
https://doi.org/10.1177/00472875231190610

Journal of Travel Research
﻿1–26
© The Author(s) 2023

Article reuse guidelines: 
sagepub.com/journals-permissions
DOI: 10.1177/00472875231190610
journals.sagepub.com/home/jtr

Empirical Research Article

Introduction

The fourth Industrial Revolution is expected to profoundly 
change the contemporaneous society (Schwab, 2016). 
Innovative business models mainly relying on the fusion and 
interaction of digital technologies are expected to emerge 
(Geissbauer et al., 2016; M. Mariani & Borghi, 2019). Cyber-
physical systems, as a novel general-purpose technology, 
will generate unprecedented value, coupling digital and 
physical processes (Tuomi et  al., 2021). This phenomenon 
can be observed also in the service industries and more spe-
cifically the tourism domain (Stankov & Gretzel, 2020). 
Within the service realm, artificial intelligence and robotics 
are perceived as the main driving forces of the digital trans-
formation of services (Huang & Rust, 2021). Indeed, these 
technologies not only allow businesses to increasingly auto-
mate their processes, but they do also have the potential to 
redefine the interaction with service customers (Song & 
Kim, 2022).

The global market for professional service robots is rising 
at an exceptional pace. As reported by the International 
Federation of Robotics (2018, 2019), from the 59,269 units 
sold for professional use to businesses in 2016, the 

figures in 2018 went up to more than 271,000 units, 
reflecting a stunning 475% increase. As from the latest 
forecasts, sales are supposed to ultimately hit a seven digits 
figure in 2022, reaching an estimated amount of 1,019,300 
units (International Federation of Robotics, 2019) while 
prices are expected to drop at a 5% annual rate (Financial 
Times, 2020). In the tourism and hospitality domain, interna-
tional hotel brands such as Hilton, Marriott, and YOTEL are 
leading the digital transformation of services (Business 
Traveller, 2017), and are predicted to be soon followed by 
several other companies (ASD Report, 2019). Besides, the 
COVID-19 pandemic seems to be able to boost the adoption 
of service robots that meet social distancing regulations 
worldwide (Zeng et al., 2020). To date, service robots in the 

1190610 JTRXXX10.1177/00472875231190610Journal of Travel ResearchBorghi and Mariani
research-article2023

1Henley Business School, University of Reading, Henley-on-Thames, UK
2University of Bologna, Bologna, Italy

Both authors contributed equally to the manuscript.

Corresponding Author:
Marcello M. Mariani, University of Bologna, Via Capo di Lucca 34, Bologna 
40126, Italy and Henley Business School, University of Reading, Henley-
on-Thames, UK. 
Email: m.mariani@henley.ac.uk

Asymmetrical Influences of Service 
Robots’ Perceived Performance on 
Overall Customer Satisfaction: An 
Empirical Investigation Leveraging  
Online Reviews

Matteo Borghi1 and Marcello M. Mariani1,2

Abstract
Service scholars seem to have empirically overlooked the impact of service robots in the overall customer evaluation of 
tourism services. This study addresses this gap by leveraging three-factor theory and electronic Word-Of-Mouth data to 
assess human-robot interaction’ influence on customer satisfaction. Text analytics are deployed alongside a penalty-reward 
contrast technique on almost 70,000 online reviews spanning 44 hotels worldwide that incorporated service robots into their 
operations. Customer satisfaction with hospitality services is significantly increased by positive service robots’ performance, 
while no significant effect is associated with negative service robots’ performance. The traveler type does not moderate the 
relationship between service robots’ performance and customer satisfaction. These findings, confirmed through Propensity 
Score Matching, reveal that service robots constitute an “excitement factor” in hospitality service offerings, thus providing 
a strong incentive for their integration into the workforce. Policymakers are urged to proactively facilitate the transition to 
a more automated service economy.

Keywords
service robots, customer satisfaction, digital transformation strategy, online reviews, asymmetrical influences, propensity 
score matching

https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/jtr
mailto:m.mariani@henley.ac.uk
http://crossmark.crossref.org/dialog/?doi=10.1177%2F00472875231190610&domain=pdf&date_stamp=2023-08-09


2	 Journal of Travel Research 00(0)

hotel setting have been deployed in a wide range of roles, 
acting as concierge, porter, room assistant, butler, house-
keeper, and even as a front-line employee (Ivanov et  al., 
2017).

This remarkable growth in the demand for service robots 
worldwide did not go unnoticed in academic literature, where 
a sharp increase in interest has been recorded especially in the 
last 5 years (Ivanov et  al., 2019). Scholars have started to 
question the role of service robots, exploring consumers’ per-
ceptions in terms of trust (I. P. Tussyadiah et al., 2020), inten-
tion to use (de Kervenoael et al., 2020), adoption (Lee et al., 
2021), and human-like morphology (Jia et al., 2021). Yet, this 
blooming research field is rather fragmented (V. N. Lu et al., 
2020) and dominated by conceptual contributions (Ivanov 
et al., 2019; I. Tussyadiah, 2020). As such, service researchers 
have started to call for empirical investigations, and tourism 
and hospitality scholars are trying to pay particular attention 
to the influence of service robots on “the tourist” experience 
(Tung & Law, 2017). Indeed, as frontline employees in a wide 
range of roles in the tourism domain (Ivanov et  al., 2017), 
service robots may be one of the service features able to alter 
tourists’ judgments of the service experience (I. Tussyadiah, 
2020). Besides, understanding whether service robots are an 
effective substitute for human employees from a customer 
perspective is made even more compelling by the difficulties 
that historically hospitality managers have experienced to 
efficiently innovate, in a labor-intensive, cost-driven and 
largely seasonal industry (Martin-Rios & Ciobanu, 2019). 
Therefore, as stressed by V. N. Lu et al. (2020), further inves-
tigation is needed in the post-service consumption phase, to 
shed light on the influence of service robots on perceived 
overall customer satisfaction. This is a remarkable research 
gap in light of the perennial tourism and hospitality scholars’ 
quest for unveiling which attributes of the service offering are 
more appreciated by service customers (Dolnicar & Otter, 
2003). Indeed, being able to satisfy the customer is seen as 
“the key to the success of every organization in the hospitality 
field” (Bi et  al., 2020, p. 1). Moreover, in a post-pandemic 
world, this is made even more compelling due to the expected 
increase in global demand for service robots (Financial Times, 
2020). This is due to service robots being able to offer a 
straightforward solution to comply with social distancing 
measures in service interactions in the tourism and hospitality 
industry (Zeng et al., 2020).

With the objective of filling the abovementioned research 
gap, we build on extant theorization of customer satisfaction 
and research revolving around human-robot interaction, to 
answer the following research question: To what extent do 
service robots influence perceived customer satisfaction in 
the hotel industry?

To address the research question, due to its great explan-
atory power (Bi et  al., 2020), the three-factor theory of 
customer satisfaction represents the main theoretical 
model of the study. As suggested by the seminal study of 
Cadotte and Turgeon (1988), the three-factor theory claims 

that satisfaction and dissatisfaction are the extremes of two 
distinctive continua with service attributes able to act in 
both continua. To this aim, the theory provides an effective 
multi-factor structure that allows to map out the effect of 
service attributes on customer satisfaction (in the tourism 
and hospitality domain) into three specific dimensions: 
basic, performance and excitement factors. Based on this 
theoretical underpinning, distinctively from other studies, 
our work examines self-reported comments in the post-
service consumption phase (online reviews) spanning 44 
hotels worldwide that had included service robots in their 
workforce. Through a Penalty-Reward contrast analysis, 
innovatively conceived by deploying text analytics met-
rics, the impact of service robots’ evaluation pertaining to 
overall customer satisfaction is explored at different levels 
of performance (i.e., positive or negative). Moreover, due 
to the apparent importance of the traveler type in service 
robots’ judgments (e.g., Fuentes-Moraleda et  al., 2020; 
Orea-Giner et al., 2022), we evaluate the potential moder-
ating effect of travel type on the relationship between ser-
vice robots’ performance and overall perceived satisfaction. 
Finally, to further assess the validity of the results, the 
study leverages a quasi-experimental contrast analysis, 
namely propensity score matching. Employing this tech-
nique, a more balanced sample is obtained, which—to a 
certain extent—simulates a randomized controlled trial to 
reduce the biases related to the estimates’ results.

As such, the study uniquely adds to extant literature at 
the intersection of the evaluation of the service experience, 
human-robot interaction and electronic Word-Of-Mouth in 
several ways. First, to the best of our knowledge, this is the 
first attempt to categorize and conjointly assess the impact 
of both positive and negative performance stemming from 
human-robot interactions on overall perceived customer sat-
isfaction. Second, we go a step further to understand the 
relationship between service robots’ performance (either 
positive or negative) and overall perceived satisfaction, 
evaluating the moderating effect of the traveler type dimen-
sion on the latter. Third, this study showcases not only the 
importance of online robotic discourse (i.e., only reviews 
mentioning service robots) but also how metrics can be 
effectively extracted from it and used to test hypothesized 
relationships stemming from the analysis of extant litera-
ture. Fourth, distinctively from other studies (e.g., Orea-
Giner et  al., 2022), we leverage a theory-consistent 
framework of customer satisfaction, namely the three-factor 
theory, and include a wide set of control variables in our 
empirical models. Fifth, this is the first attempt to combine 
a Penalty-Reward Contrast Analysis conceived using text 
analytics metrics with a semi-experimental research design 
obtained by leveraging Propensity Score Matching in the 
context of human-robot interactions to ensure the robustness 
of the manuscript’s findings.

The study unfolds as follows. Section 2 revolves around 
extant human-robot interaction literature and delves deeper 
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into the literature related to customer satisfaction showcas-
ing the main study’s hypotheses. The data collected and the 
research design are reported in Section 3, while the study’s 
findings as well as the robustness checks conducted are pre-
sented in Section 4. In Section 5 theoretical contributions 
and practical implications are discussed. Lastly, Section 6 
illustrates the conclusions and limitations of this work, sug-
gesting avenues for future research.

Related Literature: Service Robots  
and Customer Satisfaction

Human-Robot Interaction

Stemming from robotic engineering literature, Human-Robot 
Interaction (HRI) can be defined as “a field of study dedi-
cated to understanding, designing, and evaluating robotic 
systems for use by or with humans” (Goodrich & Schultz, 
2007, p. 204). In the last few years, research in HRI has wit-
nessed a sharp increase in interest by social science scholars 
(Pillai et al., 2022), due to robots being able to effectively 
interact with service customers (V. N. Lu et  al., 2020). In 
addition, consumers are increasingly seeking innovative 
experiences through interaction with novel technological 
artifacts, such as service robots (Borghi & Mariani, 2022; 
Chuah & Yu, 2021). Thus, developing effective HRI can aid 
businesses in better meeting consumers’ needs (Song & Kim, 
2022). Conceptually, based on scholarly definitions of ser-
vice robots (see Jörling et  al., 2019; Wirtz et  al., 2018), it 
appears that the latter integrate sensory, movement, and 
thinking elements in a physical embodiment (I. Tussyadiah, 
2020). Therefore, they can be perceived as social entities 
more than simple machines embedded in companies’ opera-
tions (van Doorn et al., 2017).

Yet, only recently tourism and hospitality scholars have 
tried to explore the novel area of HRI (Ivanov et al., 2019). 
Indeed, digging in-depth into the HRI framework, especially 
on the dimensions of presence and embodiment, Tung and 
Law (2017) suggested that future researchers should pay par-
ticular attention to the influence of service robots on the tour-
ist experience. The authors’ results have been corroborated 
by the latest call for research on artificial intelligence and 
robotics in tourism conceived by I. Tussyadiah (2020) where 
“Assessing the Impacts of Intelligent Automation in Tourism” 
is seen as a fruitful avenue for future research aiming to 
unpack the impact of service robots on society.

