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Abstract

Purpose — This study explores how customers’ individual characteristics and perceptions affect acceptance of
service robots as a hotel workforce. The Interactive Technology Acceptance Model (T AM) has inspired us to
investigate effects of customers’ technological self-efficacy, perceived interactivity, sense of utility, and
enjoyment-level of acceptance related to hotel-service robots as staff.

Design/methodology/approach — Data were collected from 224 customers via an online questionnaire
conducted in the period April-June 2022 by convenience sampling, and then analyzed by using partial least
squares — structural equation modeling (PLS-SEM).

Findings — The findings show that customers’ technological self-efficacy and perceived interactivity with
service robots enhances perceived usefulness and perceived enjoyment, serving as functional and emotional
value components of service robots. They also demonstrate that robot’s interactivity outweighs other robot’s
value components, such as perceived usefulness and perceived enjoyment for acceptance of service robots as
employees in hotels.

Originality/value — While empirically validating the iTAM, this study emphasizes service robot interactivity
as the most important aspect for customers’ acceptance, and it adds a new perspective regarding the
underexplored role of the customer-robot interface. Combining specific dimensions from different technology
acceptance models (functional/socio-emotional/relational; utilitarian/hedonic) the study contributes to the service
robot literature currently missing a more holistic understanding of consumers’ experience and adoption drivers,
and it provides managerial guidance on how to successfully implement service robots in hotel environments.

Keywords Interactive technology acceptance model (TAM), Service robot,
Customer technological self-efficacy, Customer-service robot perceptions, Customer-service robot acceptance
Paper type Research paper

Introduction

Al robotics, and automation’s growth has notably reshaped business, employee, and client
interactions, especially in service sectors (Wirtz et al,, 2018; Huang et al,, 2021; Belanche et al,
2020; Tung and Law, 2017) and the tourism and hospitality industries (Zhong et al., 2021,
Ivanov et al,, 2017; Buhalis and Leung, 2018; Tung and Au, 2018). These industries anticipate
that technological advancements may improve efficiency, productivity, customer
satisfaction, and solve workforce challenges (Leung, 2019; Del Guidice et al, 2021; Wirtz
et al,, 2018; Kumar et al., 2019).
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The integration of Al into robot development has transformed hotel operations,
introducing service robots for tasks like check-in and guest services, particularly
emphasizing contactless interactions since Covid-19 (Ivanov et al, 2017; Chen et al, 2021a,
b; Huang et al,, 2021). This automation trend, seen in examples like Henn-na Hotel and Flyzoo
Hotel, aims to improve guest experiences and efficiency (Buhalis and Leung, 2018; Lin and
Mattila, 2021; Leung, 2022). The use of humanoid robots and digital assistants, responding to
safety concerns, also mirrors the academic interest in leveraging technology to enhance
hospitality services (Hotel Technology News, March 2019; Vrontis et al, 2021; Tuomi et al.,
2020a, b; Choi et al., 2019).

Service robots, as autonomous systems facilitating interaction and service delivery, are
reshaping service sectors (Wirtz ef al, 2018; Mende et al.,, 2019). They are adept at simple
tasks, enhancing consistency and efficiency in service (Fuentes-Moraleda et al., 2020;
Engelberger, 2012; Del Guidice et al, 2021), thus freeing staff to focus on customer
relationships (Benmark and Venkatachari, 2016). Particularly in hospitality, they
contribute to operational efficiency, decrease labor costs, offer instantaneous services,
and elevate worker satisfaction (Lin and Mattila, 2021; Zhong et al., 2021). Moreover, they
heighten guest interest and minimize perceived risks and waiting periods, benefiting those
who prioritize speed and convenience (Ivanov et «l, 2017; Buhalis and Sinatra, 2019;
Najberg, 2018).

Service robots offer personalized and consistent customer service, potentially surpassing
human employees in some aspects (Weiss et al, 2009). However, their perceived service
capability is not always superior, particularly in complex emotional scenarios where human
interaction is preferred (Choi et al, 2019; Wirtz et al,, 2018; Del Giudice ef al., 2021). Presently,
hotel service robots lack advanced empathic intelligence (Huang and Rust, 2018), marking a
clear distinction in the experience of interacting with robot receptionists compared to human
staff (Tuomi et al, 2020a, b).

Van Doorn et al. (2017) predict that by 2025, technology will significantly shape service
experiences, especially in fostering relationships between service robots and humans
(Fuentes-Moraleda et al., 2020). Despite debates around new technologies in business (Leung,
2022), the interaction between service recipients and robots is crucial for a traveler’s
emotional bond with a hotel and its brand (Hwang and Seo, 2016; Fuentes-Moraleda et al,
2020). Consequently, it’s vital for hotel industries to comprehend Human-Robot Interaction
(HRI) (Choi et al., 2019) and the customer’s acceptance of robots as service providers (Zhong
et al, 2021) to effectively deploy this technology.

