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A B S T R A C T   

As the role of service robots has become increasingly important in service encounters, existing literature has 
widely adopted the technology acceptance model to understand customers’ acceptance of robotic services. 
However, it remains unclear how customers’ responses to service robots can vary in different service contexts. 
This research seeks to address this issue by experimentally examining customer-robot encounters in two different 
types of service contexts, full and limited services. The results of our multi-group SEM analysis show that cus
tomers who perceive having quality interaction with a service robot are more likely to perceive the robot as 
useful, form positive attitudes toward using the service robot, and experience rapport with the service robot in a 
full-service context than a limited-service context. Our findings contribute theoretically to the literature on ro
botic services and the technology acceptance model and provide implications for incorporating service robots 
into the design of full- and limited-service contexts.   

1. Introduction 

Over the last several years, artificial intelligence (AI) technologies 
have changed the nature of service interactions at an accelerated speed 
(Huang & Rust, 2018; Li et al., 2021). As an important innovation 
enabled by AI technologies, service robots can be understood as a me
chanical device designed to perform physical tasks (Belanche et al., 
2020), such as offering autonomous or semi-autonomous services to 
customers (Haidegger et al., 2013). The advance in AI technologies 
enables service robots to deliver services with greater productivity, ef
ficacy, and efficiency (Wirtz et al., 2018) as compared to human em
ployees (Calderone, 2019). As a result, an increasing number of firms 
begin to adopt service robots to perform tasks in different contexts, such 
as schools, homes, hospitals, and hotels (Bera et al., 2018; Forlizzi & 
DiSalvo, 2006). 

To examine the extent how users would accept robotic technologies, 
technology acceptance model has been widely used, indicating that 
people are likely to adopt a technology as they form positive attitudes 
toward the technology based on the perceptions that the technology is 
useful and easy to use (Davis et al., 1989; Stock & Merkle, 2017). 
However, one key issue that has largely been overlooked in the literature 
on the technology acceptance model is whether customers’ adoption of 

robotic technology can differ depending on service contexts. Specif
ically, we expect that customers’ reactions can vary in full- and 
limited-restaurant-service contexts because these two types of restau
rant services are different by nature and can provide distinct benefits to 
customers. For example, customers tend to focus more on the quality of 
interaction with the service provider in a full-service context (Kim & Qu, 
2020), whereas limited-service customers are more likely to evaluate a 
service situation based price-related attributes (Tanford et al., 2012). 
Our research aims to examine this issue by studying how customers’ 
responses to robotic technology can vary in the contexts of full- and 
limited-restaurant services. Examining this issue is important because 
the role of service robots can vary across types of service encounters 
(Belanche et al., 2020; Huang & Rust, 2021). 

In addition, because service encounters usually require interactions 
between customers and service providers, service robots are often pro
grammed to engage in social interactions, such as using human lan
guage, in order to allow humans to use their existing interpersonal skills 
to interact with robots (Seo et al., 2017). Human-robot interaction can 
be understood as individuals’ perception of engaged relationships and 
perceived quality of interacting with robots (Bartneck et al., 2020; 
Patompak et al., 2019). Even though the extant literature (e.g., Lee et al., 
2012; Nomura & Kanda, 2014, 2016) have studied the nature of the 
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interactions between human and robots, very little attention has been 
paid to customer-robot interaction quality. In this research, we follow 
Brady and Cronin (2001) to refer interaction quality to customers’ 
perceptions of the quality of their interactions with service providers 
and conceptualize customer-robot interaction quality as the perceived 
level of excellency with respect to the interaction between a service 
robot and a customer during service delivery (Choi et al., 2019). Because 
it remains unclear whether the quality of customer-robot interaction can 
influence customers’ responses to service robots and subsequently 
facilitate the building of customer-robot rapport, especially in the 
restaurant setting, our study also seeks to add a fresh perspective to the 
existing literature by investigating the antecedent role of 
customer-robot interaction quality in affecting the relationships pro
posed in the technology acceptance model and the positive outcome of 
customer-robot rapport. It is important to consider these factors because 
they are key to building relationships with customers, which suggest the 
possibility that customers’ willingness to build relationships with a 
service robot can be another key aspect of customer technology accep
tance to consider. 

Through the current research, we seek to provide meaningful con
tributions. First, we broaden the technology acceptance model by 
identifying user-technology interaction quality as an antecedent that 
affects the usefulness and ease of use perceptions. Second, we extend the 
service robot literature by demonstrating how the effects of customers’ 
cognitive evaluations of a service robot on customers’ intention to use 
the robot can vary depending on the nature of restaurant service con
texts (i.e., full vs. limited services). Third, we contribute to the literature 
that examines the human-robot rapport by showing how interaction 
quality can increase the rapport through the customers’ positive per
ceptions and attitudes towards robotic services. Finally, our research 
findings offer implications for service practitioners to encourage posi
tive customer responses to robotic services, as well as providing tailored 
robotic service environments in response to different service settings. 

2. Literature review 

2.1. The role of robots in service encounters 

Technologies have changed how service providers interact with 
customers, and service robots play a critical role in this fast transition, 
resulting in an emerging reality of incorporating robots into the service 
delivery process. Service robots refer to “system-based autonomous and 
adaptable interfaces that interact, communicate and deliver service to 
an organization’s customers” (Wirtz et al., 2018, p. 909). The revolution 
of AI has enabled service robots to offer services with greater produc
tivity, efficacy, and efficiency (Wirtz et al., 2018). In turn, robotic as
sistants have been adopted in a variety of service fields, such as hotel 
services (Palvia & Vemuri, 2016), retail services (Grewal et al., 2018), 
and airport services (Frick, 2015). 

Companies can benefit from adopting robotic services because ser
vice robots are capable of executing many tasks currently performed by 
human employees in a more efficient and effective manner, given that 
the robots can work 24-7 and have not only stronger physical abilities 
but also faster computing power (Huang & Rust, 2018). With these 
characteristics, service robots are able to increase a company’s pro
ductivity, operate automatic processes, and perform dangerous tasks 
(Calderone, 2019). In response to robotic services, customers can 
perceive the quality of robotic services to be similar to that of human 
services (Choi et al., 2019) and be willing to use robotic services (Ivanov 
& Webster, 2018). In fact, customers have been found to develop posi
tive attitudes towards different types of robots, such as domestic service 
robots (Brengman et al., 2021), health care robotic assistants (Broadbent 
et al., 2010), robotic restaurant servers (Hwang et al., 2020), and hotel 
service robots (Fuentes-Moraleda et al., 2020). 

Existing literature has examined factors that can influence cus
tomers’ responses toward service robots. One critical stream of research 

examines the role of functions performed by service robots in driving 
customers’ usage of robotic services, such as communication skills 
(Saunderson & Nejat., 2019), systems’ programming level (Pineda et al., 
2015), and task performance (Park et al., 2010). With respect to tasks 
performed by robots, people tend to view that proper jobs for service 
robots are information provision, housekeeping activities, and process
ing bookings, payments, and documents (Ivanov & Webster, 2018). 
Although service robots can perform various tasks (Dautenhahn et al., 
2005) and play different roles in different service contexts (Belanche 
et al., 2020; Huang & Rust, 2021), how customers’ reactions to service 
robots can vary in different service encounters remain a key question 
that has received little attention. Limited research (e.g., Huang & Kao, 
2021; Longoni & Cian, 2022) that attempts to examine the role of 
frontline agents enabled by AI technology in different contexts has pri
marily focused on the utilitarian and hedonic nature of service en
counters. We further inform this literature by considering the contexts of 
full and limited services, one of the most frequently used categorizations 
of services, based on the guideline of North American Industry Classi
fication System (NAICS, 2017). 

2.2. Full-vs. limited-service encounters 

Full services refer to offering a full range of services to please cus
tomers (NuWire, 2012). Based on NAICS Code 722511, a full-service 
restaurant suggests that customers order and are served while seated, 
and pay after eating, yet the restaurant also provides alcoholic bever
ages, carryout services or live nontheatrical entertainment. On the other 
hand, limited services can be understood as offering basic utilities 
without further services. For example, a restaurant offering limited 
services will likely require customers to engage in self-service when it 
comes to placing an order and making a payment (Parsa et al., 2020). 

Customers can react differently to full and limited services and, 
because of the differences in expectations, full and limited services are 
associated with distinct satisfiers and dissatisfiers (Kim, Kim, & Heo, 
2016) as well as different behavioral intentions. For example, customers 
were found to have a stronger intention to revisit a full-service restau
rant as compared to a limited-service restaurant (Marinkovic et al., 
2014) because additional opportunities to interact with frontline agents 
can lead customers to view a full-service provider more positively 
(Andaleeb & Conway, 2006). In the context of robotic services, Lin et al. 
(2020) demonstrated that customers’ positive emotions toward robotic 
services play a key role in affecting their evaluations of the services and 
the influence varies depending on whether service contexts are full or 
limited by nature. However, it remains unclear how the impact of cus
tomers’ cognitions of service robots on their acceptance of the robots can 
vary depending on the nature of service contexts. In our study, we seek 
to extend this literature by proposing a research framework that further 
studies how full-vs. limited-service contexts can affect the extent to 
which customers’ cognitions (i.e., perceived usefulness and perceived 
ease of use of a service robot) influence their intention to use the robots 
based on the technology acceptance model (Davis et al., 1992). 

