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ABSTRACT
Artificial intelligence (AI) has revolutionized many industries, particularly tourism. Using the diffusion of innovation theory, 
value-based adoption model, and technology readiness theory, this study examines AI adoption through perceived enjoyment, 
perceived usefulness, perceived fees, and technicality on perceived value in the tour, travel, and hospitality sectors. Data were 
analyzed using PLS-SEM via SMARTPLS version 3.3.9, and an artificial neural network (ANN). The findings show that per-
ceived fees and usefulness significantly impact perceived value. Travelers are more likely to value AI services if they perceive 
reasonable fees and enhanced search performance, leading to increased adoption intention. The study revealed that perceived 
enjoyment and technicality are not primary drivers of perceived value, underscoring the importance of pricing, perceived bene-
fits, convenience, and cost-effectiveness in promoting tourism offerings to enhance AI service value perception. In addition, the 
high perceived value of benefits, convenience, and cost-effectiveness encourages AI adoption. The moderation effect of age and 
perceived innovativeness indicates a strong relationship between PV and AI adoption intentions among Gen Z.

1   |   Introduction

Artificial intelligence (AI) has revolutionized the travel, tour-
ism, and hospitality sectors through algorithms, voice recog-
nition, machine learning (ML), natural language processing, 
augmented, mixed, and virtual reality, chatbots, voice assis-
tants, automation, and robotics (Haenlein and Kaplan  2019; 
Bulchand-Gidumal et al. 2023). AI has enhanced the customer 
experience, making it more seamless and convenient (Kim and 
Kim  2024; Paul et  al.  2024). It can create personalized itiner-
aries, offer tailored sightseeing recommendations, and facilitate 
voice-assisted booking and cancellation of flights, hotels, and 
tickets, transforming the entire travel process into a streamlined 
bespoke experience. Hotels use chatbots and voice assistants to 

address customer queries and provide round-the-clock assistance 
(Forbes  2023a, 2023b; McKinsey  2023b; Bulchand-Gidumal 
et al. 2023). AI has revolutionized HR, finance, education, and 
marketing by improving decision-making, predicting behaviors, 
and optimizing strategies (Pillai and Sivathanu 2020; Setiawan 
et al. 2021; Chatterjee and Bhattacharjee 2020). AI is essential 
to address various operational challenges in the travel, tourism, 
and hospitality industries. Intelligent gadgets assist humans 
in recommending diverse options and making travel decisions 
(Hassani et al. 2020). Consequently, consumer preferences for 
AI-based smart gadgets such as Alexa, bots, and chatbots have 
increased. AI has significant potential in the travel, tourism, and 
hospitality industries because it provides personalized sugges-
tions, tailored recommendations, swift responses via chatbots, 
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online services, and eye-to-eye interactions through AR, VR, 
and robots (Samala et al. 2020). Therefore, these new technolo-
gies might encourage individuals to use AI in the tourism sector, 
and firms can capitalize on their intentions as a competitive ad-
vantage (Samala et al. 2020).

Due to COVID-19 and Volatility, Uncertainty, Complexity, and 
Ambiguity (VUCA), individuals and firms are increasingly 
adopting AI because of its cost-effectiveness, sophistication, 
and efficiency. In emerging markets, such as India, AI is both 
developed and consumed extensively, with users and investors 
recognizing its transformative potential (Bhutoria  2022). The 
perceived value of AI, driven by its usefulness and enjoyment, 
can influence the intention to use it. Thus, this study explored 
the impact of positive reinforcement on the perceived value of AI 
during travel planning and booking. However, the swift evolu-
tion of technology and high initial investment in AI (Sohn and 
Kwon 2020) could affect its perceived value. To address the neg-
ative perception of AI's value, this study examined the impact of 
perceived fees and complexity, which may hinder AI adoption. 
Some companies that require basic fees or credit card details 
for travel booking may also restrict AI adoption. Recognizing 
users' adoption needs and patterns based on perceived value, 
this study considers perceived usefulness, enjoyment, fee, and 
technicality as antecedents in the tourism sector. However, this 
adoption of disruptive technology depends on the tremendous 
appetite for technology among individuals, which relies on per-
ceived innovativeness (Kwak et  al.  2021). The conceptualiza-
tion of AI-based services relies on technological innovativeness 
(Coccia and Watts 2020), and technology adoption varies among 
individuals (Chawla and Joshi 2020). This study investigates the 
role of the intention to use AI, with perceived innovativeness 
acting as a moderator in the tourism sector. Highly personal-
ized AI offers varying values to individuals (Lee et  al.  2021). 
Although new technologies can be challenging for older genera-
tions, younger users find AI adoption more convenient. Current 
AI solutions personalize experiences and encourage AI service 
adoption in travel planning (Tavitiyaman et al. 2022). Therefore, 
it is essential to explore the generational differences in technol-
ogy adoption.

This study utilizes the diffusion of innovation theory, value-
based adoption model theory, and technology readiness theory 
to predict AI adoption and to examine technical and facilitating 
aspects. Marketers and Innovators must understand the factors 
driving technological interest, particularly in the travel sec-
tor, by identifying their influences on AI diffusion. This study 
aimed to address the following research questions:

•	 RQ1: How does perceived value activate intention to use AI-
based services in the tourism sector?

•	 RQ2: What are the contingent effects of generation (Y and 
Z) and perceived innovativeness on perceived value and in-
tentions in the tourism sector?

This study addresses research gaps in the literature by examin-
ing the intention to use AI through perceived values, considering 
the contingent effects of generation (age) and perceived innova-
tiveness. Pillai and Sivathanu  (2020) have called for an inves-
tigation into perceived value in AI research, while Hollebeek 

et al. (2024) have emphasized the need for more studies on fac-
tors motivating AI user engagement. This study proposes an 
adoption framework for AI and investigates the technical and 
functional antecedents of perceived value.

2   |   Literature Review

2.1   |   Theoretical Background

Diffusion innovation theory (DOI), value-based adoption model 
(VAM) theory, and technology readiness (TRT).

Currently, AI empowers organizations to provide unique expe-
riences by reimagining personalized strategies, particularly in 
the travel industry, which demands personalization (Renjith 
et al. 2020). Hence, firms must understand how and why travel 
consumers embrace AI technology in their lives. The literature 
in information technology has adopted multiple theories to 
discourse intentions to adopt AI-related platforms, including 
TAM, TAM2, TRA, TPB, and UTAUT (Dissanayake et al. 2022; 
Lampo 2022; Khan et al. 2021; Lai 2017). However, in 2024, the 
role of cognition, consumer psychology, value perspective, and 
experience gained dominance (Sohn and Kwon  2020), which 
cannot be explained by the theories mentioned above (Zhong 
et al. 2021). Therefore, this study conceptualized the intention 
to adopt AI among generations Y and Z using diffusion of in-
novation theory, value-based adoption model, and technology 
readiness theory. The diffusion of innovation theory (Rogers 
1983) acts as a comprehensive guiding framework for develop-
ing the research model. The theory states that characteristics of 
the innovation itself significantly influence its adoption. Some 
of these characteristics are facilitating, while some are impeding 
the innovation adoption. It also emphasizes the innovativeness 
of the individuals as a significant influencer of the innovation 
adoption. More innovative individuals tend to adopt new ideas 
more quickly, thereby accelerating the overall diffusion process. 
Many recent studies have used diffusion of innovation theory to 
AI adoption, exploring how new technologies spread in society 
and how these innovative technologies can be adopted (Patnaik 
and Bakkar  2024; Uzumcu and Acilmis  2024). Some of these 
studies have focused on factors that impact the adoption of AI in-
novation among students and employees (Xu et al. 2024; Raman 
et al. 2024; Yuen et al. 2021). Some of the studies have focused on 
the role of innovativeness (Uzumcu and Acilmis 2024) and lead-
ership on AI innovation adoption (Patnaik and Bakkar 2024). 
The current study is one of the few studies to comprehensively 
investigate the impact of positive and negative aspects and the 
moderating role of innovativeness on AI innovation value and 
adoption in tourism.

