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Abstract

Despite the growing application of interactive technologies like service robots in

customer service, there is limited understanding about how customers respond to

interactions with frontline service robots compared to those with frontline human

employees. Moreover, it is unclear whether all customers respond to the interaction

with frontline service robots in the same way. Our research looks at how individual

differences in social behaviors, specifically in customers' attachment styles, influ-

ence three types of customer responses: affective responses (experienced plea-

santness), attitudinal responses (perceived empathy, satisfaction), and behavioral

responses (word‐of‐mouth). Three experimental studies reveal that customers with

low (vs. high) scores on anxious attachment style (AAS) measures respond more

negatively to frontline service robot (compared to a frontline human agent). We

investigate alternative explanations for these findings, such as robots' level of an-

thropomorphism and we show that human‐likeness features such as voice type and

level of human‐like physical appearance, cannot explain our findings. Our results

indicate that for low‐AAS customers replacing frontline human service agent with

frontline robot undermines customer attitude and behavioral responses to service

robots, leading to possible implications on customer segmentation, targeting, and

marketing communication.

K E YWORD S

anthropomorphism, attachment styles, empathy, service robots, social response

1 | INTRODUCTION

Frontline service robots, defined as “system‐based autonomous and

adaptable interfaces that interact, communicate and deliver service

to an organization's customers” (Wirtz et al., 2018, p. 909), have

been promoted as a way for companies to improve their interactions

with customers. Frontline service robots have the capacity to im-

prove many facets of a service, including efficiency, in service loca-

tions where the type of customer interactions is repetitive in nature

or services where customers may be indifferent to social‐emotional

and relational elements (Rafaeli et al., 2017). In fact, several com-

panies are already using service robots as part of innovative

approaches to customer interaction. Examples include (1) Hilton's

Connie robot‐concierge (Mest, 2016) and (2) the Henn‐na hotel's

robot hotel receptionists in Japan (Demetriou, 2015).

However, customer acceptance of human–robot interaction in the

service industry is still low, with most people still preferring to interact

with humans. Thus, one of the most important challenges for marketers
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is understanding in depth customers' responses to service robots and

what situations can be most appropriate for incorporating successfully

service robots in their interactions with customers. Notably, marketing

researchers have grown more interested in this topic, but produced

mixed results. On one hand, some past research found that customers

report positive attitudes and enhanced contact intentions with service

robots (Belanche et al., 2020; Qiu et al., 2020; Reich & Eyssel, 2013). On

the other hand, previous empirical evidence has demonstrated that some

customers experience discomfort and dissatisfaction when interacting

with service robots (Choi et al., 2020; Desai et al., 2013; Mende, Scott,

van Doorn et al., 2019). We suspect the inherent heterogeneity among

both customers (e.g., in terms of age, gender, culture and occupation) and

service robots (e.g., in terms of functionality, physical appearance and

voice) may partly explain such mixed findings (Castelo et al., 2019;

Hancock et al., 2011; Wirtz & Zeithaml, 2018).

Against this backdrop, the present research studies the effect of

human–robot interactions in service settings by investigating the

role of individuals' attachment style, which describes the systematic

pattern of affective and behavioral responses in a human‐human

interaction (Bowlby, 2008; Mikulincer & Shaver, 2016). We believe

that individual attachment styles, defined as working models of how

people behave in social interactions (Shaver et al., 2005), might be

particularly relevant to understanding customers' affective, attitu-

dinal, and behavioral responses to interactions with frontline service

robots. Specifically, we build on the idea that, in the case of absence

or unreliability of human figures, people can rely on nonhuman tar-

gets (e.g., service robots) to generate compensatory experiences of

attachment security (Keefer et al., 2012; Mikulincer & Shaver, 2016).

In frontline service settings, service robots represent the inter-

action counterpart of a customer and therefore can be viewed as

social robots (Van Doorn et al., 2017; Wirtz et al., 2018). Past research

suggests that humans already sometimes apply social rules, expecta-

tions and anthropomorphic qualities to robots (Nass & Moon, 2000;

Sung et al., 2007). According to the social response theory, people

tend to assign “personality” to interactive technologies (Brave

et al., 2005; Nass & Moon, 2000). Specifically, customers tend to as-

cribe human characteristics to interactive technology—such as gender,

name, and ethnicity—leading to an interaction that increasingly

resembles a “normal” social interaction (Nass & Moon, 2000; Sung

et al., 2007). The core premise of our work is that in some cases

frontline service robots might elicit affective and attitudinal responses

that approximate the social responses typical of human‐human in-

teraction (Nass & Moon, 2000; Wirtz et al., 2018). Thus, we argue that

individual working models of behavior in social interactions with hu-

mans (i.e., attachment styles) may apply to human–robot service in-

teraction and thus influence customers' affective and attitudinal

responses toward frontline (social) service robots.