Recent studies in service robotics, notably emphasizing empirical evidence (Lin and
Mattila, 2021; Belanche et al., 2020), signify a departure from conventional service quality
research, addressing aspects like productivity, resistance (Fu et al., 2022), and costs (Ivanov
and Webster, 2019). This new trend focuses on improving customer experiences in the
hospitality industry through robotics (Huang et al, 2021), examining consumer attitudes
and reactions to these technologies (Lin and Mattila, 2021; Huang, 2022). With the
importance of investment returns, understanding consumer acceptance of novel
technologies is key (Vrontis et al, 2021), highlighting the need for insights on customer
interactions with robots and acceptance factors (Huang et al., 2021; Fuentes-Moraleda et al.,
2020; Huang, 2022; Zhong et al., 2021). However, the focus on consumer perspectives is still
limited (Kipnis et al, 2022), which is vital for understanding customer experiences and
choices regarding service robots (McLeay et al, 2021; Tung and Au, 2018; Gretzel and
Murphy, 2019; Go et al., 2020).

This study addresses the factors influencing hotel customers’ acceptance of service
robots, utilizing the Technology Acceptance Model (TAM) (Go et al., 2020). It examines how
guests’ technological self-efficacy and their perceptions of service robot value impact their
acceptance of these robots as hotel employees (Zhong et al, 2021). The core research question



is: “What is the effect of guests’ technological self-efficacy and perceptions of hotel-service
robots on their acceptance of these robots as hotel employees?”

This study utilized questionnaires to explore how self-efficacy and perceptions of service
robots influence their acceptance in hotels. It underscores the importance of understanding
guest perspectives on service robots (Wirtz ef al., 2018; Choi et al., 2019; Fuentes-Moraleda
et al., 2020) and their adoption (Lin and Mattila, 2021; Vrontis ef @/, 2021). This research is key
for improving service experiences and robot design, assisting hotel managers in enhancing
service quality and guest interactions with service robots.

Literature review

Interactive technology acceptance model i TAM)

This section synthesizes technology acceptance literature to underpin the model probing
hotel-service robot adoption. It leverages iTAM (Go et al, 2020) insights for nuanced
understanding of robot acceptance (Zhong ef al, 2021), blending consumer behavior with
technology adoption theories (Go et al, 2020). iTAM integrates elements from seminal
frameworks like TAM (Davis, 1985), TAM2 (Davis, 1989; Venkatesh and Davis, 2000), and
UTAUT (Venkatesh et al, 2003), highlighting their pivotal influences.

The Technology Acceptance Model (TAM), rooted in behavioral psychology, forecasts the
acceptance of new technologies, highlighting the connections among users’ attitudes,
intentions, and beliefs (Bonfanti ef al, 2023). The Interactive Technology Acceptance Model
(iTAM) builds on TAM, integrating the dynamic and social facets of interactive technologies.
It underscores the importance of real-time interactions, bidirectional communication,
emotional responses, and social feedback in shaping the adoption of innovative technologies.

The TAM primarily considers individual utility but neglects various consumption values
and the impact of emotions on technology adoption (Kang ef al, 2021; Richter et al., 2023;
Saber Chtourou and Souiden, 2010). Conversely, the iTAM introduces hedonic factors such as
pleasure, enjoyment, playfulness, and fun (Go et al, 2020; Fang et al, 2005; Pagani, 2004),
embracing a wide range of emotional reactions, including joy and anxiety, that are pivotal in
users’ adoption choices. This makes iTAM a more comprehensive model, reflecting the
dynamics of consumer behavior theories (Sheth et al, 1991; Saber Chtourou and Souiden,
2010; Tanrikulu, 2021) by acknowledging emotions’ influence on the intention and behavior
towards technology usage (Richter et al., 2023).

The iTAM model extends TAM, focusing on personal technology adoption and
integrating individual traits, technology perceptions, and usage intentions. It encompasses
technology attributes, personal characteristics, and perceptions (Wang ef al., 2023; Rondan-
Cataluna et al., 2015), highlighting cognitive, emotional, and relational aspects of interaction
with technology. This approach not only considers utilitarian factors like usefulness but also
emotional and hedonic elements, exploring broader dimensions of human-technology
relationships (Go et al, 2020; Wirtz et al., 2018; Fuentes-Moraleda ef al., 2020; Lu et al., 2019,
Gursoy et al., 2019).