The VAM theory considers the perceived values of users, which 
in general is described as a subjective evaluation of the bene-
fits and cost aspects of using a product/service. It includes both 
positive and negative facets that critically affect users' adop-
tion intentions (Liao et al. 2022). Kim et al. 2007, conceptual-
ized “usefulness” and “enjoyment” in the positive aspect, that 
is, benefits and “technicality,” and “perceived fee” in the neg-
ative aspect, that is, sacrifice. The theory has been widely em-
ployed to examine mobile commerce, mobile banking, and IoT 
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(Zhong et al. 2021; Yu et al. 2019), and a handful of studies have 
employed VAM in AI, particularly in the tourism sector (Cao 
et al. 2022). Cao et al. (2022) adopted the value adoption model 
to investigate the adoption of smart voice assistants by Airbnb 
guests, however, their focus was on perceived functional value, 
perceived emotional value, perceived privacy, and self-efficacy.

The present study adopts the technology readiness theory to eluci-
date users' cognitive propensity toward embracing new technology 
(Parasuraman 2000). Within this framework, consideration is given 
to both the positive and negative facets that significantly influence 
readiness to accept and integrate new technological advancements 
(Lai  2008). Positive facets serve as motivational factors driving 
users' intentions to adopt new technology, such as optimism and 
innovativeness, whereas negative facets act as deterrents via dis-
comfort and insecurity, potentially impeding the adoption of such 
advancements (Gao et  al.  2022; Parasuraman and Colby  2015). 
The technology readiness theory employed in this study serves as a 
valuable tool for understanding users' psychological states and pro-
pensity to engage with technology in pursuit of personal objectives. 
Beyond its conventional role as a mediator, the TRT framework 
is herein regarded as a moderator in the context of the adoption 
of AI technology by users engaged in tour and travel activities.  
The relationship between perceived innovativeness (PI) and innova-
tion is bidirectional; PI can influence technological innovation, and  
technological innovation can influence PI. In our study, we exam-
ined the role of PI in the intention to use innovative technologies, 
such as AI-based services in travel, tourism, and hospitality (TTH).

3   |   Hypothesis Development

3.1   |   Impact of Positive Facets on the Perceived 
Value of Users

According to value-based adoption theory, the two important 
positive aspects that impact technology adoption are perceived 
enjoyment and perceived usefulness. Traveling is an experiential 
aspect that subscribes to hedonic and eudaimonic facets (Cornet 
et al. 2022) and planning of traveling leads to similar excitement, 
enjoyment, and pleasantness (Tandon et al. 2020). Interestingly, 
previous studies have highlighted perceived enjoyment (PE) as an 
intrinsic motivation for engaging in new technology to effectively 
complete a task with fun and involvement (Soares et al. 2021; Lee 
et al. 2013). AI allows personalization in search that engages cus-
tomers more, instant replies from chatbots augment participation, 
and digital platforms provide users with a plethora of options to 
compare, search, and find the ideal option (Popesku 2019). The lat-
est studies acknowledge the role of AI in showing and presenting 
hotel rooms, tourist places, and traveling as a delightful experience 
that influences perceived value (Solakis et al. 2024).

The second positive aspect of any technology that impacts its 
adoption is perceived usefulness. Perceived usefulness (PU) is 
the belief that using service/technology can enhance productiv-
ity (Davis 1989). It has been identified as a strong motivator for 
new technology acceptance by providing reliability, assurance, 
and convenience, leading to enhanced productivity (Tavitiyaman 
et  al.  2022), impacting attitudes and behaviors (Lalicic and 
Weismayer 2021; Zhu et al. 2023; Melián-González et al. 2021; Pillai 
and Sivathanu 2020), and invoking positive emotions in customers 

(Lin et al. 2020). Therefore, the literature has highlighted that per-
ceived usefulness has a substantial impact on creating value for 
consumers in TTH. Therefore, we proffer the following.

H1.  Perceived enjoyment (PE) has a positive influence on per-
ceived value (PV) in the tourism sector.

H2.  Perceived usefulness (PU) has a positive influence on per-
ceived value (PV) in the tourism sector.

3.2   |   Impact of Negative Facets on the Perceived 
Value of Users

According to value-based adoption theory, the two important 
negative aspects that impact technology adoption are technical-
ity and perceived fees. Technicality refers to the effort required to 
use technology (Kim et  al.  2007). Technicality demands special 
skills, competencies, and knowledge (Rahman  2019) and plays 
a significant role in deciding whether to adopt a new technol-
ogy (Kim  2021). Technicality impacts customers' attitudes and 
behaviors toward a technology (Solakis et  al.  2024). If the new 
technology is uncomplicated, simple, and easy to use, the diffu-
sion of technology is more than that of complex technology, which 
requires more technicality (Pillai and Sivathanu 2020). Previous 
studies have affirmed the negative impact of technicality on the 
generation of values from technology. Hsiao (2022) found a nega-
tive impact of technicality on PV in mobile payment that hampers 
the value perception among users, and Sohn and Kwon (2020) re-
ported that technicality harmed perceived value in the context of 
artificial intelligence.

Similarly, perceived fees have a profound impact on the choice 
of technology (Sohn and Kwon 2020) and include monetary or 
non-monetary expenses such as time, search, or psychological 
expenses (Hsiao 2022). In this study, the perceived fee is mon-
etary and is the search cost that individuals are ready to spend 
on AI tools for TTH planning. Previous studies have affirmed 
the negative impact of perceived fees on AI-based service usage 
(Habibi and Rasoolimanesh 2021; Xu et al. 2019) and confirmed 
that cost interrupts the acceptance of new innovative technolo-
gies (Tom Dieck and Jung 2018). Some studies have debated the 
above notion and have said that high fees reflect higher quality, 
which positively influences the value appraisal of the technol-
ogy (Liao et al. 2022; Zhu et al. 2010; Sweeney and Soutar 2001). 
Previous research does not agree on the relationship between 
perceived fees and perceived value.

Therefore, we have proposed the following

H3.  Technicality (T) has a negative influence on perceived 
value (PV) in the tourism sector.

H4.  Perceived Fee (PF) has a negative influence on perceived 
value (PV) in the tourism sector.

