customers’ intentions to adopt intelligent voice assistants such as Amazon Alexa,
highlighting their impact on traveler behavior [33]. Based on this, we hypothesize: H7a. Habit has a positive
effect on behavioural intention to use AI in tourism.

In line with UTAUT2 [8], we also consider direct effects on usage behaviour:

• H4b. Facilitating conditions have a positive effect on usage behaviour of AI in tourism [25, 26, 21];
• H7b. Habit has a positive effect on usage behaviour of AI in tourism [33, 29];
• Behavioral Intention (BI) is a well-established predictor of actual technology adoption. Across various

tourism contexts, behavioral intention translates into increased AI usage. For example, a study of the hotel
industry in Pakistan revealed that factors such as PE, EE, SI, FC and Privacy Risk Perception significantly
influence users’ behavioral intention to adopt AI [35]. This behavioral intention, in turn, has a direct impact
on the actual adoption of AI in the hospitality sector. According to [36], AI improves the travel experience by
optimizing itineraries, reducing energy consumption and minimizing waste, reinforcing travelers’ intention to
adopt these technologies. We hypothesize: H8. Behavioural intention has a positive effect on usage behaviour
of AI in tourism [29].

Finally, we introduce trust in AI technology as a moderator:

• H9. Trust in AI technology positively moderates the relationship between behavioural intention and usage
behaviour of AI in tourism, such that the relationship is stronger at higher levels of trust [6, 30]

The conceptual model thus extends UTAUT2 by explicitly incorporating trust in AI as a moderating construct in
an AI-based conversational assistant context. Fig 1 1 presents the research framework and the hypotheses developed
in this study.

3. Methodology

3.1. Research context and AI scenario

The empirical study was conducted among tourists in Fes, Morocco, a major cultural destination known for its
historic medina, religious and educational heritage, and urban markets. Fes is not typically branded as a “smart”
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Figure 1. Research model (Source: Author’s own).

or “eco” destination, yet tourists visiting the city are increasingly digitally connected and familiar with online
tools. To reduce ambiguity in the notion of “AI in tourism”, the questionnaire introduced a concrete AI scenario:
Respondents were first asked whether they had used a conversational AI assistant similar to ChatGPT to organise
and experience their trip in Fes. Only those who reported prior use were invited to complete the full survey and
were instructed to base their responses on their actual travel-related experience. The AI assistant could answer
questions about attractions, propose itineraries, help select restaurants or accommodations based on preferences
and budget, and assist with translation and explanations of local customs. Participants were instructed to base their
answers on their perceived or actual use of such an AI assistant while travelling. The scenario prompt was designed
to provide a shared reference point for the technology.

3.2. Measures

The constructs were measured using multi-item Likert scales adapted from prior UTAUT2 and AI adoption studies.
Performance expectancy, effort expectancy, social influence, facilitating conditions, hedonic motivation, price
value, habit, behavioural intention, and usage behaviour were operationalised following established scales, with
items tailored to the tourism and AI assistant context (e.g. “Using AI in tourism helps me make better travel
decisions”). Trust in AI technology was measured through items capturing perceived reliability of AI algorithms,
data integrity, and confidence in AI developers’ honesty. All items were rated on a five-point Likert scale ranging
from strong disagreement to strong agreement. The full list of items and sources is provided in Table 1. In this
study, price value is interpreted broadly. Respondents may consider monetary costs (e.g., subscription) and non-
monetary costs (e.g., mobile data, time, and effort). This clarification matters because some conversational AI tools
are free at point of use. Also, Usage behaviour items capture general self-reported use of AI for travel purposes
(planning and purchasing). They do not measure verified frequency of use during the Fes stay. We interpret UB
accordingly throughout the paper.