2.3. Technology acceptance model 

Davis et al. (1992) introduced the technology acceptance model to 
help understand how individuals use and accept a specific technology. 
The model argues that an individual’s attitudes and intentions toward 
trying to learn to use new technology are determined by his/her con
siderations of the perceived related advantages of the technology. 
Because the nature of the model is to examine people’s psychological 
mechanisms to new technologies, it has been widely adopted to study 
human-robot interaction, especially in restaurant/hotel settings 
(Abou-Shouk et al., 2021; Omar Parvez et al., 2022). According to this 
theory, the most critical determinant of an individual’s behavioral 
intention is his/her attitude toward a technology, which is a function of 
perceived usefulness and ease of use of the technology toward the 
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behavior (Davis, 1989; Bagozzi et al., 1992). 
According to this model, a key antecedent of individuals’ attitudes 

toward adopting technology is their perceived usefulness of the tech
nology, which refers to a person’s evaluation of using a particular system 
that would enhance his or her outcome of the experience (Davis et al., 
1992). People tend to hold a positive attitude toward adopting a tech
nology when they believe it is useful. On the other hand, when they 
consider that the technology provides only limited advantages, they will 
likely form negative attitudes toward the technology. 

Another important antecedent is perceived ease of use, which is 
defined as users’ perceptions of the level of complexity associated with 
using a specific technology (Lund, 2001). In other words, perceived ease 
of use is determined by an individual’s beliefs on how easy and 
straightforward they can learn to use the subject (Davis et al., 1992). 
People tend to show a positive attitude toward the adoption of tech
nology when they feel they can learn how to use it quickly and easily. 
When the opposite is true, people are more likely to view the technology 
adoption negatively. 

Drawing on the technology acceptance model (Davis et al., 1992)), 
we propose that customers’ perceived usefulness and ease of use toward 
service robotics are key to determining their attitude toward interacting 
with the service robotic assistant and therefore to influence their 
adoption intention. Based on recent hospitality literature that applies 
the technology acceptance model to study robotic services, we define 
perceived usefulness as an individuals’ evaluation of the related use
fulness of the service robotic assistant, and perceived ease of use as an 
individual’s consideration to the degree of complexity of using the ser
vice robot (Abou-Shouk et al., 2021; Hwang et al., 2020; Omar Parvez 
et al., 2022; Sun et al., 2020).Our research expands upon the literature 
in two ways. First, it studies the technology acceptance model in 
different service contexts. Second, we contribute to this body of litera
ture by further suggesting the need to take interaction quality and 
rapport with the service robotic assistant into consideration. 

3. Theoretical framework and hypothesis development 

3.1. The antecedent effect of interaction quality 

It is important to understand the interpersonal interactions between 
frontline employees and customers in service encounters as these em
ployees’ actions play a key role in satisfying a customer’s consumption 
needs (Ghlichlee & Bayat, 2020; Jung et al., 2021; Xiong et al., 2021). 
Interaction quality refers to customers’ perceptions of the degree of 
excellence in how service is delivered from the service encounter during 
the time of interacting (Brady & Cronin, 2001; Joon Choi & Sik Kim, 
2013; Lemke et al., 2010). From the service perspective, a two-way 
interpersonal interaction between a customer and interactive service 
provider, interactive service procedure, and interactive service device, 
can be conceptualized as an action of perceiving interaction quality 
(Brady & Cronin, 2001; Lehtinen & Lehtinen, 1991). In this research, we 
focus on the interaction quality between customers and service robots, 
frontline service agents enabled by AI technologies, and define inter
action quality as a customer’s perceived quality of their interaction with 
a service provider (i.e., a service robot in this research) (Brady & Cronin, 
2001), which can be understood as the perceived excellency of the 
interaction between a customer and a service robot during the service 
delivery period. 

Because the technology acceptance model suggests that a well 
functioning external variable can generate direct effects on users’ 
perceived usefulness and ease of use of a technology (Davis & Ven
katesh, 1996), interactional quality can be viewed as such an external 
variable to influence customers’ perceptions of robotic technology. In 
this context, perceived usefulness refers to a person’s evaluations of 
using a particular technology that would enhance his or her outcome of 
the experience (Davis et al., 1992) whereas perceived ease of use is 
defined as users’ assessment of the complexity level associated with 

using a specific technology (Lund, 2001). Since humans can learn to 
appreciate a robotic assistant through experiences interacting with it 
(Qiu et al., 2019), we expect interaction quality to positively influence 
customers’ perceived usefulness and ease of use with respect to a service 
robot. This argument is based on the stimulus–organism–response 
paradigm (Mehrabian & Russell, 1974), which suggests that stimuli in 
an environment (e.g., service environment) can affect the internal states 
of an organism (e.g., a customer) and drive the organism’s responses to 
the environment. Because interaction quality can serve as a situation 
whereby a service provider creates physical, virtual, or mental engage
ment with customers (Grönroos & Voima, 2012), interaction quality can 
be viewed as cues in a service environment that trigger customers’ 
evaluations of a service robot (i.e., perceived usefulness and ease of use). 
Our argument is also consistent with the existing literature studying the 
interaction between humans and robots, which suggests that after 
interacting with a robot, individuals are more likely to view the robot 
positively (Stafford et al., 2013). Thus, we propose: 

Hypothesis 1 (H1a). Customers’ perceived interaction quality with a 
service robot exerts a positive effect on their perceived usefulness of the 
service robot. 

Hypothesis 2 (H2a). Customers’ perceived interaction quality with a 
service robot exerts a positive effect on perceived ease of use toward the 
service robot. 

In addition, we expect the positive influence of interaction quality on 
the usefulness and ease of use perceptions to vary depending on the 
types of services provided (i.e., full vs. limited services). Previous 
literature has suggested that customers’ responses to a service provider 
can vary depending on the nature of the services, such as strong and 
positive customer attitudes and intentions found in the context of full- 
service restaurants (Marinkovic et al., 2014; Jani & Han, 2011). 
Full-service customers tend to place a greater emphasis on the enjoy
ment of interactions with service providers (Kim & Qu, 2020; Wang & 
Lang, 2019). On the other hand, as limited-service customers tend to be 
more price sensitive and rely more on price when evaluation a service 
situation, they are less likely to rely on non-price related attributes (e.g., 
the quality of service interaction) when evaluating a service situation 
(Tanford et al., 2012). Based on the above rationale, we expect that the 
impact of interaction quality on customers’ evaluations of a service 
robot will be stronger in a full-service context than in a limited-service 
context. Thus, the hypotheses are proposed as follows: 

Hypothesis 1 (H1b). The positive effect of customers’ perceived 
interaction quality with a service robot on their perceived usefulness of 
the service robot is stronger in a full-service context than in a limited- 
service context. 

Hypothesis 2 (H2b). : The positive effect of customers’ perceived 
interaction quality with a service robot exerts on their perceived ease of 
use toward the service robot is stronger in a full-service context than in a 
limited-service context. 

3.2. Customer perceptions and attitudes 

According to the technology acceptance model (Davis et a., 1992), 
individuals’ attitudes toward a technology is a function of perceived 
usefulness and ease of use of the technology (Bagozzi et al., 1992; Davis 
et al., 1989). People tend to hold positive attitudes toward adopting a 
technology when they believe it is useful and when they believe they can 
easily and quickly learn how to use the technology. Specifically, in the 
hospitality and restaurant setting, customers’ perceived usefulness and 
ease of use toward service robots have been shown to positively influ
ence their attitudes toward the robots (Fuentes-Moraleda et al., 2020; 
Parvez et al., 2022). In line with this logic, we expect that customers’ 
perceptions of a service robot’s usefulness and ease of use will exert 
positive effects on their attitudes toward using a service robot. There
fore, we propose: 
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Hypothesis 3 (H3a). Customers’ perceived usefulness of a service 
robot exerts a positive impact on their attitudes toward the service 
robot. 

Hypothesis 4 (H4a):. Customers’ perceived ease of use of a service 
robot exerts a positive impact on their attitudes toward the service 
robot. 

We also expect these relationships will vary based on the types of 
service context involved (i.e., full vs. limited services). Tanford et al. 
(2012) have found that limited-service customers view price as the key 
determinant of purchase decisions whereas full-service customers 
consider utility to be the most important factor when it comes to making 
purchase decisions. This is because limited-service customers are usually 
driven by value consideration in the form of pricing whereas full-service 
customers tend to value non-price related attributes (Tanford et al., 
2012), such as the usefulness of service technologies. In line with this 
logic, we contend that customers’ usefulness perceptions are even more 
likely to generate positive attitudes towards a service robot in a 
full-service context as opposed to a limited-service context. Thus, we 
hypothesize: 

Hypothesis 3 (H3b). The positive effect of customers’ perceived 
usefulness of a service robot on their attitudes toward the service robot is 
stronger in a full-service context than a limited-service context. 

While full-service customers can enjoy services provided by frontline 
agents (Kim & Qu, 2020; Wang & Lang, 2019), limited-service cus
tomers are often expected to serve themselves. When engaging in 
self-services, such as using self-service technology, customers tend to 
place greater weight on the convenience aspect of service Park, Letho, & 
Lehto, 2021; Xu, Jeong, & Baiomy, 2021), such as the ease of use. 
Therefore, we argue that customers’ perceived ease of use exerts a 
greater effect to their attitudes towards a service robot in a 
limited-service context as opposed to a full-service context: 

Hypothesis 4 (H4b). The positive effect of customers’ perceived ease 
of use of a service robot on their attitudes toward the service robot is 
stronger in a limited-service context than in a full-service context. 