3.3   |   PV and Intentions to AI in TTH

Zeithaml (1988) described the term perceived value as “the 
consumer's overall assessment of the utility of a product (or 
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service) based on perceptions of what is received and what is 
given,” which calculates the benefits and costs of the products/
services. Past studies articulated perceived value as both a sub-
jective and objective evaluation of a product that begets the de-
sirability toward the intention to use the product/services (Chen 
and Lin  2019; Dedeoğlu  2019; Ponte et  al.  2015). In tourism, 
perceived value has been determined as a strong motivator of 
intention to use technology (Lalicic and Weismayer  2021; de 
Kervenoael et  al.  2020). In addition, the perceived value gen-
erated by the trade-off between costs and benefits can attract 
new users or create intentions to use new technology (Masri 
et al. 2020). In addition, when TTH companies focus on inno-
vative features that solve consumer problems and address their 
functional and emotional needs, they can create significant 
value. This approach may lead to an increased intention to use 
innovative technologies, such as AI. Hence, we have conjec-
tured the following:

H5.  Perceived value (PV) positively influences the intentions to 
use AI in the tourism sector.

3.4   |   Perceived Innovativeness as a Moderator

Technology plays a powerful role in changing the world, 
which is expeditiously growing owing to continuous innova-
tion (Coccia and Watts 2020). Hence, with improved innova-
tive technology, consumers reflect on their exclusiveness and 
uniqueness to evaluate their usage decision-making (Hwang 
et al. 2019). Watchravesringkan et al. (2010) defined perceived 
innovativeness as “the degree to which consumers believe 
that the product possesses important attributes of innovation 
such as newness and uniqueness.” Perceived innovativeness 
involves the novel and creative aspect of technology that dis-
tinguishes companies and provides a competitive advantage 
(Hwang et  al.  2020). Hence, perceived innovativeness dif-
fers from consumer innovativeness. Consumer innovation 
involves the readiness to use the new innovative technology 
(Kwak et al. 2021), whereas perceived innovativeness involves 
the new features or characteristics consumers perceive in the 
new technology. In line with the technology readiness theory 
(TRT), Parasuraman and Colby (2015) define innovativeness 
as “a tendency to be a technology pioneer and thought leader.” 
Hence, it reflects a person's propensity to try and accept ad-
vanced technologies. According to TRT, individuals with 
a high level of innovativeness are more inclined to exhibit 
openness to novel technologies. Conversely, individuals with 
lower innovativeness may experience hesitancy or discom-
fort in adopting new technologies. Previous studies affirmed 
that users with a high level of perceived innovativeness ex-
hibit more confidence in product/service performance (Kim 
et al. 2021). Therefore, PI is a significant variable for examin-
ing the relationship between PV and intention to use AI as a 
moderator. Previous studies have discouraged the role of PI in 
the degree of consumers' perception, which affects their deci-
sion to use a product. It is quite possible that users with high 
PI have a positive contingent effect, and users with low PI 
have a negative contingent effect on the relationship between 
PV and intention to use AI in TTH. Hence, we have proposed 
the following:

H6.  The effect of perceived value (PV) on intentions to use AI in 
the tourism sector is moderated by perceived innovativeness (PI).

3.5   |   Age (Gen Y and Z) as Moderator

Age has been considered a significant demographic factor in 
exploring consumer behavior (Di Talia et  al.  2019; Martins 
et  al.  2011). Technology is used in everyday activities and 
is used by people of all ages (Hülür and Macdonald  2020). 
Generally, the elderly are hesitant to adopt new technology 
(Niehaves and Plattfaut 2014) compared to the younger gener-
ation. Previous studies have examined age as a moderator of 
technology acceptance and adoption (Chawla and Joshi 2020). 
Sharma et al. (2023) have affirmed that Generation Z adopts 
innovative approaches in current times. Zhao et al. (2018) af-
firm the role of age as a moderator in mobile healthcare tech-
nology adoption. Similarly, past studies have observed age as 
a moderator of technology adoption in banking (Chaouali and 
Souiden 2019; Chawla and Joshi 2018), social media (Liebana-
Cabanillas and Alonso-Dos-Santos  2017), e-commerce and 
shopping (Natarajan et al. 2018), and education (Yu et al. 2017). 
Interestingly, in the tour and travel sector, age has been exam-
ined profoundly as a moderator to understand its relationship 
with embracing new technology (Paulo et  al.  2018; Tan and 
Ooi 2018; Kim 2016). Therefore, to recognize the contingent 
effect of age on the PV and AI eras, we propose the following 
hypothesis (Figure 1):

H7.  The effect of perceived value (PV) on intentions to use AI in 
the tourism sector is moderated by age.

4   |   Methodology

4.1   |   Sampling and Data Collection

Aligned with the guiding article (Paul  2024), the survey tar-
geted AI-based service users in travel, tourism, and hospitality, 
primarily tech-savvy millennials (Gen Y) and Zoomers (Gen 
Z). These cohorts were chosen because of their technical profi-
ciency and acceptance of AI-based services (Bilgihan 2016), par-
ticularly hotel bookings and travel planning (PwC 2019). They 
seek personalized experiences through tailored recommenda-
tions and itineraries (Deloitte 2020) and significantly influence 
travel trends (McKinsey 2023a, 2023b). Thus, Gen Y and Gen 
Z members are crucial for AI-based tourism, travel, and hospi-
tality services. Invitation messages were sent in January 2022 
via messaging platforms and emails. Data were collected using 
a self-administered cross-sectional survey of 305 participants. 
After excluding incomplete questionnaires, 283 valid responses 
were retained for analysis. The respondents' profiles are pre-
sented in Table 1.

4.2   |   Measuring Instrument

Validated scales were used to measure the study variables 
(Table  2). Each item uses a 7-point Likert scale ranging from 
1 (strongly disagree) to 7 (strongly agree). Perceived value was 
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measured using three items from Sirdeshmukh et al. (2002), per-
ceived usefulness (five items) from Davis (1989), and perceived 
fee (two items) from Voss et al. (1998). Perceived enjoyment in-
cluded three items from Agarwal and Karahanna  (2000) and 
Wang et al. (2012), while technicality (three items) was adapted 
from Davis  (1989) and DeLone and McLean  (2003). Perceived 
innovativeness (four items) was adapted from Parasuraman and 
Colby (2015), and intention (three items) from Davis (1989). Two 
management professors and two doctoral scholars verified the 
questionnaire's validity. Feedback on face validity and readabil-
ity was also collected from AI-based service users. The question-
naire began with broad demographic questions to understand 
the behavioral tendencies of Generation Y and Z, focusing 
on their use of AI in online reservations and travel planning. 

Participants were also asked to identify which AI-based services 
or products were essential to their trip planning processes.

4.3   |   Analytic Approach

This study employed PLS-SEM (SMART PLS 4) and artificial 
neural network analysis. PLS-SEM is suitable for hypothesis 
testing but cannot fully capture nonlinear relationships, except 
for quadratic effects (Hair et al. 2011), whereas ANN can capture 
nonlinear relationships but is inadequate for hypothesis testing. 
PLS-SEM is deemed suitable for hypothesis testing, as it en-
ables the concurrent estimation of multiple causal relationships 
among independent and dependent variables (Hair et al. 2011). 