3.3. Data collection and sample

Data were collected through a structured questionnaire administered to tourists who were either currently visiting
Fes or had recently visited and used AI-based tools during their travel planning or on-site activities. The translation
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Table 1. Constructs and items incorporated in the questionnaire (Source: Author’s own)

Variables Items Reference
Performance AI solutions are useful for me in tourism (PE1) [31, 5]
Expectancy AI systems help me accomplish tasks more quickly while traveling (PE2)
(PE) AI technologies bring convenience to my work when traveling (PE3)

AI can enhance the quality of tourism services (PE4)
Effort I am ready to use AI technologies as they are easy to understand (EE1) [31, 5]
Expectancy Using AI interfaces is less complex (EE2)
(EE) AI is easy to use (EE3)

It is easy for me to become an expert in using AI systems in tourism (EE4)
Social People around me think that AI should be used in tourism (SI1) [31, 5]
Influence Family and friends play an important role in my use of AI technologies for tourism

(SI2)
(SI) Using AI in tourism seems prestigious or admirable (SI3)

I will discuss the benefits of using AI in tourism with my family and friends (SI4)
Facilitating I have access to the necessary digital devices to use AI for tourism (FC1) [31, 5]
Conditions I have the necessary resources to use AI in tourism activities (FC2)
(FC) AI systems are compatible with other technological devices I use for tourism (FC3)

I can get help when I encounter difficulties using AI systems in tourism (FC4)
Hedonic Using AI in tourism is fun for me (HM1) [5]
Motivation AI-driven tourism applications are enjoyable to me (HM2)
(HM) Using AI in tourism is a form of entertainment (HM3)

AI use increases my overall tourism experience (HM4)
Price AI solutions offer good value for money in the tourism sector (PV1) [5]
Value (PV) AI systems are reasonably priced compared to other alternatives in the tourism

sector (PV2)
AI tools in tourism are worth the cost (PV3)

Habit (H) The use of AI in tourism has become a habit for me (H1) [5]
I must use AI when traveling (H2)
I am addicted to using AI technologies for tourism due to their benefits (H3)
Using AI has become natural for me when traveling (H4)

Behavioral I intend to continue using AI in the future for tourism (BI1) [31, 5]
Intention I plan to use AI frequently in my future travels (BI2)
(BI) I predict I will use AI in tourism in the near future (BI3)

I want to make others aware of the benefits of using AI in tourism (BI4)
Usage
Behavior

I have been using AI technologies in tourism for a considerable amount of time
(UB1)

[31, 5,
32]

(UB) I frequently use AI technologies for planning my trips (UB2)
I regularly use AI technologies to purchase tourism products or services (UB3)

Trust in AI
Technology

I trust that AI algorithms are reliable in providing recommendations related to
tourism services (TAT1)

[38, 16]

(TAT) I trust that AI-based tourism software has a reliable database for making decisions
(TAT2)
I believe there will be government regulations to ensure the security of AI-based
tourism software (TAT3)
I trust that AI software developers are honest and will not misuse user data in the
tourism sector (TAT4)
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of the survey from English to French was done using the translation/back-translation method [39]. A pilot study
was conducted with 10 tourism professionals and 5 professors to ensure clarity and relevance. The survey was
distributed online and began with a screening question. Only respondents who answered “Yes” to prior use of a
ChatGPT-like conversational assistant for travel-related tasks were allowed to proceed to the full questionnaire.

The final sample included N=183 tourists. The sample shows a gender imbalance, with 69.4% male participants
and 30.6% female, indicating greater male involvement. The majority of respondents were aged 26 to 35 (39.4%),
followed by 36 to 45 (30.4%) and 46 to 60 (19.5%). In terms of education, most of the participants have a master’s
degree (38.1%) or a doctorate (40.3%), which is typical of technology adoption studies. This sample is highly
educated and predominantly male. This profile may not represent the broader tourist population. It may also
reduce the salience of effort expectancy and social influence, because digitally confident users may treat ease
of use as a baseline expectation and rely less on normative cues. From a professional point of view, the sample
is diverse: 38.1% work in the private sector, 25.8% in the public sector, and 9.3% are entrepreneurs or liberal
professionals. This wide range of professions helps to understand the adoption of AI across all sectors. Notably,
90.2% of respondents expressed interest in using AI during their travels, and 86.3% trust AI to enhance their
tourism experience.

