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Abstract: The purpose of this study was to examine the effect of the COVID-19 pandemic on customer–
robot engagement in the Chinese hospitality industry. Analysis of a sample of 589 customers using
service robots demonstrated that the perceived risk of COVID-19 has a positive influence on customer–
robot engagement. The positive effect is mediated by social distancing and moderated by attitudes
towards risk. Specifically, the mediating effect of social distancing between the perceived risk of
COVID-19 and customer–robot engagement is stronger for risk-avoiding (vs. risk-seeking) customers.
Our results provide insights for hotels when they employ service robots to cope with the shock of
COVID-19 pandemic.
Keywords: COVID-19 pandemic; service robot; risk perception; customer engagement; protection
motivation theory; social distancing
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1. Introduction

6314. https://doi.org/10.3390/

The coronavirus disease 2019 (COVID-19) quickly became a global health emergency
in 2020. Over 119 million people have contracted COVID-19, with over 2,600,000 deaths
by 14 March 2021 [1]. The COVID-19 pandemic threatens not only people’s physical and
mental health [2,3] but also the global economy, particularly the hospitality industry [4–6].
In 2020, hotel revenue fell by nearly 50% to $84.6 billion across the United States (US) [7],
the largest since the Great Depression in 1933 [8]. It is estimated that it will take five years
for the US hotel industry to recover to the same level of occupancy, average daily rates, and
revenue as pre-COVID-19 times [9]. Therefore, it is crucial to understand how the pandemic
has and may reshape customer behavior during and after the COVID-19 pandemic [8,10,11].
During the COVID-19 pandemic, many customers changed their behavior to maintain social
distancing and reduce unnecessary social contact [12]. Further, the shift in customer views
regarding social contact may fundamentally change the attitudes toward and the demand
for service robots without human contact in the hospitality industry [10]. According to the
latest report, the sales of service robots increased 24% in 2020, which will keep increasing
in the future [13]. To clarify for the rest of the paper, ‘service robot(s)’ is defined as systems
that function as programmable tools that can sense, think, and act to enhance human
productivity or engage in social interactions [14,15].
In order to meet this shift in consumer demands, some hotels began to offer contactless
services, such as service robots, to replace the frontline staff or allow guests not to have
to interact with frontline staff [8,14,15]. For example, Hilton and Marriott hotels across
California introduced service robots to provide services, such as delivering baggage and
cleaning rooms [16]. Similarly, some restaurants now employ robots to take on some
traditionally human work, including ordering, cooking, and delivering dishes [17]. During
the COVID-19 pandemic, employing service robots reduces the possibility of transmitting
the virus, which will also help service firms improve efficiency and decrease costs [8,18].
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Prior research mostly focused on the general service scenario and documented reactance against service robots and other autonomous technologies [19–23]. For instance,
customers preferred human labor over robot labor in the case of services or products with
higher symbolic value [19] because human (vs. robotic) labor helps consumers meet unique
needs. There are some studies showing that people will express a preference in specific
contexts [24,25]. For example, people tend to rely on robots in objective decision-making
tasks [24,25]. In the public health emergency of COVID-19, the perceived risk of customers
has attached importance to academia and industry [4,5]. Prior qualitative studies explored
how perceived risk is one of the key antecedents in many customer decisions. However,
there was little research focus, at least from a quantitative perspective, on perceived risk
and customer decision-making during a public health emergency. Therefore, we examined the impact of the perceived risk of COVID-19 on customer–robot engagement in a
quantitative way.
Protection motivation theory [26,27] posits that individuals will estimate the level
of threat. They will further build coping strategies when exposed to threat information
related to health with their protective motivations. Accordingly, we draw on protection motivation theory [26–28] to understand whether and how the perceived risk of the COVID-19
pandemic influences customer engagement with service robots. We specifically investigate
social distancing as the mediator of the relationship between customers’ perceived risk
for the COVID-19 pandemic and customer–robot engagement. Finally, we explore the
moderating effect of attitudes towards risk and health consciousness on the relationship
between perceived risk of COVID-19 and customer engagement with service robots.
This study offers the following contributions. First, we employ protection motivation
theory [26–28] to understand how the perceived risk of the COVID-19 pandemic influences
consumer engagement with service robots. Previous research demonstrates that customers
show negative attitudes to service robots in general service contexts [19–23]. This study
finds that customers will be more engaged with service robots in public health emergencies,
especially in the global pandemic of COVID-19. This study also aims to broaden the
theoretical lens with regard to service robots and further expands the application scope
of protection motivation theory. Second, following protection motivation theory [26,27],
we explore the underlying mechanism of the relationship between the perceived risk of
COVID-19 and customer engagement with service robots. The perceived risk of COVID-19
has a positive impact on social distancing and further influences customer engagement with
service robots, which makes a contribution to understanding customer engagement with
service robots in a public health emergency. Third, we clarify the boundary conditions of
the indirect effect of COVID-19 on customer engagement with service robots. In particular,
the mediating effect of social distancing between the perceived risk of COVID-19 and
customer engagement with service robots is stronger for risk-avoiding customers compared
to risk-seeking customers.
In the following sections, we first review the literature on service robots to develop
our hypotheses. Next, we conduct a survey to test these hypotheses. Finally, we discuss
theoretical contributions and managerial implications and conclude with limitations and
future research directions.
2. Theoretical Framework
2.1. Perceived Risk of COVID-19 and Customer–Robot Engagement
Perceived risk is a variable connected to the probability and magnitude of the occurrence of the damage [29], which has been widely used to explain consumer behavior [8,30].
Consumer behavior researchers define perceived risk in terms of uncertainty and consequences. Perceived risk increases with higher levels of uncertainty and/or the chance of
greater associated negative consequences [31,32]. For example, if a consumer is considering
choosing an unfamiliar restaurant for a dinner party, the perceived risk associated with
this choice could arise because he or she does not know how the dishes of the restaurant
will taste (uncertainty) and is worried that guests will think poorly of him or her if it is
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not a good restaurant (negative consequences). In this study, we defined the perceived
risk of COVID-19 as the possibility and the consequences as COVID-19 causing illness or
death [32–34].
Following protection motivation theory [26,27], we propose that perceived risk triggered by COVID-19 will improve customer–robot engagement. When customers perceive
the COVID-19 pandemic is riskier, they will perceive higher levels of uncertainty and
infection [34,35]. Human beings are often regarded as the natural carriers of COVID-19
transmission. To reduce the risk of COVID-19, customers tend to be more avoidant of
social contact with human staff than in normal times and attempt to social distance in
restaurants and hotels. Indeed, choosing to engage with a service robot means a kind of
avoidance to human frontline staff, which is viewed as a protection from being infected
with COVID-19 [8,27,28].
Service robots can function as programmable tools which can sense, think, and act
to engage in social interactions [14,15,36,37]. Prior research mostly focused on the context
of general service, and this research documented reactance against service robots and
autonomous technologies [19–23]. However, little focus has been on situations where
customers would possibly prefer service robots and would choose to engage with a service
robot [24,25]. It is necessary to explore the antecedents for consumers to engage with
service robots and the underlying psychological mechanisms.
As a way to build and strengthen customer relationships, customer engagement can
help companies establish a competitive advantage and achieve success [38]. In addition, it
can improve customer satisfaction, customer loyalty, and company performance [38–40].
Customer engagement is a multi-dimensional concept, including cognitive, emotional, and
behavioral aspects [39,41–43]. Previous research has focused on customer engagement
with brand [38,40], community [41], organization [44], and other traditional objectives in
marketing practice.
In the COVID-19 pandemic, there are more service robots employed in hotels and
restaurants [8,15], and customers have begun to engage with these robots. Thus, we
introduce the concept of customer engagement in the context of service robots. We define
customer engagement with service robots (hereafter, customer–robot engagement) as the
customer’s personal connection to service robots that goes beyond transactions, including
the reaction in cognition, emotion, and behavior [45]. Customer–robot engagement in the
context of hospitality consists of attention, enthusiasm, and interaction. Attention describes
the extent of customer paying attention to the service robot [46,47]; enthusiasm means how
much customers are interested in and excited to be serviced by the robot [44,48]; interaction
points out that customers share service robots with others or participate in online and
offline activities related to a service robot [44,48,49].
In line with protection motivation theory [26,27,50], we explore the effect of the
perceived risk of COVID-19 on customer–robot engagement in the hotel and restaurant
industries. Protection motivation theory is a social cognitive theory that was developed
to explain the influences of health threats on health attitudes and behaviors [26–28,50].
According to protection motivation theory, threat appraisal and coping appraisal are the
two primary drivers of health behavior [26,27]. Threat appraisal refers to the beliefs about
the severity and susceptibility of the health threat to the given person, which concerns the
health threat’s nature, its seriousness, and the propensity of it eventuating to affect the
individual [26,34]. Coping appraisal refers to the evaluation of health-protective behavioral
alternatives and responses to avoid the health threat and the negative consequences, which
focuses on the effectiveness of the coping response to impede the threat [26,27,51].
When risk is salient, customers will show preference to a hotel with a service robot
staff than a hotel with human staff [52]. Thus, when perceived risk is higher, the motivation
is stronger to cope with uncertainty and the subsequent consequences [26,27,50]. Further,