FIGURE 1    |    Conceptual model. AGE-Gen, generation Y or Z; IN-AI-based service usage intention; PE-Perceived Enjoyment; PF-Perceived Fee; 
PI-Perceived Innovativeness; PU-Perceived Usefulness; T-Technicality; PV-Perceived Value. [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 1    |    Respondent demographic profile.

Demographic characteristics (N = 283)

Generation Frequency (%) Education Frequency (%)

Gen Y 174 (62%) 12th 37 (13%)

Gen Z 109 (48%) Graduation Degree 170 (60%)

Master's Degree 76 (27%)

Gender Used of AI-Based Services

Female 98 (35%) Once 24 (10%)

Male 125 (65%) Two to five times 73 (30%)

Once a week 31 (13%)

More than once a week 71 (29%)

Once a month 21 (9%)

Twice a month 21 (9%)
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TABLE 2    |    Convergent validity of constructs.

Construct Item VIF Loading

Intentions (IN) Cronbach's alpha = 0.869, composite reliability = 0.92, average variance extracted (AVE) = 0.793

I1 I intend to use AI product in the 
future for my traveling plans

2.668 0.909

I2 I intend to use AI product frequently for my traveling plans 2.1 0.874

I3 I intend to purchase traveling services 
with AI-based platforms

2.288 0.887

Perceived enjoyment (PE) Cronbach's alpha = 0.92, composite reliability = 0.95, average variance extracted (AVE) = 0.863

PE1 I have fun interacting with AI based services 3.297 0.925

PE2 Using AI Product provides me with a lot of enjoyment 3.511 0.93

PE3 I enjoy using AI Product—services 3.31 0.931

Perceived fee (PF) Cronbach's alpha = 0.823, composite reliability = 0.919, 
average variance extracted (AVE) = 0.849

PF1 The fee that I have to pay for the use 
of AI product is reasonable

1.955 0.919

PF2 I am pleased with the fee that I have to 
pay for the use of AI product

1.955 0.924

Perceived innovativeness (PI) Cronbach's alpha = 0.917, composite reliability = 0.938, 
average variance extracted (AVE) = 0.751

PI1 I can usually figure out new high-tech products 
and services without help from others

1.875 0.758

PI2 I keep up with the latest technological 
developments in my areas of interest

2.804 0.871

PI3 I enjoy the challenge of figuring out high-tech gadgets 3.694 0.91

PI4 I prefer to use the most advanced technology available 3.363 0.899

Perceived usefulness (PU) Cronbach's alpha = 0.938, composite reliability = 0.953, 
average variance extracted (AVE) = 0.802

PU1 Using AI product enables me to 
accomplish tasks more quickly

3.559 0.903

PU2 Using AI product enhances my task effectiveness 3.124 0.881

PU3 Using AI product makes it easier to do my task 3.286 0.889

PU4 Using AI product improves my task performance 3.952 0.908

PU5 Using AI product saves me time and 
effort in performing tasks

3.582 0.897

Perceived value (PV) Cronbach's alpha = 0.861, composite reliability = 0.915, 
average variance extracted (AVE) = 0.783

PV1 Compared to the effort I need to put in, the 
use of AI product is beneficial to me

1.966 0.859

PV2 Compared to the time I need to spend, the 
use of AI product is worthwhile to me

2.385 0.89

PV3 Overall, the use of AI product delivers me good value 2.35 0.904

(Continues)
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The sample size for Smart PLS should be ten times the largest 
number of indicators for one construct and ten times the larg-
est number of structural paths aimed at a particular latent con-
struct. The 283 responses collected in this study exceeded these 
requirements (Hair et al. 2011).

Data analysis involved two stages. Initially, PLS-SEM was 
employed to validate the research model and identify the 
significant predictors. Reliability, convergent validity, and 
discriminant validity of the measurement model were as-
sessed. The hypotheses were evaluated to verify the structural 
model, including moderators, as PLS-SEM (Smart PLS 4) ac-
commodates complex models (Becker et  al.  2023). The path 
coefficients were derived using the path-weighting scheme 
algorithm in Smart PLS. The statistical significance of the 
structural paths was determined using a two-tailed percentile 
bootstrap procedure with 10,000 resamples. Model robustness 
was checked using a post-structural model analysis. In the 
second stage, artificial neural network (ANN) analysis used 
significant predictors from the PLS-SEM model to assess the 
relative importance of each predictor variable.

4.4   |   Common Method Bias

This cross-sectional study relied on self-reported measures, ne-
cessitating steps to mitigate and evaluate the common method 
bias. Several procedures and statistical tests were performed. 
Procedurally, anonymity was ensured via clear survey in-
structions, avoidance of complex terms, ordering of dependent 
variables before independent variables, and shuffling items of 
the same factor (Podsakoff et al. 2003). A full collinearity test 
of Knock  (2015) was applied. A model is deemed free of com-
mon method bias if the VIF of all latent factors is below 3.3 
(Knock 2015). This criterion was satisfied by the research model.

4.5   |   Evaluation of the Measurement Model

To validate the measurement model, reflective indicator load-
ings were first assessed. Factor loadings should exceed 0.707, 
indicating greater shared variance between an item and its con-
struct than the error variance (Hair et al. 2011). In this study, all 
factor loadings exceeded 0.70 (Table 2). Internal consistency reli-
ability was evaluated using composite reliability and Cronbach's 
alpha, both of which were above 0.7 (Fornell and Larcker 1981; 
Hair et al. 2011). Convergent validity was assessed using aver-
age variance extracted (AVE), with all AVE values above 0.5, 

indicating that the constructs explained more than 50% of the 
item variance.

The Fornell–Larcker and heterotrait-monotrait (HTMT) cri-
teria were applied to assess discriminant validity (Fornell and 
Larcker 1981; Henseler 2017). First, the average shared variance 
between a construct and its measurement scales must exceed 
the shared variance between the construct and other constructs 
in the model, represented by the squared correlation between 
the constructs (Fornell and Larcker  1981). The square root of 
AVE surpassed the correlations between the constructs. Second, 
the HTMT ratio between constructs was below 0.9. As shown 
in Table 3, both criteria were met, confirming the discriminant 
validity of the measurement model.

5   |   Empirical Results

5.1   |   Structural Model

Before analyzing the statistical significance and relevance of the 
path coefficients, in-sample prediction accuracy was assessed to 
identify the model's explanatory power (R2). According to the 
findings (Table 4), 54.4% of the variance in intention and 67.6% 
of the variance in perceived value were explained by the inde-
pendent variables, indicating that the explanatory power of the 
model was above moderate and acceptable (Hair et al. 2011). The 
out-of-sample predictive accuracy of the model was computed 
using PLS prediction with a cross-validation k-fold = 10 param-
eters (Shmueli et  al.  2019), which suggested moderate out-of-
sample predictive accuracy of the research model. Additionally, 
the SRMR value of the structural model was 0.063, which was 
below the threshold value of 0.08, indicating a good model fit 
(Henseler 2017).