3.4. Data analysis

The data were analysed using Partial Least Squares Structural Equation Model-ling (PLS-SEM) [40] with
SmartPLS [41]. A two-step procedure was followed. First, the measurement model was assessed in terms of internal
consistency reliability, convergent validity, and discriminant validity (via composite reliability, Cronbach’s alpha,
AVE, and HTMT ratios). Second, the structural model was assessed by examining path coefficients, t-values, p-
values, coefficients of determination (R2) for endogenous constructs, and predictive relevance (Q2). To address
potential common method bias, full collinearity variance inflation factors (VIFs) were inspected for all constructs.
All VIF values were below the conservative threshold, indicating that common method variance is unlikely to
substantially bias the results. We applied procedural controls to reduce hypothetical bias by screening for direct
prior use of conversational AI. Bootstrapping was used to assess statistical significance of path coefficients. This
approach is consistent with standard PLS-SEM practice. We also note that the scenario-based nature of part of
the measurement may reinforce common method concerns. However, the study remains cross-sectional and self-
reported. We therefore interpret coefficients as associations rather than causal effects.

4. Results

4.1. Measurement model

To assess the convergent validity of the measurement model, we examined the loadings of the items measuring
each construct. All outer loadings were above the minimum acceptable value of 0.7 [42], indicating that each
item effectively represents its respective construct. Specifically, items related to PE, EE, TAT, and BI displayed
excellent loadings, with values ranging from 0.759 to 0.937. Additionally, the Average Variance Extracted (AVE)
for each construct exceeded the 0.5 threshold, and the Composite Reliability (CR) also exceeded the 0.7 threshold.
The constructs are then well-defined and reliable. Cronbach’s alpha values were calculated to ensure internal
consistency across the constructs. Located between 0.791 and 0.915, they are well above the acceptable value
of 0.7 [43]. Our measurement model has high internal consistency (Table 2).

Next, we compared the AVE for each construct with the squared correlations between the constructs. We
computed the Heterotrait-Monotrait (HTMT) ratio, which should ideally be below 0.90 for a good structural model
[44]. As shown in Table 3, all HTMT values are below the threshold of 0.90, indicating that the constructs are
sufficiently distinct from one another. The study results suggested substantial discriminant validity, both at the item
and construct levels of the model. Furthermore, the correlation between each item and its associated concept is
higher than that observed with the other concepts. Thus, our findings confirmed the validity and reliability of the
measurement model. Evaluation of the structural model is now possible.
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Table 2. Convergent validity results

Constructs Items Loading Cronbach’s alpha AVE Composite Reliability

Behavioral Intention

BI1 0.925

0.925 0.818 0.928
BI2 0.937
BI3 0.912
BI4 0.841

Effort Expectancy

EE1 0.874

0.866 0.715 0.882
EE2 0.862
EE3 0.881
EE4 0.759

Facilitating Conditions

FC1 0.827

0.865 0.713 0.871
FC2 0.895
FC3 0.874
FC4 0.775

Habit

H1 0.888

0.877 0.731 0.889
H2 0.863
H3 0.790
H4 0.875

Hedonic Motivation

HM1 0.867

0.863 0.707 0.887
HM2 0.897
HM3 0.758
HM4 0.835

Performance Expectancy

PE1 0.902

0.911 0.789 0.911
PE2 0.916
PE3 0.883
PE4 0.852

Price Value
PV1 0.893

0.860 0.781 0.865PV2 0.895
PV3 0.863

Social Influence

SI1 0.783

0.791 0.612 0.807
SI2 0.724
SI3 0.812
SI4 0.808

Trust in AI Technology

TAT1 0.860

0.837 0.673 0.844
TAT2 0.860
TAT3 0.744
TAT4 0.813

Usage Behavior
UB1 0.881

0.876 0.802 0.881UB2 0.925
UB3 0.879

Source: Data automatically generated in SmartPLS.
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Table 3. HTMT matrix

BI EE FC H HM PE PV SI TAT UB TATxBI
BI
EE 0.715
FC 0.524 0.695
H 0.727 0.647 0.445
HM 0.818 0.732 0.591 0.724
PE 0.812 0.746 0.566 0.660 0.772
PV 0.732 0.679 0.675 0.614 0.707 0.700
SI 0.695 0.674 0.574 0.634 0.823 0.834 0.718
TAT 0.689 0.605 0.468 0.553 0.627 0.552 0.693 0.545
UB 0.696 0.583 0.562 0.854 0.726 0.603 0.669 0.620 0.639
TATxBI 0.426 0.375 0.270 0.273 0.352 0.438 0.389 0.333 0.345 0.303

Source: Data automatically generated in SmartPLS.