customers will be more likely to engage with the service robots. Specifically, customers will
pay more attention to the service robots, will show more enthusiasm to the service robots,
and will have more interactions with the service robots.
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In sum, it is expected that customers who perceive a high level of risk for COVID19 are more likely to engage with service robots in restaurant and hospitality services.
Therefore, we propose the following hypotheses:
Hypothesis 1a (H1a). Perceived risk of COVID-19 has a positive influence on customer–robot
engagement, i.e., customers’ attention to service robots.
Hypothesis 1b (H1b). Perceived risk of COVID-19 has a positive influence on customer–robot
engagement, i.e., customers’ enthusiasm in service robots.
Hypothesis 1c (H1c). Perceived risk of COVID-19 has a positive influence on customer–robot
engagement, i.e., customers’ interaction with service robots.
2.2. The Mediating Role of Social Distancing
According to protection motivation theory, a higher perceived health risk will lead
customers to take measures to avoid risks and protect themselves [28,51]. For example, consumers will reduce some purchase behaviors, which may bring negative consequences [53].
They will become more conservative, keeping their distance from new or risky products
and services [30]. In addition, they will avoid negative consequences and take measures to
protect themselves. In the COVID-19 pandemic, social distancing is a crucial measure to
protect consumers when they perceive the risk of transmission of COVID-19.
Many governments promoted the prevention policies of quarantining or social distancing (i.e., maintaining a physical distance of at least 2 m (6 feet)) [54]. It is hard to keep this
precise distance for most customers. A number of customers choose to reduce social contacts in order to maintain social distance and to comply with the government’s prevention
policy. Furthermore, many consumers have reduced their international travel and have cut
down on other journeys to areas with large COVID outbreaks. In the COVID-19 pandemic,
social distancing is considered an effective coping response to impede the COVID-19
threat [8,10,54]. For this reason, customers will be more willing to socially distance as a
kind of protective or coping method in service places when they perceive a higher risk
of COVID-19. Once they perceive higher health risks, they will be active in protective
behaviors [26,51], including social distancing. Even after quarantine, many customers
continued to engage in avoidance and protective behaviors in service places [55]. Therefore,
we infer that the perceived risk of COVID-19 will influence customer social distancing.
If customers want to keep social distancing, they will likely embrace some options
that would reduce social contact [52]. Once the intention of keeping social distancing was
increased, people would decrease direct contact with humans [12], and they will be more
likely to engage with services provided by robots. Even service robots can convey social
meaning to customers; they are mostly functional service robots, which perform labor
such as ordering or delivery in hotels and restaurants. Engagement with service robots
can replace some social activities and reduce risk from social contact. Engagement with a
service robot can be viewed as a protective method, which can reduce the chances of being
infected with COVID-19. In addition, service robots can interact with humans, replacing
some social activities [23]. Based on these functions of service robots, service robots can
be an attractive consumer choice to protect themselves in the context of a public health
emergency. Specifically, customers will pay more attention to service robots, show more
enthusiasm to service robots, and seek out more interactions with service robots. As a
result, we propose the following hypotheses:
Hypothesis 2a (H2a). The influence of perceived risk of COVID-19 on customer–robot engagement, i.e., customers’ attention to service robots.
Hypothesis 2b (H2b). The influence of perceived risk of COVID-19 on customer–robot engagement, i.e., customers’ enthusiasm in service robots.
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Hypothesis 2c (H2c). The influence of perceived risk of COVID-19 on customer–robot engagement,
i.e., customers’ interaction with service robots, is mediated by the social distancing.
2.3. The Moderating Role of Risk Attitude
Risk attitude can reflect a decision-maker’s intention to take risk or to avoid risk [56].
There are two types of attitudes towards risk: risk-seeking and risk-avoiding. Because
many decisions are generally made under a certain level of risk, the optimal choice from
a decision-maker’s perspective will depend on their attitude towards risk [56,57]. Risk
attitude has a wide-ranging influence on many types of behaviors, including trading
behavior, unhealthy behavior, and work practice [58–60]. In this paper, we propose that
attitude towards risk moderates the mediating effect of social distancing.
Due to the individual differences in risk attitude, some are motivated by the upside
potential of risk, while others are motivated by security [61]. For risk seekers, perceived risk
will not hinder their subsequent behaviors in some choices, including investment decisions
and treatment choices [56,59,62]. So, risk seekers will pay less attention to service robots,
show less enthusiasm to service robots, and will have fewer interactions with service robots
when they perceive a high risk of COVID-19. But for the risk-averse, coping with risk is
emphasized. And risk-averse individuals are less likely to engage in risky or unhealthy
behavior, such as smoking and drug use [58]. If the perceived risk of COVID-19 is large,
risk-averse consumers will engage in protective behavior to avoid infection, leading to
social distancing and more customer–robot engagement. Thus, we propose that the positive
effect of the perceived risk of COVID-19 on social distancing is stronger for risk-averse (vs.
risk-seeking) customers.
Hypothesis 3a (H3a). The mediating effect of social distancing on the relationship between
the perceived risk of COVID-19 and customer–robot engagement, i.e., customers’ attention to
service robots.
Hypothesis 3b (H3b). The mediating effect of social distancing on the relationship between
the perceived risk of COVID-19 and customer–robot engagement, i.e., customers’ enthusiasm in
service robots.
Hypothesis 3c (H3c). The mediating effect of social distancing on the relationship between the
perceived risk of COVID-19 and customer–robot engagement, i.e., customers’ interaction with
service robots, is stronger for risk-averse (vs. seeking) customers.
2.4. The Moderating Role of Health Consciousness
Health consciousness is defined as the tendency to focus on one’s health [63]. Healthconscious consumers are more concerned about their health. They strive to enhance and/or
sustain their healthy state by engaging in healthy behaviors [64]. Health consciousness
fosters preventive health care, positive attitudes towards healthy behaviors, and purchases
of health-related products [65–67]. Individuals will react to health risks differently depending on their level of health consciousness [68]. We propose that health consciousness will
moderate the mediating effect of social distancing.
Health consciousness greatly impacts how people respond to health-related messages [63]. Health-conscious consumers will pay much more attention to coping with
the risk related to health [64]. Researchers report a positive correlation between health
consciousness and the tendency to engage in preventive health behaviors [65]. If people
with high health consciousness perceive a higher level of health risk from COVID-19, they
will keep social distancing and will be more likely to engage with robots. In contrast, for
consumers who are not health-conscious, the effect of perceived risk on social distancing
is reduced. They will also not pay more attention to service robots, they will show less
enthusiasm to service robots, and they will have fewer interactions with service robots.
Thus, we propose:
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Methodology
3.3.Methodology
3.1. Sample
3.1. Sample
A survey was employed to collect data to test our hypotheses. We chose the customers
A survey was employed to collect data to test our hypotheses. We chose the
in Chinese hospitality with service robots as our respondents. There are two reasons. First,
customers in Chinese hospitality with service robots as our respondents. There are two
the early outbreak of COVID-19 caused unprecedented damage to hospitality industries
reasons. First, the early outbreak of COVID-19 caused unprecedented damage to
in China. Second, several service robots have been introduced into hotels and restauhospitality industries in China. Second, several service robots have been introduced into
rants in China, which provide services, such as ordering and delivering dishes, without
hotels and restaurants in China, which provide services, such as ordering and delivering
social contact.
dishes, without social contact.
All multi-item constructs with existing scales were adapted from the public health,
All multi-item constructs with existing scales were adapted from the public health,
marketing, and tourism literature. Validity and reliability were ensured by back-translating
marketing, and tourism literature. Validity and reliability were ensured by backthe measures. Before our formal survey, we invited three professors and three Ph.D.
translating the measures. Before our formal survey, we invited three professors and three
students to examine our items. Based on their advice, we revised the items and kept the
Ph.D.
students
examine
our
items. and
Based
on their
we revised
the items
kept
language
of thetoitems
clear,
specific,
simple.
Weadvice,
also conducted
a pretest
andand
collected
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languageFactor
of theanalysis
items clear,
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We
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was
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to
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validity
of the
to ensure the effectiveness of the follow-up survey further.
measurements
to
ensure
the
effectiveness
of
the
follow-up
survey
further.
In order to guarantee the confidentiality and quality of data, we invited our respondents randomly who received service from service robots in the hospitality industry. Every
responder spent about 4 min answering this survey. All respondents received RMB 4 as
the payment for participating in our survey.
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We invited the respondents randomly to participate in our survey through Wenjuanxing (www.wjx.cn) (accessed on 1 September 2020), the biggest survey platform in China. A
total of 647 customers were invited from September to October 2020, when the outbreak of
COVID-19 was largely controlled in China. In total, 36 respondents were removed because
of failing to pass the attention tests or taking an unreasonably short time (i.e., less than
two minutes), and 22 respondents were discarded because of incomplete data (>25% of
answers omitted). In total, 589 valid respondents were used for our data analyses. The
demographic profile of the sample is shown in Table 1. Approximately 51.4% of respondents were female, whereas 48.6% were male. The majority of respondents were aged
18 to 39 (97.1%) and had a bachelor’s degree (68.8%). In addition, a plurality (38.5%) of
respondents had yearly income between 5000 and 100,000 RMB. The second most common
was an income between 10,000 and 20,000 RMB (24.7%), and third most common was less
than 5000 RMB (20%).
Table 1. Demographic profile of the sample (n = 589).
Variable