Through our investigation, we seek to explain the inconsistent prior

results on human responses to frontline service robots. We do so by

comparing customer responses in service interactions where the agent is

a human employee to customer responses in service interactions where

the agent is a frontline robot. This is especially important in service

pseudorelationships in which a customer typically interacts with different

frontline agents, such as in airlines, restaurants, or hotels (Belanche

et al., 2020; Hess et al., 2007). We report the results of three online

experiments that collectively investigate affective responses (i.e., ex-

perienced pleasantness) and attitudinal responses (i.e., perceived em-

pathy and satisfaction) to frontline service robots, alongside behavioral

responses (e.g., word‐of‐mouth, hereafter WOM). In doing so, our re-

search makes several contributions to the marketing literature, and

particularly to the stream focused on understanding customers' re-

sponses to frontline service robots (Belanche et al., 2020; Castelo

et al., 2019; Ivanov et al., 2018; Van Doorn et al., 2017; Wirtz

et al., 2018).

First, we attempt to explain previous mixed findings on customer

responses to frontline service robots (Belanche et al., 2020;

Mende, Scott, van Doorn et al., 2019; Reich & Eyssel, 2013; Van

Doorn et al., 2017). Marketing scholars have suggested that the

mixed findings might be partially explained by customer‐related
factors including: gender (Ivanov et al., 2018), age (Kuo et al., 2009),

culture (Li et al., 2010), and occupation (Reich & Eyssel, 2013).

Building on social response theory (Nass & Moon, 2000) and at-

tachment theory (Mikulincer & Shaver, 2016), we investigate the role

of a different customer‐related factor, namely individual anxious

attachment style (hereafter AAS). Thus, we expand prior conceptual

foci by identifying and investigating a novel theoretical mechanism

underlying customer responses in human–robot service interaction.

Second, previous research suggests that robot‐related features

(such as voice and human‐like physical appearance) can moderate

customer responses to frontline service robots (Castelo et al., 2019;

Hancock et al., 2011; Nass & Brave, 2005; Wirtz et al., 2018). We

contribute to this literature showing that the effect of attachment

style on customer responses to frontline service robots is not mod-

erated by the level of robot anthropomorphism.

Third, we contribute to the growing body of literature that seeks

to understand how individual attachment styles affect customer re-

sponses to products, services, and marketing communication (David

& Bearden, 2017; Mende, Scott, Gravey et al., 2019). Recently,

scholars have begun paying more attention to attachment styles, as

they substantially affect the quality of social interactions, including

customers' affective and attitudinal responses to human employees

(Mende & Bolton, 2011; Mende, Scott, Garvey et al., 2019) as well as

to interactive technology (Konok et al., 2016; Oldmeadow

et al., 2013; Park et al., 2019). Our results shed light on the role

played by attachment styles in the context of human–robot service

interaction. Likewise, we show that our findings are specific to cus-

tomer responses to frontline service robots, which differentiates our

work from the impact of attachment styles on Facebook use

(Oldmeadow et al., 2013), adoption of social network sites (Park

et al., 2019), advertising (David & Bearden, 2017), and romantic

consumption (Mende, Scott, Garvey et al., 2019).

Fourth, our research sheds light on the psychological process that

underlies AAS differences in customer responses to frontline service

robots. We show that the impact of AAS on customer attitude and be-

havioral responses to frontline service robots is mediated by the robots'

perceived empathy (Belanche et al., 2020; Castelo et al., 2019).
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Finally, our research can offer practical implications for mar-

keting managers working in those service industries looking for new

ways to engage customers or improve the service delivery process,

as well as for those retail managers who are interested in investing in

frontline service robots. Specifically, our research supports the im-

plementation of service robots by showing that replacing human

service agents with service robots does not affect customer experi-

enced pleasantness, satisfaction and the propensity to spread posi-

tive WOM for anxiously attached customers (to be elaborated upon

in the Section 7).

2 | LITERATURE REVIEW ON CUSTOMER
RESPONSES TO FRONTLINE SERVICE
ROBOTS

Robots have emerged as a popular technology trend within the service

industry. Service robots are considered a future workforce in hotels,

airports and restaurants, as they could possibly substitute or assist

human workforce (Choi et al., 2020). Leading companies are already

using frontline service robots with the intent of boosting personali-

zation and customer service while modernizing their service delivery

process (Demetriou, 2015; Mest, 2016). For instance, Hotel Jen in

Singapore, part of the Shangri‐La Hotels and Resorts, launched room‐
service delivery robots (i.e., Relay developed by Savioke) (Jong, 2017).