This research focuses on the general acceptance of hotel-service robots, deliberately
omitting specific technological features, as per Go ef al (2020). While Dickinger et al. (2008)
highlighted social norms as key to perceived usefulness and enjoyment, and Venkatesh and
Bala (2008) underscored social influence and technology traits in their model, this study
concentrates solely on personal factors like self-efficacy and individual technology
perceptions, excluding social norms and technological attributes.

Technological self-efficacy and perceptions of hotel service robots
Self-efficacy (SE), as per Bandura (1997), is one’s belief in their capability to execute tasks in
specific contexts, emphasizing perceived over actual abilities. Within technology, SE
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assesses individuals’ proficiency with computers (Compeau and Higgins, 1995), software
(Agarwal et al., 2000; Hasan, 2006), the Internet (Eastin and LaRose, 2000; Hsu and Chiu,
2004), and robots (Turja et al, 2019). Notably, higher computer SE is linked to more
engagement and enjoyment, and less anxiety (Compeau and Higgins, 1995). Similarly, greater
robot SE suggests more confidence in robot interactions (Turja ef al,, 2019). It appears SE
crucially influences technology acceptance (Teo, 2009) and indirectly affects perceived
usefulness and satisfaction (Teo, 2009).

In iTAM, perceived usefulness is the belief in a technology’s effectiveness in achieving
goals (Go et al., 2020). Influenced by factors like functionality, benefits, and past experiences,
this perception is heightened in individuals with high self-efficacy (SE). High SE fosters
confidence in effectively utilizing technology (Teo, 2009; Fan et al., 2020).

Enjoyment reflects a positive emotional response to activities (Go et al, 2020) and is
influenced by design, challenges, and utility in technology (Chen ef al, 2021a, b). Higher
technological self-efficacy (SE) is linked to greater enjoyment and mastery. This research
investigates technology acceptance, emphasizing initial self-efficacy with robot technology,
leading to the formulation of two hypotheses.

Hi. Self-efficacy (SE) positively affects the perceived usefulness (PU) of the
service robot.

H2. Self-efficacy (SE) positively affects the perceived enjoyment (PE) of the service robot.

Advancements in Al and big data are increasingly enhancing robots in the hospitality
industry, showing significant benefits (Leung, 2022; Zhong et al., 2020). Yet, these robots
often lack advanced interactive capabilities, especially in scenarios requiring deep cognitive
and emotional involvement (Del Giudice et al, 2021). They face difficulties in service
situations demanding judgment, intuition, and empathy (Chiang and Trimi, 2020).
Furthermore, their malfunctions may lead to customer dissatisfaction, notably when
human staff are absent (Choi ef al, 2021).

Recent research highlights human-robot interactions in service settings, emphasizing
their impact on service quality perceptions, notably in hospitality (Yan et al,, 2014; de Graaf
et al., 2015; Guenzi and Pelloni, 2004). The feeling of a robot’s “presence” and its social
behaviors significantly influence user acceptance and perceived usefulness (Wirtz et al, 2018;
McLean and Osei-Frimpong, 2019). Evaluating a robot’s Perceived Interactivity (PI) is key for
service effectiveness (Go et al.,, 2020; Choi et al., 2019), and advanced robot designs could
enhance complex service delivery (Go et al., 2020; Fuentes-Moraleda et al., 2020).

Perceived enjoyment (PE), essential in technology adoption, derives from the enjoyment of
using technology, not just outcomes (Davis et al, 1992). Studies show a robot’s
communication style significantly affects users’ feelings (Tung and Au, 2018; Fuentes-
Moraleda et al., 2020), with proper interactions enhancing enjoyment, especially in services
like hospitality. Robots’ abilities in voice and gesture recognition contribute to these positive
experiences (Tung and Au, 2018). The evident excitement in children during robot
interactions highlights the importance of playfulness (Tung and Au, 2018), suggesting the
value of understanding social behaviors in Human-Robot Interaction for developing
enjoyable robots (Collins, 2020; Fuentes-Moraleda et al., 2020).

H3. Perceived interactivity (PI) positively affects perceived usefulness (PU) of the
service robot.

H4. Perceived interactivity (PI) positively affects perceived enjoyment (PE) of the
service robot.