Items

(%)

Gender

Male
Female

48.6
51.4

Age

18–24
25–29
30–39
40–56

32.9
35.5
28.7
2.9

Education level

High school degree
Associate degree
Bachelor’s degree
Graduate degree

5.9
11.7
68.8
13.6

Income level

Under RMB 5000
RMB 5001–10,000
RMB 10,001–20,000
RMB 20,001–50,000
Over RMB 50,000

20.0
38.5
24.7
11.7
5.1

3.2. Measures
We measured all multi-item constructs with existing scales drawn from the tourism,
marketing, and healthcare literature (Table 2), using a seven-point Likert format (1 = strongly
disagree/not at all; 7 = strongly agree/extremely) for all measures except attitude towards
risk. Specifically, the perceived risk of COVID-19 was evaluated by two items adopted from
Kim and Lee [69] and Gidengil et al. [68]. Customer–robot engagement was measured in
terms of attention (four items), enthusiasm (four items), and interaction (four items), and this
methodology was adopted from So et al. [40]. Social distancing was assessed by two items
adopted from Aron [70]. Health consciousness was evaluated by four items adopted from
Gineikiene et al. [71].
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Table 2. Measured items and CFA results.
Factor Loading

α

CR

AVE

Perceived risk
What are the chances of you getting infected with the COVID-19?
What are the chances of you dying from the COVID-19 if infected?