Similarly, Hotel Icon in Hong Kong introduced two types of robots,

namely, a service delivery robot developed by Konia Minolta and a

cleaning robot developed by Diversey (www.hotel-icon.com).

As the presence of service robots in everyday life increases, so does

the body of research examining the dynamics of human–robot interac-

tions (Belanche et al., 2020; Ivanov et al., 2018; Lu et al., 2020; Mende,

Scott, van Doorn et al., 2019; Wirtz et al., 2018). Previous research

provides mixed findings on the customer responses to frontline service

robots (Everett et al., 2016; Mende, Scott, van Doorn et al., 2019; Reich &

Eyssel, 2013). On one hand, past research found relatively positive atti-

tudes toward frontline service robots (Reich & Eyssel, 2013). For in-

stance, Belanche et al. (2020) found that customers make stronger

attributions of responsibility for the service performance to human em-

ployees than to service robots, especially when service failure occurs.

Moreover, in a study on the antecedents of customers' intention to use

services of restaurant robots, Cha (2020) found that both hedonically

and socially motivated consumer innovativeness have positive effects on

customers' attitudes toward service robots.

On the other hand, significant body of literature found that in-

teracting with service robots can cause unpleasant experiences (Leung

et al., 2018). Tentatively, this study stream suggests that customers

perceive robots as less trustworthy (Desai et al., 2013; Everett

et al., 2016) and less capable of understanding and satisfying custo-

mers' needs than human agents (Paiva et al., 2017; Rosete

et al., 2020). In hotel settings, for instance, Chan and Tung (2019)

showed that human employees outperform frontline service robots in

making customers emotionally attached to the hotel brand. Moreover,

the same study found that customers report more pleasant experience

when human employees rather than frontline service robots delivered

the service. Finally, many perceive that frontline service robots cannot

reliably fulfill certain aspects of hotel guest experience including

human‐staff interaction (Tung & Law, 2017).

Previous research suggests that these mixed findings on customer

responses to frontline service robots might be due to robot‐related de-

sign attributes (e.g., anthropomorphism) and customer‐related factors

(Castelo et al., 2019; Hancock et al., 2011; Wirtz et al., 2018). Indeed, for

the most part, previous literature has focused on the technical properties

of service robots, such as their external physical appearance, gender and

voice (Castelo, 2019; Eyssel et al. 2012). For example, van Pinxteren et al.

(2019) have discussed the impact of robots' anthropomorphism on cus-

tomer affective responses (enjoyment), attitudinal responses (trust), and

behavioral responses. Moreover, Jörling et al. (2019) found that the

perceived autonomy of the robots leads to a decrease in customers'

feelings of control. In restaurant settings, sensory elements of the robot

service improve customer affective and attitudinal responses towards

the use of robots (Cha, 2020). In hotel settings, customer intention to

adopt hotel service robots is likely to be influenced by robot's level of

anthropomorphism (Tussyadiah & Park, 2018).

Only recently have researchers started looking at how individual

differences (Ivanov et al., 2018; Kuo et al., 2009) might affect custo-

mers in their interactions with service robots (see Web Appendix

Table S1). For example, Hudson et al. (2017) found that younger, male

and more educated customers had more favorable attitude toward

service robots caring for elderly. Ivanov et al. (2018) also found that

male customers have more positive attitude toward service robots in

hotels. Other individual differences that can influence customer re-

sponses to service robots include but are not limited to: customers'

level of technology attachment (Wu & Cheng, 2018), need for cogni-

tion and technology commitment (Reich & Eyssel, 2013), occupation

(Reich & Eyssel, 2013), perceived social belongingness (Mende, Scott,

van Doorn et al., 2019), culture (Li et al., 2010), and customers'

openness to change (Čaić et al., 2019). However, to the best of our

knowledge, no previous research has studied whether working models

of how people respond in social interaction (e.g., attachment styles)

can influence customer affective and behavioral responses to frontline

service robots. As frontline service robots are expected to re-

volutionize the service delivery process in the coming decades, with

substantial benefits in terms of cost‐efficiency and service quality

(Wirtz & Zeithaml, 2018), the question of how and why customers

differ in their responses to frontline service robots and the determi-

nants of such responses appears to be of pivotal importance.