Thus, to gain more knowledge about HRI in services, 
scholars in service and tourism research have recently started 
to generate empirical investigations. For instance, de 
Kervenoael et  al. (2020) investigate consumers’ acceptance 
of human-robot interactions in hospitality services, combin-
ing managerial interviews with data collected from consum-
ers of five Singaporean hospitality businesses. The authors 
demonstrate that the intention of using service robots in the 
hospitality context is not solely related to technology 

acceptance factors (e.g., Davis, 1989; Venkatesh et al., 2003) 
and service quality elements, but it is also associated with 
empathy and information sharing within HRIs. Their findings 
highlight how service robots effectively provide a differenti-
ated experience that should be considered among the sustain-
able value creation activities by hospitality providers. de 
Kervenoael et al.’s (2020) results have been confirmed and 
extended by Lee et  al. (2021) by leveraging a sample of 
potential users of robot assistants exclusively in the hotel set-
ting. The authors categorized potential customers’ percep-
tions into functional and emotional aspects and based on 
different combinations of the latter, conceived four groups of 
adopters, namely “the ordinary,” “enthusiastic adopter,” “tech 
laggard,” and “value seeker.” Nonetheless, as portrayed by 
Chuah et  al. (2021), adopting a more holistic approach by 
using complexity theory and fuzzy set qualitative compara-
tive analysis, a high level of adoption intentions for service 
robots can be equally achieved with different combinations of 
human-likeness, technology-likeness and consumer features. 
Indeed, robot characteristics should be tailored to specific 
consumer personalities. Therefore, as suggested by Xiao and 
Kumar (2021) it can be argued that both firm (including 
employees and robots) and customer characteristics play a 
role in defining the degree of robotics adoption, namely “the 
extent of the robotics adoption that a firm employs to auto-
mate the tasks that were previously performed by human 
employees” (Xiao & Kumar, 2021, p. 13).

Yet, empirical research on service robotics has also 
focused on negative consumers’ responses stemming from 
the interaction with service robots (Pitardi et al., 2022). In 
this regard, Kim et al. (2019) argue that consumers are likely 
to attribute human traits to service robots. As suggested by 
their empirical results, a higher level of anthropomorphism 
of service robots boosts psychological warmth, but in turn, 
diminishes attitudes. This is due to the well-known phenom-
enon of the “uncanny valley” (Mori et al., 2012). In the same 
vein, Mende et al. (2019) assess how the human-like mor-
phology of service robots can elicit discomfort and thus 
intensify compensatory responses in consumers. The authors 
found that exposure to humanoid service robots rather than a 
human employee can trigger negative responses (e.g., 
increase food consumption) as service robots are perceived 
as a threat to human identity. Focusing solely on the hotel 
industry, Jia et al. (2021) suggest that consumers are more 
likely to accept service robots associated with a medium-
human likeness. Therefore, arguments related to service 
robots being able to add value to the hospitality industry 
might be significantly undermined by the emergence of neg-
ative consumer responses.

Yet, all the aforementioned studies leveraged survey data, 
observational experiments, and laboratory experiments, not 
taking into account self-reported human-robot interactions 
with services and disregarding—de facto—the service robot 
in the context of the overall service experience. Thus, as 
stressed by V. N. Lu et  al. (2020) further investigation is 
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needed in the post-service consumption phase in order to shed 
light on the influence of service robots on perceived overall 
customer satisfaction. This is a remarkable research gap, and 
we aim to bridge it using electronic Word-Of-Mouth (eWOM). 
Indeed, within the academic literature related to service 
robots, there is a nascent stream of research that uses online 
conversations to understand HRIs (Borghi & Mariani, 2021; 
Chuah & Yu, 2021; Fuentes-Moraleda et al., 2020; Gretzel & 
Murphy, 2019; M. Mariani & Borghi, 2021; Orea-Giner et al., 
2022; Tung & Au, 2018). In particular, Borghi and Mariani 
(2021), in their quantitative examination using online reviews 
to understand more about service robots in tourism, found 
significant differences comparing the samples of online 
reviews mentioning the robots vis-à-vis reviews not reporting 
this aspect. The authors also introduced the concept of online 
robotic discourse defined as “eWOM in online reviews men-
tioning explicitly service robots deployed in hospitality ser-
vices” (Borghi & Mariani, 2021, p. 2). As suggested by the 
authors online robotic discourse can aid scholars to under-
stand the impact of service robots in companies’ operations. 
Also, Fuentes-Moraleda et  al. (2020) used self-reported 
online conversations to understand the principal dimensions 
and features referred to by guests after HRI in the hotel indus-
try. The authors’ findings highlight how comments are mainly 
related to the functional dimension (adherence to social 
norms, ease of use and usefulness) of this new kind of service 
interaction and that different traveler type (e.g., couple, fam-
ily, business and solo) seems to have a rather consistently 
positive response to HRIs. Borghi and Mariani’s findings 
have been confirmed and extended by Orea-Giner et  al. 
(2022) that also suggest that positive and negative emotions 
stemming from HRI in the hotel industry affect guests’ over-
all perceived customer satisfaction. The latter holds for differ-
ent robot typologies as well as different traveler types. 
Nonetheless, there is no comprehensive study taking into 
account the post-service consumption phase that uses a theory 
consistent framework of customer satisfaction and includes in 
the analysis a wide range of control variables to ensure the 
robustness of the estimate results. Besides, despite being con-
sidered by all means as a potential moderator (Fuentes-
Moraleda et al., 2020; Orea-Giner et al., 2022; Tung & Au, 
2018), the traveler type dimension has been analyzed in isola-
tion and not included as a moderator in a more comprehen-
sive empirical model. As such, we build on online robotic 
discourse to empirically analyze a large sample of self-
reported service interactions, by leveraging the three-factor 
theory of customer satisfaction (Cadotte & Turgeon, 1988), 
trying to discern to what extent service robots influence cus-
tomers’ overall satisfaction with the entire service offering 
and whether this effect is moderated by the traveler type.

Customer Satisfaction With Services

In academic literature, over time, the nature of the concept of 
customer satisfaction has unfolded in a rather complex manner 

(Anderson et al., 2004). Overall, it can be perceived as a psy-
chological concept revolving around the feeling of pleasure 
and well-being stemming from the consumption activities of a 
product and/or service (World Tourism Organization, 1985). 
Several literature streams have tried to provide an explanation 
of the origin of the concept. For instance, Oliver (1980) in the 
broad field of marketing research, proposed the expectation-
disconfirmation paradigm whereby individuals compare their 
expectations with the real product or service experience to 
originate satisfaction. Therefore, the latter has a unidimen-
sional nature. Yet, over time, scholars in quality management 
research have challenged the theory suggested by Oliver 
(1980). In particular, the main critique can be associated with 
the seminal work of Herzberg et al. (1959) who devised the 
motivation-hygiene theory also labeled as the two-factor the-
ory. The authors suggested that satisfaction and dissatisfaction 
are two separate concepts and, in turn, part of two different 
continua. However, elements included in the product or ser-
vice offering could have acted only in one of the two continua. 
More recently, Kano et  al. (1984) extended the model pro-
posed by Herzberg et  al. (1959), arguing that a multi-factor 
structure is needed to understand how service attributes con-
tribute to originate consumer satisfaction. Therefore, differ-
ently from the two-factor theory, the authors suggest individual 
elements able to act either in the dissatisfaction or in the satis-
faction continua simultaneously. The model proposed by Kano 
et al. (1984)’s allows researchers to classify service attributes 
into five distinctive categories. Yet, a simplified and refined 
version, which leverages three factors, has been usually 
embraced by scholars in customer satisfaction research 
(Gregory & Parsa, 2013).

Over the last two decades, the three-factor model has been 
widely acknowledged as a relevant research framework able 
to effectively capture the nature of customer satisfaction (Bi 
et al., 2020; Pizam et al., 2016). In the tourism and hospital-
ity research domain, after the seminal contribution of Cadotte 
and Turgeon (1988) who suggested the existence of an asym-
metrical influence of service attributes on customer satisfac-
tion, there has not been enough support to further verify the 
validity of their results, using the novel three-factor theory of 
customer satisfaction (Pizam et al., 2016). Nonetheless, the 
study by Alegre and Garau (2010) confirmed the view of 
Cadotte and Turgeon (1988) testing different models of cus-
tomer satisfaction. Based on Alegre and Garau (2010) find-
ings, other researchers have gradually started exploring the 
impact of several service features on overall customer satis-
faction, deploying the three-factor theory of customer satis-
faction as their reference conceptual model (e.g., Alegre & 
Garau, 2011; Bi et  al., 2020; Gerdt et  al., 2019; W. Lu & 
Stepchenkova, 2012).

Delving deeper into its structure, as asserted by Cadotte 
and Turgeon (1988), the three-factor theory encompasses 
three distinctive sets of dimensions. First, we have basic fac-
tors, which comprise the core elements of the offering which 
are essential in the consumer experience. Yet, their fulfilment 
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does not automatically guarantee satisfaction. Indeed, the 
association between satisfaction and basic factors’ perfor-
mance is asymmetrical. This is because high performance 
entails lower benefits toward satisfaction when compared 
with low performance. An example of this dimension is the 
bill’s accuracy (Cadotte & Turgeon, 1988). Indeed, hotel 
guests would expect a flawless experience regarding this 
attribute (e.g., also in presence of a billing mistake—low per-
formance—this should be amended quickly). Yet, displaying 
high performance (e.g., trying to avoid billing mistakes at any 
cost) would not necessarily translate into customer satisfac-
tion. Second, we have performance factors. They represent 
attributes which can act either in the dissatisfaction or satis-
faction continua in the presence of low or high performance 
respectively. Therefore, there is a symmetric and linear asso-
ciation between these attributes’ performance and satisfac-
tion. For instance, establishment cleanliness is considered a 
performance factor (Cadotte & Turgeon, 1988). Therefore, a 
high level of cleanliness will result in satisfaction while a 
lower level of cleanliness will bring dissatisfaction. Third, 
those elements of the product/service offering whose absence 
does not dissatisfy the consumer, but whose presence can 
generate satisfaction are labeled as excitement factors. In this 
case, the association between satisfaction and attribute per-
formance is asymmetrical. Interestingly, high performance 
related to excitement factors consistently outweighs the effect 
on satisfaction compared to low performance. As per Cadotte 
and Turgeon’s (1988) results, employees’ helpful attitude is 
perceived by the guest as an excitement factor.

However, despite its great explanatory power (Bi et al., 
2020), three-factor theory (Cadotte & Turgeon, 1988) has not 
been used to assess the impact of HRI on perceived customer 
satisfaction.

Human-Robot Interaction and Customer 
Satisfaction

Positive Human-Robot Interaction.  This section tries to assess 
the impact of positive performance stemming from HRI in 
services by leveraging service innovation literature and its 
application to HRI. In the broad landscape of service innova-
tion, scholars argue that competitive advantage is usually 
achieved as a result of the technological novelty related to 
the new service added to the company offering (Evangelista 
& Vezzani, 2010). As highlighted by Hjalager (2010) this 
expectation holds also in the tourism and hospitality indus-
try. In particular, as depicted in the comprehensive literature 
review performed by Gomezelj (2016), innovation activities 
and behaviors seem to be positively correlated with firm per-
formance, productivity, quality standards and firm value. 
However, the recent study by Martin-Rios and Ciobanu 
(2019) suggested that for tourism firms only complex inno-
vations, embedding technological and non-technological 
forms of innovation, are able to increase company 

performance. As argued by de Kervenoael et al. (2020) HRI 
in services conceptually represents a complex innovation. 
This is because the introduction of service robots is associ-
ated with (1) a technological element related to the provision 
of a novel (or enhanced) delivery method and (2) a non-tech-
nological element since they alter companies’ promotional 
activities and the internal division of work. Thus, since cus-
tomer satisfaction is considered a non-financial performance 
metric, we can argue that service robots can positively impact 
customer satisfaction. Extant HRI studies seem to support 
this line of thought whereby the perceptions of uniqueness 
and novelty can result in the co-creation of innovative expe-
riences (Tung & Au, 2018). This can not only go beyond 
customer expectations (Stock & Merkle, 2018) but ulti-
mately generate customer delight (Oliver et  al., 1997). As 
claimed by Ivanov and Webster (2020) service robots should 
make the delivery process more “funny and entertaining.” 
Tung and Au’s (2018) empirical findings align with this 
view, suggesting positive and pleasant surprises related to 
HRI. Adding to this, Fuentes-Moraleda et al. (2020) found 
that the majority of travelers concur service robots perform 
an efficient and useful function, while Orea-Giner et  al. 
(2022) assess how “joy” is the most relevant emotion arising 
from HRIs. Moreover, Stock and Merkle (2018) suggest HRI 
is able to consistently exceed consumer expectations and be 
rated higher than interactions with service employees. This 
aligns with Borghi and Mariani’s (2021) exploratory results 
whereby higher ratings are attributed to the sample of self-
reported HRIs vis-à-vis online reviews not taking into 
account HRIs. Thus, this might reasonably imply that a posi-
tive performance stemming from HRI can arouse a higher 
sense of pleasure for the service customers that, in turn, can 
exceed tourists’ expectations. Therefore, leveraging the 
innovation literature (Evangelista & Vezzani, 2010; Gome-
zelj, 2016; Hjalager, 2010; M. M Mariani et al., 2023; Mar-
tin-Rios & Ciobanu, 2019), and the empirical evidence of its 
application in the HRI literature (Borghi & Mariani, 2021; 
Fuentes-Moraleda et al., 2020; Orea-Giner et al., 2022; Stock 
& Merkle, 2018; Tung & Au, 2018) we argue that:

Hypothesis 1: A positive performance stemming from a 
human-robot interaction increases the overall satisfac-
tion of a service customer with the service experience.