0.91
0.89

0.77

0.89

0.81

Social distancing
To what extent do you think you have an increased need to keep social distancing from others
during the COVID-19?
To what extent do you engage in social distancing during the COVID-19?

-

0.93

0.97

0.94

0.97

Variables and Items

0.97

Customer engagement
Attention
I pay a lot of attention to service robots.
I like to learn more about service robots.
I like learning more about service robots.
Anything related to service robots grabs my attention.

0.89
0.89
0.88
0.85

0.90

0.93

0.76

Enthusiasm
I am passionate about service robots.
I am enthusiastic about service robots.
I feel excited about service robots.
I love this service provided by robots.

0.88
0.90
0.87
0.83

0.89

0.92

0.75

Interaction
In general, I like to get involved in service robot discussions.
In general, I thoroughly enjoy exchanging ideas with other people about service robots.
I often browse new topics about service robots.
I often share my experience with service robots.

0.87
0.86
0.85
0.81

0.87

0.91

0.72

Perceived ease of use
Learning to operate the robot is easy for me.
I find it easy to get the robot to do what I want it to do.
It is easy for me to become skillful at using the robot.
I find the robot easy to use.

0.87
0.85
0.90
0.88

0.90

0.93

0.76

Perceived usefulness
Using the robot enhances service effectiveness in the hotel.
Using the robot enhances service productivity.
I find the robot useful in hotel service.
Using the robot improves service performance in hotels.

0.80
0.85
0.84
0.83

0.85

0.90

0.69

Health consciousness
I reflect on my health a lot.
I’m very self-conscious about my health.
I am generally attentive to my inner feelings about my health.
I am constantly examining my health.

0.70
0.80
0.84
0.80

0.79

0.87

0.62

Notes. α, Cronbach’s α; CR, composite reliability; AVE, average variance extracted.

We also measured risk attitude, which was assessed by five items adopted from Forlani
and Mullins [56], i.e., please answer the following 5 items by circling the alternative (“a” or
“b”) you would feel most comfortable with. 1. (a) an 80% chance of winning $400, or (b)
receiving $320 for sure; 2. (a) receiving $300 for sure, or (b) a 20% chance of winning $1500; 3.
(a) a 90% chance of winning $200, or (b) receiving $180 for sure; 4. (a) receiving $160 for sure,
or (b) a 10% chance of winning $1600; 5. (a) a 50% chance of winning $500, or (b) receiving
$250 for sure.
Finally, the technology adoption model (TAM) literature deems that the customer behavior related to new technology is influenced by customer-level factors regarding the perception
of the technology, such as perceived usefulness and perceived ease of use [72–74]. Therefore,
we controlled for these variables to minimize omitted variable bias and account for factors
that explained significant variance in customer–robot engagement. We measured perceived
usefulness (four items) and perceived ease of use (four items) with scales adapted from
Davis [72] and Agarwal and Karahanna [75].
3.3. Data Analysis
The marker-variable technique [76] was employed to statistically identify the threat of
common method variance (CMV). Confirmatory factor analysis (CFA) was performed to
evaluate the reliability and validity, and structural equation modeling (SEM) was used to
examine the direct hypotheses. The bootstrapping approach based on PROCESS macro [77]
was used for the mediation analysis and moderation analysis. These data analyses were
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conducted using SPSS 24.0 (IBM, New York, NY, USA) and Amos 24.0 (IBM, New York,
NY, USA).
4. Results
4.1. Reliability and Validity
Table 2 shows the results of the CFA. The CFA resulted in good fit to the data
(χ2 /df = 2.71, GFI = 0.904, NFI = 0.980, CFI = 0.987, RMSEA = 0.054). The composite
reliability was satisfactory as well because the scores for all constructs ranged from 0.87
to 0.97, exceeding the threshold of 0.70 [78]. Our instrument demonstrated convergent
validity, as all factor loadings were between 0.70 and 0.97, greater than the recommended
minimum value of 0.50; the average variance extracted (AVE) for each construct ranged
from 0.62 to 0.94, greater than the threshold of 0.50 [79].
The results in Table 3 indicated strong discriminant validity, as the square roots of the
AVEs were greater than the corresponding correlation coefficients between the factors [80].
Table 3. Descriptive statistics and correlation matrix of variables.
Variables
1. Perceived risk
2. Social distancing
3. Attention
4. Enthusiasm
5. Interaction
6. Perceived ease of use
7. Perceived usefulness
8. Health consciousness
9. Education level
Mean
SD

1

2

3

4

5

6

7

8

9

0.90
0.48 **
0.52 **
0.51 **
0.55 **
0.28 **
0.31 **
0.33 **
−0.05
5.53
1.07

0.97
0.54 **
0.52 **
0.58 **
0.35 **
0.33 **
0.37 **
0.00
5.52
1.27

0.87
0.81 **
0.85 **
0.48 **
0.52 **
0.47 **
0.04
5.63
1.08

0.87
0.80 **
0.41 **
0.597 **
0.469 **
0.02
5.84
1.01

0.85
0.47 **
0.54 **
0.49 **
0.02
5.63
1.04

0.87
0.46 **
0.41 **
0.02
5.51
1.11

0.83
0.40 **
0.03
6.04
0.81

0.79
0.02
5.85
0.86

2.90
0.69

Note. The values in the lower diagonal of the table present the correlations between the constructs, while the values in the diagonal of the
table present the square roots of the AVEs of the construct. We take education level as a marker variable 3. n = 589; ** p < 0.01. Bold: the
square roots of the AVE for each construct.

4.2. Common Method Biases
In addition to program control, statistical controls were employed to assess the common
method biases [81]. We adopted the marker-variable technique [76] to evaluate the common
method biases and took education level as a marker variable. As shown in Table 3, the
correlation coefficients between education level and other variables were small and not
significant (p > 0.05). Thus, the common method biases of the current study were not serious.
Consistent with Schwepker’s study [82], we used the CFA technique to analyze
potential common method biases using three steps. First, all items point to the latent
variables measured by them, and carry out an eight-factor model CFA, which is called
model C1. Second, all items point to the common method biases variable and carry out
a one-factor model CFA, which is called model C2. Third, we compared the changes of
model fit indexes of model C1 and model C2 to see if a significant difference emerged.
As shown in Table 4, the model fit of model C2 was poor, and the model fix of model
C1 improved fit significantly (∆χ2 = 3735.12, ∆df = 28, p < 0.001), which means that the
common method biases were not serious.
Table 4. The CFA model fit.
Index

χ2

df

CFI

NFI

GFI

RMSEA

Model C1 (eight factors model)
Model C2 (one factor model)

871.85
4606.97

322
350

0.987
0.914

0.980
0.907

0.904
0.641

0.054
0.144

∆ = Model C2-Model C1

∆χ2 = 3735.12

∆df = 28

p < 0.001

Table 4. The CFA model fit.