Acceptance of service robots as employees
Organizations adopt technology to boost competitiveness, but this does not guarantee its use
(Huang et al., 2019; McFarland and Hamilton, 2006). iTAM proposes acceptance as a three-
phase journey, where both technology and individual traits prompt cognitive reactions (like
perceptions of innovation, usefulness, and enjoyment), influencing attitudes and eventually
leading to acceptance (Saber-Chtourou and Souiden, 2010; Go et al., 2020; Davis, 1993).
Robots are becoming vital in hospitality, transforming customer service (Pinillos et al.,
2016). Robot receptionists play a key role in shaping guests’ satisfaction and first impressions
(Leung, 2022). Positive interactions with these robots can positively affect consumer
evaluations (Bartneck ef al., 2009). The design and functionality of service robots are crucial
in determining guests’ initial and overall impressions (Leung, 2022; Tung and Au, 2018;
Fuentes-Moraleda et al., 2020). It’s important to consider guests’ views on robotic services, as
the effectiveness of these robots in hotels depends on the quality of interaction and the
enjoyment they provide (Choi et al, 2019).

Hb5. Perceived interactivity (PI) of the robot positively affects accepting service robots as
employees (RAE).

The usefulness and enjoyment of technology are key to its acceptance. Usefulness is seen as
how technology aids task performance (Liu et al, 2022), and enjoyment is the pleasure from its
use, aside from performance benefits (Davis et al, 1992). These factors influence the
willingness to adopt technology (Saber-Chtorou and Souiden, 2010). For example, perceived
advantages of service robots, like improved service quality in human-robot interactions
(Kharub et al, 2021), increase guests’ likelihood of using them. Therefore, recognizing
technology’s value is crucial for its adoption (Liu et al, 2022).

Research suggests the significance of enjoyment in technology adoption, notably in online
gaming and robotics (Go et al, 2020; Venkatesh et al, 2002). This study suggests that
Perceived Enjoyment (PE) is vital for accepting technologies such as robots. It indicates that
robot characteristics indirectly influence user preferences towards human-like robots
(Fuentes-Moraleda et al., 2020; Katsyri et al., 2015).

H6. Perceived usefulness (PU) of the robot positively affects accepting service Robots as
Employees (RAE).

H7. Perceived enjoyment (PE) of the robot positively affects accepting service Robots as
Employees (RAE).

Figure 1 presents a research framework proposed in this work. The framework is developed
to have five key concepts and seven hypotheses to study the user acceptance of hotel-service
robots as employees within the hotel industry.

Methodology

Data collection and sample

The study employed an online survey to collect data from users with varying levels of
experience with hotel-service robots, following the approaches of Zhong et al. (2021) and Lu
et al (2019). Due to the limited promotion of service robots in hotels, finding experienced
participants was challenging (Zhong et al, 2021). Nonetheless, research by Di Pietro ef al.
(2015) and Deb et al. (2017) suggests that prior experience with technology slightly influences
acceptance attitudes. The Technology Acceptance Model (TAM) and its extensions are
suggested for examining technology acceptance, especially in early adoption stages
(Sanchez-Prieto et al., 2017).
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Figure 1.
Acceptance model
from the customer’s
perspective — hotel-
service robots as
employees

Table 1.
Sample characteristics

The study sought to collect survey data from a wide range of demographics and travel
intentions, from Baby Boomers to Generation Z, covering business, leisure, and wellness
trips. A tourism expert on the team pinpointed key sites in Kaohsiung, including a theme
park, malls, an art museum, hotels, and a spa resort, for data collection, where data collection
permissions were obtained. QR codes and survey summaries were prominently displayed,
yielding 224 valid responses between April and June 2022, with participant demographics
presented in Table 1.

Survey instrument and measurement
The questionnaire comprised three sections, starting with respondents’ background details
like age, gender, and nationality. This approach aligns with research indicating varied
preferences for hotel-service robots among different demographic groups (Zhong et al., 2021).
Additionally, cultural context influences customer perceptions and acceptance of service
robots, affecting their practical implementation (Tuomi ef al, 2020a, b; Fuentes-Moraleda
et al,, 2020).

The second section focused on the consumption values of respondents regarding hotel
stays and their experience with robot services in hotels, such as encountering service robots

Perceived

Interactivity (PI)
. HS5
Acceptance Robots as

Perceived y Employees (RAE)

HI | Usefulness (PU) H7
Self-Efficacy (SE)
H4
H2
Perceived
Enjoyment (PE)

Source(s): Authors’ work

Freq. % Freq. %
Age Nationality
<25 155 69 Southeast Asia 122 54
25-45 49 22 East Asia 45 20
>45 20 9 Europe 24 11
Total 224 100 Others 33 15
Total 224 100
Gender Experience with service robots
Male 80 36 With experience 80 36
Female 137 61 Without experience 144 64
Prefer not to say 7 3 Total 224 100
Total 224 100

Note(s): Southeast Asia (Indonesia, Thailand, Vietnam, Philippines, Malaysia); East Asia (Taiwan, Japan,
Hong Kong); Europe (Serbia, Macedonia, Germany, Croatia, Italy, UK); Others (Australia, USA, Canada, Latin
America)

Source(s): Authors’ work




and the types they interacted with (front desk, room service, concierge, housekeeping,
information, etc.) (Zhong et al., 2021). It also clearly defined service robots in the hospitality
sector, highlighting various models (check-in, cleaning, and food-delivery robots) employed
within the industry.