Negative Human-Robot Interactions.  The interaction with ser-
vice robots is not prone to failure and can elicit negative 
emotions (Fuentes-Moraleda et al., 2020; Orea-Giner et al., 
2022; Tung & Au, 2018). In this respect, attribution theory 
has been extensively leveraged to understand the influence 
of performance valence, investigating to whom the service 
customer attributes the responsibility for the performance 
(Miller & Ross, 1975; Moon, 2003). In this context, Miller 
and Ross (1975) have highlighted the existence of a self-
serving bias, conceptualized as the tendency of the service 
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customers to attribute positive performance to themselves 
(internally) and associate negative performance with the 
entity which is delivering the service (externally). As sug-
gested by Moon (2003) empirical evidence supports the exis-
tence of self-service bias in a wide range of contexts. In other 
terms, when a failure happens in HRI, the responsibility for 
the negative performance is more likely to be attributed to 
the robot by the customer, hence originating dissatisfaction. 
This is confirmed by recent empirical studies on HRIs. 
Indeed, Kim et  al. (2019) suggest that robots can provoke 
negative attitudes, while Mende et al. (2019) assess how they 
can elicit discomfort and thus intensify compensatory 
responses in consumers. Moreover, robotic failures in the 
hospitality sector (e.g., long waiting times for room service 
delivery or misunderstanding in conversation and language 
comprehension) generate a sense of frustration, anger and 
insecurity in the service customer (Fuentes-Moraleda et al., 
2020). As portrayed by Orea-Giner et  al. (2022) negative 
emotions (mainly disgust) are significantly associated with 
the rating of different types of service robots in the hotel set-
ting, such as cloakroom, concierge and room service robots. 
The authors also extend their results to different traveler’s 
typologies. Despite the expression of “joy” from HRI being 
the most relevant emotion in the explanation of a given 
review rating, negative emotions not only exist but signifi-
cantly impact the score assigned by all considered traveler 
types. Therefore, we might argue that the self-service bias 
extends to HRI in the hotel setting. Thus, building on the 
attribution theory literature (Miller & Ross, 1975; Moon, 
2003) and the empirical evidence related to negative con-
sumer responses to HRI in services (Fuentes-Moraleda et al., 
2020; Kim et al., 2019; Mende et al., 2019; Orea-Giner et al., 
2022) we hypothesize that:

Hypothesis 2: A negative performance stemming from a 
human-robot interaction decreases the overall satisfac-
tion of a service customer with the service experience.

The Moderating Effect of Travel Type on the Relationship 
Between Service Robots’ Performance and Overall Perceived Sat-
isfaction.  Socio-demographic indicators, such as gender, age 
and culture can influence service customer online ratings 
(M.M. Mariani, Borghi, & Kazakov, 2019; M. M. Mariani et 
al., 2020) and service customers’ acceptance of technolo-
gies—especially robotics (Fuentes-Moraleda et  al., 2020). 
However, scholars examining HRI in services argue that also 
the travel type dimension plays a critical role to determine 
customers’ perceptions (Rodriguez-Lizundia et  al., 2015). 
This association has been investigated by recent exploratory 
empirical studies on service robotics. For example, Fuentes-
Moraleda et  al. (2020) used the travel type to assess the 
research question “Which specific factors influence robots’ 
interaction with different types of hotel users?.” The authors’ 
results conclude that: “Most travellers agree that robots per-
form a useful, efficient function. The different types of trav-
ellers express their emotion about robots in different ways, 

albeit mostly in a positive sense (happy, super, fantastic and 
fabulous). The segment of families with children is particu-
larly noteworthy due to their special liking for robots. Busi-
ness travellers establish relationships through the robot’s 
conversation and ability to translate, while other travellers 
engage in conversations to obtain information or to talk to 
the robot.” (Fuentes-Moraleda et al., 2020, p. 9). Therefore, 
it seems that the positive effect is homogeneous across the 
different traveler type dimensions which have been individu-
ally analyzed. Yet, different traveler types focus on different 
aspects of their HRI when posting the evaluation of their 
stay. Fuentes-Moraleda et al.’s (2020) findings are—to a cer-
tain extent—confirmed by Orea-Giner et al. (2022). Indeed, 
the authors answering the research question “Is there a rela-
tionship between the overall rating of hotels (TripAdvisor) 
and the emotions and sentiments derived from HRI terms 
expressed by traveler type?” found that there is a relevant 
impact on the ratings given by couple, family, solo or busi-
ness travelers as the “joy” emotion arises when dealing with 
a robot, especially for family travelers with children (Orea-
Giner et al., 2022, pp. 7 and 8). The latter result is in line with 
Tung and Au’s (2018) qualitative findings. However, despite 
some differences in the significance levels of some emotions 
(e.g., surprise and trust), the regression coefficients of the 
estimates presented in Tables 5 and 6, taking into account 
only a specific traveler type, seem rather homogeneous (see 
Orea-Giner et al., 2022, p. 7).

Yet, the abovementioned studies have evaluated the trav-
eler type dimensions in a rather exploratory manner and 
answered research questions using different samples of trav-
eler types in isolation, not combining them into a single 
regression model. Adding to this, their findings do not seem 
to highlight significant differences/patterns that would imply 
the association of a higher or lower rating score with a spe-
cific traveler category. Only families seem to particularly 
like service robots; however, there is no empirical evidence 
that this will prove significant when considering general 
reviewing behavior associated with families (e.g., the direct 
effect of families on overall perceived satisfaction). 
Therefore, based on the empirical results stemming from the 
studies of Fuentes-Moraleda et  al. (2020) and Orea-Giner 
et al. (2022), we argue that the traveler type is not likely to 
moderate significantly the positive (negative) influence of 
the positive (negative) performance of service robots on the 
overall perceived satisfaction. Since it is not statistically 
appropriate to conceive a hypothesis that cannot be rejected, 
namely a null hypothesis, we do not formulate one for the 
moderating effect of traveler type. Yet, we display the effect 
in our empirical analysis and results.

Data and Methods

In terms of the empirical sample, we decided to use online 
reviews (ORs) for hotels that have embedded service robots 
in their operations. This choice was guided by the fact that 
OR data are considered more abundant and objective since 
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they “are posted spontaneously without laboratory effects 
unlike traditional questionnaires” (Schuckert et al., 2015, p. 
143). To test our hypotheses, we deploy Penalty-Reward 
Contrast Analysis through an ordered logit estimation tech-
nique. Lastly, to reduce potential endogeneity issues and 
assess the robustness of our main findings we re-run all the 
analyses using a sample obtained through Propensity Score 
Matching (see Section 4.2).

Empirical Context and Data Collection

To find hotels that have deployed service robots worldwide 
we conducted an extensive online research combining key-
words associated with service robots in the hotel domain 
(see Ivanov et al., 2017) with the search term “hotel,” on the 
leading worldwide search engine Google. This led to iden-
tify 44 international hotels embedding service robots in their 
operations that were used as the overall sample for this study 
(see Table 1). Secondly, in order to collect further informa-
tion about the service robots deployed (such as introduction 
date and robots’ names), we performed a second research for 
each hotel identified in the first step. To this aim, we trian-
gulated material available in the company reports, website 
and social media profiles and news about the company. 
Based on the aforementioned sample of 44 hotels, we col-
lected the entire population of ORs made publicly available 
on TripAdvisor. The latter was selected as it is the largest 
community-based OR platform and because ORs hosted on 
the platform influence company performance (Yang et al., 
2018). Moreover, during the data collection process, we 
simulated the interaction of an English user on TripAdvisor 
to collect—through the automatic translation function made 
available on the OR platform—the English translation of 
ORs not written in English. This step of data collection was 
carried out in November 2019. Therefore, for the purposes 
of the project, only ORs published in the reviewing platform 
before October 2019 (included) were retained for the empir-
ical analyses. In terms of volume, we collected 69,497 ORs 
representing the entire population of ORs on TripAdvisor 
for the 44 international hotels identified in the first search 
step. Yet, for the final empirical sample, we decided to select 
solely user-generated content created after the hotel’s adop-
tion of service robots. This choice was made to ensure that 
the service robot was part of the hotel’s operations during 
the guest’s stay. Besides, due to the importance of the travel 
type dimension during HRI (i.e., Tung & Au, 2018) and its 
impact on customer satisfaction (Bi et al., 2020), we retained 
only ORs that reported the travel type. These sampling cri-
teria led us to leverage a sample of 32,985 ORs for the 
econometric analyses. Furthermore, a series of metadata 
available on TripAdvisor for each OR and hotel profile  
has been collected to devise the control variables used in  
the study.

Operationalization of the Focal and  
Control Variables

In order to test the main hypotheses, put forward by the study 
we leveraged the Penalty-Reward Contrast Analysis (PRCA) 
introduced by Brandt (1987). This technique has been found 
to provide reliable results in a wide range of application 
fields (Albayrak & Caber, 2013) and it has been recently 
adopted in the context of ORs (Bi et al., 2020). Essentially, 
the purpose underlying the adoption of PRCA is to assess the 
impact of service attributes at different levels of performance 
(i.e., positive or negative) through the introduction of dummy 
variables in a regression analysis (Albayrak & Caber, 2013). 
As such, for the focal service attribute under investigation, 
namely service robots, two dummy variables were con-
ceived. On the one hand, as the penalty variable, Robot_Neg 
identifies situations where unfavorable performances related 
to the performance of a service robot’s interaction occurred. 
On the other hand, Robot_Pos, under the guise of the reward 
variable, refers to situations where a favorable performance 
materialized.

To operationalize the aforementioned measures, follow-
ing an automated process, we leveraged recent progress in 
the literature encompassing big data analytics and eWOM 
(Alaei et  al., 2019; Bi et  al., 2019; M. Mariani & Wirtz, 
2023). Thus, we measured the performance associated with 
the focal service attribute (i.e., service robot) through the 
overall sentiment polarity score (i.e., sentiment strength) 
extracted from the fragments of text related to the analyzed 
aspect. In particular, we followed the methodology high-
lighted by Bi et al. (2019) for selecting the portions of texts 
mentioning service robots and the recommendations of Alaei 
et  al. (2019) on which sentiment analyzer to apply. Thus, 
based on the punctuations, we first divided each OR into a 
set of sentences, then we aggregated all the sentences con-
taining at least a keyword related to the focal service attri-
bute (i.e., service robots) into one sentence (Bi et al., 2019). 
We considered the latter as the portion of text directly related 
to the evaluation of service robots. In line with Tung and Au 
(2018), we used the word “robot” and the name of the robot 
as robot-related keywords. To ensure reliability, three 
researchers manually examined a random sample of 800 ORs 
each (a total of 2,400 ORs) evaluating whether they referred 
to service robots. For the random sample, the three research-
ers’ evaluations were consistent with the results of the com-
puter-based algorithm deployed to extract the sentences 
related to service robots in 98.8% of the cases.

At this stage, in order to obtain the sentiment polarity 
score for a specific piece of text we had to select the most 
suitable sentiment analysis technique. Accordingly, on the 
ground provided by one of the latest studies by Alaei et al. 
(2019) —who compared and assessed a wide range of senti-
ment analysis techniques in the tourism and hospitality 
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domain—we exploited the Valence Aware Dictionary for 
sEntiment Reasoning (VADER) method (Hutto & Gilbert, 
2014) which achieved the highest performance results in the 
multiclass classification scenario.