Index
χ2
df
CFI
Model C1 (eight factors
871.85
322
0.987
model)
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Model
C2 (one factor model)
4606.97
350
0.914
Δ = Model C2-Model C1
Δχ2 = 3735.12 Δdf = 28

NFI

GFI

RMSEA

0.980

0.904

0.054

0.907 0.641
p < 0.001
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Table 5. Mediating effect analysis results (n = 589).
Paths

Indirect Effect

LLCI

ULCI

0.088
0.045
0.147
Perceived risk → Social distancing → Attention
0.078
0.043
0.126
Perceived risk → Social distancing → Enthusiasm
0.099
0.059
0.151
Perceived risk → Social distancing → Interaction
Note. LL = Lower limit, UL = Upper limit, CI = Confidence interval. SE, standardized error. The value of the
lower limit and that of the upper limit constitutes a confidence interval.

4.3.3. Moderated Mediation Analysis
The bootstrapping procedure based on PROCESS macro suggested by Hayes [77],
with a confidence level of 95% and a bootstrap sample of 5000, was conducted to examine
H3a to H4c. The analysis results are shown in Table 6.
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Table 6. Analysis results for the moderated mediation effect (n = 589).
DVs
Attention
Enthusiasm
Interaction
Attention
Enthusiasm
Interaction

Moderator

Indirect Effect of Social Distancing

Moderated Meditation Effect

Effect Size

SE

LLCI

ULCI

Risk attitude (seeking)

0.061

0.026

0.022

0.125

Risk attitude (avoid)

0.113

0.032

0.060

0.182

Risk attitude (seeking)

0.054

0.021

0.021

0.106

Risk attitude (avoid)

0.100

0.025

0.057

0.156

Risk attitude (seeking)

0.069

0.025

0.029

0.128

Risk attitude (avoid)

0.127

0.029

0.078

0.189

Health consciousness (high)

0.088

0.026

0.050

0.149

Health consciousness (low)

0.077

0.027

0.035

0.139

Health consciousness (high)

0.078

0.020

0.045

0.126

Health consciousness (low)

0.068

0.022

0.033

0.119

Health consciousness (high)

0.098

0.023

0.060

0.152

Health consciousness (low)

0.087

0.026

0.045

0.143

Index

SE

LLCI

ULCI

0.052

0.020

0.018

0.098

0.046

0.018

0.016

0.085

0.059

0.022

0.019

0.104

0.006

0.010

−0.013

0.025

0.005

0.008

−0.012

0.021

0.007

0.011

−0.015

0.027

Notes. DVs, dependent variables; SE, standardized error. Perceived risk as the independent variable, social distancing as the mediator,
risk attitude, and health consciousness as moderators. Confidence interval (CI) was 95%. Bootstrap samples was 5000. Risk attitude:
seeking = 0, avoiding = 1.