3 | CONCEPTUAL FRAMEWORK AND
HYPOTHESIS DEVELOPMENT

3.1 | The role of attachment styles in interaction
with service robots

Past research suggests that people mindlessly apply social norms to

interactive technology (Nass & Moon, 2000; Sung et al., 2007).
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The social response theory demonstrates the depth of social re-

sponses by presenting a variety of outcomes that occur, consistent

with the human personality psychology literature, when people as-

cribe human personality to an intelligent technology (Nass &

Moon, 2000). Specifically, people tend to overuse human social

categories, such as gender and ethnicity, and to engage in over-

learned social behaviors such as reciprocity and politeness, toward

interactive technology (Brave et al., 2005; Nass & Moon, 2000).

Importantly, in the context of social interactions, service robots can

often create some degree of social presence and make customers

feel that they are in the presence of another social entity (Van Doorn

et al., 2017).

Grounding on attachment theory (e.g., Bowlby, 2008), our re-

search proposes that customers' attachment styles influence affec-

tive and attitudinal responses to frontline service robots. Attachment

theory assumes that early life experiences with caretakers shape the

way the attachment system operates, affecting how people respond

and relate to others. The result is known as attachment styles:

working models of how people function in relationships (Shaver

et al., 2005). In general, scholars recognize three attachment styles.

Secure attached people experience consistent psychological comfort

from caretakers during childhood and thus associate close relation-

ships with the positive experience of care, comfort, and being loved

(Mikulincer et al., 2003). Two conditions threaten the security that

people derive from their attachment to close others, and each in-

volves a specific compensatory response aimed at regaining the

feeling of security. First, avoidant attachment style emerges when

caretakes consistently do not respond to the child in need; conse-

quently, the child learns to deactivate the attachment system, which

implies that the child learns that relying on others is not an effective

way to manage distress. Second, anxious attachment style emerges

when caretakers respond inconsistently to the child in need or

provide unreliable support, generating a hyperactivation of the at-

tachment system. To minimize attachment anxiety, people use stra-

tegies intended to reduce uncertainty about others, such as

persistent effort to establish human proximity or elicit support

through clinging responses.

Previous research suggests that customers can form attachments

to nonhuman targets to generate compensatory experiences of at-

tachment security (Mikulincer et al., 2003). Specifically, Keefer et al.

(2012) found that people report increased attachment to objects and

that this effect was mediated by attachment anxiety, but not by at-

tachment avoidance. Furthermore, Konok et al. (2016) studied the

role of AAS in people's attachment to mobile phones, reporting that

higher customers' scores on AAS, but not on avoidant attachment,

were associated with higher predisposition to forming an attachment

to their mobile device. Building on this study, we assume that for

customers scoring high on AAS an attachment to material objects can

similarly serve as a compensatory mechanism, which may lead to more

positive affective and attitudinal responses to robot (vs. human) ser-

vice interaction. Past research suggests that a decrease in AAS is

associated with an increased level of satisfaction in social relation-

ships, because less anxious people feel at ease, confident and relaxed

when interacting with other humans (Mikulincer et al., 2001). More-

over, they feel very comfortable with human intimacy and value the

social skills of the relationship partner (e.g., giving and receiving social

feedback) (Joireman et al., 2002; Mikulincer & Shaver, 2016). A similar

pattern emerges in customers' commercial service interactions. For

example, low scores on AAS are positively associated with customers'

pleasant experience with and satisfaction toward human service em-

ployees (Mende & Bolton, 2011). Drawing on these empirical insights,

we hypothesize that:

H1: As anxious attachment style decreases, there is an increase in the

expressed satisfaction of human versus robot (with human‐like voice)

service interactions.

3.2 | The impact of level of robot
anthropomorphism on customer responses to service
robots

Research on service robots design suggests that service robots can be

differentiated along various design features including representation

(physical vs. virtual), anthropomorphism (anthropomorph vs. non-

humanoid) and task orientation (cognitive‐analytical vs. emotional‐
social) (Wirtz et al., 2018). Although a review of the literature on

robotic design is beyond the scope of our discussion, we note that

robots with human‐like features are designed with the aim of being

more sociable and encouraging customers to bond with them (Mende,

Scott, van Doorn et al., 2019; Wirtz et al., 2018).