3.3. The outcome of adoption 

As a model commonly used to understand how individuals accept a 
specific technology, technology acceptance model (Davis et a., 1992) 
argues that an individual’s intentions toward using a new technology are 
determined by his/her attitudes derived from the considerations of the 
benefits associated with the technology. Since attitudes represent a 
critical determinant of users’ technology adoption intention (Bagozzi 
et al., 1992; Davis et al., 1989), we expect that customers’ positive at
titudes toward using a service robot will increase their intention to 
interact with the service robot. In addition, the influence of positive 
attitudes on adoption intention is proposed to be stronger in a 
full-service situation because the positive attitudes are derived from 
values that are not price-related (i.e., usefulness and ease of use), given 
that limited-service customers tend to be driven by price-related attri
butes while full-service customers are more likely to value attributes 
that are not priced related (Tanford et al., 2012). Therefore, we 
hypothesize: 

Hypothesis 5 (H5a). Customers’ attitudes toward the service robot 
exerts a positive impact on their intention to adopt robotic services. 

Hypothesis 5 (H5b). The positive effect of customers’ attitudes to
ward a service robot on their intention to adopt robotic services is 
stronger in a full-service context than a limited-service context. 

3.4. The outcome of customer-robot rapport 

As a concept which indicates the relationship between customer and 

employee Hwang & Lee (2019), rapport has been identified as an 
important factor that influences customer’s positive responses toward 
service providers (Chang et al., 2020; Kim, Ok, & Gwinner, 2010). It is 
critical to examine the role of rapport in a service encounter as it often 
increases customers’ organization loyalty, positive attitudes toward and 
emotional attachment to a service provider, and intention to revisit 
(Choi & Jo, 2021; Hyun & Kim, 2012). Given the importance of rapport 
and rapid growth in the adoption of service robots, an increasing 
number of scholars begin to investigate the nature of human-robot 
interaction (; Lee et al., 2012;Kim, Kim, & Lyons, 2020; Nomura & 
Kanda, 2014, 2016; Qiu et al., 2019). Building on Gremler and Gwin
ner’s (2000) work, we define customer-robot rapport as the degree to 
which a customer perceives he/she has an enjoyable interaction expe
rience with a service robot that is characterized by the two interactants’ 
personal connection. 

Extant literature has examined factors that improve the rapport be
tween humans and robots. For example, users were found to perceive 
rapport with a robot when the robot is capable of displaying deictic 
gestures (Huang & Mutlu, 2013) and providing personalized services 
(Lee et al., 2012). Because the gestures can serve as a communication 
mechanism to help users better comprehend the information commu
nicated by a robot (Huang & Mutlu, 2013), it can arguably help improve 
the ease of use of a robot. On the other hand, as adding personalized 
services can highlight the additional benefits that a robot can provide, 
the additional services can arguably help improve the usefulness of a 
robot. Building on the past work suggesting that attitudes toward robotic 
services plays a key role in affecting customer-robot rapport (Deborah 
et al., 2020; Qiu et al., 2019; Nomura, 2014), we extend this literature by 
contend that the positive attitudes derived by the usefulness and ease of 
use perceptions are key to driving the rapport building between cus
tomers and service robots. 

Furthermore, existing literature has also examined rapport building 
in different service contexts. For instance, in the full-service restaurant 
setting, rapport has been associated with the factors of customer satis
faction, affective commitment, and server–patron mutual disclosure (Ali 
et al., 2021; Hwang et al., 2013; Kim & Ok, 2010). On the other hand, in 
the limited-service context setting, rapport has been shown to relate to a 
different set of factors, such as service quality (Mathe et al., 2014), 
perceived external prestige (Mathe & Scott-Halsell, 2012), and age of 
the employee (Rocco & Thijssen, 2006). Because rapport building can 
vary in full and limited services, we expect that customers’ response to 
perceived rapport can be different in these service contexts. As 
compared to limited-service restaurants, full-service restaurants involve 
offering a wider range of services (Parsa et al., 2020) and, thereby, 
involve more interactions during the service encounters (Liang & Zhang, 
2011), which is a key element to facilitate rapport building. Based on 
this rationale, we expect that the relationship between customers’ pos
itive attitudes towards a service robot and their perceived 
customer-robot rapport will be stronger in the full-service situation as 
compared to the limited-service situation. Thus, we propose: 

Hypothesis 6 (H6a). Customers’ attitudes toward robotic services 
generate higher levels of perceived customer-robot rapport. 

Hypothesis 6 (H6b). The positive effect of customers’ attitudes to
ward robotic services on customer-robot rapport is stronger in a full- 
service context than in a limited-service context. 

All the hypotheses proposed in our theoretical model are visually 
presented in Fig. 1. 

4. Methodology 

4.1. Sample 

To examine our hypothesized relationships, participants were 
recruited in exchange for the compensation of $1 USD using an online 
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research panel (M-Turk) in the United States. Based on the recom
mended ratio of observations to estimated parameters (N:q), we 
recruited 507 subjects in our study (Kline, 2015). We deployed a 
between-subjects experimental design to manipulate full and limited- 
service contexts using a scenario-based approach, a widely adopted 
approach to better control for treatment effects (e.g., Bendapudi & 
Leone, 2003). 

We randomly assigned participants to one of the two manipulated 
scenarios: full-service scenario (n = 252) and limited-service scenario (n 
= 257). In the full-service group, participants were 65.1% male and their 
ages ranged from 20 to 66 years old with 37 years old as the average age. 
In the limited-service group, participants were 60.7% male. The average 
age was 36.3 years old, ranging from 21 to 63 years old. 

4.2. Procedure 

Participants were first asked to answer questions regarding their 
demographic information, such as age, gender, and their previous 
experience of using service robots. Next, they were randomly assigned to 
read either a full or a limited-service scenario with a picture of the 
service robot. We adopted “Nao” as the service robot (Appendix 2) in our 
scenario because it has been used in many different service industries 
and research, such as hotel services (IBM, 2018) and human-robot 
interaction studies (Filippini et al., 2021). After reading the scenario, 
they were instructed to respond to the measures of interaction quality, 
perceived usefulness, perceived ease of use, attitude toward using ser
vice robots, intention to use service robots and rapport with the service 
robot described in the scenario. 

4.3. Manipulation of the service situations 

We manipulated full- and limited-service situations in a restaurant 
setting, a context by which service providers commonly offer these two 
distinct types of services (Omland, 2020)that can also be provided by 
robots (Hwang et al., 2022). In the limited-service scenario, participants 
walked into the restaurant, approached the encounter to review the 
menu, and then interacted with the service robot “Nao” to place an 
order. In the full-service scenario, the service robot “Nao” seated the 
participants, provided a menu for participants to look over, and assisted 
them in placing orders. We presented the detailed scenarios in Appendix 
1. 

4.4. Measures 

Unless otherwise indicated, all measurement items were assessed 
using a 7-point Likert scale (1 = strongly disagree; 7 = strongly agree). 

To measure interaction quality, we adapted the 2-item scale from Brady 
and Cronin (2001). Next, we assessed participants’ perceived usefulness 
and ease of use of the service robot “Nao” using Lund’s (2001) scale. 
Also, we assessed attitude toward using a service robot using Bagozzi 
et al.’s (1992) 4-item measure on a 7-point semantic differential scale. In 
addition, we measured intention to use service robots using MacKenzie, 
Lutz, and Belch’s (1986) 3-item scale on a 7-point semantic differential 
scale. Lastly, we adapted Brady and Cronin’s (2001) 4-item scale to 
assess customer rapport. Detailed measurement items are reported in 
Table 1. 

5. Result 

5.1. Measurement quality assessment 

A confirmatory factor analysis was performed using maximum like
lihood estimation in R version 3.6.1 to examine the expected factor 
structure. The measurement model suggested a good fit (X2 = 770.32 df 
= 207, p < 0.01; root mean square error of approximation (RMSEA) =
0.07; comparative fit index (CFI) = 0.93; standardized root mean re
sidual (SRMR) = 0.04; Bollen & Long, 1993). Factor loadings for all 
items were statistically significant (0.66 ≤ λs ≤ 0.82, p < 0.01). The 
values of composite reliability and average variance extracted suggested 
adequate internal consistency and convergent validity of the measure
ment scales (Fornell & Larcker, 1981; Lam, 2012). Similarly, Cronbach’s 
coefficient alphas provided support for the good internal reliabilities of 
the scales (Nunnally & Bernstein, 1994). In addition, discriminant val
idity was found to be accepted at both the construct level and the item 
level across all constructs. The details are reported in Table 1. 

5.2. Manipulation check 

We checked manipulation conditions by requesting participants to 
identify the type of restaurant that they were in based on the scenario (0 
= a fast-food restaurant; 1 = a full-service restaurant). The results of our 
cross-tabulation analysis (Kendall’s rank correlation tau = 0.35, p <
0.001) suggest that most participants in the full-service-restaurant 
condition (64%) indicated they were in a full-service restaurant and 
that the majority of participants in the fast-food-restaurant condition 
(71%) indicated they were in a fast-food restaurant. These findings 
suggest that the restaurant type manipulation was successful. 