Subsequently, the statistical significance and relevance of path 
coefficients were assessed (Figure 2). The results in Table 4 show 
that H01 and H05 are significant, with H01 and H05 having stan-
dardized regression coefficients above the threshold value of 0.2 
(Henseler  2017). H02 and H04 levels were not statistically sig-
nificant. Interestingly, H03 was significant but positive; hence, 
it was rejected in our study. However, it would be interesting to 
consider its theoretical and practical implications. The indirect 
effects are summarized in Table  5. The indirect effect of per-
ceived usefulness on intention through perceived value (beta 
indirect = 0.389, p < 0.001) and the indirect effect of perceived 
fees on intention through perceived value (beta indirect = 0.087, 
p < 0.001) were found to be significant. Interestingly, the indirect 
effect of perceived usefulness on intention through perceived 

Construct Item VIF Loading

Technicality (T) Cronbach's alpha = 0.857, composite reliability = 0.903, average variance extracted (AVE) = 0.7

T1 It is easy to use AI services 1.764 0.795

T2 AI services can be connected instantly 1.959 0.827

T3 AI services takes a short time to respond 2.348 0.877

T4 It is easy to get AI product to do what I want it to do 2.159 0.845

TABLE 2    |    (Continued)
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value was high, with a standardized beta coefficient of 0.389. 
The indirect effect of perceived enjoyment on intention through 
perceived value, as well as the indirect effect of technicality on 
intention through perceived value, was found to be insignificant.

5.2   |   Moderation Analysis

The moderating effects of age (specific focus on Gen Z or Y) 
and perceived innovativeness on the relationship between 
perceived value and intention to use AI-based services are 
established by including moderators in the structural model. 
Table 6 presents the moderation results. The results showed 
that both age (β = −0.105, p = 0.047, t-value = 1.987) and per-
ceived innovativeness (β = −0.072, p = 0.031, t-value = 1.077) 
significantly moderated the relationship between perceived 
value and intention to use AI-based services. Interestingly, 
the standardized regression coefficient of perceived innova-
tiveness and age has a low negative value. This shows that 
perceived innovativeness has a significant but very low sup-
pressing impact on the relationship between perceived value 
and intention to use AI-based services. For age (Generation Z 
or Y), the negative standardized regression coefficient means 

that the relationship between perceived value and the inten-
tion to use AI-based services is stronger for Generation Z than 
for Generation Y.

A simple slope analysis was conducted to better understand 
the significant moderators. For the moderating variable “per-
ceived innovativeness,” the simple slope diagram (Figure  3) 
indicates that at −1 SD (low innovativeness), the plot is steeper 
with a positive gradient compared to +1 SD (high innovative-
ness). This means that for individuals with low perceived in-
novativeness, an increase in perceived value enhances their 
intention to adopt AI-based services. Conversely, for highly 
innovative individuals, an increase in perceived value (cost/
benefit trade-off) reduces their intention to adopt AI-based ser-
vices. Thus, as user innovativeness decreases, the relationship 
between perceived value and intention to adopt AI-based ser-
vices strengthens. Conversely, higher perceived innovativeness 
weakens this relationship, potentially because less-innovative 
users view perceived value as a crucial factor, making them 
more likely to adopt AI-based services. By contrast, highly in-
novative users may find the service complex, unnecessary, or 
have high expectations, leading to lower adoption intentions 
despite increased perceived value. For the moderating vari-
able “age,” the simple slope diagram (Figure 4) shows that at 0 
(Generation Z), the plot is steeper with a positive gradient com-
pared to 1 (Generation Y). Simple slope analysis reveals that 
for Generation Z, perceived value has a stronger impact on the 
intention to use AI-based services than for Generation Y. These 
findings are consistent with those of the statistical analysis.

5.3   |   Model Robustness Check

To perform multivariate analysis using SMART PLS, several 
prerequisites need to be assessed, such as multicollinearity, ho-
moscedasticity, normality of distribution, endogeneity, and non-
linearity (Sarstedt et  al.  2020). To assess the multicollinearity 
problem, we examined the VIFs (Table 1). The results showed 
that the VIFs fell within the standard threshold of five, which 
indicates that there was no multicollinearity issue.

To assess homoscedasticity, we examined the standard residual 
scatter plot (Figure 5) and found that residuals dispersed along 
a diagonal line. Further analysis using Sarstedt et  al.'s  (2020) 
systematic procedure involved running FIMIX-PLS for five 

TABLE 3    |    Assessment of discriminant validity of constructs.

IN PE PF PI PU PV T

IN 0.89 0.793 0.349 0.579 0.766 0.85 0.681

PE 0.71 0.929 0.485 0.728 0.859 0.791 0.786

PF 0.296 0.422 0.922 0.525 0.432 0.547 0.658

PI 0.518 0.671 0.435 0.87 0.65 0.647 0.739

PU 0.693 0.799 0.381 0.604 0.896 0.884 0.804

PV 0.739 0.71 0.461 0.578 0.8 0.885 0.791

T 0.586 0.698 0.554 0.643 0.722 0.686 0.837

Note: Main diagonal in bold = square root of AVE; Fornell–Larcker criterion is below the main diagonal and the HTMT ratio is above the main diagonal.

TABLE 4    |    Structural model results.

Direct effectsignificance 
(t value) f2 Result

R2 (PV) 0.545

H01 PU → PV 0.571** (7.559) 0.312 Supported

H02 PE → PV 0.114ns (1.188) 0.013 Not Supported

H03 PF → PV 0.127* (2.798) 0.035 Supported

H04 T → PV 0.123ns (1.786) 0.018 Not Supported

R2 (IN) 0.676

H05 PV → IN 0.740** (19.234) 1.207 Supported

Note: R2 value of 0.75, 0.50, and 0.25 are considered substantial, moderate, and 
weak (Hair et al. 2018). f2 values of 0.02, 0.15, and 0.35 are considered small, 
medium, and large effect size (Guenther et al. 2023).
Abbreviations: IN, AI-based service usage intention; ns, not significant; 
PE, perceived enjoyment; PF, perceived fee; PU, perceived usefulness; T, 
technicality.
*p < 0.01. 
**p < 0.00.
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segments (minimum sample size = 85, effect size = 0.15, and 
power = 80%) with consistent initial settings. However, the anal-
ysis did not clearly indicate a specific segment solution (Table 7). 
Unobserved heterogeneity is not critical and supports complete 
data results.

A one-sample Kolmogorov–Smirnov test revealed that all p-
values were below 0.05, indicating a non-normal data distribution. 
Given this non-normality, variance-based structural equation 
modeling (SEM) using partial least squares (PLS) was suitable 

for this study because of its robustness against non-normal distri-
butions, unlike covariance-based SEM (Hair et al. 2011).

Hult et  al.  (2018) guidelines build on Park and Gupta  (2012) 
Gaussian copula approach was followed to test the endogeneity. 
There were five estimator variables in the analysis; a total 31 
models with one copula, two copulas, three copulas, four copu-
las, and five copulas were developed and analyzed. Coefficient 
copula significance was tested using bootstrapping (Park and 
Gupta 2012). The results in Table 8 show that there was no sig-
nificant Gaussian copula in the models.