4.2. Structural model

With the measurement model validated, the structural model was evaluated using several criteria, including the
coefficient of determination (R2), the Stone–Geisser cross-validation redundancy index (Q2), and the statistical
significance of the structural relationships. Multicollinearity was first assessed using the Variance Inflation Factor
(VIF). All VIF values were well below the threshold of 5, indicating that multicollinearity did not bias the
regression results [45].

The R2 values indicate moderate explanatory power, with R2 = 0.326 for Behavioral Intention and R2 = 0.568
for Usage Behavior. Both values exceed the minimum recommended threshold of 0.10, suggesting that the model
explains a meaningful proportion of variance in the endogenous constructs [46]. In addition, the Q2 values for all
dependent constructs were positive, ranging from 0.024 to 0.156, confirming the predictive relevance of the model
[43].

Following these assessments, the significance and relevance of the path coefficients were examined to test
the research hypotheses, in line with established recommendations [43]. A bootstrapping procedure with 5,000
resamples and a 95% confidence interval was applied (Figure 2).

The results show that six of the hypothesised relationships are supported, while three are not statistically
significant. As reported in Table 4, Performance Expectancy, Hedonic Motivation, Price Value, and Habit have
significant positive effects on Behavioral Intention. Facilitating Conditions and Habit also exert significant effects
on Usage Behavior.

Statistically significant relationships are indicated by t-values greater than 1.96 and p-values below 0.05. In
particular, Hedonic Motivation (β = 0.317, t = 4.445, p < 0.001), Performance Expectancy (β = 0.326, t = 3.829,
p < 0.001), and Habit (β = 0.555, t = 9.265, p < 0.001) strongly influence Behavioral Intention and Usage
Behavior. In contrast, the moderating effect of Trust in AI Technology on the relationship between Behavioral
Intention and Usage Behavior is not supported (β = −0.010, t = 0.320, p = 0.749).

Facilitating Conditions show a positive and significant effect on Usage Behavior (β = 0.161, t = 2.771, p =
0.006), highlighting the role of an enabling environment in AI adoption. Effort Expectancy and Social Influence do
not significantly affect Behavioral Intention, suggesting a limited role for these factors in this context. Behavioral
Intention does not significantly predict Usage Behavior in this sample (H8 not supported, p=0.301). Usage Behavior
is explained by Habit and Facilitating Conditions. This pattern suggests that use of conversational AI for travel may
be more routine-driven and infrastructure-dependent than intention-driven in this context. Hypotheses H1, H4b, H5,
H6, H7a, and H7b are supported, while H2, H3, H4a, H8, and H9 are not supported.
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Figure 2. Bootstrapping result of the structural model (Source: Data automatically generated in SmartPLS).

Table 4. Hypothesis testing

Hypotheses and relation STDEV O t-value p-value Decision
H1. Performance Expectancy → Behavioral Intention 0.085 0.326 3.829 0.000 Supported
H2. Effort Expectancy → Behavioral Intention 0.067 0.094 1.404 0.160 Not supported
H3. Social Influence → Behavioral Intention 0.069 -0.075 1.088 0.277 Not supported
H4a. Facilitating Conditions → Behavioral Intention 0.058 -0.060 1.033 0.302 Not supported
H4b. Facilitating Conditions → Usage Behavior 0.058 0.161 2.771 0.006 Supported
H5. Hedonic Motivation → Behavioral Intention 0.071 0.317 4.445 0.000 Supported
H6. Price Value → Behavioral Intention 0.064 0.186 2.921 0.004 Supported
H7a. Habit → Behavioral Intention 0.060 0.172 2.850 0.004 Supported
H7b. Habit → Usage Behavior 0.060 0.555 9.265 0.000 Supported
H8. Behavioral Intention → Usage Behavior 0.072 0.075 1.034 0.301 Not supported
H9. Trust in AI Technology × Behavioral Intention 0.031 -0.010 0.320 0.749 Not supported
→ Usage Behavior

Source: Data automatically generated in SmartPLS (STDEV refers to the standard deviation of the bootstrap estimates).
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5. Discussion

The study aimed to examine how tourists adopt and use AI-based conversational assistants in tourism, using Fes
as the empirical setting. We discuss the findings by following the research model in Figure 1. We first interpret
predictors of behavioural intention. We then interpret predictors of usage behaviour. We finally address the non-
significant intention–use link and the non-significant trust moderation result. Several insights emerge from the
analysis.