5.3. Hypotheses testing 

The approach of structural equation modeling (SEM) was adapted to 
examine the proposed hypotheses. The SEM model showed an adequate 

Fig. 1. Proposed model: Full-vs. limited-service contexts.  
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Table 1 
Full measurement model.  

Construct Cronbach’s 
alphas 

Composite 
Reliability 

Average 
Variance 
Extract 

Standardized 
Loading 

Adjusted 
Interaction 
Quality Scale 

0.70 0.71 0.53  

Overall, I’d say the 
quality of my 
interaction with 
this firm’s robotic 
assistant is 
excellent.    

0.72* 

I would say that the 
quality of my 
interaction with 
this firm’s robotic 
assistant is high.    

0.74* 

Perceived 
usefulness 

0.88 0.77 0.58  

The robotic 
assistant helped 
me be more 
effective.    

0.76* 

The robotic 
assistant helped 
me be more 
productive.    

0.78* 

The robotic 
assistant saved 
me time to use it.    

0.73* 

The robotic 
assistant required 
the fewest steps 
to accomplish 
what I wanted to 
do with it.    

0.79* 

The robotic 
assistant made 
the task I wanted 
to accomplish 
easier to get 
done.    

0.76* 

Perceived ease of 
use 

0.85 0.72 0.54  

The robotic 
assistant was easy 
to use.    

0.67* 

I learned to use the 
robotic assistant 
quickly.    

0.78* 

The robotic 
assistant was 
simple to use.    

0.74* 

I easily remember 
how to use the 
robotic assistant.    

0.74* 

The robotic 
assistant was easy 
to learn to use it.    

0.73* 

Attitude toward 
using service 
robot 

0.86 0.80 0.61  

Overall, how would 
you describe your 
experience? For 
me, using the 
robotic assistant 
to take order is: 
bad/good    

0.75* 

Overall, how would 
you describe your 
experience? For 
me, using the 
robotic assistant    

0.76*  

Table 1 (continued ) 

Construct Cronbach’s 
alphas 

Composite 
Reliability 

Average 
Variance 
Extract 

Standardized 
Loading 

to take order is: 
negative/positive 

Overall, how would 
you describe your 
experience? For 
me, using the 
robotic assistant 
to take order is: 
unfavorable/ 
favorable    

0.80* 

Overall, how would 
you describe your 
experience? For 
me, using the 
robotic assistant 
to take order is: 
unpleasant/ 
pleasant    

0.81* 

Intention to use 
service robot 

0.86 0.82 0.62  

Assuming you have 
access to the 
robotic assistant 
in the future, 
what is the 
probability that 
you would use it? 
-unlikely/likely    

0.81* 

Assuming you have 
access to the 
robotic assistant 
in the future, 
what is the 
probability that 
you would use it? 
-improbable/ 
probable    

0.81* 

Assuming you have 
access to the 
robotic assistant 
in the future, 
what is the 
probability that 
you would use it? 
-impossible/ 
possible    

0.82* 

Customer 
employee 
rapport 

0.81 0.70 0.53  

In thinking about 
my relationship 
with this firm’s 
robotic assistant, 
I enjoyed 
interacting with 
these assistants.    

0.73* 

This firm’s robotic 
assistant created 
a feeling of 
“warmth” in our 
relationship.    

0.77* 

This firm’s robotic 
assistant related 
well to me.    

0.71* 

I was comfortable 
interacting with 
this firm’s robotic 
assistant.    

0.69* 

**All values significant at 0.01 level. 
Model Fit: X2 = 770.32, df = 207, p < 0.01; CFI = 0.93; RMSEA = 0.07; SRMR =
0.04. 
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fit (χ2 (214) = 795.02, p < 0.01, CFI = 0.91, RMSEA = 0.07, SRMR =
0.04) and thus indicated empirical support of our hypothetical model. 
Consistent with our theoretical predictions, the results suggested that 
customers’ perceived interaction quality with the service robot posi
tively influenced their positive perceived usefulness of the service robot 
(β = 1.08, SE = 0.07, p < 0.01) and their perceived ease of use toward 
the service robot (β = 0.77, SE = 0.05, p < 0.01), which supported H1a 
and H2a. Second, we found that customers’ perceived usefulness (β =
0.67, SE = 0.07, p < 0.01) and ease of use toward the service robot (β =
0.19, SE = 0.09, p < 0.01) showed significant influence on their attitude 
of using robotic services. Therefore, H3a and H4a were confirmed. The 
model also indicated that customers’ attitudes toward robotic services 
exerted a positive impact on both their intention to use service robots (β 
= 1.13, SE = 0.06, p < 0.01) and perceived human-robot rapport (β =
1.11, SE = 0.08, p < 0.01), which provided evidence to support H5a and 
H6a. We presented the model results in Fig. 2. 

Next, to examine how the causation relationships vary depending on 
the manipulated conditions (full- and limited-service contexts), a multi- 
group structural equation modeling analysis was performed (Bollen, 
1989). Multi-group SEM is one of the better approaches in studying 
measurement invariance in group comparison (Yuan & Chan, 2016). 
The process of multi-group modeling testing began with the estimation 
of two models: The first model allowed target paths to differ between 
groups while the others were constrained; The second model served as 
the baseline control model that fixed all regression paths. If the two 
model showed no significant difference, it suggested that there is no 
variation in the path coefficient across groups. On the other hand, if the 
significance is found, the difference of regression path between groups 
can then be confirmed (Schermelleh-Engel et al., 2003). The overall 
model was first established by studying the regression coefficients in two 
service conditions. The fit of this configural model appeared to 
adequate, suggesting that the factor structure was well represented as a 
six-factor model in both groups (χ2 (428) = 527.40 and 656.17, p <
0.01, CFI = 0.91, RMSEA = 0.08 SRMR = 0.05). The result details were 
presented in Fig. 3. The model suggested that in between the two con
ditions, some factors provided stronger impacts to their corresponding 
outcome factors, while others were not. 

After comparing the two SEM models, the Chi-Squared difference 
test suggested that there was a significant difference (p < 0.01) with 
respect to regression coefficients in two conditions. The result indicated 
that the impact from customers’ perceived interaction quality with the 
service robot to their perceived usefulness of the service robot was 
significantly stronger in the full-service group (β = 1.21, SE = 0.09, p <
0.01) than in the limited-service group (β = 0.91, SE = 0.08, p < 0.01). 
Therefore, H1b was supported. 

With respect to H2b, no support was found because the Chi-Squared 

difference test suggested there was no significant difference (p = 0.71) 
between full (β = 0.76, SE = 0.06, p < 0.01) and limited-service (β =
0.79, SE = 0.08, p < 0.01) conditions regarding the path from customers’ 
perceived interaction quality with the service robot to their perceived 
ease of use toward the service robot. 

We made another model comparison to examine the effect of cus
tomers’ perceived usefulness of the service robot on their attitude to
ward adopting robotic services in the two conditions. The result 
indicated that this effect was significantly higher (p < 0.01) in the full- 
service group (β = 0.75, SE = 0.07, p < 0.01) than the limited group (β =
0.58, SE = 0.07, p < 0.01). Thus, H3b was supported accordingly. 

In terms of H4b, we found that the effect of customers’ perceived 
ease of use on their attitude toward adopting robotic services did not 
show a significant difference (p = 0.10) between full (β = 0.23, SE =
0.10, p < 0.01) and limited (β = 0.14, SE = 0.08, p < 0.01) groups. 

In addition, the results revealed that customers’ attitude toward 
using the service robot did not exert a significantly higher impact on 
intention to use (p = 0.52) in the full-service group (β = 1.15, SE = 0.07, 
p < 0.01) than in the limited-service condition (β = 1.09, SE = 0.08, p <
0.01). Thus, H5b was not supported. 

Lastly, customers’ attitudes toward interacting with the service robot 
generated a significantly higher level of human-robot rapport (p < 0.01) 
in the full-service condition (β = 1.21, SE = 0.09, p < 0.01) than in the 
limited-service group (β = 0.96, SE = 0.09, p < 0.01). The results pro
vided support for H6b. 

6. General discussion 

In the past decade, AI technologies have revolutionized service en
counters by enabling robotic assistants to deliver services (Wirtz et al., 
2018). In response to the increasing usage of service robots across 
different service industries, many researchers (Go et al., 2020; Park & 
del Pobil, 2013) draw on the technology acceptance model to study 
service robot adoption among customers. Yet, it remains unclear how 
customers’ intention of using robotic services can vary across different 
contexts. In the current research, we aim to provide additional insights 
into this issue by considering the boundary condition of full- and 
limited-service contexts. 

Our results reveal that as customers perceive a higher level of 
interaction quality with a service robot, they perceive the robotic to be 
easy to use and useful, resulting in an increase in their attitudes toward 
the robot. In turn, customers perceive a stronger rapport between the 
customers and the robot and have a greater intention to adopt robotic 
services. In addition, as expected, when the context involves a full- 
service restaurant instead of a limited-service restaurant, these re
lationships are stronger, except for the following relationships: 1) The 

Fig. 2. Overall model 
Notes: χ2 (214) = 795.02, p < 0.01, CFI = 0.91, RMSEA = 0.07, SRMR = 0.04. ns p > 0.05; *p ≤ 0.05; **p ≤ 0.01; two-tailed test. 
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perception of interactional quality with a robot leads customers to view 
the robot as easy to use regardless the restaurant contexts; 2) The rela
tionship between customers’ perceived ease of use of the robot and their 
attitudes toward adopting robotic services is absent in a full-service- 
restaurant context; 3) These attitudes exert a similar influence on cus
tomers’ intention to adopt robotic services in both restaurant contexts. 