Previous research on service robots design suggests that human‐
like voices are particularly important for conveying the humanness of

the service provider, in comparison to other visual cues, with possible

implications in terms customer satisfaction and intention to use (Nass

& Brave, 2005). Moreover, past empirical evidence shows that robots

with robot‐like voices were anthropomorphized less strongly (Eyssel

et al., 2012) and adding human‐like voice to a computerized agent

increases anthropomorphism (Nass & Brave, 2005). According to the

concept of “uncanny valley,” service robots with human‐like attributes

(e.g., human voice) are likely to elicit aversive responses in humans,

such as unpleasant feelings, because people perceive a mismatch be-

tween the service robot's intended human qualities and its real non-

human traits (Mori et al., 2012). Notably, the empirical evidence of the

uncanny valley in response to a variety of service robots is incon-

sistent (for a discussion on possible reasons for this inconsistency see

Kätsyri et al., 2015 and Piwek et al., 2014), which does not allow us to

make a clear proposition on how the level of robot anthropomorphism

will affect the role of customers' AAS in moderating customer re-

sponses to human (vs. frontline robot) service provider. Moreover,

previous research on human–robot interaction suggests that the ro-

bots' anthropomorphism can influence different types of customer

responses, namely affective responses (enjoyment), attitudinal re-

sponses (trust), and behavioral responses (Cha, 2020; van Pinxteren

et al., 2019). For example, Chan and Tung (2019) found that customers

report more pleasant experience when human employees rather than

frontline service robots delivered the service. Based on previous
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empirical evidence, we investigate whether the effect of customers'

AAS on customers' affective, attitudinal and behavioral responses

toward human (vs. frontline robot) service agent will differ for service

robots with less human‐like attributes (robot‐like voice).

Another important service robot design element is the level of

human‐like physical appearance (Wirtz et al., 2018). Frontline service

robots can be designed as humanoid simulating human appearance

(e.g., Sophia) or as a nonhumanoid (e.g., Relay robot) (Wirtz

et al., 2018). Using the User Experience and Societal Impact frame-

work, Tung and Law (2017) showed that hotel guests reported en-

hanced experience with anthropomorphic robots compared to

zoomorphic and functional robots. These results were consistent

with Tussyadiah and Park (2018) study on customer responses to

service robots in terms of anthropomorphism, which compared an

anthropomorphic robot to a functional one. The results revealed

strong effects of anthropomorphism on users' responses and inten-

tion to adopt the anthropomorphic robot. However, the same argu-

ment may easily lead to negative responses (e.g., disappointment and

dissatisfaction) with anthropomorphic service robots. Specifically, an

alternative theoretical lens suggests that service robots with highly

human‐like physical attributes are likely to elicit aversive responses

in customers, especially for humanoid robots that imitate but fail to

attain humanness fully (Moosa & Ud‐Dean, 2010; Mori et al., 2012).

Based on this empirical evidence, we test whether the effect of

customers' AAS on their attitudinal and behavioral responses toward

human (vs. frontline robot) service agent will differ for service robots

with more human‐like physical appearance.

3.3 | The role of robots' perceived empathy on
customer responses to service robots

Existing literature on human–robot interaction suggests that human‐
human interaction differs from human–robot interaction because the

former implies (1) social perspective‐taking (e.g., understanding the

thought, emotions and motivations of others), (2) assuming the

other's mind (e.g., ability to see other entities as intentional agents,

whose behavior is driven by desires, states and beliefs), and (3)

common ground between the two agents (e.g., the sum of mutual or

joint knowledge and suppositions), (Krämer et al., 2012). Although

human–robot interaction cannot be categorized as having a real

social nature, frontline service robots try to mimic social character-

istics (e.g., talking with a human/robotic voice instead of beeping) to

enhance parasocial interaction. Importantly, frontline service robots

are introduced to increase standardization and deliver a homo-

genous output for customers, but lack empathy (Wirtz et al., 2018).

Previous research emphasizes the critical role of empathy in shaping

customer responses to service delivery (Wieseke et al., 2012). Empathy is

a complex phenomenon in which several human abilities (e.g., social‐
perspective taking) and assumptions (e.g., understanding of others

motivations) are needed (Hoffman, 2001). Past studies on customer

responses to frontline service robots distinguish between the

social‐emotional and functional‐relational dimensions (Wirtz et al., 2018).

The social‐emotional dimension, captured by the concept of social pre-

sence, is identified as a situation where frontline service robots are

caretaking and customers feel that they are in the presence of another

social entity that is capable of understanding their emotions. The

functional‐relational dimension, meanwhile, is closely associated to the

feeling of trust that service robots can convey to customers during a

service interaction. Past research shows that customers perceive service

robots (vs. humans) as less capable of understanding and resonating with

human emotions (Paiva et al., 2017; Rosete et al., 2020). However, per-

ceived empathy can have a profound effect on customer responses to

frontline service robots (Cramer et al., 2010; Desai et al., 2013). Finally, it

is widely known that satisfied customers will engage in more favorable

WOM (Anderson, 1998). Drawing on these empirical insights, we hy-

pothesize that:

H2A: Customers interacting with a human (vs. human‐like robot)

service agent will report enhanced perceived empathy, which in turn will

lead to higher positive WOM.