First, the strong effects of performance expectancy, hedonic motivation, price value, and habit on behavioral
intention indicate that tourists are more likely to rely on AI assistants when they perceive clear benefits, such
as improved decision-making and time savings, when interaction with AI is enjoyable, when the perceived cost-
benefit ratio is favorable, and when AI use has become part of their travel routine. In this setting, price value likely
reflects perceived net value rather than direct purchase price. Tourists may weigh benefits against time costs, data
costs, or subscription costs. This framing fits the use of freemium conversational AI tools.

Second, effort expectancy and social influence do not significantly predict behavioral intention. One plausible
explanation is that conversational assistants such as ChatGPT are perceived as relatively easy to use by tourists
who regularly engage with digital tools [47]. Indeed, effort expectancy and social influence are non-significant in
this sample. A plausible explanation is the sample profile. Respondents are highly educated and screened for direct
prior use of conversational AI. For this segment, ease of use may be a basic expectation rather than a differentiator.
Social influence may also be weaker when travel planning is self-directed and mediated by personalized digital
tools. Several findings are better interpreted as trade-offs rather than isolated effects. Conversational AI can support
personalization, but personalization can increase privacy exposure because it relies on user data. Ease of use may be
treated as a baseline, yet perceived risk can still limit reliance on outputs. Also, the decision to use AI assistants may
be more individual and self-directed than socially driven, particularly among travelers who plan trips independently
and rely primarily on online information sources. Moreover, anthropomorphic interaction cues may support early
engagement, but novelty can fade, leaving functional limits more salient. These tensions help explain why some
classic UTAUT2 predictors are weak in this sample and non-significant in a mature conversational AI interface.

Third, facilitating conditions do not directly influence intention but significantly affect actual usage behavior.
This suggests that once intention is formed, access to internet connectivity, appropriate devices, and technical
support becomes essential for translating intention into use during the trip.

Fourth, habit emerges as a central determinant of both intention and usage behavior. Tourists who routinely
consult AI tools in everyday life or during previous trips are more likely to continue using them in new destinations,
reinforcing the role of habit emphasized in UTAUT2.

Trust in AI technology did not moderate the intention–use relationship. Although trust remains conceptually
important and is reflected in tourists’ confidence in AI tools [48], it does not significantly strengthen or weaken
the translation of intention into behavior. This result suggests that trust may not act as a “gatekeeper” for use in
this context. One explanation is restricted variance, because screened respondents already have direct experience
with conversational AI. Another explanation is timing. Trust may shape perceived usefulness and the formation of
intention, rather than the translation of intention into use. This interpretation is consistent with the view that beliefs
can exert their strongest influence before behavior becomes routine.

6. Theoretical implications

Figure 1 helps interpret where the model aligns with UTAUT2 and where it diverges. At the intention stage,
performance expectancy, hedonic motivation, price value, and habit remain relevant. At the use stage, the
mechanism shifts. Habit and facilitating conditions explain usage behaviour, while behavioural intention is not
significant. This suggests a more routinized adoption process for conversational AI in travel, where access and
routine override planned intention. The findings contribute to the literature on tourism and technology adoption in
several ways.
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First, the study confirms the relevance of UTAUT2 in an AI-intensive context by showing that performance
expectancy, hedonic motivation, price value, and habit remain key determinants of behavioral intention, while
habit and facilitating conditions explain actual usage behavior. This supports the extension of general technology
adoption mechanisms to AI-based conversational assistants in tourism.