One possible explanation why the relationship between interactional 
quality and ease of use does not vary depending on the restaurant service 
types could be that a service robot is perceived to be easy to use once a 
threshold of interaction quality level has been achieved such that similar 
perceptions regarding the service robot’s ease of use are observed 
because the interaction quality in both restaurant situations passes the 
threshold level. With respect to the absence of a relationship between 
ease of use and attitudes in the full-service restaurant context, it could be 
possible that the service robot’s ease of use serves as a necessary but not 
sufficient factor for attitude formation. In other words, the ease of use 
might do little to increase attitudes but could undermine the attitudes 
when it is absent. In addition, we may not have support for a stronger 
relationship between attitudes and intention on using service robots in a 
full-service restaurant condition because the attitudes represent a robust 
and critical determinant of intention as suggested by the technology 
acceptance model and, thereby, the relationship is unlikely to be 
affected by boundary conditions. 

6.1. Theoretical contributions 

First, we extend the literature on the technology acceptance model 
by identifying interaction quality as an additional antecedent. An 
enduring criticism of the technology acceptance model is its failure to 
identify antecedents to the perceptions of usefulness and ease of use 
(Autry et al., 2010; Venkatesh et al., 2007). Extant literature that ex
plores this issue has identified the antecedent role of technical quality, 
such as the quality of an e-procurement system (Brandon-Jones & 
Kauppi, 2018) and the quality of an e-shopping site (Ha & Stoel, 2009). 
Because customers also play a key role in co-creating service experiences 
with organizations, our study contributes by further considering the 
interaction between customers and robotic technology. In particular, we 
draw upon the stimulus–organism–response paradigm (Mehrabian & 
Russell, 1974) to explain that stimuli in a technology service environ
ment (i.e., customer-robot interaction quality) can influence customers’ 
assessment of the service technology (i.e., perceptions and attitudes 
towards a service robot) and, thereby, their subsequent responses (i.e., 
intention to use the service robot and rapport with the robot). Our 
research adds a fresh perspective to the literature by integrating stim
ulus–organism–response paradigm and the technology acceptance 
model to identify environmental cues in a technology-service encounter 

as additional antecedents that can trigger customers’ internal responses 
and subsequent behavioral reactions to the service technology. 

In addition, we contribute to the service robot literature. Prior 
research has primarily focused on examining the influence of robotic 
design, such as gender (Rogers et al., 2020) and physical features 
(Martini et al., 2015), as well as robotic functions, such as task perfor
mance (Park, Lee, & Cho, 2012) and communication skills (Saunderson 
& Nejat., 2019), on customers’ acceptance of service robots. Little 
attention has been paid to the impact of service contexts on how cus
tomers respond to frontline agents enabled by AI technology, except for 
a few recent studies (e.g., Huang & Kao, 2021; Longoni & Cian, 2022) 
that primarily examine the hedonic and utilitarian nature of service 
situations. Although Lin et al. (2020) have attempted to study the 
moderating role of limited and full hotel services, they only focused on 
hotel service contexts and the role of customers’ overall positive emo
tions towards service robots in driving their evaluations of the robots. 
This research adds to this literature by exploring the moderating role of 
limited and full services in a different context (i.e., restaurant service 
context) and further examining the moderating effect on the relationship 
between customers’ cognitions of a service robot, as opposed to their 
emotions, and their willingness to use the robot. 

In this research, we found that the positive effects of the customer- 
robot interaction quality on customers’ cognitions and behavioral in
tentions are stronger in a full-service context. As full-service customers 
have previously been found to be more likely than limited-service cus
tomers to associate robotic services with hedonic motivations and 
perceive that the benefits received from the services outweigh the cost of 
using services (Lin et al., 2020), our findings expand this literature by 
further showing that customers can respond to service robots more 
positively in full-service contexts than limited-service contexts. Also, 
while full-service customers are more likely than limit-service customers 
to demand high levels of social interactions during robotic service de
livery (Lin et al., 2020), our findings broaden the service robot literature 
by implying that service robots capable of having quality interaction 
with customers can sufficiently satisfy customers’ need for social 
interactions. 

Lastly, we broaden the stream of research that studies the rapport 
between robots and human beings. Because of the importance of rapport 
in driving positive outcomes, an increasing number of researchers begin 
to identify factors that facilitate human-robot rapport, such as enabling 
the robots to display deictic gestures (Huang & Mutlu, 2013) and to 
provide personalized services (Lee et al., 2012). Our findings extend this 
literature by identifying the interaction quality between a user and a 
robot as an additional factor that can drive human-robot rapport 
through facilitating positive perceptions and favorable attitudes towards 
a robot. 

Fig. 3. Model results in two manipulated service contexts 
Notes: χ2 (428) = 527.40 and 656.17, p < 0.01, CFI = 0.91, RMSEA = 0.08, SRMR = 0.05. ns p > 0.05; *p ≤ 0.05; **p ≤ 0.01; two-tailed test. 
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6.2. Practical implications 

This research holds important implications for marketing practi
tioners. First, our findings suggest that service organizations should 
make an effort to improve the quality of the interaction between a 
customer and a service robot. Organizations can proactively conduct 
market research to better understand customers’ expectations in terms 
of the role that a service robot should play. For example, service orga
nizations can conduct in-depth interviews to request frontline em
ployees to report different types of customer expectations observed. In 
addition to conducting market research, organizations can analyze 
existing customer information (e.g., behavioral cues observed in their 
surveillance records and comments from customer feedback surveys) to 
gauge customer expectations with respect to robotic services. With an 
understanding of the expectations, service providers can enhance the 
interaction quality by designing a service process and a service script for 
their robotic services accordingly to facilitate customers’ positive re
sponses to service robots. 

Second, service providers would benefit from recognizing that cus
tomers’ responses to robotic services can vary depending on service 
types. Robots are generally perceived to be suitable for performing 
pragmatic tasks rather than personal tasks (Ray et al., 2008), which may 
discourage full-service providers from adopting service robots because 
full services often involve intense interpersonal interaction between 
customers and service providers (Parsa et al., 2020). Interestingly, as 
shown in our study, customers can respond to robotic services more 
positively in a full-restaurant-service context than in a 
limited-restaurant-service context. Our findings provide organizations 
that offer full services with an understanding of how they can benefit 
from incorporating robotic technology into service encounters. In order 
to facilitate the rapport between customers and the service robot, 
full-service organizations are recommended to identify different types of 
service interactions performed by service robots that are perceived to be 
useful and viewed favorably by their customers, such as paying close 
attention to the relevant keywords used in customer feedback and 
comments. 

6.3. Limitations and directions for future research 

In spite of the contributions, our research has a few limitations that 
need to be taken into consideration. First, our study was limited in that 

we tested the hypotheses using a scenario-based experiment that in
volves restaurant service scenarios. It is possible that the observed re
lationships can change as the contexts and study methods vary. Future 
studies may consider conducting field experiments with live robot- 
customer interactions to capture customers’ real-time responses as 
well as examining the research issue in other service industries, such as 
full-service vs. limited-service hotels, to expand the investigation scope. 

In addition, our data were also limited in that “Nao” was the only 
type of service robot considered. Another avenue for future research is to 
investigate how factors related to the robotic design could affect cus
tomers’ responses to the service robots in different service contexts. For 
example, it may be possible that customers respond to humanoid service 
robots more positively in a full-service context and view non-humanoid 
service robots more favorably in a limited-service context. 

Also, this research focused on the situation that service robots are 
capable of providing quality services. Because it is not uncommon for 
service robots to fall short of the expectations of customers (Huang & 
Philp, 2021), future research would benefit from taking robotic service 
failures into consideration. For example, it could be possible that when 
robotic service failures occur, participants would respond more nega
tively to a full-service provider than a limited-service provider, given the 
differences in service expectations. 

Finally, the presence of human employees in robotic service en
counters was not in the scope of the current research. One emerging 
challenge that many service organizations encounter is how to strike a 
balance between frontline agents enabled by AI technologies (e.g., ser
vice robots) and human employees (Flavián & Casaló, 2021). An addi
tional avenue for future studies is to examine the degree to which the 
appropriate balance between service robots and human employees can 
change in full- and limited-service contexts. 
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Appendix 1 

Manipulated Scenarios 

Limited service 
Service Robot: Hello, welcome to Taylor. You can take your order whenever you are ready. 

Full service 
Service Robot: Hello, welcome to Taylor. How many do you have? 
You: Only one. 
Service Robot: No problem. I will take you to a seat, please follow me. 
You: Thank you. 
Service Robot: Would you like to anything to drink before taking your order? 
You: Water, please? 
Service Robot: Of course, here is your menu and I will be right with you. 

Continue with manipulation 
Service Robot: Hello. Are you ready to take your order? 
You: No, I am not. Do you have any ‘special of the day’ or like at this place? 
Service Robot: Yes, we do provide grilled salmon sandwich and Philly cheese steak burger as today’s special. 
You: Hmm … I don’t like salmon. Tell me about the burger? 
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Service Robot: Absolutely. It is one of our most popular items. It serves with a 14 oz grilled philly steak with garlic and mushroom topping. You will 
also have four sides including butter corn, curly fries, backed potato and fresh broccoli. 