As already discussed, previous literature on customer responses to

service robots suggests that, to have an effective human–robot service

interaction, frontline service robots should be able to recognize users'

emotions and to respond with affection during the service interaction (Lu

et al., 2020; Wirtz et al., 2018). But is this true for all customers? Service

robots tend to be good in acquiring almost all cognitive abilities such as

rationality, logic and planning skills (Castelo, 2019; Wirtz et al., 2018).

Human employees are better in noncognitive skills such as affective,

personal and social abilities (Castelo, 2019; Lu et al., 2020). In the same

fashion, customers are also unique in their personal experiences, needs

and responses to service interactions. Some customers have a strong

need for a genuine social interaction that can fulfill their social‐emotional

needs, while others prefer to avoid social situations with human em-

ployees (King et al., 2006). Thus, customer responses to service inter-

action in a frontline setting featuring service robots may depend on such

individual customer traits (e.g., AAS), too.

Anxious attached individuals crave intimacy in a social interaction,

but at the same time are preoccupied with receiving unreliable social

feedback (Mikulincer et al., 2003; Shaver et al., 2005). Unlike humans,

objects (e.g., service robots) are perceived as exceptionally reliable,

especially when it comes to social feedback (Keefer et al., 2012). Previous

literature suggests that robots (compared to humans) are perceived as

less empathic, less socially expressive, and less capable of understanding

human feelings, and thus less capable of displaying social cues that can be

interpreted as possible signs of deprecation (Paiva et al., 2017; Wirtz

et al., 2018). This responsiveness, although decoupled from the care and

compassion people typically seek from a human, may be attractive to

people confronted with the possibility to receive unreliable social feed-

back from others (Joireman et al., 2002). Thus, we assume that high AAS

individuals will not differ in their responses toward the interaction with

the robot (vs. human) service agent, as long as the service agent delivers

on the functional needs (e.g., flawless check‐in procedure).

On the other hand, for people with low scores on AAS, social‐
emotional skills of the service counterpart and the genuine social

feedback are important for a healthy social interaction (Mikulincer

et al., 2001). The more that mutual social‐emotional empathy
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characterizes the service interaction, the more likely this service in-

teraction is to lead to a satisfying service outcome (Joireman

et al., 2002). Thus, for these customers, fulfilling the functional needs

(e.g., fast and flawless check‐in) is not sufficient condition for them to

be satisfied. Customers low on AAS require that a service agent is

capable of correctly assessing and fulfilling their social‐emotional

and relational needs (e.g., social perspective‐taking, assuming

other's mind).

Drawing on these insights, we argue that the perceived empathy

of the human (vs. robot) service agent will be moderated by custo-

mers' AAS score, in a similar fashion as hypothesized in H1 (Joireman

et al., 2002; Mikulincer et al., 2001). Hence, following the logic be-

hind H1, we argue that customers scoring low on the AAS scale will

report higher perceived empathy with a human (vs. robot) service

agent, which in turn will positively affect their propensity to engage

in positive WOM.

H2B: As anxious attachment style decreases, there is an increase in

the perceived empathy of human versus human‐like service robot. Higher

levels of perceived empathy will lead to enhanced positive WOM.

The overall conceptual model for this study can be found in

Figure 1.

4 | STUDY 1: THE ROLE OF INDIVIDUAL
AAS ON CUSTOMER RESPONSES TO
HUMAN (VS. SERVICE ROBOT WITH
HUMAN VOICE)

Study 1 is an online experiment aimed to test H1 where English‐
speaking respondents were shown a video of the service interaction

with human (or frontline robot) service agent and were asked to

imagine themselves as the customer. The study examines the impact

of customers' AAS score on customer satisfaction with a human

(vs. frontline robot) service agent with a male human voice.

We controlled for gender (Ivanov et al., 2018) and age (Kuo

et al., 2009), as these factors may influence customer responses to

frontline service robots.

4.1 | Method

4.1.1 | Participants

Three‐hundred and fifty MTurk members (Mage = 31.92 years, SD =

10.64, 44% female) participated in this study in exchange for a

nominal payment.

4.1.2 | Procedure

Participants were randomly assigned to watch a video that featured

a hotel registration procedure with either a human or robot service

agent. Half of the sample saw a video showing an interaction with a

human service agent; the other half saw a video showing an inter-

action with a service robot with a human voice. The service inter-

action represents a check‐in procedure in a hotel lobby. We created

a custom‐made video, from customers' first‐person perspective,

showing an actual human–human (or human–robot) service situation

in which the customer and the service agent interact during the

service process (see Web Appendix Table 2; Web Appendix

Figure 1). Before seeing the video, participants were asked to ima-

gine playing the role of the customer interacting with the service

agent. To facilitate participants' imagination, the voice of the cus-

tomer (male, female) was matched with the gender of the partici-

pants. Then, participants watched the video depicting the interaction

between a customer and the receptionist in a hotel lobby. After

watching the video, participants answered questions on customer

satisfaction, AAS scale, and demographics.