Thus, the two dummy variables related to HRI perfor-
mance were operationalized as follows for each single OR 
retrieved:

Robot Pos
Sentiment of Robot statement

Otherwise
_

,

,
=

>



1 0

0

Robot Neg
Sentiment of Robot statement

Otherwise
_

,

,
=

<



1 0

0

Based on the realizations, in terms of econometric coeffi-
cients, of the abovementioned two dummy variables, schol-
ars adopting PRCA have developed classification schemes 
able to effectively allocate attributes in the three-factor the-
ory of customer satisfaction. In this study, we use the classi-
fication method proposed by Lin et al. (2010) based on the 
statistical significance of the econometric coefficients. 
Therefore, service robots will be classified as basic factor if 
the dummy related to negative performances (e.g., Robot_
Neg in this case) is significant and the dummy related to 
positive performances (e.g., Robot_Pos in this case) is not 
statistically significant. Otherwise, they will be categorized 
as performance factors if the dummy related to positive per-
formances and the dummy related to negative performances 
are significant. Lastly, service robot will be referred to as an 
excitement factor if the dummy related to positive perfor-
mances is significant and the dummy related to negative per-
formances is not significant. In the literature review about 
PRCA performed by Albayrak and Caber (2013), this method 
is considered among the classification techniques that schol-
ars can choose to effectively map attributes in the three-fac-
tor theory of customer satisfaction.

According to extant eWOM literature, a wide range of 
metrics have been found to significantly impact the overall 
rating provided by an online reviewer. Therefore, in our 
model specification, we embedded a set of control variables 
related to the reviewer, platform, content, company and tem-
poral dimensions. More specifically, at the platform-level, 
since reviewers have been found to be socially influenced by 
previous online ratings posted on the OR platform (Sridhar 
& Srinivasan, 2012), we included the average rating observed 
by the reviewer prior to submitting her own judgment of the 
hotel experience (Observed average Rating). As far as the 
reviewer-level is concerned, in line with Gao et al. (2018), 
we embedded in the econometric model the effect of reviewer 
experience (Reviewer Contribution), using the number of 
contributions in terms of the number of posts on the OR plat-
form. This is due to the fact that a novice judges a service 

differently from an expert (Bendapudi & Berry, 1997). 
Moreover, according to Forman et  al. (2008), the level of 
information disclosed by online reviewers can have an effect 
on their online rating behaviors. Therefore, we developed a 

Table 1.  Sample of Hotels Identified During the Online Search.

Hotel ID Hotel location
Service robots 

deployed

Hotel 1 San Francisco (USA) Butler
Hotel 2 San Francisco (USA) Butler
Hotel 3 San Francisco (USA) Butler
Hotel 4 New York (USA) Butler
Hotel 5 San Francisco (USA) Butler
Hotel 6 Los Angeles (USA) Butler
Hotel 7 Beijing (China) Butler
Hotel 8 Nagasaki (Japan) Front desk, luggage, 

room assistant, 
concierge, butler

Hotel 9 Tampa (USA) Butler
Hotel 10 New York (USA) Butler
Hotel 11 Washington (USA) Concierge
Hotel 12 San Francisco (USA) Butler
Hotel 13 Los Angeles (USA) Concierge
Hotel 14 Chicago (USA) Butler
Hotel 15 Singapore (Republic of Singapore) Butler
Hotel 16 Los Angeles (USA) Butler
Hotel 17 San Francisco (USA) Butler
Hotel 18 New York (USA) Butler
Hotel 19 San Francisco (USA) Butler
Hotel 20 Singapore (Republic of Singapore) Butler, chef
Hotel 21 Singapore (Republic of Singapore) Butler
Hotel 22 Munich (Germany) Concierge
Hotel 23 Shanghai (China) Butler
Hotel 24 Tokyo (Japan) Butler
Hotel 25 Singapore (Republic of Singapore) Butler
Hotel 26 Shanghai (China) Concierge
Hotel 27 Los Angeles (USA) Butler
Hotel 28 Tokyo (Japan) Front desk, luggage, 

room assistant, 
concierge, butler

Hotel 29 Chicago (USA) Butler
Hotel 30 Los Angeles (USA) Butler
Hotel 31 Beijing (China) Butler
Hotel 32 Las Vegas (USA) Butler
Hotel 33 Los Angeles (USA) Butler, luggage, 

concierge
Hotel 34 Singapore (Republic of Singapore) Butler
Hotel 35 Miami (USA) Butler
Hotel 36 San Francisco (USA) Butler
Hotel 37 Las Vegas (USA) Butler
Hotel 38 Miami (USA) Butler
Hotel 39 Boston (USA) Butler
Hotel 40 Dallas (USA) Butler
Hotel 41 Singapore (Republic of Singapore) Butler
Hotel 42 New York (USA) Luggage
Hotel 43 San Francisco (USA) Butler
Hotel 44 Singapore (Republic of Singapore) Butler
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dummy variable (No Identity Disclosure) as a control, assum-
ing the value of 1 when the reviewer had not disclosed either 
gender or age (Gao et al., 2018).

Furthermore, following extant research referring to the 
impact of textual OR cues on customer satisfaction, we cap-
ture the effect of the overall polarity of the reviewer text 
(Overall Sentiment Polarity) and the length of the review 
text (Review Length). The underlying reason is that there 
seems to be a positive correlation between review sentiment 
and the OR ratings (Geetha et al., 2017), and longer reviews 
are more likely to be associated with negative ratings 
(Poncheri et al., 2008). Sentiment analysis is “an automated 
process of examining semantic relationships and meaning in 
reviews” (Alaei et al., 2019, p. 175) whereby a polarity score 
is obtained by inferring the semantic orientation related to a 
target entity (Bi et al., 2019). In our case, controlling for the 
Overall Sentiment Polarity allows to set the correct reference 
point in terms of overall content polarity for every analyzed 
review. This is of paramount importance when assessing the 
impact of service robots since it helps to effectively discern 
whether the focal service attribute analyzed stands out from 
the evaluation of the service offer. Moreover, we control for 

the purpose of the trip (Travel Type) and the year (Year) (Bi 
et al., 2020; Godes & Silva, 2012). Finally, we capture poten-
tial heterogeneity at the hotel level, controlling for the hotel 
star rating (Star Rating), the fact that the hotel belongs to a 
chain (Chain) and further, including an individual hotel iden-
tifier (Hotel ID).

All the variables’ descriptions are briefly reported in 
Table 2, whereas Table 3 displays their descriptive statistics. 
Looking in detail at the figures in Table 3, the collected ORs 
show an average review rating (4.288) in the upper end of the 
ordinal scale of TripAdvisor. This inflation of positive rat-
ings is in line with extant eWOM research (e.g., M. M. 
Mariani & Borghi, 2018; Sridhar & Srinivasan, 2012). 
Regarding service robots’ evaluation, 8.6% of ORs favorably 
mentioned this service attribute, while solely 1% of the over-
all sample left a negative statement. Aware that these low 
percentages could potentially undermine the reliability of the 
estimation results, we conducted a robustness check on a bal-
anced sample (see Section 4.2). Besides, due to the high 
skewness of the distribution of Reviewer Contribution and 
Review Length, we included in the model their logarithmic 
transformation.

Table 2.  Description of the Variables Used in the Econometric Model Specification.

Variable Description

Dependent variable
  Overall Review Rating It represents the overall perceived satisfaction by the service customer with the hotel services and  

it is operationalized by TripAdvisor on a numeric scale from 1 to 5 (e.g., Chen et al., 2018).
Focal independent variables
  Robot Pos It indicates the presence of positive human-robot interactions in the online reviewer’s comment. 

If a positive service robot-related statement is provided it takes the value of 1. 0 otherwise (see 
section 3.2 for more details).

  Robot Neg It indicates the presence of negative human-robot interactions in the online reviewer’s comment. 
If a negative service robot-related statement is provided it takes the value of 1. 0 otherwise (see 
section 3.2 for more details).

Platform controls
  Observed average rating It denotes the overall rating associated with the hotel services on TripAdvisor before the online 

review has been submitted.
Reviewers controls
  Reviewer contribution It is the sum of the reviews written by the reviewer in the online reviewing platform.
  No identity disclosure It indicates the presence of the reviewer’s age or gender. If one of those two indicators has been 

reported it takes the value of 1. 0 otherwise.
  Travel type It is a categorical variable that is associated with 5 possible travel types: “Business”, “Solo,” “with 

Family.” “with Friends” and “as a Couple.”
Text analytics controls
  Overall sentiment polarity It represents the polarity score related to the whole online review text. The score is obtained using 

VADER (Hutto & Gilbert, 2014) and ranges in a continuous interval having at its extremes −1 
(highly negative) and +1 (highly positive).

  Review length It is the sum of the individual words in the online review text.
Temporal controls
  Year It relates to the year of submission of the online review.
Hotel controls
  Hotel ID It is an individual hotel identifier. Each hotel is associated with a distinctive identifier.
  Chain It denotes whether the hotel is part of a chain. If yes, it takes the value of 1, 0 otherwise.
  Hotel star rating It represents the category associated with the hotel’s services. The latter are rated from 1 to 5.
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Model Specification

To conduct the empirical examination, testing the two focal 
hypotheses, we decided to deploy an ordered logit model. The 
choice was guided by the fact that the dependent variable (i.e., 
the Overall Review Rating) is ordered, discrete and not nor-
mally distributed (Sridhar & Srinivasan, 2012). Indeed, 
TripAdvisor lets online reviewers express their satisfaction 
through an ordinal scale of five consecutive values: 
“Terrible” = 1, “Poor” = 2, “Average” = 3, “Very Good” = 4, 
“Excellent” = 5. As highlighted by Agresti (2010), ordinal 
regression approaches, accounting for the “floor effect” and the 
“ceiling effect,” provide less biased estimates compared to lin-
ear regression analyses (i.e., Ordinary Least Square) in pres-
ence of ordinal categorical dependent variables. Among ordinal 
regression models, the two most used methods are the logit and 
probit, which differ in the assumptions made regarding the 
error terms’ distribution (Zhang et al., 2016). In this regard, fol-
lowing the lead of researchers in marketing and tourism man-
agement examining online ratings (e.g., Gao et al., 2018; Godes 
& Silva, 2012; Zhang et al., 2016), we opted for the ordered 
logit model, implicitly assuming that the error term distribution 
can be approximated by a logistic function.

More specifically, representing with Ratingrh
*  the contin-

uous latent variable corresponding to the latent overall 
review rating assigned by reviewer r to the hotel h, the 
econometric specification of the model estimated is:
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Table 3.  Descriptive Statistics.

Mean/
proportion SD Min Max

Review rating 4.288 1.006 1.000 5.000
Robot_Pos 8.6% 0.000 1.000
Robot_Neg 1.0% 0.000 1.000
Observed average rating 4.320 0.188 3.000 5.000
Log (reviewer contribution) 2.316 1.944 0.000 11.703
No identity disclosure 69.8% 0.000 1.000
Overall sentiment polarity 0.787 0.414 −0.996 1.000
Log (review length) 4.385 0.695 2.079 7.610
Chain 94.0% 0.000 1.000
Observations 32,985  

where rh  is the error term at the individual review level, and 
by which the final observed satisfaction rating Ratingrh  is 
calculated in the following manner:
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In the abovementioned rules, the different realization of 
the variables (i.e., values from 1 to 5) corresponds to the 
scores allowed by TripAdvisor, whereas k1, k2, k3, k4 repre-
sent the set of four cut-off points determined by the model. 
The latter are used to discern the specific discrete ordinal 
response from the predicted latent rating. In this process, the 
model implicitly assumes the values of −∞  as the lower 
bound and +∞  as the upper bound among the cut-off points 
(Cameron & Trivedi, 2005). Accordingly, the region of prob-
ability between two consecutive cut-off points represents the 
probability of observing a certain Ratingrh.  Stated more for-
mally, the predicted probability of a given observation is 
determined as follows:

Pr Pr , , , , ,*Rating i k Rating k with irh i rh i=( ) = < <( ) { }−1 1 2 3 4 5

where i refers to the set of discrete outcomes and k0 = −∞  
and k5 = +∞.  Further details of the chosen estimation tech-
nique can be found in Agresti (2010), and Cameron and 
Trivedi (2005).