The third segment of the survey focused on customer perceptions and acceptance of a
hotel-service robot, emphasizing aspects like self-efficacy, perceived interactivity, usefulness,
enjoyment, and the acceptance of robots as hotel employees. This part drew upon theoretical
frameworks from various technology acceptance models, relevant to the hotel sector, and
incorporated empirical studies to construct a questionnaire. It comprised 21 questions, all
employing a five-point Likert scale, where higher scores indicated stronger agreement,
ranging from “1-Strongly Disagree” to “5-Strongly Agree.”

In our research on consumer readiness for service-delivery robots, we adopted Lu ef al.
(2019)’s scale development method, integrating insights from tourism, hospitality,
information systems, and marketing. To validate our items, we engaged with three tech-
aware academics in tourism and hospitality via semi-structured interviews. Conducted
primarily in Taiwan, the study paid close attention to the questionnaire’s language accuracy
through back translation, as suggested by Chidlow et al (2015), and refined the survey after a
pilot test to enhance clarity and readability.

Measures

Self-efficacy refers to confidence in utilizing innovative technology, as Zhong ef al. (2021)
noted. Perceived Interactivity, as defined by Tung and Au (2018) and Wirtz et al (2018),
assesses a robot’s responsiveness and social abilities, such as language recognition. Zhong
et al. (2021) highlighted Perceived Usefulness, gauging a robot’s efficiency in hotel services,
focusing on timeliness and personalization. Perceived Enjoyment, influenced by Fuentes-
Moraleda et al (2020) and Tung and Au (2018), explores the enjoyment from interacting
with service robots, considering emotional impacts. The concept of Robots as Employees
Acceptance, drawing on insights from Zhong et al. (2021) and Lu et al (2019), captures
attitudes and perceived value through a specific scale. These concepts are outlined in
Table 2.

Data analysis

Descriptive statistics

Our survey received 224 responses, predominantly from Southeast Asia (122 from Indonesia,
Thailand, Vietnam, Philippines, Malaysia) and East Asia (45 from Taiwan, Japan, Hong
Kong), with a smaller number from Europe (24 from Serbia, Macedonia, Germany, Croatia,
Italy, UK) and other regions (33 from Australia, North America, South America). The bulk of
replies were from Indonesia (62), Taiwan (42), and Thailand (34). The average participant age
was 26.29, with a median age of 22, spanning 1562 years. Further demographic details are
provided in Table 1.

A majority of survey respondents had not used hotel-service robots (64 %), though this
study found a relatively higher proportion of those familiar with the technology (36%)
compared to past research (Zhong et al., 2021). Given the nascent stage of robot adoption in
the hospitality sector, it’s difficult to access a broad base of experienced users (Lu et al,
2019; Zhong et al., 2021). Of those acquainted, most knew information robots (23%), with
fewer interactions reported with check-in/out (19%), room-service (11%), housekeeping
(10%), and concierge robots (4 %), suggesting a narrow range of encounters with different
robot services.
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Table 2.
Measurement model

Convergent Composite Cronb. Dijkstra’s

validity reliability Alpha rho AVE
Self-efficacy (SE)
SE 1 -1 like computer programs 0.879 0913 0.871 0.895 0.725
SE 2 - I find new technologies to be 0912
interesting
SE 3 — Technology makes me more 0.874
efficient
SE 4 — In general, | am among the first in a 0.729
circle of friends to acquire new technology
Perceived interactivity (PI)
PI 1 - Having a service robot complete my 0.759 0.887 0.829 0.842 0.662
check-in would be a nice experience
PI 2 — Service robots are able to 0.844
understand me and respond appropriately
PI 3 — Asking a favor to service robots is 0.780
more comfortable than asking it to a
human worker
PI 4 — Overall Interacting with a service 0.867
robot during all my stay would be pleasant
Perceived usefulness (PU)
PU 1 -Service robots are able to deliver the 0.833 0.908 0.873 0.874 0.663
right service
PU 2 — Service robots are able to fulfill all 0.830
of my needs during the stay
PU 3 — Service robots are able to deliver 0.823
service in a timely manner/efficiently
PU 4 — Service robots are able to deliver 0.775
customized service
PU 5 — Service robots are able to adapt to 0.810
my different needs
Perceived enjoyment (PE)
PE 1 - The appearance of a service robot in 0917 0914 0.811 0.823 0.841
a front desk is frightening (dropped)
PE 2 - Having a service robot to complete
my check-in would be fun
PE 3 — Overall experience with service 0917
robots would be satisfactory
Robots as employees (RAE)
RAE 1 — Robots are capable of replacing 0.759 0.865 0.804 0.838 0.561
human staff in a hotel
RAE 2 -1t is possible for a hotel to run only 0.719
with robots as their service employees
RAE 3 — I prefer hotels with robots or 0.787
advanced machines (i.e. auto check-in
kiosk, facial recognition door, etc.)
RAE 4 — I believe by using robots as an 0.763
employee my security and privacy will be
more ensured
RAE 5 — I will pay more to experience 0.715