Using attitude towards risk as the moderator, the index of moderated mediation was significant for customers’ attention (index = 0.052, SE = 0.020, 95% CI [0.018, 0.098]), enthusiasm
(index = 0.046, SE = 0.016, 95% CI [0.016, 0.085]), and interaction (index = 0.059, SE = 0.022,
95% CI [0.019, 0.104]), indicating the risk attitude moderated the mediating effects of social
distancing on the relationship between perceived risk and customers’ attention, enthusiasm,
and interaction. For risk-averse consumers, social distancing significantly mediated the effect of perceived risk on customers’ attention (effect size = 0.113, SE = 0.032, 95% CI [0.060,
0.182]), enthusiasm (effect size = 0.100, SE = 0.025, 95% CI [0.057, 0.156]), and interaction
(effect size = 0.127, SE = 0.029, 95% CI [0.078, 0.189]). In contrast, for risk-seeking customers,
the mediating effect of social distancing on customers’ attention (effect size = 0.061, SE = 0.026,
95% CI [0.022, 0.125]), enthusiasm (effect size = 0.054, SE = 0.032, 95% CI [0.060, 0.182]), and
interaction (effect size = 0.069, SE = 0.025, 95% CI [0.029, 0.128]) were still significant but the
effect
wereREVIEW
considerably reduced (attention: from 0.113 to 0.061; enthusiasm:12from
Int. J. Environ. Res. Public Health 2021,
18, xsizes
FOR PEER
of 18 0.100
to 0.054; interaction: from 0.127 to 0.069, Figure 3A), in support of H3a, H3b, and H3c.
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=
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SE
=
0.010,
95%
CI
[−0.013,
0.025]),
not significant for customers’ attention (index = 0.006, SE = 0.010, 95% CI [−0.013, 0.025]),
enthusiasm(index
(index= =0.005,
0.005,SESE= =0.008,
0.008,95%
95%CICI
0.021]),and
andinteraction
interaction(index
(index==0.007,
enthusiasm
[−[−0.012,
0.012, 0.021]),
0.007, SE = 0.011, 95% CI [−0.015, 0.027]), which means the mediating effect sizes were not
SE = 0.011, 95% CI [−0.015, 0.027]), which means the mediating effect sizes were not signifisignificant difference between high and low levels of health consciousness (Figure 3B).
cant difference between high and low levels of health consciousness (Figure 3B). Specifically,
Specifically, for high levels of health consciousness, social distancing significantly
mediated the effect of perceived risk on customers’ attention (effect size = 0.088, SE = 0.026,
95% CI [0.050, 0.149]), enthusiasm (effect size = 0.078, SE = 0.020, 95% CI [0.045, 0.126]),
and interaction (effect size = 0.098, SE = 0.023, 95% CI [0.060, 0.152]). Similarly, for low
levels of health consciousness, the mediating effect of social distancing on customers’
attention (effect size = 0.077, SE = 0.027, 95% CI [0.035, 0.139]), enthusiasm (effect size =
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for high levels of health consciousness, social distancing significantly mediated the effect
of perceived risk on customers’ attention (effect size = 0.088, SE = 0.026, 95% CI [0.050,
0.149]), enthusiasm (effect size = 0.078, SE = 0.020, 95% CI [0.045, 0.126]), and interaction
(effect size = 0.098, SE = 0.023, 95% CI [0.060, 0.152]). Similarly, for low levels of health consciousness, the mediating effect of social distancing on customers’ attention (effect size = 0.077,
SE = 0.027, 95% CI [0.035, 0.139]), enthusiasm (effect size = 0.068, SE = 0.022, 95% CI [0.033,
0.119]), and interaction (effect size = 0.087, SE = 0.026, 95% CI [0.045, 0.143]) were still significant. There was no significant difference between high and low levels of health consciousness
(attention: from 0.088 to 0.077; enthusiasm: from 0.078 to 0.068; interaction: from 0.098 to 0.087,
Figure 3B). These results showed that the health consciousness did not moderate the mediating effects of social distancing on the relationship between perceived risk and customer–robot
engagement. Thus, H4a, H4b, and H4c were not supported.
5. General Discussion
5.1. Theoretical Implications
These findings of this paper have three theoretical contributions. First, most previous
research suggested that people have a negative attitude toward service robots in the
general service context [19–23]. In addition, prior research lacks the discussion of the
role of perceived risk during the COVID-19 pandemic from a quantitative aspect [4–8].
This study focuses on the effect of the perceived risk of COVID-19 on customer–robot
engagement in a public health emergency, which expands the perspective of research on
service robots. Prior research on customer engagement has mostly discussed customer
engagement with brand, product, and community [38,40,42,44,45]. In addition, there is
some research arguing that anthropomorphism increases the intention of the customer
to be close to other objects, including service robots [84,85]. The anthropomorphism of
service robots provides another choice for social activities when there is a higher level of
the perceived risk of COVID-19. This work discusses the impact of the perceived risk of
a public health emergency on customer–robot engagement, which is rapidly developing
and popular among hospitality industries. We find that the perceived risk in the COVID19 pandemic can increase customer–robot engagement significantly, which extends the
research on the antecedents of customer engagement. And the results of this study enrich
the research of anthropomorphism and service robots as it replaces some human staff in
hotels and restaurants.
Second, we are the first to utilize protection motivation theory [26,50] to explain
how customers’ perceived risk of the COVID-19 pandemic influences customer–robot
engagement. Our results showed that the perceived risk of COVID-19 positively influences
customer–robot engagement through the influence of social distancing, which helps deepen
understanding of customer–robot engagement in a public health emergency. In line with
protection motivation theory [26,50], this work demonstrated that social distancing is a
critical form of coping strategy when faced with the risk of COVID-19. This research
emphasized the importance of social distancing in coping with COVID-19 [12].
Third, we discussed the moderators of the indirect effect of COVID-19 on customer–
robot engagement. In particular, the mediating effect of social distancing on the relationship
between perceived risk of COVID-19 and customer–robot engagement is stronger for riskaverse (vs. risk-seeking) customers. This work enriches the knowledge of coping strategies
for COVID-19, and it offers a new context to improve and innovate robot services.
5.2. Practical Implications
This study has important implications for how to utilize service robots to cope with
a public health emergency. First, we provide some advice as to whether a company
should introduce service robots into frontline service. For managers in the hospitality
industry, it is one of the important decisions to employ service robots. The reason why
many companies chose not to employ service robots without social contact is that previous
research and reports have shown that customers have negative attitudes to service robots
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and other automation technologies [19–23]. The outbreak of COVID-19 had a large impact
on hospitality industries whose business mainly depend on social contact. Our work
found that customers tend to engage with service robots during the COVID-19 pandemic,
which supports the decision for managers to introduce service robots into their hotels and
restaurants. Indeed, employing service robots may help companies improve performance,
reduce the risk of infection for human staff, and maintain customer relationships during
the COVID-19 pandemic.
Second, this work explored the motivation of customer–robot engagement in the
pandemic. When people are exposed to health threat information, their protection motivation will be enhanced [26,50], and they will increase customer–robot engagement. Thus,
we suggest that hotels and restaurants should employ service robots effectively based
on the protection motivation of customers. For instance, companies can emphasize the
security of a service robot to cater to the customers’ need for protection during and after the
COVID-19 pandemic. In addition, this paper showed that social distancing is a mediator
in the relationship between perceived risk and customer–robot engagement. Accordingly,
hotels and restaurants may encourage, via promotional campaigns, customers to accept
service from robot staff to maintain social distancing better.
Third, some references have been provided by this research for companies that aim
to improve customer engagement with advanced technologies. Customer engagement
can develop and strengthen customer relationships, and it can enhance customer loyalty
and company performance. We demonstrated the forms of customer–robot engagement,
including attention, enthusiasm, and interaction [39,41,43]. The conclusion of this paper
offers guidance for designing a customer engagement approach in the hospitality industry.
For example, hotels and restaurants may develop campaigns that focus on customer experience with service robots to improve attention, enthusiasm, and interaction of customers. If
customers are attracted to participate in campaigns to engage with service robots, customer
loyalty and company performance will be improved.
5.3. Limitations and Future Research
There are limitations and opportunities for future research. First, there are many
antecedents for customers to engage with service robots. However, this study focused