For the purposes of the study, in Equation 1, our main 
interest was related to the coefficients β1  and β2 ,  which 
correspond to the reward (Robot_Pos) and penalty (Robot_
Neg) dummies, specifically crafted to test the two proposed 
hypotheses. In addition to the focal independent variables, as 
clearly depicted by Equation 1, with the coefficients θ1

’  and 
θ2
’  we aim to assess the potential moderating effect of the 

traveler type on the relationship between service robots’ per-
formance and overall perceived satisfaction. Lastly, we 
decided to introduce a series of control variables described in 
the previous section. This allows for a more comprehensive 
model specification which helps improve the reliability of 
the findings.

Findings

Main Findings

The empirical results of the study are unveiled in Table 4, 
where the econometric coefficients of the model specifica-
tion described in Equation 1 are presented. As clear from 
Model 1, Robot_Pos shows a positive and statistically sig-
nificant coefficient ( . ),β1 0 273=  p < .001). Therefore, as 



Borghi and Mariani	 11

expected in HP1, a positive performance stemming from 
human-robot interaction increases the chances of online 
reviewers posting higher review ratings, which translates 
into higher overall customer satisfaction. On the contrary, 
Robot_Neg displays a negative but not significant coefficient 
(β2 0 0201= − . ,  n.s.), rejecting HP2. In other words, the pres-
ence of a negative performance associated with human-robot 
interaction does not significantly alter the overall guest’s sat-
isfaction level. To a certain extent, it can be argued that, 
despite being reported, robotic service failure is not taken 
into account in the cognitive process undertaken by consum-
ers in the post-consumption stage to generate their rating 
scores. In the discussion section, we highlight the potential 

motivations for this. Yet, these findings, combined with the 
classification schema developed by Lin et  al. (2010) 
(explained in section 3.2), suggest that service robot is an 
“excitement factor.” This seems to put forward the idea that 
service robots are able to act in the satisfaction continuum by 
positively surprising consumers while they do not signifi-
cantly provoke dissatisfaction when unfavorable perfor-
mance materialized.

As far as the moderating effect of traveler type is con-
cerned, the latter has not been found to moderate signifi-
cantly the relationship between service robots’ perceived 
performance and overall customer satisfaction (see Model 
2). Thus, this supports our claim pertaining to a nonexistent 

Table 4.  Estimation Results Ordered Logistic Models.

Model 1 Model 2 Model 3 Model 4

  Full sample ologit Full sample ologit English sample ologit English sample ologit

Robot_Pos H1 0.273*** (0.0667) 0.302*** (0.0839) 0.260** (0.0826) 0.273** (0.101)
Robot_Neg H2 −0.0201 (0.156) −0.0552 (0.0995) −0.105 (0.234) −0.0253 (0.146)
Robot_Pos*Business −0.113 (0.0979) −0.0938 (0.101)
Robot_Pos*Solo 0.0137 (0.176) 0.0345 (0.239)
Robot_Pos*Family 0.00368 (0.107) 0.00768 (0.114)
Robot_Pos*Friends 0.0781 (0.131) 0.0601 (0.155)
Robot_Neg*Business 0.464 (0.463) 0.308 (0.419)
Robot_Neg*Solo −0.481 (0.307) −0.452 (0.339)
Robot_Neg*Family −0.117 (0.204) −0.261 (0.253)
Robot_Neg*Friends 0.0204 (0.613) 0.0672 (0.590)
Observed average rating 1.031* (0.453) 1.035* (0.451) 1.081* (0.449) 1.085* (0.451)
No identity disclosure −0.00540 (0.0214) −0.00549 (0.0213) −0.00317 (0.0236) −0.00331 (0.0235)
Log (reviewer contribution) −0.0986*** (0.0188) −0.0985*** (0.0188) −0.0916*** (0.0207) −0.0915*** (0.0208)
Traveled on business −0.333*** (0.0554) −0.327*** (0.0543) −0.347*** (0.0569) −0.342*** (0.0564)
Traveled solo 0.113* (0.0479) 0.123* (0.0525) 0.0980 (0.0514) 0.108 (0.0583)
Traveled with family −0.0718* (0.0296) −0.0706* (0.0320) −0.0723 (0.0369) −0.0704 (0.0379)
Traveled with friends −0.0410 (0.0470) −0.0345 (0.0442) −0.0717 (0.0457) −0.0780 (0.0426)
Overall sentiment polarity 2.639*** (0.0537) 2.640*** (0.0535) 2.695*** (0.0478) 2.695*** (0.0477)
Log (review length) −0.701*** (0.0330) −0.702*** (0.0329) −0.737*** (0.0385) −0.737*** (0.0384)
Further controls:  
  Year dummies YES YES YES YES
  Chain YES YES YES YES
  Star rating YES YES YES YES
  Hotel ID YES YES YES YES
Intercept-1 −1.318 (2.005) −1.307 (2.001) −1.107 (1.993) −1.095 (1.999)
Intercept-2 −0.209 (2.010) −0.197 (2.005) 0.0180 (2.007) 0.0296 (2.014)
Intercept-3 1.174 (2.003) 1.185 (1.998) 1.370 (1.987) 1.382 (1.994)
Intercept-4 3.163 (2.057) 3.175 (2.052) 3.269 (2.022) 3.281 (2.028)
Observations 32,976 32,976 26,453 26,453
Pseudo R2 .168 .169 .173 .173
AIC 62,385.2 62,393.3 50,082.2 50,094.0
Log likelihood −31,172.6 −31,169.6 −25,022.1 −25,020.0

Note. Standard errors in parentheses. Models 1 and 2 have fewer observations than the final sample described in the method section (N = 32,985) since 
nine hotels in the sample started their operations with service robots already in their workforce. Thus, the first reviewer of these companies did not 
observe any prior rating. As such, the dimension “Observed Average Rating” is missing. We did not deploy any imputation technique due to the very 
small number of observations (9). Models 3 and 4 contain only ORs written in English.
*p < .05. **p < .01. ***p < .001.
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moderation effect. Indeed, since different travel type dimen-
sions display similar patterns of positive response in recent 
exploratory empirical studies (Fuentes-Moraleda et al., 2020; 
Orea-Giner et al., 2022), as expected, the impact of service 
robots is effectively captured by our two main variables 
Robot_Pos and Robot_Neg.

Referring to the effects of the control variables, their coef-
ficients confirm the findings of extant empirical literature in 
marketing and tourism marketing management. For instance, 
review ratings are positively and significantly influenced by 
previous ratings (Sridhar & Srinivasan, 2012) and the overall 
sentiment of the review content (Geetha et  al., 2017). 
Conversely, the reviewer’s level of contribution and length 
of OR exert a negative and significant effect on the review 
rating (Gao et  al., 2018; Godes & Silva, 2012) as well as 
business travelers (M. M. Mariani et al., 2019). Moreover, 
identity disclosure does not impact the reviewers’ evaluation 
(Sridhar & Srinivasan, 2012).

Investigating the robustness of the main findings, Models 
3 and 4 in Table 4 report the estimates obtained using only 
ORs written in English. The results align with the ones of 
Models 1 and 2.

Robustness Check: Propensity Score Matching

The approach used so far to test the relationship between the 
introduction of service robots and customer satisfaction 
could have been prone to endogeneity issues, mainly related 
to sample selection (Cameron & Trivedi, 2005). Indeed, indi-
vidual characteristics could influence whether the tourist 
decides to interact with service robots (Ivanov et al., 2019). 
Besides, self-selection and data sparsity could also be seen as 
potential biases, influencing the main findings of the study 
(Bi et al., 2020). The latter is clearly displayed in the OR data 
used in this work since only 12.17% of the ORs in the entire 
sample report a statement referring to service robots 
(N = 4,013). Accordingly, due to the relatively low frequency 
of negative comments related to service robots, the econo-
metric results might present a spurious association between 
Robot_Neg and customer satisfaction.

To reduce the abovementioned biases, we chose to lever-
age propensity score matching, a quasi-experimental analy-
sis. This technique allows researchers to analyze the results 
related to an outcome variable among individuals who 
had—a priori—an analogous probability to engage in the 
behavior under examination (Rosenbaum & Rubin, 1983). 
Originated by the seminal work of Rosenbaum and Rubin 
(1983), it has gradually become a popular matching tech-
nique in a wide range of research fields (Caliendo & 
Kopeinig, 2008). Essentially, through this matching exercise, 
we aimed to associate each reviewer reporting service robots 
with the closest reviewer not mentioning this attribute but 
being the most similar based on a set of predefined character-
istics. This allowed us to balance the sample in terms of: (1) 
volumes, so that half of the sample mentions service robots 
(thus reducing data sparsity concerns); (2) individual 

characteristics, thereby diminishing sample selection issues. 
More specifically, we matched each of the 4,013 ORs con-
taining a portion of text related to service robots with a coun-
terpart OR non-mentioning this service element. This led us 
to obtain a sample of 8,026 ORs after having performed this 
matching exercise.

The first step to deploy propensity score matching was 
related to the estimation of the propensity score (Caliendo & 
Kopeinig, 2008). As such, to calculate the propensity score of 
reporting service robots we estimated a logistic regression 
model having as dependent variable a dummy variable equal 
to 1 if the reviewer has reported service robots in her OR and 
0 otherwise. As independent variables, we used a set of covari-
ates that have been conceptualized or empirically tested in 
extant literature as having an impact on the adoption of service 
robots or reviewing behaviors, such as travel type (Tung & 
Au, 2018), reviewer experience and identity disclosure (Gao 
et al., 2018). Further, we included the set of hotel controls used 
in the main econometric estimation, namely Chain, Star 
Rating, and Hotel ID since firm characteristics can impact the 
degree of robotics adaptation (Ivanov et al., 2019) and a time-
related variable, labeled “months_from_intro” to account for 
potential organizational learning mechanisms (Levitt & 
March, 1988). Overall, this is a parsimonious set of features in 
order to avoid any over-parametrization issue in the estimation 
of the propensity score (Bryson et al., 2002).

Second, in line with Yang et al. (2019), we opted for the 
nearest neighbor algorithm to select the matching observa-
tions among reviewers not reporting service robots. Third, to 
verify the assumption of common support, we examined the 
density distribution functions of the treated and control 
groups in the overall population (Caliendo & Kopeinig, 
2008). Finally, based on the newly obtained sample we re-
ran all the econometric analyses.

Before evaluating the econometric results, we conducted 
a series of analyses to ensure the quality and reliability of the 
matching. To this aim, we first inspected the common region 
assumption, visually assessing the density distributions of 
the propensity score for the sample of reviewers writing 
about service robots vis-à-vis reviewers not mentioning this 
aspect (Caliendo & Kopeinig, 2008). As clear from Figure 1, 
there seems to be a reasonable overlap between the areas 
underneath the two functions, indicating that the current 
analysis does not suffer from common support issues. 
Besides, we checked the balance of every covariate used to 
calculate the propensity indicator. Table 5 shows how all the 
differences in terms of standardized mean are close to zero, 
whereas all the variance ratios present values close to one. 
Moreover, for the overall sample, we calculated the Rubin’s 
B and the Rubin’s R indicators (Rubin, 2001), which equated 
to 12.77 and 1.31, respectively: these values perfectly fit the 
intervals recommended by Rubin (2001) for considering the 
sample sufficiently balanced. Taken together, these results 
certify the quality of the performed matching, ensuring that 
each reviewer mentioning service robots was associated with 
the most similar reviewer not mentioning service robots.
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As far as the econometric results are concerned, the main 
findings of the study still hold in this semi-experimental con-
figuration. Indeed, as depicted in Table 6, the coefficient of 
Robot_Pos is positive and statistically significant in all the 
estimated models, confirming HP1. Conversely, Robot_Neg, 
despite presenting a negative coefficient, is never found to be 
statistically significant, rejecting HP2. Also, none of the vari-
ables included to capture the moderating effect of the trav-
eler type has been found to be significant.

Apart from leveraging propensity score matching, we 
conducted a series of further robustness checks that can be 
found in the Appendix. In particular, we leveraged a different 
estimation technique, namely ordered probit (Tables A1 and 
A2) and also run all the analyses considering only the sample 
of ORs whereby reviewers disclosed their identity (Tables 
A3, A4, A5, and A6). The results are in line with the main 
findings, consistently supporting HP1 and rejecting HP2. 
However, using the sample of ORs with No_identity_disclo-
sure = 0, the coefficient related to the moderating effect of 
Robot_Pos*Business is found to be negative and significant. 
This might be explained by the fact that since travelers on 

business focus on the efficiency of HRIs (Fuentes-Moraleda 
et al., 2020), a positive performance from the latter does not 
generate customer delight. Yet, being this specific sample 
only 30% of the entire population and in light of the wide 
range of robustness checks performed, we are confident in 
the reliability of our main findings.