interacting with service robots in a hotel
Source(s): Authors’ work




PLS-SEM

The analysis utilized partial least squares — structural equation modeling (PLS-SEM), valued
for its efficacy in managing data limitations and examining intricate variable interactions,
such as mediation effects (Hair ef al., 2012), via WarpPLS 8.0. With 224 responses, the study’s
sample size surpassed the minimum thresholds of 160 and 146, determined by the inverse
square root and gamma-exponential methods, aiming for a power level of 0.800.

To mitigate common method bias, the survey randomized constructs to obscure the
model’s structure. Harman’s test showed minimal bias, with variance significantly under
50% (Podsakoff and Organ, 1986). Further, a collinearity assessment (Kock, 2015) revealed
VIFs below critical thresholds, indicating negligible common method bias.

The reliability and validity test

The measurement model’s reliability and validity were assessed, focusing on factor loadings
for convergent validity via exploratory principal component analysis. All measures
surpassed the 0.7 threshold for composite reliability and Cronbach’s alpha, with scores
ranging from 0.865 to 0.914 and alpha values from 0.804 to 0.873, respectively (Hair et al,
2012). One item was removed from Perceived Enjoyment to maintain the average variance
extracted above 0.5, following advice by Hair et al (2013). Additionally, all constructs had
Dijkstra’s rho values exceeding 0.8.

Table 3 demonstrates the discriminant validity of our measurement model. It shows that
the square root of the average variance extracted surpasses the inter-construct correlations,
signifying adequate discriminant validity (Fornell and Larcker, 1981). Additionally, the
heterotrait—-monotrait (HTMT) ratio mostly falls below 0.9, aligning with recommended
standards (Henseler ef al., 2015). Consequently, we assert that the model exhibits satisfactory
discriminant validity.

The study examined variance inflation factors to identify potential multi-collinearity
among variables, including moderators, finding all values below 5, as per Hair et al (2012),
suggesting minimal multi-collinearity concerns (see Table Al in Appendix). Thus, it

1 2 3 4 5

1 Self-Efficacy (SE) 0.851
2 Perceived Interactivity (PI) 0.544 0.814
3 Perceived Usefulness (PU) 0.596 0.683 0.814
4 Perceived Enjoyment (PE) 0.616 0.800 0.709 0917
5 Robots as employees (RAE) 0.262 0.524 0.389 0433 0.749
1 Self-Efficacy (SE) 1.000
2 Perceived Interactivity (PI) <0.001 1.000
3 Perceived Usefulness (PU) <0.001 <0.001 1.000
4 Perceived Enjoyment (PE) <0.001 <0.001 <0.001 1.000
5 Robots as employees (RAE) <0.001 <0.001 <0.001 <0.001 1.000
HTMT ratios

SE PI PU PE
Perceived Interactivity (PI) 0.639
Perceived Usefulness (PU) 0.679 0.802
Perceived Enjoyment (PE) 0.727 1.029 0.841
Robots as employees (RAE) 0.316 0.638 0.463 0.534

Note(s): Square roots of AVE shown on diagonal
Source(s): Authors work
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Table 4.
Hypothesis testing

tentatively supports the measures’ reliability and validity, enabling progression to the
structural model, following Hair et al (2012).

Structural model

In our structural model, we tested our hypothesis using a stable estimation method to
establish the statistical significance of the paths (Kock, 2011). This stable method, as
distinguished from simple bootstrapping, produces more stable path coefficients
(Kock, 2014).

The model statistics results are promising and align with commonly used thresholds. For
instance, the goodness of fit measure, Tenenhouse, is within the acceptable range of 0.606
(Wetzels et al, 2009). Additionally, the predictive validity of the model is evident in the
Q-squared values for the predicted variables, ranging from 0.296 to 0.750 (Kock, 2014).

Path coefficients and their associated P values have been meticulously documented in
accordance with Kock’s approach (2016). These P values not only signify the strength of
relationships but also consider statistical power. It's important to note that even lower path
coefficient values can maintain statistical significance, especially in datasets with a larger
sample size.