A two-step approach was used to test model nonlinearity. First, 
Ramsey's  (1969) test was conducted using R-programming. 
Interaction terms were then included to represent quadratic ef-
fects in the PLS-SEM (Basco et al. 2022). The results revealed 
that three out of the five quadratic effects were nonlinear 
(Table 9). Thus, the original model was extended to incorporate 
significant nonlinear effects, assess changes in R-squared and 
BIC values, and compare models for fit and explanatory power 
(Basco et  al.  2022). The nonlinear model showed a better fit 
(BIC of −217.728 compared with −213.762) and higher explana-
tory power (adjusted R2 of 0.559 vs. 0.545). It also demonstrated 

FIGURE 2    |    Structural model predicting the direct, indirect, and conditional direct relationships. Gen, generation Y or Z; IN, AI-based service 
usage intention; PE, perceived enjoyment; PF, perceived fee; PI, perceived innovativeness; PU, perceived usefulness; T, technicality. **−p ≤ 0.01, 
***−p ≤ 0.001, ns-not significant.

TABLE 5    |    Indirect effects.

Indirect effectsignificance/t value Total effect Result

PU → PV → IN 0.389*** (5.730) 0.389*** (5.730) Supported

PE → PV → IN 0.078ns (1.179) 0.078ns (1.179) Not supported

PF → PV → IN 0.087** (2.645) 0.087** (2.645) Supported

T → PV → IN 0.084ns (1.803) 0.084ns (1.803) Not supported

Abbreviations: IN, AI-based service usage intention; ns, not significant; PE, perceived enjoyment; PF, perceived fee; PU, perceived usefulness; T, technicality.
***p < 0.01. 
**p < 0.00.

TABLE 6    |    Moderation analysis.

βsignificance 
(t value) f2 Result

H06 Gen → PV → IN −0.105** 
(1.987)

0.009 Supported

H07 PI → PV → IN −0.072** 
(2.158)

0.021 Supported

Abbreviations: Gen, Generation Y or Z; IN, AI-based service usage intention; ns, 
not significant; PI, perceived innovativeness.
**p < 0.00.
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slightly better predictive relevance (0.489 vs. 0.486). PLS pre-
diction analysis results are presented in Table 10.

5.4   |   ANN Analysis

To confirm and strengthen the results, an ANN analysis was 
applied using IBM's SPSS ANN algorithm, which captures 

both linear and nonlinear relationships, and does not require 
normally distributed data for complex models (Table  11). 
ANNs are often used along with PLS-SEM for similar reasons 
(Chen et al. 2023; Chong et al. 2023; Leong et al. 2023; Mishra 
et al. 2023; Nayal et al. 2023; Xu et al. 2023). The multilayer 
perceptron and sigmoid activation functions were employed 
for the input and hidden layers, respectively. Ninety percent 
of the sample was used for training, and the remainder was 

FIGURE 3    |    Moderating effect of perceived innovativeness on perceived value and intention to adopt AI-based services. [Colour figure can be 
viewed at wileyonlinelibrary.com]

FIGURE 4    |    Moderating effect of Gen Y and Z on perceived value and intention to adopt AI-based services. [Colour figure can be viewed at wi-
leyonlinelibrary.com]
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FIGURE 5    |    Homoscedasticity (standard residual plot).

TABLE 7    |    Unobserved heterogeneity.

Segment 1 Segment 2 Segment 3 Segment 4 Segment 5

AIC (Akaike's information criterion) 1065.752 817.349 784.43 744.055 727.735

AIC3 (modified AIC with Factor 3) 1076.752 840.349 819.43 791.055 786.735

AIC4 (modified AIC with Factor 4) 1087.752 863.349 854.43 838.055 845.735

BIC (Bayesian information criterion) 1105.852 901.195 912.02 915.391 942.816

CAIC (consistent AIC) 1116.852 924.195 947.02 962.391 1001.816

HQ (Hannan–Quinn criterion) 1081.831 850.968 835.589 812.755 813.975

MDL5 (minimum description length 
with Factor 5)

1354.252 1420.576 1702.383 1976.735 2275.142

LnL (log likelihood) −521.876 −385.675 −357.215 −325.027 −304.868

EN (normed entropy statistic) 0 0.965 0.69 0.82 0.823

NFI (non-fuzzy index) 0 0.977 0.681 0.807 0.79

NEC (normalized entropy criterion) 0 9.89 87.622 50.995 50.038

Criteria Suggested number 
of segments

Criteria Suggested number of segments

AIC3 5 AIC4 4

CAIC 2 BIC 2

Criteria Suggested number 
of segments

MDL5 1

Note: Sarstedt’s (2020) systematic procedure involved running FIMIX-PLS for five segments (minimum sample size = 85, effect size = 0.15, and power = 80%) was used 
to check for unobserved heterogeneity. Shades doesn't have any significance values. AIC/BIC and entropoy values are used to identify if there are any optimal segment 
solution.
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used for testing. A 10-fold cross-validation procedure and 
root mean square error (RMSE) calculations were conducted 
to prevent overfitting. Table 12 shows that the average RMSE 
values for training and testing were 0.0841 and 0.0792, respec-
tively, indicating an excellent model fit. Sensitivity analysis 
was used to measure the predictive power of each input neu-
ron (Table 13), with normalized importance determined by di-
viding the relative importance by the maximum importance. 
The results indicate that perceived value is the most critical 
predictor, followed by perceived usefulness, innovativeness, 
and fees.

6   |   Discussion

The study adopted the diffusion of innovation theory, value 
adoption model, and technology readiness theory to investigate 
the impact of the value perception of users on the behavioral 
intention to adopt AI products. The study found that perceived 
value significantly impacts the intention to adopt AI-based ser-
vices for travel, tourism, and hospitality. These results are cor-
roborated by several previous studies (Sohn and Kwon  2020; 

TABLE 9    |    Non-linearity (Ramsay RESET test and quadratic effects in PLS-SEM).

Non-linear 
relationship Coefficient p f2 Ramsay's RESET

QE (PU) → PV 0.027 0.622 0.040 RESET test data: PV ~ PU + PF + PE + T RESET = 5.2121, 
df1 = 8, df2 = 270, p-value = 4.515e−06QE (PE) → PV −0.107 0.201 0.04

QE (PF) → PV 0.081 0.032 0.021

QE (T) → PV −0.009 0.856 0

QE (PV) → IN −0.074 0.002 0.035 RESET test data: IN ~ PV RESET = 5.1276, 
df1 = 2, df2 = 279, p-value = 0.006502

TABLE 10    |    PLSpredict analysis.

Q2 predict
PLS-SEM_

RMSE LM_RMSE Diff

IN1 0.394 0.891 0.875 0.016

IN2 0.327 1.062 1.074 −0.012

IN3 0.416 0.935 0.961 −0.026

Abbreviation: IN, AI-based service usage intention.

TABLE 11    |    Comparison of original model with non-linear model.

Original model
Non-linear 

model

R-square adjusted 
(intention)

0.545 0.559

BIC (Bayesian 
information criterion) 
(intention)

−213.762 −217.728

Q2 predict (Intention) 0.486 0.489

TABLE 12    |    RMSE values.

Training Testing

N SSE RMSE N SSE RMSE

249 1.791 0.0848 34 0.176 0.0719

252 1.769 0.0838 31 0.197 0.0797

254 1.757 0.0832 29 0.159 0.0740

255 1.883 0.0859 28 0.112 0.0632

254 1.769 0.0835 29 0.165 0.0754

251 1.851 0.0859 32 0.225 0.0839

256 1.682 0.0811 27 0.236 0.0935

264 2.098 0.0891 19 0.054 0.0533

263 1.824 0.0833 20 0.195 0.0987

247 1.618 0.0809 36 0.346 0.0980

Mean 1.8042 0.0841 Mean 0.1865 0.0792

Standard 
deviation

0.1289 0.0024 Standard 
deviation

0.0774 0.0148

TABLE 13    |    Sensitivity analysis.