Discussion

Theoretical Implications

This study contributes to the literature lying at the intersec-
tion of the evaluation of the service experience, human-robot 
interaction, and eWOM.

First, it constitutes the first attempt to analyze and con-
jointly assess the impact of both positive and negative per-
formance stemming from human-robot interaction on overall 
perceived customer satisfaction, under the guise of OR rat-
ings. Thus, the study answers the call to assess comprehen-
sively and empirically the impact of service robotics in 
tourism (Tung & Law, 2017). In particular, we aim to shed 
new light related to the impact of service robots on overall 
perceived customers’ satisfaction with the service experience 
by leveraging real post-service consumption self-reported 
comments (V. N. Lu et al., 2020). Tracking the evolution of 
customer satisfaction research in the tourism and hospitality 
domain, the three-factor theory of customer satisfaction is 
used as the main theoretical underpinning of the study 
(Cadotte & Turgeon, 1988). Our findings, stemming from 
mechanisms belonging to attribution and service innovation 
theories, strongly highlight how positive performance asso-
ciated with the interaction of service robots outweighs the 
impact of negative performance on perceived customer satis-
faction. Indeed, we show that a positive customer evaluation 
of service robots contributes to enhancing overall customer 
satisfaction (confirming our first hypothesis), whereas the 
latter is not altered by a negative customer evaluation of ser-
vice robots (rejecting our second hypothesis). Finding sup-
port for our first hypothesis, we empirically validate insights 
stemming from the service (e.g., Evangelista & Vezzani, 
2010) and tourism and hospitality innovation literature (e.g., 
Martin-Rios & Ciobanu, 2019). On the contrary, since our 
second hypothesis has been rejected, our findings are at odds 
with the attribution theory literature (Miller & Ross, 1975; 
Moon, 2003) and recent empirical evidence suggesting a sig-
nificant impact of negative consumer responses to human-
robot interactions (Fuentes-Moraleda et al., 2020; Kim et al., 
2019; Mende et al., 2019; Orea-Giner et al., 2022). Yet, as we 
elaborate later, this might align with recent studies focusing 
solely on robotic service failures (Fan et  al., 2020; Jörling 
et al., 2019). This implies that, even in presence of a negative 
performance stemming from a human-robot interaction, this 
event does not significantly impact the overall satisfaction of 
the guest with the service experience, suggesting that service 
robots evaluation falls in the consumers’ “zone of tolerance” 

Figure 1.  Density distributions of the propensity score for the 
sample of reviewers mentioning service robots vis-à-vis reviewers 
not mentioning it.

Table 5.  Descriptive Statistics Related to the Quality of the 
Matching Performed.

Covariate
Standardized  

mean differences
Variance  

ratio

No identity disclosure 0.00224 0.9979
Log (reviewer contribution) 0.0582 0.9069
Traveled on business 0.00199 1.0071
Traveled solo −0.00199 0.9715
Traveled with family 0.01122 1.0169
Traveled with friends −0.00274 0.9689
Months_from_Intro −0.198 1.0019
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(Wirtz & Lovelock, 2018). Overall, due to this discrepancy 
in the effects of the positive and negative performance of 
service robots, we argue that the latter have an asymmetrical 
influence on overall customer satisfaction. In other words, as 
our results highlight, the positive and negative performance 
of service robots during a human-robot interaction impact 
consumers’ judgments revolving around satisfaction differ-
ently. Linking this back to the three-factor theory, we can 
confidently classify service robots as an excitement factor.

Second, testing the potential moderating effect of the trav-
eler type dimension we add to the human-robot interaction 
literature suggesting this factor can determine customers’ 
perceptions of service robots (Fuentes-Moraleda et al., 2020; 
Orea-Giner et  al., 2022; Rodriguez-Lizundia et  al., 2015; 
Tung & Au, 2018). However, the latter has not been found to 

moderate significantly the relationship between service 
robots’ perceived performance and overall customer satisfac-
tion. Thus, this sustains our claim pertaining to the nonexis-
tent of a moderation effect. Therefore, we might argue that 
although there might be differences in the way human-robot 
interactions are evaluated by different traveler types 
(Fuentes-Moraleda et  al., 2020), their impact on customer 
satisfaction is rather homogenous and positive.

Third, distinctively from empirical works using labora-
tory and survey data (e.g., de Kervenoael et al., 2020; Pitardi 
et al., 2022), this study leverages OR data on a set of interna-
tional hotels, uniquely contributing to the literature stream 
leveraging eWOM to unfold travelers’ perceptions of human-
robot interactions (Borghi & Mariani, 2021; Fuentes-
Moraleda et al., 2020; Gretzel & Murphy, 2019; Orea-Giner 

Table 6.  Estimation Results Propensity Score Matching Sample Using Ordered Logistic Models.

Model 5 Model 6 Model 7 Model 8

  Full sample ologit Full sample ologit English sample ologit English sample ologit

Robot_Pos H1 0.272*** (0.0508) 0.251* (0.103) 0.276** (0.0914) 0.189* (0.087)
Robot_Neg H2 −0.163 (0.132) −0.142 (0.122) −0.222 (0.254) −0.212 (0.200)
Robot_Pos*Business −0.0753 (0.149) −0.0408 (0.167)
Robot_Pos*Solo 0.0647 (0.240) 0.0571 (0.316)
Robot_Pos*Family 0.0640 (0.131) 0.211 (0.164)
Robot_Pos*Friends 0.184 (0.258) 0.371 (0.264)
Robot_Neg*Business 0.430 (0.414) 0.318 (0.344)
Robot_Neg*Solo −0.616 (0.380) −0.580 (0.299)
Robot_Neg*Family −0.114 (0.239) −0.0753 (0.239)
Robot_Neg*Friends 0.292 (0.629) 0.404 (0.624)
Observed average rating 0.300 (0.617) 0.301 (0.613) 0.772 (0.540) 0.763 (0.556)
No identity disclosure −0.0225 (0.0581) −0.0228 (0.0566) −0.0347 (0.0974) −0.0348 (0.0954)
Log (reviewer contribution) −0.0830* (0.0337) −0.0830* (0.0342) −0.104** (0.0359) −0.105** (0.0364)
Traveled on business −0.399*** (0.109) −0.386** (0.132) −0.383** (0.132) −0.379* (0.170)
Traveled solo 0.139 (0.104) 0.210 (0.150) 0.111 (0.117) 0.170 (0.177)
Traveled with family −0.141* (0.0551) −0.158 (0.0893) −0.218* (0.0908) −0.290* (0.133)
Traveled with friends −0.221 (0.115) −0.299 (0.187) −0.200* (0.0969) −0.351* (0.155)
Overall sentiment polarity 2.556*** (0.124) 2.563*** (0.128) 2.719*** (0.0978) 2.720*** (0.100)
Log (review length) −0.584*** (0.0500) −0.586*** (0.0481) −0.573*** (0.0546) −0.575*** (0.0527)
Further controls:  
  Year dummies YES YES YES YES
  Chain YES YES YES YES
  Star rating YES YES YES YES
  Hotel ID YES YES YES YES
Intercept-1 −5.107 (2.680) −5.118 (2.641) −2.657 (2.298) −2.749 (2.341)
Intercept-2 −3.753 (2.646) −3.764 (2.608) −1.350 (2.329) −1.442 (2.372)
Intercept-3 −2.208 (2.645) −2.217 (2.607) 0.111 (2.324) 0.0201 (2.369)
Intercept-4 −0.0685 (2.644) −0.0764 (2.605) 2.112 (2.323) 2.023 (2.367)
Observations 8,019 8,019 6,661 6,661
Pseudo R2 .154 .155 .155 .155
AIC 15,125.5 15,133.2 12,456.8 12,462.2
Log Likelihood −7,543.7 −7,539.6 −6,209.4 −6,204.1

Note. Standard errors in parentheses. Models 5 and 6 have fewer observations than the final sample described in Section 4.2 (N = 8,026) since seven online 
reviewers did not observe any prior rating. As such, the dimension “Observed Average Rating” is missing. We did not deploy any imputation technique 
due to the very small number of observations (7).
*p < .05. **p < .01. ***p < .001.
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et  al., 2022; Tung & Au, 2018). In particular, it extends 
Borghi and Mariani’s (2021) online robotic discourse to 
derive the levels of performance perceived by the reviewing 
guest when evaluating service robots. Without leveraging 
online robotic discourse and related analytics we would have 
not been able to obtain such a rich dataset for our analyses. 
As such, this study showcases not only the importance of 
online robotic discourse, as suggested by Borghi and Mariani 
(2021), but also how metrics extracted from it can be effec-
tively used to test hypothesized relationships stemming from 
the analysis of extant literature.

Fourth, as we found that negative evaluations of service 
robots do not significantly affect overall perceived customer 
satisfaction, there seems to be no supporting evidence of the 
existence of a self-serving bias. This aligns with the results 
of Fan et al. (2020) and Jörling et al. (2019) regarding the 
overall evaluation of the service experience. Therefore, fol-
lowing the lead of Fan et al. (2020), this could be explained 
by the fact that the social cues embedded in service robots 
induce self-blame that in its turn alleviates dissatisfaction 
with a negative performance from a human-robot interaction. 
This claim theoretically corroborates existing scholarly defi-
nitions of service robots in service marketing (Jörling et al., 
2019; van Doorn et  al., 2017) that depict robots as social 
agents. More broadly, this would support arguments in favor 
of alternative approaches in the sociomateriality literature 
that challenge the conventional separation between the social 
and the material spheres (see Orlikowski, 2007). Indeed, as 
stressed by Latour (2005), agency is not to be considered an 
innate human characteristic, but a capacity, relational in 
nature, that is obtained by associating a set of entities (either 
human or non-human). Therefore, combining Latour think-
ing with the principles of the service-dominant logic pro-
posed by Vargo and Lusch (2004, 2008), the social (people) 
and the material (technologies) can be perceived as equal 
actors whose interaction has the capability to co-create value. 
Based on this theoretical ground, the current study contrib-
utes to the human-robot interaction literature by assessing 
empirically how the interaction between service customers 
and service robots effectively creates value in the hotel mar-
ket (which is reflected in higher OR ratings).

Practical Implications

Starting from a micro-level of analysis, this study provides 
clear evidence of the positive influence of service robots in 
the evaluation of the overall hotel customer experience, 
encouraging the adoption of this form of innovation by hotel 
managers. Negative performances related to service robots’ 
interactions exist, but they do not significantly influence the 
overall travelers’ judgments. This confirms the view of Kuo 
et al. (2017), who highlight how service robots are an impor-
tant resource able to sustain hotel competitiveness. However, 
managers should carefully evaluate the fit of this source of 
innovation into their current brand image and operations 

(Kuo et  al., 2017). Furthermore, as depicted by Xu et  al. 
(2020), customers’ feedback on human-robot interactions 
should be proactively gathered and analyzed by businesses. 
Indeed, this will lead companies to acquire a more compre-
hensive understanding of travelers’ preferences for human-
robot interactions. For instance, we provide specific examples 
in the following paragraph regarding negative service robots’ 
performance. Therefore, hotel operations managers might 
leverage the innovatively conceived methodology of our 
study to appraise and control the influence of service robots’ 
performance on consumers’ judgments of the service experi-
ence virtually in real time. More specifically, hotel managers 
could collect guest review data from public and private 
sources and apply the penalty-reward contrast analysis built 
upon text analytics techniques devised in Section 3. The 
interpretation of the econometric estimates, using Lin et al. 
(2010) classification schema, will provide them with an 
overview of the impact of service robots on their firms’ oper-
ations and allow them to adjust their strategies and opera-
tions accordingly. Besides, they might decide to compare and 
contrast the analyses taking into account specific periods to 
better evaluate the introduction of innovative features (e.g., 
new restaurant menu items that can only be delivered by the 
robot, robot-centric holiday packages) related to the deploy-
ment of service robots.