on one key antecedent, the perceived risk of COVID-19, and its effect on customer–robot
engagement. Other antecedents for customer–robot engagement should be explored in a
follow-up study.
Second, we explored the impact of the perceived risk of COVID-19 on customer–robot
engagement and the underlying mechanism. However, it is worth exploring whether
this effect will shift after the COVID-19 pandemic. Future research may discuss the longterm influence of the public health emergency through collecting data after the COVID-19
pandemic ends. In addition, the role of perception of social ability for service robots can be
explored in the future. If customers can perceive more social closeness with service robots,
they will have more intention to engage with service robots.
Finally, we deepened the understanding of the influence of the perceived risk of
COVID-19 on customer–robot engagement based on protection motivation theory. And
we discussed the mediation of social distancing. There are other possible theories or
mechanisms to explain this influence. One future direction for research is the uncanny
valley [86], which may explain the reason why customers choose to engage with a service
robot or not. Moreover, the motivation of customer–robot engagement varies according to
the service context. Future research may discuss customer engagement in other contexts.
6. Conclusions
Although previous research analyzed customer attitudes toward service robots in
the general service context [37,87–89], little research has taken the context of public health
emergencies into account. This research aimed to discuss the effect of perceived risk on
customer–robot engagement in a public health emergency.
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First, perceived risk has a positive impact on customer–robot engagement. Specifically,
when the perceived risk of COVID-19 is at a higher level, there will be stronger protection
motivation for customers. Further, customers will pay more attention to service robots,
show more enthusiasm towards service robots, and have more interaction with service
robots. Before the COVID-19 pandemic, most researchers found that customers preferred
service to be provided by human staff rather than by service robots [37,87–89]. Some
research on anthropomorphism argued that anthropomorphized robots could reduce
resistance from customers [84,85]. Anthropomorphism of the robot is the attribution of
human characteristics or behavior to a robot [84,85]. When customers perceived the risk of
COVID-19 is at a higher level, customers have a tendency to reduce contact with human
staff. Based on the anthropomorphism of service robots, people can contact service robots
to replace some social activities. Service robots satisfy the social need of customers and
take the place of human staff to some extent. Our findings suggest that due to the higher
perceived risk of COVID-19, customers are more likely to engage with service robots in
the pandemic. It demonstrates that COVID-19 may accelerate the process of acceptance
of service robots without human contact, as service robots decrease the risk of COVID
infection by allowing easier social distancing.
Second, our research showed that social distancing is the mediator of the effect of
the perceived risk of COVID-19 on customer–robot engagement. When customers are
faced with health threat information regarding COVID-19, they will appraise the health
threat, including its severity and their vulnerability. When the perceived risk is high,
customers will adopt a coping strategy and will strengthen social distancing, which will
further enhance customer–robot engagement.
Third, risk attitude moderates the mediating effect of social distancing. The mediating
effect of social distancing on the relationship between perceived risk of COVID-19 and
customer–robot engagement is stronger for risk-averse (vs. risk-seeking) customers. Compared to risk-seeking customers, customers who are risk-averse attach more importance to
the coping strategy of health risk. Thus, when they perceive a higher level of risk, their
willingness to socially distance will be stronger, and their engagement with service robots
will be enhanced.
Finally, our results showed that the moderating effect of health consciousness is not
significant. The possible reason is that the direct effect of perceived risk diminishes the
moderating effect of health consciousness. In the COVID-19 pandemic, customers with
different levels of health consciousness perceive a high level of risk, and they would like to
keep social distance and further choose to engage with service robots.
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Barattucci, M.; Chirico, A.; Kuvačić, G.; de Giorgio, A. Rethinking the Role of Affect in Risk Judgment: What We Have Learned
From COVID-19 During the First Week of Quarantine in Italy. Front. Psychol. 2020, 11, 554561. [CrossRef] [PubMed]
Carpenter, C.J. A Meta-Analysis of the Effectiveness of Health Belief Model Variables in Predicting Behavior. Health Commun.
2010, 25, 661–669. [CrossRef]
Itani, O.S.; Hollebeek, L.D. Light at the end of the tunnel: Visitors’ virtual reality (versus in-person) attraction site tour-related
behavioral intentions during and post-COVID-19. Tour. Manag. 2021, 84, 104290. [CrossRef]
Bartneck, C.; Forlizzi, J. A design-centred framework for social human-robot interaction. In Proceedings of the RO-MAN 2004.
13th IEEE International Workshop on Robot and Human Interactive Communication (IEEE Catalog No.04TH8759), Kurashiki,
Japan, 22 September 2004; Institute of Electrical and Electronics Engineers (IEEE): Piscataway, NJ, USA, 2005; pp. 591–594.
Chan, A.P.H.; Tung, V.W.S. Examining the effects of robotic service on brand experience: The moderating role of hotel segment.
J. Travel Tour. Mark. 2019, 36, 458–468. [CrossRef]
Hollebeek, L.D.; Glynn, M.S.; Brodie, R.J. Consumer Brand Engagement in Social Media: Conceptualization, Scale Development
and Validation. J. Interact. Mark. 2014, 28, 149–165. [CrossRef]
Brodie, R.J.; Ilic, A.; Juric, B.; Hollebeek, L. Consumer engagement in a virtual brand community: An exploratory analysis. J. Bus.
Res. 2013, 66, 105–114. [CrossRef]
So, K.K.F.; King, C.; Sparks, B. Customer engagement with tourism brands scale development and validation. J. Hosp. Tour. Res.
2012, 38, 304–329. [CrossRef]
Bowden, J.L. The Process of Customer Engagement: A Conceptual Framework. J. Mark. Theory Pr. 2009, 17, 63–74. [CrossRef]
Dessart, L.; Veloutsou, C.; Morgan-Thomas, A. Capturing consumer engagement: Duality, dimensionality and measurement.
J. Mark. Manag. 2016, 32, 399–426. [CrossRef]
Morgan-Thomas, A.; Dessart, L.; Veloutsou, C. Digital ecosystem and consumer engagement: A socio-technical perspective.
J. Bus. Res. 2020, 121, 713–723. [CrossRef]
Salanova, M.; Agut, S.; Peiro, J.M. Linking Organizational Resources and Work Engagement to Employee Performance and
Customer Loyalty: The Mediation of Service Climate. J. Appl. Psychol. 2005, 90, 1217–1227. [CrossRef]
Van Doorn, J.; Lemom, K.N.; Mittal, V.; Nass, S.D.P.; Pirner, P.; Verhoef, P.C. Customer engagement behaviour: Theoretical
foundations and research directions. J. Serv. Res. 2010, 13, 253–266. [CrossRef]
Rothbard, N.P. Enriching or Depleting? The Dynamics of Engagement in Work and Family Roles. Adm. Sci. Q. 2001, 46, 655.
[CrossRef]
Scholer, A.A.; Higgins, E.T. Exploring the complexities of value creation: The role of engagement strength. J. Consum. Psychol.
2009, 19, 137–143. [CrossRef]
Schaufeli, W.; Bakker, A.B. Job demands, job resources, and their relationship with burnout and engagement: A multi-sample
study. J. Organ. Behav. 2004, 25, 293–315. [CrossRef]
Verhoef, P.C.; Reinartz, W.J.; Krafft, M. Customer Engagement as a New Perspective in Customer Management. J. Serv. Res. 2010,
13, 247–252. [CrossRef]
Bui, L.; Mullan, B.; McCaffery, K. Protection motivation theory and physical activity in the general Population: A systematic
literature review. Psychol. Health Med. 2013, 18, 522–542. [CrossRef] [PubMed]
Chen, F.; Dai, S.; Zhu, Y.; Xu, H. Will concerns for ski tourism promote pro-environmental behaviour? An implication of protection
motivation theory. Int. J. Tour. Res. 2019, 22, 303–313. [CrossRef]
Kim, S.S.; Kim, J.; Badu-Baiden, F.; Giroux, M.; Choi, Y. Preference for robot service or human service in hotels? Impacts of the
COVID-19 pandemic. Int. J. Hosp. Manag. 2021, 93, 102795. [CrossRef]
Lim, N. Consumers’ perceived risk: Sources versus consequences. Electron. Commer. Res. Appl. 2003, 2, 216–228. [CrossRef]
Brindal, E.; Ryan, J.C.; Kakoschke, N.; Golley, S.; Zajac, I.T.; Wiggins, B. Individual differences and changes in lifestyle behaviours
predict decreased subjective well-being during COVID-19 restrictions in an Australian sample. J. Public Health 2021. [CrossRef]
Crandall, C.S.; Moriarty, D. Physical illness stigma and social rejection. Br. J. Soc. Psychol. 1995, 34, 67–83. [CrossRef]
Forlani, D.; Mullins, J.W. Perceived risks and choices in entrepreneurs’ new venture decisions. J. Bus. Ventur. 2000, 15, 305–322.
[CrossRef]
Fraenkel, L.; Bogardus, S.T.; Wittink, D.R. Risk-attitude and patient treatment preferences. Lupus 2003, 12, 370–376. [CrossRef]
Barsky, R.B.; Juster, F.T.; Kimball, M.S.; Shapiro, M.D. Preference Parameters and Behavioral Heterogeneity: An Experimental
Approach in the Health and Retirement Study. Q. J. Econ. 1997, 112, 537–579. [CrossRef]
Fellner-Röhling, G.; Maciejovsky, B. Risk attitude and market behavior: Evidence from experimental asset markets. J. Econ.
Psychol. 2007, 28, 338–350. [CrossRef]