PV PU PF PI

ANN1 0.511 0.355 0.074 0.060

ANN2 0.550 0.375 0.055 0.020

ANN3 0.579 0.272 0.084 0.084

ANN4 0.463 0.315 0.045 0.045

ANN5 0.534 0.336 0.092 0.092

ANN6 0.492 0.374 0.017 0.017

ANN7 0.508 0.295 0.106 0.106

ANN8 0.489 0.354 0.009 0.009

ANN9 0.616 0.265 0.011 0.011

ANN10 0.583 0.320 0.058 0.058

Average 
importance

0.533 0.326 0.055 0.086

Normalized 
importance (%)

100 61.2316 10.3386 16.1977
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Paul et al. 2024). As long as consumers value AI services, they 
will want to engage with, use, and continue using AI-based ser-
vices for travel, tourism, and hospitality (Lee et al. 2013; Shaw 
and Sergueeva 2019).

Perceived fees were found to significantly impact the perceived 
value of AI-based services for travel, tourism, and hospital-
ity. The results contradict the results of Pal et  al. (2020) and 
Zietsman et al. (2018), who affirmed that the value perception of 
the customer of the AI-based service increases with a decrease 
in the fee of the AI-based services and vice versa. However, 
previous studies have confirmed a positive relationship be-
tween high prices and the generation of more value from the 
technology used (Liao et al. 2022; Zhu et al. 2010; Sweeney and 
Soutar 2001).

This study established that perceived utility significantly im-
pacts the perceived value of AI-based services for travel, tour-
ism, and hospitality. These results are in accord with several 
recent studies that reiterate that utility is a crucial antecedent 
to understanding the customer adoption intention toward arti-
ficially intelligent products such as healthcare devices (Huarng 
et al. 2022). However, the results differ from those of studies con-
ducted by Sohn and Kwon (2020), Pal et al. (2020), and Moriuchi 
(2019). The research studies showed that perceived utility is not 
an important variable affecting the intention of AI-based ser-
vices, such as the use of digital voice assistants for travel rec-
ommendations and bookings. AI-based services lack utility, and 
their adoption intention is driven more by pleasure than by their 
usefulness. A possible explanation for such contradictory results 
is that the type of AI service may affect the utility perception of 
the customer. Some AI-based services that are utility-oriented 
are liked and used by the users more for their usefulness than 
enjoyment, while other AI-based services that are oriented to-
ward enjoyment are adopted by the user more because of the en-
joyment and pleasure they provide than the utility aspect (Sohn 
and Kwon 2020).

This study found that perceived enjoyment does not impact the 
perceived value of an AI-based service. However, the findings 
of the current study do not support those of previous research. 
These results differ from those of several previous studies 
(Moussawi et al. 2021; Pal et al. 2020; Yang and Lee 2019; Lee 
et al. 2013). Earlier studies established that perceived enjoyment 
significantly impacts the intention to adopt AI-based services 
(Moussawi et al. 2021; Pal et al. 2020; Yang and Lee 2019; Lee 
et  al.  2013). Perceived enjoyment is a critical factor affecting 
the effort expectations and the performance expectations of the 
user, which in turn influences the user's attitude toward the AI-
based service (Pitardi and Marriott 2021; Lin et al. 2020).

The study found that technicality did not impact the perceived 
value of AI-based services for travel, tourism, and hospitality. 
However, this result has not been previously reported. These re-
sults differ from previous studies' results (Sohn and Kwon 2020; 
Pal et al. 2020). Technicality affects the value of AI-based ser-
vices. If technically it is easy to use the AI-based service, the 
users value it more and tend to engage with the AI-based service; 
however, if technically it is difficult to operate the AI-based ser-
vice, the user value perception plummets, leading to disengage-
ment with the AI-based service (Sohn and Kwon 2020; Pal et al. 

2020). This implies that when travelers perceive AI services in 
the travel, tourism, and hospitality industries as innovative, they 
are more likely to have a higher perceived value of these services 
and adopt and use them.

7   |   Theoretical Implications

7.1   |   Theoretical Contribution to Innovation 
Management Literature

This study extends the innovation management literature, es-
pecially related to technology. The study adapts the diffusion 
of innovation theory as a guiding framework to integrate the 
value-based adoption theory and technology readiness theory 
and investigate the perceived value and adoption intention of 
AI innovation in tourism. This study is one of the few studies 
to establish that technology innovation diffusion/adoption is a 
multi-faceted concept and requires a comprehensive approach 
focusing on both facilitating and impeding aspects of the tech-
nology innovation, along with the innovativeness of the users 
intending to adopt the technology. Prior studies focused on 
integrating diffusion of innovation theory with other theories 
like the threat of technology (Xu et al. 2024), communication 
flow and self-efficacy (Kim and Chakraborty  2024), security 
and privacy aspects (Shaw et  al.  2022), the use and gratifica-
tion theory, and the privacy calculus theory (Attié and Meyer-
Waarden 2022), and the unified theory of acceptance and use 
of technology (Nordhoff et al. 2021). This study uniquely em-
ploys diffusion of innovation theory as a guiding framework 
to integrate with value-based adoption theory and technology 
readiness theory to study AI adoption. Further, the study fo-
cuses on both positive and negative aspects of the technology, 
providing a balanced approach to understanding AI innovation 
in Tourism.

7.2   |   Other Theoretical Contributions

The present study proposes a comprehensive theoretical frame-
work for disruptive technology in TTH regarding intentions to 
use AI and responds to studies that demand further research on 
AI adoption, usage, and intention in TTH (Solakis et al. 2024; 
Filieri et al. 2021; Pillai and Sivathanu 2020; Samara et al. 2020; 
Popesku 2019), which is a dearth in the literature. Technological 
development outdated swiftly (Filieri et al. 2021), but the impli-
cations of the current study can be extended to marketers and 
TTH planners to understand the users' perspective as predicting 
what motivates users to operate AI to contemplate their tours 
and travel to use AI via perceived enjoyment, perceived useful-
ness, perceived fee, and technicality.

This study contributes theoretically by empirically validating 
the aspects that influence the values of users while planning 
tours and travels and searching in the hospitality sector. It is 
worth noting that the value created by positive and negative 
aspects leads to the intention to use AI-based services in TTH. 
However, this relationship is moderated by perceived innova-
tiveness and age, as in this study, which shows that both con-
structs have a moderating effect. Hence, TTH companies should 
focus on developing innovative features to attract consumers 
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with high perceived innovativeness. To maximize benefits, com-
panies should market their innovative services through social 
media, press releases, and campaigns. This model elucidates the 
importance of the amalgamation of AI in TTH with traditional 
approaches using technologies such as chatbots, online services, 
AR, VR, and robots.