As far as a meso-level of analysis is concerned, service 
robots might soon become a commodity in hotel’s opera-
tions (Wirtz et  al., 2018). This might alter customers’ 
expectations and make them less prone to forgive failures 
in human-robot interactions. For instance, in the sample 
analyzed, negative performances mainly stem from situa-
tions where the robot is found to be under maintenance, not 
able to accommodate the guest request (e.g., the robot lug-
gage is full) or the service is taking longer than expected 
(e.g., the robot butler has troubles with the service deliv-
ery). Also, in some instances, hotels seem to fail to clearly 
communicate service robots’ functionalities in advance, 
leaving guests unsure about how to use them. Moreover, 
among self-reported HRIs, we record situations in which 
guests expected the service to be delivered by the robot and 
felt disappointed when the latter was carried out by a human 
employee. These negative performances might soon match 
or even outweigh the impact of positive HRI in consumers’ 
judgment of their stay. Thus, hoteliers adopting service 
robots should meticulously ponder the exclusive features of 
their human-robot interactions, avoiding the abovemen-
tioned pitfalls and constantly improving them through 
incremental innovation. In this manner hotel managers 
would be able to preserve their competitive positions in the 
hotel market and repeatedly delight their customers by 
leveraging service robotics. As an example, the YOTEL 
Singapore in Orchard Road, winner of the “Robotics Award 
for hospitality and leisure” in the city (Singapore Business 
Review, 2019), has uniquely tailored the interactions with 
its two service robots, Yoshi and Yolanda. The robots 
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resemble the brand in their design, but each of them is 
equipped with a distinctive dictionary of phrases that aims 
to portray different personalities and make them be per-
ceived as social agents able to deliver a memorable cus-
tomer experience. Due to their service robots increased 
popularity, YOTEL Singapore Orchard Road has recently 
introduced the new concept of ROBOCATION, an exclu-
sive robot-centric holiday package where the consumer 
experience entirely revolves around human-robot interac-
tion (YOTEL Singapore, 2022). Despite being a remark-
able example of the deployment of service robots, the latter 
perfectly fit the company philosophy, “Constant and Never-
Ending Innovation.”

Referring to a macro level, although these results incen-
tivize the global adoption of service robots in the hotel mar-
ket, they can also exacerbate the debate about societal issues 
stemming from their introduction. For instance, global lead-
ers are demanding the establishment of “robot taxes” 
(Davenport, 2019). This is due to the fact that in the global 
economy the main source of taxation is referred to human 
workers’ wages (Webster & Ivanov, 2020). If service robots 
were to substitute human employees, governments should 
create completely new taxation systems, which could include 
robot taxes. Besides, discussion related to employment chal-
lenges will soon follow (I. Tussyadiah, 2020). As highlighted 
by Guerreiro et al. (2019) if governments and policymakers 
do not step into the debate, the gradual decrease of automa-
tion costs will translate into a wider discrepancy in income 
inequality. Despite controversial positions in this regard (see, 
Dwivedi et  al., 2023; Wirtz et  al., 2018), we do not truly 
know whether the disruption brought about by artificial 
intelligence infused in service robots will follow the same 
pathway as the previous industrial revolutions, generating 
wealth and new areas of employment. As such, in this cli-
mate of uncertainty, policymakers are called to timely act 
and actively support the transition to a more automated ser-
vice economy, avoiding being caught unprepared when the 
global adoption rate will surge dramatically.

Lastly, the manuscript bears practical implications related 
to its impact on the current COVID-19 pandemic. Since ser-
vice robots have been found to have a largely positive rela-
tionship with respect to perceived customer satisfaction, this 
ensures that advanced technologies can significantly improve 
the consumer experience even in a high-touch service set-
ting. Thus, in light of the social distancing measures put in 
place in many countries around the world, service robots 
could act as a pivotal element in restructuring strategies to 
respond to the unprecedented challenges brought about by 
the COVID-19 pandemic in the hotel industry (Zeng et al., 
2020). For instance, some hotels in the United States have 
started to deploy cleaning robots designed for the healthcare 
industry to sanitize their rooms (Qubein, 2020). Despite 
some of these robots being already in use in service compa-
nies before the global pandemic, the global demand is 

expected to dramatically increase in the foreseeable future 
due to the ongoing pandemic (Financial Times, 2020).

Conclusions, Limitations and Future 
Research

This study aims to determine to what extent service robots 
affect perceived customer satisfaction by leveraging the 
application of three-factor theory to electronic Word-Of-
Mouth data. To this end, text analytics are deployed in con-
junction with a penalty-reward contrast technique on almost 
70,000 online reviews spanning 44 hotels worldwide that 
incorporated service robots in their operations. The results 
show that customer satisfaction with hospitality services is 
significantly increased by positive service robots’ perfor-
mance, while no significant effect is associated with negative 
service robots’ performance. Overall, through the three-fac-
tor theory lens, service robots constitute an “excitement fac-
tor” in the hospitality service offering. Hence, service robots 
are found to act in the satisfaction domain but do not seem to 
significantly cause dissatisfaction when unfavorable perfor-
mance materialized. Also, the traveler type seems not to 
moderate the relationship between service robots’ perfor-
mance and customer satisfaction. The study’s findings are 
confirmed by a semi-experimental research design obtained 
through Propensity Score Matching. Taken together these 
results suggest that the trend of global adoption of service 
robots in the hotel market is becoming increasingly stronger, 
but also contribute critically to the debate about societal 
issues (e.g., inequality, employment-related and ethical con-
cerns) stemming from their introduction and deployment. 
Thus, it is imperative for policymakers and governments to 
act and support the transition to a more automated service 
economy. By doing so, they can avoid being caught unpre-
pared when the global adoption rate surges dramatically.

Despite contributing to the extant literature, this work 
displays some limitations. First, the findings could be biased 
due to the specific moment in time when data was collected. 
Future research, adopting a longitudinal perspective with a 
longer time span, could shed light on the moment where the 
transition from being an “excitement factor” to a “perfor-
mance factor” happens. Moreover, they could consider col-
lecting additional online reviews of hotels that have adopted 
robots after the sampled period. Indeed, the global demand 
for service robots is expected to increase after the Covid-19 
pandemic and this might need a second independent study—
where online review data should be made homogenous—to 
analyze whether there are significant differences between 
the pre- and post-Covid-19 pandemic periods. Second, 
although we use data related to 44 hotels worldwide, we 
only collected them from TripAdvisor. To guarantee the 
generalization of our findings, scholars can extend the cur-
rent research design by analyzing other reviewing platforms 
(i.e., Yelp or Booking.com). Third, even though different 



Borghi and Mariani	 17

robustness checks have been performed to rule out possible 
problems related to sample characteristics and data sparsity, 
endogeneity could still be an issue. Indeed, reviewers’ 
demographic characteristics, such as nationality, age, and 
gender, could have the power to influence the acceptance of 
service robots (see Ivanov et al., 2019; M. M. Mariani et al., 
2020). TripAdvisor optionally allows reviewers to disclose 
their age and gender, but unfortunately in the analyzed sam-
ple less than 30% of the overall population of ORs presents 
this information; thereby, we decided not to use these met-
rics in the empirical analysis. Besides, researchers should 
also consider individual expectations toward human-robot 
interactions (e.g., whether the guest was expected to interact 

with the robot prior to their stay). Controlling for these 
dimensions and possibly conducting field experiments 
would ultimately validate the study’s findings. Fourth, 
scholars might decide to complement our semi-experimen-
tal approach at the online review level with a difference-in-
difference research design (Kim et al., 2021) at the hotel 
level. This can be done by matching hotels that adopted ser-
vice robots (treatment) with firms that did not adopt this 
new form of innovation (control) and considering the pre- 
and post-timeframes as the adoption of robotics for each 
hotel. This would further enrich the evidence on the validity 
(already proved through other robustness checks) of our 
main findings at a different level of analysis.

Appendix

Table A1.  Main Estimation Results Using Ordered Probit Models.

Model 9 Model 10 Model 11 Model 12

  Full sample oprobit Full sample oprobit English sample oprobit English sample oprobit

Robot_Pos H1 0.173*** (0.0406) 0.185*** (0.0495) 0.168*** (0.0475) 0.173** (0.0572)
Robot_Neg H2 −0.0352 (0.0919) −0.0491 (0.0618) −0.0421 (0.116) −0.000375 (0.0786)
Robot_Pos*Business −0.0702 (0.0596) −0.0660 (0.0614)
Robot_Pos*Solo 0.00719 (0.100) 0.00814 (0.133)
Robot_Pos*Family 0.00727 (0.0610) 0.00752 (0.0646)
Robot_Pos*Friends 0.0181 (0.0742) 0.0681 (0.0889)
Robot_Neg*Business 0.265 (0.242) 0.173 (0.228)
Robot_Neg*Solo −0.247 (0.170) −0.256 (0.215)
Robot_Neg*Family −0.0536 (0.105) −0.149 (0.132)
Robot_Neg*Friends 0.0227 (0.362) 0.0165 (0.391)
Observed average rating 0.589* (0.253) 0.591* (0.252) 0.620* (0.251) 0.623* (0.252)
No identity disclosure −0.00922 (0.0122) −0.00943 (0.0121) −0.00716 (0.0134) −0.00736 (0.0133)
Log (reviewer contribution) −0.0488*** (0.0107) −0.0488*** (0.0107) −0.0439*** (0.0118) −0.0438*** (0.0118)
Traveled on business −0.193*** (0.0332) −0.190*** (0.0326) −0.199*** (0.0333) −0.196*** (0.0328)
Traveled solo 0.0666* (0.0302) 0.0708* (0.0332) 0.0584 (0.0306) 0.0630 (0.0348)
Traveled with family −0.0384* (0.0161) −0.0387* (0.0174) −0.0359 (0.0195) −0.0351 (0.0199)
Traveled with friends −0.0282 (0.0266) −0.0264 (0.0249) −0.0457 (0.0278) −0.0518* (0.0255)
Overall sentiment polarity 1.464*** (0.0261) 1.464*** (0.0261) 1.496*** (0.0225) 1.496*** (0.0224)
Log (review length) −0.430*** (0.0185) −0.430*** (0.0184) −0.450*** (0.0216) −0.450*** (0.0216)
  Further controls:  
  Year dummies YES YES YES YES
  Chain YES YES YES YES
  Star rating YES YES YES YES
  Hotel ID YES YES YES YES
Intercept-1 −0.708 (1.119) −0.703 (1.115) −0.567 (1.107) −0.561 (1.109)
Intercept-2 −0.161 (1.122) −0.155 (1.119) −0.0114 (1.116) −0.00538 (1.118)
Intercept-3 0.550 (1.121) 0.555 (1.117) 0.684 (1.108) 0.690 (1.111)
Intercept-4 1.691 (1.158) 1.696 (1.155) 1.772 (1.135) 1.778 (1.137)
Observations 32,976 32,976 26,453 26,453
Pseudo R2 .167 .167 .172 .172
AIC 62,463.5 62,474.0 50,155.5 50,166.7
Log likelihood −31,212.8 −31,210.0 −25,058.7 −25,056.3

Note. Standard errors in parentheses. Models 9 and 10 have fewer observations than the final sample described in the method section (N = 32,985) since nine hotels 
in the sample started their operations with service robots already in their workforce. Thus, the first reviewer of these companies did not observe any prior rating. 
As such, the dimension “Observed Average Rating” is missing. We did not deploy any imputation technique due to the very small number of observations (9). 
Models 11 and 12 contain only ORs written in English.
*p < .05. **p < .01. ***p < .001.
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Table A2.  Estimation Results Propensity Score Matching Sample Using Ordered Probit Models.