Int. J. Environ. Res. Public Health 2021, 18, 6314

60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
85.
86.
87.
88.
89.

17 of 17

Kulas, J.T.; Komai, M.; Grossman, P.J. Leadership, information, and risk attitude: A game theoretic approach. Leadersh. Q. 2013,
24, 349–362. [CrossRef]
Lopes, L.L. Between Hope and Fear: The Psychology of Risk. Adv. Exp. Soc. Psychol. 1987, 20, 255–295. [CrossRef]
van der Pol, M.; Ruggeri, M. Is risk attitude outcome specific within the health domain? J. Health Econ. 2008, 27, 706–717.
[CrossRef] [PubMed]
Iversen, A.C. Does socio-economic status and health consciousness influence how women respond to health related messages in
media? Health Educ. Res. 2006, 21, 601–610. [CrossRef]
Mai, R.; Hoffmann, S. Taste lovers versus nutrition fact seekers: How health consciousness and self-efficacy determine the way
consumers choose food products. J. Consum. Behav. 2012, 11, 316–328. [CrossRef]
Jayanti, R.K.; Burns, A.C. The Antecedents of Preventive Health Care Behavior: An Empirical Study. J. Acad. Mark. Sci. 1998,
26, 6–15. [CrossRef]
Hughner, R.S.; McDonagh, P.; Prothero, A.; Shultz, C.J.; Stanton, J. Who are organic food consumers? A compilation and review
of why people purchase organic food. J. Consum. Behav. 2007, 6, 94–110. [CrossRef]
Lockie, S.; Lyons, K.; Lawrence, G.; Mummery, K. Eating ’Green’: Motivations behind organic food consumption in Australia.
Sociol. Rural. 2002, 42, 23–40. [CrossRef]
Gidengil, C.A.; Parker, A.M.; Zikmund-Fisher, B. Trends in Risk Perceptions and Vaccination Intentions: A Longitudinal Study of
the First Year of the H1N1 Pandemic. Am. J. Public Health 2012, 102, 672–679. [CrossRef] [PubMed]
Kim, J.; Lee, J.C. Effects of COVID-19 on preferences for private dining facilities in restaurants. J. Hosp. Tour. Manag. 2020,
45, 67–70. [CrossRef]
Aron, A.; Aron, E.N.; Smollan, D. Inclusion of Other in the Self Scale and the structure of interpersonal closeness. J. Pers. Soc.
Psychol. 1992, 63, 596–612. [CrossRef]
Gineikiene, J.; Kiudyte, J.; DeGutis, M. Functional, organic or conventional? Food choices of health conscious and skeptical
consumers. Balt. J. Manag. 2017, 12, 139–152. [CrossRef]
Davis, F.D. Perceived Usefulness, Perceived Ease of Use, and User Acceptance of Information Technology. MIS Q. 1989, 13, 319–340.
[CrossRef]
Venkatesh, V.; Morris, M.G.; Davis, G.B.; Davis, F.D. User Acceptance of Information Technology: Toward a Unified View. MIS Q.
2003, 27, 425. [CrossRef]
Holzmann, P.; Schwarz, E.J.; Audretsch, D.B. Understanding the determinants of novel technology adoption among teachers: The
case of 3D printing. J. Technol. Transf. 2018, 45, 259–275. [CrossRef]
Agarwal, R.; Karahanna, E. Time Flies When You’re Having Fun: Cognitive Absorption and Beliefs about Information Technology
Usage. MIS Q. 2000, 24, 665. [CrossRef]
Lindell, M.K.; Whitney, D.J. Accounting for common method variance in cross-sectional research designs. J. Appl. Psychol. 2001,
86, 114–121. [CrossRef]
Hayes, A.F. Introduction to Mediation, Moderation, and Conditional Process Analysis: A Regression-Based Approach; Guilford Press:
New York, NY, USA, 2013.
Hair, J.F.; Black, W.C.; Babin, B.J.; Anderson, R.E.; Tatham, R.L. Multivariate Data Analysis, 6th ed.; Pearson/Prentice Hall: Upper
Saddle River, NJ, USA, 2006.
Bagozzi, R.P. Evaluating Structural Equation Models with Unobservable Variables and Measurement Error: A Comment. J. Mark.
Res. 1981, 18, 375–381. [CrossRef]
Bagozzi, R.P.; Yi, Y. On the evaluation of structural equation models. J. Acad. Mark. Sci. 1988, 16, 74–94. [CrossRef]
Podsakoff, P.M.; MacKenzie, S.B.; Lee, J.Y.; Podsakoff, N.P. Common method biases in behavioral research: A critical review of
the literature and recommended remedies. J. Appl. Psychol. 2003, 88, 879–903. [CrossRef]
Schwepker, C.H. Strengthening Customer Value Development and Ethical Intent in the Salesforce: The Influence of Ethical Values
Person–Organization Fit and Trust in Manager. J. Bus. Ethics 2019, 159, 913–925. [CrossRef]
Hu, L.T.; Bentler, P.M. Cutoff criteria for fit indexes in covariance structure analysis: Conventional criteria versus new alternatives.
Struct. Equ. Model. Multidiscip. J. 1999, 6, 1–55. [CrossRef]
Epley, N.; Waytz, A.; Cacioppo, J.T. On seeing human: A three-factor theory of anthropomorphism. Psychol. Rev. 2007,
114, 864–886. [CrossRef]
Epley, N.; Waytz, A.; Akalis, S.; Cacioppo, J.T. When We Need a Human: Motivational Determinants of Anthropomorphism. Soc.
Cogn. 2008, 26, 143–155. [CrossRef]
Mathur, M.B.; Reichling, D.B. Navigating a social world with robot partners: A quantitative cartography of the Uncanny Valley.
Cognition 2016, 146, 22–32. [CrossRef] [PubMed]
Choi, Y.; Choi, M.; Oh, M.; Kim, S. Service robots in hotels: Understanding the service quality perceptions of human-robot
interaction. J. Hosp. Mark. Manag. 2019, 29, 613–635. [CrossRef]
Kattara, H.S.; El-Said, O.A. Customers’ preferences for new technology-based self-services versus human interaction services in
hotels. Tour. Hosp. Res. 2013, 13, 67–82. [CrossRef]
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