8   |   Practical Implications

This study provides profound insight to practitioners, poli-
cymakers, and managers in the TTH sector and suggests the 
implementation of AI-based services in TTH to commercialize 
the current low-priced sophisticated technology. Managers can 
understand and appreciate the factors that potentially influ-
ence the values of users when using AI while planning their 
travel. For example, travel chatbots provide consumers with 
a 24 × 7 live support service, which saves time and cost; voice 
assistance helps in prompt and engaging responses; AR/VR 
shows them the virtual look of a place and hotel to make the 
experience more real, and data analysis can help in individu-
alizing the experience of consumers. This implies that in the 
current changing context, the usage of AI in TTH is occurring 
in tandem, that is, at the managerial and operational levels to 
effectiveness and efficiency (Tavitiyaman et  al.  2022), which 
can also motivate users to adopt these AI services for planning 
their travel. The current study reveals that rather than enjoying 
the perceived usage of an AI solution, it influences the values. 
It is quite possible that users look forward to functional and ex-
periential utility rather than concentrating on amusement and 
gratification while using AI-based services to plan their tours. 
Therefore, companies should provide user-friendly interfaces, 
simple processes, and smooth navigation to increase PV among 
users, rather than only creating fun, interesting, and exciting 
experiences. Companies should personalize user experiences 
and provide customized recommendations. Additionally, man-
agers should price fair fees, as this study shows that users find it 
reasonable to pay fees to avail of high-tech services while plan-
ning their tours and travel. It is possible that, with reasonable 
fees, they estimate value generation. Hence, companies should 
strategize their fees.

8.1   |   Implications of Innovative Technologies in 
TTH From a Consumer and Marketers Perspective

The results show that when it comes to give and take, users find 
AI services to be more beneficial when they intend to adopt AI 
solutions while planning their tours and travels. This shows that 
PV positively reinforces intentions to use AI-based services in 
TTH. Hence, companies should ensure that they provide in-
novative AI solutions, such as chatbots, individualized recom-
mendations, and interactive robots. As suggested by eminent 
professors Kartajaya et al.  (2016), companies should add 3E to 
generate WOW through enjoyment, engagement, and experi-
ence to create consumer journeys. This study encourages prac-
titioners and managers to create 3E via innovative AI solutions 
for TTH. Chatbots, personalized recommendations, and easy 
navigation can assist in exploring enjoyment. Interactive ro-
bots, chatbots, and 24 × 7 services promote engagement. Finally, 
AR and VR can provide a virtual experience. These 3E's can 

generate the WOW factor for innovative technologies and influ-
ence the adoption of AI-based tools for travel planning.

In addition, AI should be new and unique to create a competi-
tive advantage among competitors, as the present manifests that 
users' perceived innovativeness (PI) tends to lead to the usage of 
AI-based services in TTH. Additionally, the higher the PI, the 
stronger the relationship between perceived value and the inten-
tion to use AI in TTH. In the context of innovation management, 
a stronger perceived innovativeness (PI) to develop the latest 
and most advanced technologies, encouraging users to engage 
with and utilize AI solutions. Additionally, interventions can be 
customized for users by understanding their levels of perceived 
innovativeness (PI). For instance, users with a high level of PI 
may require less guidance but benefit from increased engage-
ment. On the other hand, users with a low PI may need more 
training and guidance to effectively utilize AI-based services 
when planning travel. By capitalizing on strong PI, TTH com-
panies can create a competitive advantage, increase travelers' 
perceived value of innovative services, and encourage greater 
adoption and usage. This could serve as a significant market 
differentiator. In addition, this relationship between PV and in-
tention to use AI is strong among younger users, as the study 
showed that the moderation effect of Gen Z is high. The tourism 
industry can better target its efforts to promote and facilitate 
the adoption of AI services among travelers of different ages. 
AI technologies like e-services, service robots, chatbots, voice 
assistants, metaverse tourism, and AR and VR can be opted for 
by travelers (Solakis et al. 2024; Bulchand-Gidumal et al. 2023) 
and our study suggests this choice is more likely to be made by 
Gen Z (Appendix A).

9   |   Conclusions and Directions for Future 
Research

AI is rapidly changing the way we live and work, and the tour-
ism industry is no exception to this. This study conceptualized 
a model using diffusion of innovation theory, value adoption 
model, and technology readiness theory to examine the factors 
impacting the perceived values of users and their intentions to 
use AI solutions in TTH. This model introduces a framework 
for a smart tourism environment based on AI, emphasizing the 
significant role of perceived innovativeness across generations. 
The integration of AI in tourism provides new and exciting op-
portunities for businesses and travelers. Any mundane task can 
be automated with AI, with the benefits of personalized rec-
ommendations, improved efficacy, real-time information, vir-
tual tours, and AR-based destination guides. AI cannot replace 
human interaction, but it can be a tool to facilitate business with 
better services and experiences for customers. As technology 
continues to develop and become more sophisticated, we can ex-
pect even more exciting advancements in the tourism industry 
that can create better experiences in consumer journeys. Hence, 
AI has the potential to revolutionize the TTH industry.

However, this study is subject to some limitations and chal-
lenges. AI is still at an early stage of development, and many ap-
plications are in the testing stage and are not fully mature. With 
the upgrading of new technology, the perception of AI adoption 
will change. Hence, future research on this topic is essential and 
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needs to be conducted frequently until AI reaches maturity. The 
current study did not consider a particular need for tourism or 
tour planning. Future research can concentrate on different di-
mensions of tourism, such as the impact of AI on sustainable, 
rural, and hospital tourism. In addition, this study analyzed a 
sample from one of the fastest-growing emerging economies 
in India. Future studies can compare user perceptions regard-
ing AI solution adoption in TTH in developed and developing 
nations.
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Appendix A

Benefits of innovative technology in 
TTH Suggestions Strategic recommendations

Customer benefits •  Create 3E's for consumer journey
•  Optimize pricing strategy that align 

perceived value
•  Focus on user-friendly interfaces and it can 

different for different generations
•  Leverage data analytics for personalization

24/7 live support The AI solutions like chatbots and virtual 
assistant can provide better customer 

service and can be time and cost effective for 
travelers

Enhanced engagement AI solutions like voice assistance can enable 
prompt and interactive responses and it help 
in assistant travel planning and accordingly 

enhance customer satisfaction

Seamless experience With innovative immersive experiences with 
AR/VR, TTH can provide virtual tours of 

destinations and accommodations to make 
travel experiences more vivid and realistic

Personalized recommendations AI solutions can utilize data of consumers to 
tailor travel suggestions based on individual 

preferences, enhancing the relevance of 
travel plans

Marketer benefits

Achieving objectives By incorporating innovative solutions, 
marketers can offer customer satisfaction 

and loyalty

Competitive advantage Innovative AI solutions with hyper 
personalization and engaging interactions 

can differentiate businesses

Market differentiation Strong PI drives adoption of innovative AI 
services, this can attract tech-savvy travelers

Personalization according to different 
generation

Recognizing different needs of different 
generations and tailoring innovation 

accordingly as GenZ propensity to adopt 
AI tech in travel, marketers can create high 

tech solution for GenZ and user-friendly 
operations for other generations

Enhanced partner integration Enables seamless linking of benefits from 
official hotels on their website, enhancing 
the attractiveness of travel packages and 

promotions to potential customers
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