F IGURE 1 Conceptual model of the variables in the study
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4.1.3 | Data acquisition

We used the scale proposed by Brennan et al. (1998) to assess par-

ticipants' AAS scores (Cronbach's ɑ .84; MAAS = 4.9, SD= 1.2). Custo-

mer satisfaction was measured with a five‐item questionnaire (Van

Dolen et al., 2002): Items were rated on a seven‐point Likert scale,

with “Strongly disagree/Strongly agree” as end‐points and “neutral” as

the mid‐point (Cronbach's ɑ .88; Msatisfaction = 5.53, SD = 1). All scales

used in this study can be found in Web Appendix Table 3.

4.1.4 | Stimuli validation

A stimuli validation pre‐test was conducted to assess the human

versus robot manipulation of the service agent type. We asked an

independent sample population of 77 participants (Mage = 20.1 years,

SD = 0.5, 36.4% female) to rate the service agent type using a seven‐
points scale with 1 as “Robot‐like” and 7 as “Human‐like.” The t test

revealed a statistically significant difference between the human ser-

vice agent and robot service (t = −8.5; p < 0.001), reporting a higher

value for human service agent compared to robot service (Mrobot =

1.46 ± 0.8; Mhuman = 4.64 ± 2.1). Thus, the manipulation was effective,

as participants perceived the robot service as more robot‐like. The
results were not affected by participants scores on AAS scale.

4.2 | Results

We assessed differences in customer satisfaction with the service

interaction using moderation analysis via PROCESS macro SPSS

(Model 1) (Hayes, 2017). Condition (Human = 1, Robot = 2) served as

the independent variable, customer satisfaction served as the de-

pendent variable, and AAS scores served as the moderator.

The results of the regression analysis showed a negative effect of

Condition (Human, Robot) on the dependent variable (b=−1.03,

p=0.014), with a decrease of customer satisfaction during the interac-

tion with the robot (vs. human) service agent. Moreover, as expected,

there was a significant interaction between the Condition and AAS

scores on customer satisfaction (b=0.2, p=0.02) (Figure 2). We con-

firmed this result using the Johnson‐Neyman analysis for the significant

regions, where the cut‐off value for the AAS score equals 3.78. In other

words, subjects scoring low on AAS expressed higher customer sa-

tisfaction during the service interaction with the human compared to the

robot service agent, while we found no significant difference for parti-

cipants high on the AAS score, suggesting that this latter group's sense of

satisfaction is not deeply rooted in the type of service agent. We also

tested the moderating effect of age and gender on customer satisfaction,

but found no significant effect (page = 0.06; pgender = 0.87).

Study 1 supports H1 by showing that the effect of the type of

service agent (human vs. robot) on customer satisfaction is moder-

ated by customers' AAS score. Specifically, customers scoring low on

the AAS scale report an increase in customer satisfaction in relation

to a human (vs. robot) service agent.

5 | STUDY 2: THE ROLE OF INDIVIDUAL
AAS ON CUSTOMER RESPONSES TO
HUMAN (VS. SERVICE ROBOT WITH
ROBOTIC VOICE)

Studies 2 further assesses the consistency of our predicted phe-

nomenon highlighted in the Study 1 and extends it in two ways. First,

by replacing the human voice of the service robot with a robotic one.

Second, by extending the overall generalizability of our findings to

customer affective responses (i.e., experienced pleasantness), atti-

tudinal responses (i.e., satisfaction) and behavioral responses (i.e.,

WOM) to human (vs. frontline robot) service agent.

5.1 | Methods

5.1.1 | Participants

Two‐hundred and seventy‐nine English‐speaking MTurk members

(Mage = 35.90 years, SD = 11.40, 45.9% female) participated as

respondents in exchange for a nominal payment.

5.1.2 | Procedure

The stimuli consisted of the same videos representing the service

interaction described in study 1, with the only difference that in this

case the human voice of the robot service agent was replaced with a

robotic one. As in the previous study, for each respondent the voice

of the customer in the video has been selected according to the

gender of the subject. First, before viewing the video, participants

received instructions to pay attention to the service interaction that

they would see and to imagine playing the role of the customer in the

service interaction. Second, participants were exposed to the video

F IGURE 2 The Interactive Effect of Type of Service Agent and
AAS on customer satisfaction. AAS, anxious attachment style
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depicting the interaction between a customer and the service agent

in a hotel lobby. Finally, participants were presented with questions

on experienced pleasantness, customer satisfaction, positive WOM,

and AAS scales.