You: Sounds good. I will take it. 
Service Robot: How would you like that cooked? 
You: Median please? 
Service Robot: Of course. Anything else? 
You: I think that’s it for now. 
Service Robot: No problem. Your meal will be ready soon. 

Appendix 2 

Photo of the Service Robot Nao
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Molinero, T. (2020). Interaction between hotel service robots and humans: A hotel- 
specific service robot acceptance model (SRAM). Tourism Management Perspectives, 
36, Article 100751. https://doi.org/10.1016/j.tmp.2020.100751 

Ghlichlee, B., & Bayat, F. (2020). Frontline employees’ engagement and Business 
Performance: The mediating role of customer-oriented behaviors. Management 
Research Review, 44(2), 290–317. https://doi.org/10.1108/mrr-11-2019-0482 

Go, H., Kang, M., & Suh, S. B. C. (2020). Machine learning of robots in tourism and 
hospitality: Interactive technology acceptance model (ITAM) – cutting edge. Tourism 
Review, 75(4), 625–636. https://doi.org/10.1108/tr-02-2019-0062 

Gremler, D. D., & Gwinner, K. P. (2000). Customer-employee rapport in service 
relationships. Journal of Service Research, 3(1), 82–104. https://doi.org/10.1177/ 
109467050031006 

Grewal, D., Motyka, S., & Levy, M. (2018). The evolution and future of retailing and 
retailing education. Journal of Marketing Education, 40(1), 85–93. https://doi.org/ 
10.1177/0273475318755838 

Grönroos, C., & Voima, P. (2012). Critical service logic: Making sense of value creation 
and co-creation. Journal of the Academy of Marketing Science, 41(2), 133–150. 
https://doi.org/10.1007/s11747-012-0308-3 

Haidegger, T., Barreto, M., Gonçalves, P., Habib, M. K., Ragavan, S. K., Li, H., 
Vaccarella, A., Perrone, R., & Prestes, E. (2013). Applied ontologies and standards 
for service robots. Robotics and Autonomous Systems, 61(11), 1215–1223. https://doi. 
org/10.1016/j.robot.2013.05.008 

Huang, Y. S., & Kao, W. K. (2021). Chatbot service usage during a pandemic: Fear and 
social distancing. Service Industries Journal, 41(13–14), 964–984. https://doi.org/ 
10.1080/02642069.2021.1957845 

Huang, C.-M., & Mutlu, B. (2013). Modeling and evaluating narrative gestures for 
humanlike robots. Robotics: Science and Systems, IX. https://doi.org/10.15607/ 
rss.2013.ix.026 

Huang, B., & Philp, M. (2021). When AI-based services fail: Examining the effect of the 
self-AI connection on willingness to share negative word-of-mouth after service 
failures. Service Industries Journal, 1(23). https://doi.org/10.1080/ 
02642069.2020.1748014 

Huang, M., & Rust, R. (2018). Artificial intelligence in service. Journal of Service Research, 
21(2), 155–172. https://doi.org/10.1177/1094670517752459 

Huang, M. H., & Rust, R. T. (2021). Engaged to a robot? The role of AI in service. Journal 
of Service Research, 24(1), 30–41. 

Hwang, J., Kim, S. S., & Hyun, S. S. (2013). The role of server–patron mutual disclosure 
in the formation of rapport with and revisit intentions of patrons at full-service 
restaurants: The moderating roles of marital status and educational level. 
International Journal of Hospitality Management, 33, 64–75. https://doi.org/10.1016/ 
j.ijhm.2013.01.006 

Hwang, J., Kim, H. M., & Kim, I. (2022). The antecedent and consequences of Brand 
Competence: Focusing on the moderating role of the type of server in the restaurant 
industry. Journal of Hospitality and Tourism Management, 50, 337–344. https://doi. 
org/10.1016/j.jhtm.2022.02.005 

Hwang, J, & Lee, J. H. (2019). Understanding customer-customer rapport in a senior 
group package context. International Journal of Contemporary Hospitality Management, 
31(5), 2187–2204. https://doi.org/10.1108/ijchm-02-2018-0128 

Hwang, J., Park, S., & Kim, I. (2020). Understanding motivated consumer innovativeness 
in the context of a robotic restaurant: The moderating role of product knowledge. 
Journal of Hospitality and Tourism Management, 44, 272–282. https://doi.org/ 
10.1016/j.jhtm.2020.06.003 

Hyun, S. S., & Kim, I. (2012). Identifying optimal rapport-building behaviors in inducing 
patrons’ emotional attachment in luxury restaurants. Journal of Hospitality & Tourism 
Research, 38(2), 162–198. https://doi.org/10.1177/1096348012451458 

IBM. (2018). Hilton and IBM pilot "connie," the world’s first watson-enabled hotel 
concierge. Hilton and IBM pilot "connie,". The World’s First Watson-Enabled Hotel 
Concierge. Retrieved March 5, 2022, from https://www.prnewswire.com/news-rele 
ases/hilton-and-ibm-pilot-connie-the-worlds-first-watson-enabled-hotel-concierge-3 
00233140.html. 

Ivanov, S., & Webster, C. (2018). Perceived appropriateness and intention to use service 
robots in Tourism. Information and Communication Technologies in Tourism, 2019, 
237–248. https://doi.org/10.1007/978-3-030-05940-8_19 

Joon Choi, B., & Sik Kim, H. (2013). The impact of outcome quality, Interaction Quality, 
and peer-to-peer quality on customer satisfaction with a Hospital Service. Managing 
Service Quality: International Journal, 23(3), 188–204. https://doi.org/10.1108/ 
09604521311312228 

Jung, J. H., Yoo, J. J., & Arnold, T. J. (2021). The influence of a retail store manager in 
developing frontline employee brand relationship, service performance and 
Customer Loyalty. Journal of Business Research, 122, 362–372. https://doi.org/ 
10.1016/j.jbusres.2020.09.010 

Kim, W., Kim, N., & Lyons, J. B. (2020). Factors affecting trust in high-vulnerability 
human-robot interaction contexts: A structural equation modelling approach. Applied 
Ergonomics, 85, 103056. https://doi.org/10.1016/j.apergo.2020.103056 

Kim, W., & Ok, C. (2010). Customer orientation of service employees and Rapport: 
Influences on service-outcome variables in full-service restaurants. Journal of 
Hospitality & Tourism Research, 34(1), 34–55. https://doi.org/10.1177/ 
1096348009344234 

Kim, B., Kim, S., & Heo, C. Y. (2016). Analysis of satisfiers and dissatisfiers in online hotel 
reviews on social media. International Journal of Contemporary Hospitality 
Management, 28(9), 1915–1936. https://doi.org/10.1108/ijchm-04-2015-0177 

Kim, H., & Qu, H. (2020). Effects of employees’ social exchange and the mediating role of 
customer orientation in the restaurant industry. International Journal of Hospitality 
Management, 89, Article 102577. https://doi.org/10.1016/j.ijhm.2020.102577 

Kim, W., Ok, C., & Gwinner, K. P. (2010). The antecedent role of customer-to-employee 
relationships in the development of customer-to-firm relationships. The Service 
Industries Journal, 30(7), 1139–1157. https://doi.org/10.1080/ 
02642060802311286 

Lam, L. W. (2012). Impact of competitiveness on Salespeople’s commitment and 
performance. Journal of Business Research, 65(9), 1328–1334. https://doi.org/ 
10.1016/j.jbusres.2011.10.026 

Lee, H. R., Sung, J. Y., Sabanovic, S., & Han, J. (2012). Cultural design of domestic 
robots: A study of user expectations in korea and the United States. 2012 IEEE RO- 
MAN: The 21st IEEE International Symposium on Robot and Human Interactive 
Communication. https://doi.org/10.1109/roman.2012.6343850 

Lehtinen, U., & Lehtinen, J. R. (1991). Two approaches to service quality dimensions. 
Service Industries Journal, 11(3), 287–303. https://doi.org/10.1080/ 
02642069100000047 

Lemke, F., Clark, M., & Wilson, H. (2010). Customer experience quality: An exploration 
in business and consumer contexts using repertory grid technique. Journal of the 
Academy of Marketing Science, 39(6), 846–869. https://doi.org/10.1007/s11747- 
010-0219-0 

Liang, R.-D., & Zhang, J.-S. (2011). The effect of service interaction orientation on 
customer satisfaction and behavioral intention: The moderating effect of dining 
frequency. Procedia - Social and Behavioral Sciences, 24, 1026–1035. https://doi.org/ 
10.1016/j.sbspro.2011.09.082 

Lin, H., Chi, O. H., & Gursoy, D. (2020). Antecedents of customers’ acceptance of 
artificially intelligent robotic device use in hospitality services. Journal of Hospitality 
Marketing & Management, 29(5), 530–549. 

Li, M., Yin, D., Qiu, H., & Bai, B. (2021). A systematic review of AI technology-based 
service encounters: Implications for hospitality and tourism operations. International 
Journal of Hospitality Management, 95, Article 102930. https://doi.org/10.1016/j. 
ijhm.2021.102930 

Longoni, C., & Cian, L. (2022). Artificial intelligence in utilitarian vs. hedonic contexts: 
The “word-of-machine” effect. Journal of Marketing, 86(1), 91–108. https://doi.org/ 
10.1177/0022242920957347 

Lund, A. M. (2001). Measuring usability with the USE questionnaire. Usability Interface, 8 
(2), 3–6. 