Model 13 Model 14 Model 15 Model 16

  Full sample oprobit Full sample oprobit English sample oprobit English sample oprobit

Robot_Pos H1 0.171*** (0.0327) 0.146* (0.0631) 0.176*** (0.0527) 0.117* (0.0561)
Robot_Neg H2 −0.0684 (0.0812) −0.0810 (0.0838) −0.118 (0.129) −0.143 (0.114)
Robot_Pos*Business −0.0381 (0.0904) −0.0232 (0.0981)
Robot_Pos*Solo 0.00861 (0.141) 0.00720 (0.178)
Robot_Pos*Family 0.0564 (0.0765) 0.139 (0.0924)
Robot_Pos*Friends 0.138 (0.148) 0.235 (0.149)
Robot_Neg*Business 0.283 (0.222) 0.229 (0.199)
Robot_Neg*Solo −0.266 (0.172) −0.264 (0.209)
Robot_Neg*Family −0.0211 (0.114) −0.00299 (0.131)
Robot_Neg*Friends 0.148 (0.378) 0.219 (0.414)
Observed average rating 0.205 (0.340) 0.206 (0.337) 0.460 (0.283) 0.454 (0.289)
No identity disclosure −0.00780 (0.0325) −0.00827 (0.0318) −0.0139 (0.0527) −0.0146 (0.0508)
Log (reviewer contribution) −0.0406* (0.0181) −0.0408* (0.0183) −0.0555** (0.0198) −0.0560** (0.0200)
Traveled on business −0.241*** (0.0669) −0.237** (0.0815) −0.237** (0.0815) −0.229* (0.0984)
Traveled solo 0.0727 (0.0537) 0.0921 (0.0843) 0.0921 (0.0843) 0.0722 (0.0943)
Traveled with family −0.0811* (0.0353) −0.0991 (0.0557) −0.0991 (0.0557) −0.178* (0.0799)
Traveled with friends −0.126 (0.0666) −0.179 (0.107) −0.179 (0.107) −0.194* (0.0890)
Overall sentiment polarity 1.407*** (0.0609) 1.409*** (0.0624) 1.409*** (0.0624) 1.481*** (0.0488)
Log (review length) −0.362*** (0.0320) −0.363*** (0.0311) −0.363*** (0.0311) −0.348*** (0.0329)
Further controls:  
  Year dummies YES YES YES YES
  Chain YES YES YES YES
  Star rating YES YES YES YES
  Hotel ID YES YES YES YES
Intercept-1 −2.791 (1.459) −2.803 (1.436) −1.406 (1.201) −1.465 (1.211)
Intercept-2 −2.136 (1.445) −2.147 (1.422) −0.771 (1.212) −0.829 (1.223)
Intercept-3 −1.349 (1.447) −1.359 (1.424) −0.0279 (1.212) −0.0845 (1.223)
Intercept-4 −0.119 (1.455) −0.128 (1.431) 1.120 (1.216) 1.064 (1.227)
Observations 8,019 8,019 6,661 6,661
Pseudo R2 .153 .154 .154 .155
AIC 15,137.8 15,145.9 12,464.9 12,470.1
Log likelihood −7,549.9 −7,545.9 −6,213.4 −6,208.1

Note. Standard errors in parentheses. Models 13 and 14 have fewer observations than the final sample described in Section 4.2 (N = 8,026) since seven 
online reviewers did not observe any prior rating. As such, the dimension “Observed Average Rating” is missing. We did not deploy any imputation 
technique due to the very small number of observations (7).
*p < .05. **p < .01. ***p < .001.
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Table A3.  Estimation Results Robustness Check Using the Sample of Online Reviews Where the Reviewers Have Disclosed Their 
Gender or Their Age Range (No Identity Disclosure = 0) Using Ordered Logistic Models.

Model 17 Model 18 Model 19 Model 20

  Full sample ologit Full sample ologit English sample ologit English sample ologit

Robot_Pos H1 0.366** (0.112) 0.537*** (0.151) 0.389** (0.138) 0.566*** (0.170)
Robot_Neg H2 −0.0995 (0.199) −0.0658 (0.119) −0.0964 (0.296) −0.164 (0.236)
Robot_Pos*Business −0.550*** (0.148) −0.603*** (0.171)
Robot_Pos*Solo 0.130 (0.238) 0.168 (0.318)
Robot_Pos*Family 0.121 (0.173) 0.108 (0.160)
Robot_Pos*Friends 0.477 (0.413) 0.317 (0.308)
Robot_Neg*Business 0.177 (0.438) 0.324 (0.459)
Robot_Neg*Solo −0.0514 (0.311) −0.0256 (0.338)
Robot_Neg*Family −0.0379 (0.300) −0.286 (0.443)
Robot_Neg*Friends 0.547 (0.447) 0.880 (0.588)
Observed average rating 0.649 (0.494) 0.666 (0.484) 0.714 (0.551) 0.735 (0.546)
Log (reviewer contribution) −0.0780*** (0.0151) −0.0771*** (0.0153) −0.0775*** (0.0201) −0.0763*** (0.0202)
Traveled on business −0.489*** (0.0592) −0.441*** (0.0585) −0.489*** (0.0710) −0.433*** (0.0695)
Traveled solo 0.0391 (0.0922) 0.0475 (0.103) 0.0644 (0.108) 0.0724 (0.123)
Traveled with family −0.153** (0.0472) −0.144* (0.0621) −0.157** (0.0539) −0.143* (0.0674)
Traveled with friends −0.110** (0.0423) −0.0709 (0.0458) −0.171* (0.0746) −0.147* (0.0643)
Overall sentiment polarity 2.471*** (0.0516) 2.476*** (0.0521) 2.517*** (0.0652) 2.526*** (0.0653)
Log (review length) −0.666*** (0.0298) −0.668*** (0.0295) −0.712*** (0.0387) −0.716*** (0.0386)
Further controls:  
  Year dummies YES YES YES YES
  Chain YES YES YES YES
  Star rating YES YES YES YES
  Hotel ID YES YES YES YES
Intercept-1 −3.995 (2.097) −3.918 (2.059) −3.992 (2.380) −3.914 (2.355)
Intercept-2 −2.708 (2.077) −2.632 (2.039) −2.714 (2.367) −2.637 (2.342)
Intercept-3 −1.021 (2.076) −0.944 (2.038) −1.053 (2.361) −0.975 (2.337)
Intercept-4 1.225 (2.108) 1.304 (2.071) 1.102 (2.386) 1.183 (2.362)
Observations 9,961 9,961 7,384 7,384
Pseudo R2 0.136 0.137 0.146 0.147
AIC 19,711.9 19,715.0 14,601.5 14,604.8
Log likelihood −9,837.9 −9,831.5 −7,282.7 −7,276.4

Note. Standard errors in parentheses.
*p < .05. **p < .01. ***p < .001.
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Table A4.  Estimation Results Robustness Check Using the Sample of Online Reviews Where the Reviewers Have Disclosed Their 
Gender or Their Age Range (No Identity Disclosure = 0) Using Ordered Probit Models.

Model 21 Model 22 Model 23 Model 24

  Full sample oprobit Full sample oprobit English sample oprobit English sample oprobit

Robot_Pos H1 0.225*** (0.0666) 0.307*** (0.0853) 0.242** (0.0785) 0.324*** (0.0928)
Robot_Neg H2 −0.0799 (0.117) −0.0458 (0.0693) −0.0978 (0.167) −0.119 (0.136)
Robot_Pos*Business −0.301*** (0.0844) −0.333*** (0.0978)
Robot_Pos*Solo 0.109 (0.130) 0.144 (0.177)
Robot_Pos*Family 0.0392 (0.0935) 0.0275 (0.0900)
Robot_Pos*Friends 0.223 (0.126) 0.114 (0.183)
Robot_Neg*Business 0.0385 (0.225) 0.123 (0.217)
Robot_Neg*Solo −0.0499 (0.171) −0.00651 (0.196)
Robot_Neg*Family −0.00870 (0.150) −0.168 (0.217)
Robot_Neg*Friends 0.415 (0.259) 0.677 (0.455)
Observed average rating 0.401 (0.286) 0.413 (0.280) 0.432 (0.330) 0.447 (0.327)
Log (reviewer contribution) −0.0386*** (0.00847) −0.0383*** (0.00857) −0.0389*** (0.0111) −0.0384*** (0.0112)
Traveled on business −0.291*** (0.0324) −0.266*** (0.0320) −0.289*** (0.0388) −0.258*** (0.0377)
Traveled solo 0.0258 (0.0522) 0.0331 (0.0584) 0.0380 (0.0602) 0.0461 (0.0686)
Traveled with family −0.0960*** (0.0268) −0.0931** (0.0345) −0.0987** (0.0314) −0.0935* (0.0390)
Traveled with friends −0.0800*** (0.0238) −0.0643* (0.0270) −0.125** (0.0441) −0.119** (0.0380)
Overall sentiment polarity 1.375*** (0.0268) 1.378*** (0.0273) 1.402*** (0.0329) 1.408*** (0.0332)
Log (review length) −0.405*** (0.0157) −0.406*** (0.0156) −0.431*** (0.0202) −0.433*** (0.0202)
Further controls:  
  Year dummies YES YES YES YES
  Chain YES YES YES YES
  Star rating YES YES YES YES
  Hotel ID YES YES YES YES
Intercept-1 −2.111 (1.225) −2.056 (1.201) −2.141 (1.436) −2.084 (1.418)
Intercept-2 −1.488 (1.216) −1.433 (1.192) −1.522 (1.433) −1.465 (1.415)
Intercept-3 −0.629 (1.214) −0.574 (1.190) −0.676 (1.433) −0.617 (1.415)
Intercept-4 0.679 (1.239) 0.736 (1.216) 0.580 (1.454) 0.640 (1.436)
Observations 9,961 9,961 7,384 7,384
Pseudo R2 .137 .137 .146 .146
AIC 19,709.8 19,713.8 14,605.5 14,608.4
Log likelihood −9,836.9 −9,830.9 −7,284.8 −7,278.2

Note. Standard errors in parentheses.
*p < .05. **p < .01. ***p < .001.
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Table A5.  Estimation Results Robustness Check Using the Propensity Score Matching Sample of Online Reviews Where the Reviewers 
Have Disclosed Their Gender or Their Age Range (No Identity Disclosure = 0) Using Ordered Logistic Models.

Model 25 Model 26 Model 27 Model 28

  Full sample ologit Full sample ologit English sample ologit English sample ologit

Robot_Pos H1 0.269** (0.0952) 0.433*** (0.105) 0.335* (0.153) 0.395** (0.125)
Robot_Neg H2 −0.0538 (0.187) −0.0548 (0.139) −0.00629 (0.284) −0.0589 (0.228)
Robot_Pos*Business −0.753*** (0.204) −0.846*** (0.208)
Robot_Pos*Solo 0.0898 (0.392) 0.0437 (0.425)
Robot_Pos*Family 0.111 (0.273) 0.389 (0.451)
Robot_Pos*Friends 0.0610 (0.445) 0.259 (0.455)
Robot_Neg*Business 0.514 (0.502) 0.710 (0.476)
Robot_Neg*Solo −0.0204 (0.370) −0.218 (0.459)
Robot_Neg*Family −0.0689 (0.415) −0.171 (0.538)
Robot_Neg*Friends 0.796 (0.632) 1.209 (0.850)
Observed Average Rating 0.378 (0.821) 0.350 (0.815) 0.324 (0.682) 0.351 (0.680)
Log (reviewer contribution) −0.115*** (0.0238) −0.116*** (0.0245) −0.152*** (0.0403) −0.152*** (0.0397)
Traveled on business −0.537*** (0.149) −0.259 (0.162) −0.504** (0.188) −0.190 (0.205)
Traveled solo 0.00241 (0.162) 0.0286 (0.267) 0.0527 (0.161) 0.0688 (0.270)
Traveled with family −0.302*** (0.0749) −0.277 (0.167) −0.640* (0.271) −0.793 (0.427)
Traveled with friends −0.467** (0.148) −0.500 (0.329) −0.437*** (0.129) −0.595** (0.189)
Overall sentiment polarity 2.545*** (0.169) 2.568*** (0.176) 2.553*** (0.129) 2.606*** (0.127)
Log (review length) −0.580*** (0.0734) −0.590*** (0.0749) −0.592*** (0.0735) −0.610*** (0.0784)
Further controls:  
  Year dummies YES YES YES YES
  Chain YES YES YES YES
  Star rating YES YES YES YES
  Hotel ID YES YES YES YES
Intercept-1 −9.329** (3.484) −9.309** (3.453) −5.840 (3.124) −6.000 (3.128)
Intercept-2 −7.692* (3.511) −7.677* (3.487) −4.315 (3.222) −4.477 (3.219)
Intercept-3 −5.879 (3.494) −5.863 (3.473) −2.653 (3.164) −2.806 (3.154)
Intercept-4 −3.589 (3.501) −3.564 (3.479) −0.611 (3.211) −0.744 (3.203)
Observations 2,927 2,927 2,255 2,255
Pseudo R2 .152 .154 .143 .148
AIC 5,656.6 5,658.4 4,404.2 4,394.9
Log likelihood −2,810.3 −2,803.2 −2,184.1 −2,171.5

Note. Standard errors in parentheses.
*p < .05. **p < .01. ***p < .001.
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