Table 4 provides a summary of the hypothesis tested in this research study. The
R-squared Perceived Interactivity (PI) was 0.33, for Perceived Enjoyment (PE) 0.75, for
Perceived Usefulness (PU) 0.55, and for Robots as Employees (RE) 0.30.

Our analysis found significant support for Hypotheses 1 and 2, with positive path
coefficients between SE and PI (8 = 0.260, p < 0.01) and SE and PE (8 = 0.185, p < 0.01),
respectively. Likewise, the relationship between PI and PU (Hypothesis 3) was positively
significant (f = 0.550; p < 0.01), a trend that continued for Hypotheses 4 (8 = 0.740; p < 0.01),5
(B = 0.430; p < 0.01), and 6 (5 = 0.160; p < 0.01). In contrast, Hypothesis 7 did not achieve
statistical significance, indicating a weak positive path coefficient (8 = 0.000, p = 0.47).

We conducted additional analyses by incorporating control variables such as nationality,
age, and gender of the respondents. Notably, these supplementary analyses did not alter the
significance of our hypotheses. For a comprehensive presentation of the model’s outcomes,
including the effects of the control variables, please refer to Appendix.

Discussion

The study indicates that technological self-efficacy (SE) enhances evaluations of service
robots, notably affecting Perceived Usefulness (PU) and Enjoyment (PE), with higher SE
improving utility recognition and reducing apprehension (Go et al., 2020; Fan et al., 2020, Teo,
2009; Compeau and Higgins, 1995). SE more significantly influences PU than PE, suggesting
a preference for functional over emotional benefits (Wirtz ef al, 2018; Lin and Mattila, 2021),
implying hotels should account for guests’ SE to improve tech acceptance.

Path coefficient p-value Hypothesis supported

Hypothesis 1: SE and PU 0.260 <0.001 Yes
Hypothesis 2: SE and PE 0.185 <0.001 Yes
Hypothesis 3: PI and PU 0.550 <0.001 Yes
Hypothesis 4: PI and PE 0.740 <0.001 Yes
Hypothesis 5: PI and RAE 0.430 <0.001 Yes
Hypothesis 6: PU and RAE 0.160 <0.001 Yes
Hypothesis 7: PE and RAE 0.000 p =047 No

Source(s): Authors’ work




Perceived Interactivity (PI) significantly influences user perceptions of technology, notably
affecting Perceived Usefulness (PU) and Enjoyment (PE). It is vital in assessing a robot’s first
impression through responsiveness and control, marking an essential aspect of interface
quality (Go et al,, 2020). While early studies prioritized PU in human-robot interaction, recent
findings highlight the significance of emotional and relational factors (Fuentes-Moraleda
et al, 2020). PI is increasingly associated with the hedonic aspects of service robots,
highlighting their role in fulfilling social-emotional and relational needs beyond mere
functional performance (Lu et al, 2019; Fernandes and Oliveira, 2021; Wirtz et al., 2018; Lu
et al,, 2019).

Our study shows interactivity is crucial for hotel guests’ acceptance of service robots,
more than usefulness or functionality, with minimal impact from perceived enjoyment,
highlighting the importance of human-robot interaction in consumer experience, as
supported by Fuentes-Moraleda et al. (2020). Emotional engagement and satisfaction with
the hotel brand are significantly affected, per Brakus et al. (2009) and Hwang and Seo (2016).
Practical benefits like efficiency are undervalued by consumers (Lin and Matilla, 2021), and
the entertainment value of robots hardly affects acceptance across traveler demographics
(Fuentes-Moraleda et al., 2020).

Conclusion

The rise of service robots in hospitality (Huang et al, 2021; Lin and Mattila, 2021; Belanche
et al., 2020; Lu et al., 2019) prompted analysis on guest acceptance, utilizing the iTAM model.
Our research indicates that technological self-efficacy and robot value perceptions crucially
influence acceptance, highlighting the importance of technological confidence and
interactivity. Interactivity, notably, boosts perceived enjoyment, underscoring acceptance’s
dependence on both social-emotional satisfaction and functionality (Fernandes and Oliveira,
2021; Wirtz et al., 2018). These insights advocate for enhanced robot design and service,
prioritizing interactivity to fulfill both utilitarian and hedonic requirements.