MacKenzie, S. B., Lutz, R. J., & Belch, G. E. (1986). The role of attitude toward the ad as a 
mediator of advertising effectiveness: A test of competing explanations. Journal of 
Marketing Research, 23(2), 130–143. https://doi.org/10.1177/ 
002224378602300205 

W.-K. Kao and Y.-S.(S. Huang                                                                                                                                                                                                              

https://doi.org/10.1089/tmj.2009.0171
https://www.roboticstomorrow.com/article/2019/02/what-are-service-robots/13161#:~:text=These%20robots%20are%20autonomously%20operated,are%20different%20from%20industrialized%20robots
https://www.roboticstomorrow.com/article/2019/02/what-are-service-robots/13161#:~:text=These%20robots%20are%20autonomously%20operated,are%20different%20from%20industrialized%20robots
https://www.roboticstomorrow.com/article/2019/02/what-are-service-robots/13161#:~:text=These%20robots%20are%20autonomously%20operated,are%20different%20from%20industrialized%20robots
https://doi.org/10.1016/j.jhtm.2020.01.016
https://doi.org/10.1080/19368623.2020.1703871
https://doi.org/10.1080/19368623.2020.1703871
https://doi.org/10.1007/978-3-030-67008-5_9
https://doi.org/10.1007/978-3-030-67008-5_9
https://doi.org/10.1109/iros.2005.1545189
https://doi.org/10.1109/iros.2005.1545189
https://doi.org/10.2307/249008
https://doi.org/10.1287/mnsc.35.8.982
https://doi.org/10.1111/j.1559-1816.1992.tb00945.x
https://doi.org/10.1006/ijhc.1996.0040
https://doi.org/10.3390/s21196438
https://doi.org/10.1080/02642069.2021.1989177
https://doi.org/10.1080/02642069.2021.1989177
https://doi.org/10.1145/1121241.1121286
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref29
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref29
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref29
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref30
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref30
https://doi.org/10.1016/j.tmp.2020.100751
https://doi.org/10.1108/mrr-11-2019-0482
https://doi.org/10.1108/tr-02-2019-0062
https://doi.org/10.1177/109467050031006
https://doi.org/10.1177/109467050031006
https://doi.org/10.1177/0273475318755838
https://doi.org/10.1177/0273475318755838
https://doi.org/10.1007/s11747-012-0308-3
https://doi.org/10.1016/j.robot.2013.05.008
https://doi.org/10.1016/j.robot.2013.05.008
https://doi.org/10.1080/02642069.2021.1957845
https://doi.org/10.1080/02642069.2021.1957845
https://doi.org/10.15607/rss.2013.ix.026
https://doi.org/10.15607/rss.2013.ix.026
https://doi.org/10.1080/02642069.2020.1748014
https://doi.org/10.1080/02642069.2020.1748014
https://doi.org/10.1177/1094670517752459
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref44
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref44
https://doi.org/10.1016/j.ijhm.2013.01.006
https://doi.org/10.1016/j.ijhm.2013.01.006
https://doi.org/10.1016/j.jhtm.2022.02.005
https://doi.org/10.1016/j.jhtm.2022.02.005
https://doi.org/10.1108/ijchm-02-2018-0128
https://doi.org/10.1016/j.jhtm.2020.06.003
https://doi.org/10.1016/j.jhtm.2020.06.003
https://doi.org/10.1177/1096348012451458
https://www.prnewswire.com/news-releases/hilton-and-ibm-pilot-connie-the-worlds-first-watson-enabled-hotel-concierge-300233140.html
https://www.prnewswire.com/news-releases/hilton-and-ibm-pilot-connie-the-worlds-first-watson-enabled-hotel-concierge-300233140.html
https://www.prnewswire.com/news-releases/hilton-and-ibm-pilot-connie-the-worlds-first-watson-enabled-hotel-concierge-300233140.html
https://doi.org/10.1007/978-3-030-05940-8_19
https://doi.org/10.1108/09604521311312228
https://doi.org/10.1108/09604521311312228
https://doi.org/10.1016/j.jbusres.2020.09.010
https://doi.org/10.1016/j.jbusres.2020.09.010
https://doi.org/10.1016/j.apergo.2020.103056
https://doi.org/10.1177/1096348009344234
https://doi.org/10.1177/1096348009344234
https://doi.org/10.1108/ijchm-04-2015-0177
https://doi.org/10.1016/j.ijhm.2020.102577
https://doi.org/10.1080/02642060802311286
https://doi.org/10.1080/02642060802311286
https://doi.org/10.1016/j.jbusres.2011.10.026
https://doi.org/10.1016/j.jbusres.2011.10.026
https://doi.org/10.1109/roman.2012.6343850
https://doi.org/10.1080/02642069100000047
https://doi.org/10.1080/02642069100000047
https://doi.org/10.1007/s11747-010-0219-0
https://doi.org/10.1007/s11747-010-0219-0
https://doi.org/10.1016/j.sbspro.2011.09.082
https://doi.org/10.1016/j.sbspro.2011.09.082
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref66
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref66
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref66
https://doi.org/10.1016/j.ijhm.2021.102930
https://doi.org/10.1016/j.ijhm.2021.102930
https://doi.org/10.1177/0022242920957347
https://doi.org/10.1177/0022242920957347
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref70
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref70
https://doi.org/10.1177/002224378602300205
https://doi.org/10.1177/002224378602300205


Journal of Hospitality and Tourism Management 54 (2023) 10–21

21

Marinkovic, V., Senic, V., Ivkov, D., Dimitrovski, D., & Bjelic, M. (2014). The antecedents 
of satisfaction and revisit intentions for full-service restaurants. Marketing Intelligence 
& Planning, 32(3), 311–327. https://doi.org/10.1108/mip-01-2013-0017 

Martini, M. C., Buzzell, G. A., & Wiese, E. (2015). Agent appearance modulates mind 
attribution and social attention in human-robot interaction. Social Robotics, 
431–439. https://doi.org/10.1007/978-3-319-25554-5_43 

Mathe, K., & Scott-Halsell, S. (2012). The effects of perceived external prestige on 
positive psychological states in Quick Service Restaurants. Journal of Human 
Resources in Hospitality & Tourism, 11(4), 354–372. https://doi.org/10.1080/ 
15332845.2012.690684 

Mathe, K., Scott-Halsell, S., Kim, S., & Krawczyk, M. (2014). Psychological capital in the 
quick service restaurant industry: A study of unit-level performance. Journal of 
Hospitality & Tourism Research, 41(7), 823–845. https://doi.org/10.1177/ 
1096348014550923 

Mehrabian, A., & Russell, J. A. (1974). An approach to environmental psychology. Mass: 
The MIT Press.  

Nomura, T. (2014). Influences of experiences of robots into negative attitudes toward 
robots. The 23rd IEEE International Symposium on Robot and Human Interactive 
Communication. https://doi.org/10.1109/roman.2014.6926295 

Nomura, T., & Kanda, T. (2014). Differences of expectation of rapport with robots 
dependent on situations. Proceedings of the Second International Conference on Human- 
Agent Interaction. https://doi.org/10.1145/2658861.2658869 

Nomura, T., & Kanda, T. (2016). Rapport–Expectation with a robot scale. International 
Journal of Social Robotics, 8, 21–30. https://doi.org/10.1007/s12369-015-0293-z 

Nunnally, B., & Bernstein, I. R. (1994). Psychometric theory. New York: MacGraw Hill.  
NuWire. (2012). Limited- vs full-service restaurants. NuWireInvestor. Retrieved March 2, 

2022, from https://www.nuwireinvestor.com/limited-vs-full-service-restaurants/. 
Omland. (2020). What is the difference between a full service and a limited service hotel. 

Omland Hospitality Canada. Retrieved February 15, 2022, from https://www.omlan 
dhospitality.com/blog/difference-between-full-service-and-limited-service-hotel. 