Second, the non-significant effects of effort expectancy and social influence call for a more nuanced
interpretation of UTAUT2 in contexts characterized by relatively high digital literacy and individualized technology
use. Two paradoxes help interpret the results. Personalization depends on data, which can raise privacy concerns.
This can weaken the role of trust as a moderator when users treat trust as a baseline condition. At the same time,
conversational AI can reduce friction in information search, yet heavy reliance can reduce autonomy for some
users. These paradoxes suggest the intention–use link may weaken when use becomes habitual and infrastructure-
driven. Adoption drivers may show threshold or non-linear patterns that are not captured in a linear PLS-SEM
specification. Future research could examine conditions under which effort expectancy and social influence regain
explanatory power, such as among less digitally experienced travelers or in group travel settings.

Third, the study contributes to the growing discussion on trust in AI by operationalizing trust as a moderating
factor in the intention–behavior relationship. Although the moderation hypothesis is not supported, this result
suggests that trust may operate as a background condition shaping initial intention rather than as a distinct
mechanism influencing implementation. This opens avenues for alternative model specifications, including
positioning trust as an antecedent of perceived usefulness, perceived risk, or habit.

Finally, by focusing on tourists visiting Fès, the study provides empirical evidence from a North African
destination that remains underrepresented in tourism and AI research, thereby contributing to a broader
geographical coverage of studies on AI adoption in tourism.

7. Practical implications

The findings suggest three priorities.

• First, destination stakeholders can strengthen performance expectancy by offering a destination-specific
assistant with verified local information (routes, opening hours, norms). Access can be delivered through
official channels and on-site QR codes in hotels and visitor points.

• Second, developers can support habit formation by reducing friction across devices. Tourists often switch
between desktop planning and mobile on-site use. Cross-platform continuity supports routine use.

• Third, facilitating conditions remain critical. Local tourism actors can support use by investing in visible
Wi-Fi hotspots in tourist zones and by partnering with operators for short-term data plans.

Operational transparency should be concrete. Provide short “why this was recommended” explanations. Offer
basic controls for personalization. Provide a visible escalation option to a human agent for complaints or
exceptions. As a decision rule, automate low-empathy and high-frequency tasks, and keep human support for
exceptions and emotionally sensitive situations.

8. Limitations and future research directions

This study has limitations.

• First, the data are cross-sectional and self-reported. This limits causal inference. Although we assessed
common method bias using collinearity checks, shared-method measurement remains possible.

• Second, the study uses a scenario prompt. The usage behaviour items capture general self-reported travel
AI use, not verified on-site use in Fes. The findings therefore reflect intention and general usage propensity.
Future research should measure in-situ use through diary studies, experience sampling, or usage logs.

• Third, the sample is highly educated and predominantly male. This limits generalizability. It may also reduce
the explanatory power of effort expectancy and social influence.
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• Fourth, price value is conceptually complex for freemium tools. Future research can refine measurement to
separate monetary cost from non-monetary costs such as mobile data, time, and privacy exposure.

• Finally, the non-significant trust moderation suggests alternative model specifications. Trust may operate as
an antecedent of usefulness, perceived risk, or intention, or it may develop from repeated use over time.

9. Conclusion

This study examined conversational AI adoption in tourism by extending UTAUT2 with trust in AI technology.
Based on survey data from N=183 tourists in Fes, the findings show that performance expectancy, hedonic
motivation, price value, and habit influence behavioural intention. Usage behaviour is explained by habit and
facilitating conditions, while behavioural intention is not a significant predictor of usage behaviour in this sample.
Trust in AI technology does not significantly moderate the intention–usage relationship.

Overall, the results suggest that conversational AI tools such as ChatGPT are more likely to be integrated into
tourists’ experiences when they are perceived as useful, enjoyable, and as providing good value in terms of time and
effort, and when their use becomes habitual. For researchers, the study highlights both the relevance and the limits
of UTAUT2 in AI-intensive contexts and points to future research directions related to trust, non-linear effects, and
cross-destination comparisons.

These findings should be read in light of limitations. The data are cross-sectional and self-reported. The sample
is highly educated and predominantly male. Usage behaviour reflects general travel AI use among screened users
and does not verify in-situ frequency during the Fes stay. Future studies should collect in-situ data and test more
heterogeneous samples.
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