Theoretical implications

This research analyzes the acceptance of hotel-service robots using the technology acceptance
model, integrating elements from the Service Robot Acceptance Model (sSRAM) (Wirtz ef al, 2018),
iTAM (Go et al,, 2020), TAM (Davis, 1989), Consumer Acceptance of Technology (Kulviwat ef al,
2007), and UTAUT (Venkatesh et al, 2003, 2012), highlighting their considerable commonalities
(Fuentes-Moraleda et al,, 2020). It provides an in-depth view of guest interactions with service
robots, enriching an emerging research domain with empirical insights (Ivanov et al, 2019,
Fuentes-Moraleda et al, 2020; Lin and Mattila, 2021). Emphasizing a customer-centric perspective,
the study fills a crucial gap in the literature on consumer experiences and cognitive processes with
service robots, making a substantial contribution to the discipline (Gretzel and Murphy, 2019;
Huang et al, 2021; Lin and Mattila, 2021; Tussyadiah, 2020).

Our framework integrates elements from the SRAM and iTAM models, emphasizing
functional, socio-emotional, and relational dimensions by including Perceived Usefulness
(PU), Perceived Interactivity (PI), and Perceived Enjoyment (PE). It covers iTAM’s critical
aspects: Self-Efficacy for individual traits, innovative technology perceptions via PI, PU, PE,
and Acceptance of Robots as Employees. It also echoes Lu et al (2019), combining cognitive
(PU for robot efficacy) and emotional (PE for intrinsic motivation) aspects.

Practical implications
Research on technology acceptance is crucial for integrating service robots in future service
industries (Zhong et al, 2021). Hoteliers investing in technology must understand the synergy
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between humans and robots to enhance customer service and secure investment returns (Lin
and Mattila, 2021; Huang et al, 2021). Critical to designing effective service robots in
hospitality and tourism is grasping customer perceptions towards these robots (Tussyadiah
and Park, 2018; Tussyadiah, 2020). Investigating the factors influencing customer acceptance
of service robots is therefore vital. Our study aids the tourism and hospitality industry by
supporting better management of robot-enabled services and improving customer
experiences with robots, potentially offering hotels a competitive edge in the digital age
(Fuentes-Moraleda et al., 2020).

Social implications

Social and service robots are increasingly prevalent, offering continuous service,
companionship, efficiency, and cost reduction, notably in the labor-intensive hospitality
sector. Literature on service robots highlights the significance of customer attitudes towards
robotic staff for their wider acceptance and growth within the industry (Lin and Mattila, 2021;
Huang et al, 2021; Tussyadiah and Park, 2018).

This paper examines the use of robots in hotels, highlighting their role in economic and social
sustainability for proprietors. Robots enhance service consistency and efficiency, vital for the
competitiveness of the hospitality sector (Huang et al, 2021). However, overreliance on robots
might compromise hospitality’s core values, affecting customer service quality (Choi et al, 2019;
Fusté-Forné and Ivanov, 2021; Pinillos et al,, 2016; Huang ef al, 2021). Automation and artificial
intelligence advancements could reduce guest-staff interactions, potentially diminishing
socialization and essential social values like empathy and environmental care (Tussyadiah, 2020).

Limitations and future vesearch

Our study omitted the examination of how technological features influence customer
perceptions and acceptance of service robots, a key aspect of the iTAM model (Go et al., 2020).
This omission includes not differentiating task performance among similar robots (Go ef al,
2020). Future research should consider technological traits, task focus, and appearance, along
with perceived risk (Go et al., 2020), trust (Wirtz et al, 2018), and privacy concerns (Lin and
Mattila, 2021), to better understand customer attitudes towards using service robots.

The ITAM model, while foundational, was supplemented with aspects from other models
for this study. Future research should explore diverse models and create hospitality-focused
frameworks and scales, addressing gaps identified by Ivanov ef al (2017) and Fuentes-
Moraleda et al. (2020). Technology complements rather than replaces human capabilities (Lin
and Mattila, 2021; Wilson and Daugherty, 2018). The emerging challenge for policymakers,
scholars, and practitioners is managing the ethical and profitable coexistence between
humans and robots (Fusté-Forné and Ivanov, 2021). Future research must address ethical
human-robot interactions in service delivery, enhance human technological skills (Tuomi
et al,, 2020a, b), and debate the ethical implications of digital technologies in human-centered
environments (Miiller, 2020).
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Appendix

SE PI PU PE RE Age Gender Nationality
Path coefficients
SE —0.247 —0.115 —0.080
PI 0.563 —0.117 —0.040 —0.021
PU 0.258 0.535 —0.116 0.056 0.051
PE 0.181 0.728 —0.056 0.047 —0.053
RE 0.421 0.136 0.009 —0.184 0.044 0.057
P-values
SE <0.001 0.040 0.112
PI <0.001 0.038 0.276 0.378
PU <0.001 <0.001 0.038 0.199 0.220
PE 0.003 <0.001 0.201 0.242 0.212
RE <0.001 0.019 0.447 0.002 0.255 0.194

Source(s): Authors work
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Control variable model
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