Palvia, S., & Vemuri, V. (2016). Forecasts of jobless growth: Facts and myths. Journal of 
Information Technology Case and Application Research, 18(1), 4–10. https://doi.org/ 
10.1080/15228053.2016.1145621 

Park, I.-W, Lee, B.-J., & Cho, S.-H. (2012). Laser-based kinematic calibration of robot 
manipulator using Differential Kinematics. IEEE/ASME Transactions on Mechatronics, 
17(6), 1059–1067. https://doi.org/10.1109/tmech.2011.2158234 

Park, J. S., Choi, G.-S., Lim, K. H., Jang, Y. S., & Jun, S. H. (2010). S052: A comparison of 
robot-assisted, laparoscopic, and open surgery in the treatment of rectal cancer. 
Surgical Endoscopy, 25(1), 240–248. https://doi.org/10.1007/s00464-010-1166-z 

Park, E., & del Pobil, A. P. (2013). Users’ attitudes toward service robots in South Korea. 
Industrial Robot: International Journal, 40(1), 77–87. https://doi.org/10.1108/ 
01439911311294273 

Park, S., Letho, X., & Lehto, M. (2021). Self-service technology kiosk design for 
restaurants: An QFD application. International Journal of Hospitality Management, 92, 
102757. https://doi.org/10.1016/j.ijhm.2020.102757 

Parsa, H. G., Shuster, B. K., & Bujisic, M. (2020). New Classification system for the U.S. 
restaurant industry: Application of utilitarian and hedonic continuum model. Cornell 
Hospitality Quarterly, 61(4), 379–400. https://doi.org/10.1177/1938965519899929 

Parvez, M. O., Arasli, H., Ozturen, A., Lodhi, R. N., & Ongsakul, V. (2022). Antecedents of 
human-robot collaboration: Theoretical extension of the technology acceptance 
model. Journal of Hospitality and Tourism Technology, 13(2), 240–263. https://doi. 
org/10.1108/jhtt-09-2021-0267 

Patompak, P., Jeong, S., Nilkhamhang, I., & Chong, N. Y. (2019). Learning proxemics for 
personalized human–robot social interaction. International Journal of Social Robotics, 
12(1), 267–280. https://doi.org/10.1007/s12369-019-00560-9 

Pineda, L. A., Rodríguez, A., Fuentes, G., Rascon, C., & Meza, I. V. (2015). Concept and 
functional structure of a service robot. International Journal of Advanced Robotic 
Systems, 12(2), 6. https://doi.org/10.5772/60026 

Qiu, H., Li, M., Shu, B., & Bai, B. (2019). Enhancing hospitality experience with service 
robots: The mediating role of rapport building. Journal of Hospitality Marketing & 
Management, 29(3), 247–268. https://doi.org/10.1080/19368623.2019.1645073 

Rogers, K., Bryant, D. A., & Howard, A. (2020). Robot gendering: Influences on trust, 
occupational competency, and preference of robot over human. Extended Abstracts of 
the 2020 CHI Conference on Human Factors in Computing Systems. https://doi.org/ 
10.1145/3334480.3382930 

Saunderson, S., & Nejat, G. (2019). How robots influence humans: A survey of nonverbal 
communication in social human–robot interaction. International Journal of Social 
Robotics, 11(4), 575–608. https://doi.org/10.1007/s12369-019-00523-0 

Schermelleh-Engel, K., Moosbrugger, H., & Müller, H. (2003). Evaluating the fit of 
structural equation models: Tests of significance and descriptive goodness of-fit 
measures. Methods of Psychological Research Online, 8(2), 23–74. 

Seo, S. H., Griffin, K., Young, J. E., Bunt, A., Prentice, S., & Loureiro-Rodríguez, V. 
(2017). Investigating people’s rapport building and hindering behaviors when 
working with a collaborative robot. International Journal of Social Robotics, 10(1), 
147–161. https://doi.org/10.1007/s12369-017-0441-8 

Stafford, R. Q., MacDonald, B. A., Jayawardena, C., Wegner, D. M., & Broadbent, E. 
(2013). Does the robot have a mind? Mind perception and attitudes towards robots 
predict use of an eldercare robot. International Journal of Social Robotics, 6(1), 17–32. 
https://doi.org/10.1007/s12369-013-0186-y 

Stock, R. M., & Merkle, M. (2017). A service robot acceptance model: User acceptance of 
humanoid robots during service encounters. 2017 IEEE International Conference on 
Pervasive Computing and Communications Workshops (PerCom Workshops). https:// 
doi.org/10.1109/percomw.2017.7917585 

Sun, S., Lee, P. C., Law, R., & Zhong, L. (2020). The impact of cultural values on the 
acceptance of hotel technology adoption from the perspective of Hotel Employees. 
Journal of Hospitality and Tourism Management, 44, 61–69. https://doi.org/10.1016/ 
j.jhtm.2020.04.012 

Tanford, S., Raab, C., & Kim, Y.-S. (2012). Determinants of customer loyalty and 
purchasing behavior for full-service and limited-service hotels. International Journal 
of Hospitality Management, 31(2), 319–328. https://doi.org/10.1016/j. 
ijhm.2011.04.006 

Venkatesh, V., Davis, F., & Morris, M. (2007). Dead or alive? The development, trajectory 
and future of technology adoption research. Journal of the Association for Information 
Systems, 8(4), 267–286. https://doi.org/10.17705/1jais.00120 

Wang, Y.-C., & Lang, C. (2019). Service employee dress: Effects on employee-customer 
interactions and customer-brand relationship at full-service restaurants. Journal of 
Retailing and Consumer Services, 50, 1–9. https://doi.org/10.1016/j. 
jretconser.2019.04.011 

Wirtz, J., Patterson, P. G., Kunz, W. H., Gruber, T., Lu, V. N., Paluch, S., & Martins, A. 
(2018). Brave new world: Service robots in the frontline. Journal of Service 
Management, 29(5), 907–931. https://doi.org/10.1108/josm-04-2018-0119 

Xiong, L., Wang, H., Yang, Y., & He, W. (2021). Promoting resident-tourist interaction 
quality when residents are expected to be hospitable hosts at destinations. Journal of 
Hospitality and Tourism Management, 46, 183–192. https://doi.org/10.1016/j. 
jhtm.2020.12.008 

Xu, Y., Jeong, E. H., & Baiomy, A. E. (2021). Enjoyment, convenience or both? 
Investigating key attributes for consumers to use interactive self-service technology 
in restaurants. Anatolia, 33(1), 164–167. https://doi.org/10.1080/ 
13032917.2021.1890627 

Yuan, K.-H., & Chan, W. (2016). Measurement invariance via multigroup SEM: Issues and 
solutions with chi-square-difference tests. Psychological Methods, 21(3), 405–426. 
https://doi.org/10.1037/met0000080 

W.-K. Kao and Y.-S.(S. Huang                                                                                                                                                                                                              

https://doi.org/10.1108/mip-01-2013-0017
https://doi.org/10.1007/978-3-319-25554-5_43
https://doi.org/10.1080/15332845.2012.690684
https://doi.org/10.1080/15332845.2012.690684
https://doi.org/10.1177/1096348014550923
https://doi.org/10.1177/1096348014550923
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref77
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref77
https://doi.org/10.1109/roman.2014.6926295
https://doi.org/10.1145/2658861.2658869
https://doi.org/10.1007/s12369-015-0293-z
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref81
https://www.nuwireinvestor.com/limited-vs-full-service-restaurants/
https://www.omlandhospitality.com/blog/difference-between-full-service-and-limited-service-hotel
https://www.omlandhospitality.com/blog/difference-between-full-service-and-limited-service-hotel
https://doi.org/10.1080/15228053.2016.1145621
https://doi.org/10.1080/15228053.2016.1145621
https://doi.org/10.1109/tmech.2011.2158234
https://doi.org/10.1007/s00464-010-1166-z
https://doi.org/10.1108/01439911311294273
https://doi.org/10.1108/01439911311294273
https://doi.org/10.1016/j.ijhm.2020.102757
https://doi.org/10.1177/1938965519899929
https://doi.org/10.1108/jhtt-09-2021-0267
https://doi.org/10.1108/jhtt-09-2021-0267
https://doi.org/10.1007/s12369-019-00560-9
https://doi.org/10.5772/60026
https://doi.org/10.1080/19368623.2019.1645073
https://doi.org/10.1145/3334480.3382930
https://doi.org/10.1145/3334480.3382930
https://doi.org/10.1007/s12369-019-00523-0
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref95
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref95
http://refhub.elsevier.com/S1447-6770(22)00183-8/sref95
https://doi.org/10.1007/s12369-017-0441-8
https://doi.org/10.1007/s12369-013-0186-y
https://doi.org/10.1109/percomw.2017.7917585
https://doi.org/10.1109/percomw.2017.7917585
https://doi.org/10.1016/j.jhtm.2020.04.012
https://doi.org/10.1016/j.jhtm.2020.04.012
https://doi.org/10.1016/j.ijhm.2011.04.006
https://doi.org/10.1016/j.ijhm.2011.04.006
https://doi.org/10.17705/1jais.00120
https://doi.org/10.1016/j.jretconser.2019.04.011
https://doi.org/10.1016/j.jretconser.2019.04.011
https://doi.org/10.1108/josm-04-2018-0119
https://doi.org/10.1016/j.jhtm.2020.12.008
https://doi.org/10.1016/j.jhtm.2020.12.008
https://doi.org/10.1080/13032917.2021.1890627
https://doi.org/10.1080/13032917.2021.1890627
https://doi.org/10.1037/met0000080

	Service robots in full- and limited-service restaurants: Extending technology acceptance model
	1 Introduction
	2 Literature review
	2.1 The role of robots in service encounters
	2.2 Full-vs. limited-service encounters
	2.3 Technology acceptance model

	3 Theoretical framework and hypothesis development
	3.1 The antecedent effect of interaction quality
	3.2 Customer perceptions and attitudes
	3.3 The outcome of adoption
	3.4 The outcome of customer-robot rapport

	4 Methodology
	4.1 Sample
	4.2 Procedure
	4.3 Manipulation of the service situations
	4.4 Measures

	5 Result
	5.1 Measurement quality assessment
	5.2 Manipulation check
	5.3 Hypotheses testing

	6 General discussion
	6.1 Theoretical contributions
	6.2 Practical implications
	6.3 Limitations and directions for future research

	Declaration of competing interest
	Acknowledgement
	Appendix 1 Acknowledgement
	Manipulated Scenarios
	Limited service
	Full service
	Continue with manipulation


	Appendix 2 Continue with manipulation
	Photo of the Service Robot Nao

	References