5.1.3 | Data acquisition

Brennan et al.'s (1998) scale, was used to assess participants' AAS

scores (Cronbach's ɑ .86; MAAS = 3.7, SD = 1.4). Experienced plea-

santness of the interaction was assessed with a three‐item ques-

tionnaire on a seven‐point Likert scale (Kim et al., 1998) with “very

untrue of me/very true of me” as end‐points and “neutral” as mid‐
point (Cronbach's ɑ .96; Mpleasantness = 4.97, SD = 1.36). Positive

WOM has been obtained from a three‐item questionnaire (Cron-

bach's ɑ .95; MWOM = 5.1, SD = 1.3) (Babin et al., 2005). Customer

satisfaction has been obtained with a five‐item questionnaire (Van

Dolen et al., 2002) with a seven‐points Likert scale with “Strongly

disagree/Strongly agree” as end‐points and “neutral” as mid‐point,
(Cronbach's ɑ .95; Msatisfaction = 4.96, SD = 1.33). All scales used in

this study can be found in Web Appendix Table 3.

5.1.4 | Stimuli validation

A stimuli validation pre‐test was conducted to assess the human

versus robot manipulation of the service agent type. Independent

sample population of 71 undergraduate business students (Mage =

23.4 years, SD = 1.9, 57.7% female) were asked to rate the aspect of

the service agent using a seven‐points scale with 1 as “Robot‐like”
and 7 as “Human‐like.” The t test revealed a statistically significant

difference between the human service agent and the robot service

agent (t = −7.48; p < 0.001), reporting a higher value for the human

service agent compared to the robot service agent (Mrobot = 1.53 ±

1.3; Mhuman = 4.31 ± 1.8). Thus, the manipulation was effective, as

participants perceived the robot service agent as more robot‐like.
The results were not affected by participants scores on AAS scale.

5.2 | Results

5.2.1 | Conditional effect of AAS

To assess the effect of AAS on experienced pleasantness, consumer

satisfaction and WOM in the two proposed conditions (human vs.

robot), we conducted two regression analyses with the Condition

(Human = 1; Robot = 2) as the independent variable and AAS mod-

erating its effect on the experienced pleasantness. Customer sa-

tisfaction and WOM were used as dependent variables for one of

each regression. The regressions have been conducted via PROCESS

macro SPSS (Model 7) (Hayes, 2017).

The results showed that the Condition has a significant negative

effect on the experienced pleasantness (b = −1.52; p = 0.001) with a

decrease during the interaction with the robot service agent com-

pared to human service agent. There was a significant interaction

between the Condition and AAS scores on experienced pleasantness

(b = 0.26; p = .03) (Figure 3). Specifically, subjects scoring low on AAS

reported higher pleasantness during the service interaction with

human compared to service robot agents, while no significant dif-

ference was found for participants high on AAS score, suggesting

that the pleasantness does not differ during the interaction with the

two service agents for this group. Those results are confirmed by the

Johnson‐Neyman analysis for significant regions, where the cut‐off
value for AAS equals to 4.44.

5.2.2 | Customer satisfaction

The mediation analysis on the customer satisfaction showed a

positive effect of experienced pleasantness (b = 0.85; p < 0.001) on

customer satisfaction. There is no direct effect of the Condition on

the satisfaction, while there is a significant, completely moderated

indirect effect through the experienced pleasantness (b = 0.22;

LCI = 0.02; UCI = 0.42). In particular, the results show that the

indirect effect is not significant for participants scoring high on

AAS, indicating that this group experience the human and the

robot service agents in the same way, while for people with AAS

scoring 3.6 and below, the indirect effect is more negative as AAS

lowers (b = −0.48; LCI = −0.8; UCI = −0.2 for 50th percentile of

AAS scores; b = −0.77; LCI = −1.2; UCI = −0.4 for 16th percentile of

AAS scores), with a decrease of customer satisfaction for the

human service agent. This result shows that there is a decrease in

customer satisfaction during the interaction with the robot service

agent compared to the human service agent, mediated by ex-

perienced pleasantness, and this decrease is higher for people

scoring low on AAS.

F IGURE 3 The Interactive Effect of Type of Service Agent and
AAS on customer experienced pleasantness. AAS, anxious
attachment style
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5.2.3 | Positive WOM

The mediation analysis on WOM showed a positive effect of plea-

santness (b = 0.79; p < 0.001) on WOM. The regression showed a ne-

gative direct effect of the Condition on WOM (b = −0.22; p = 0.001)

with a decrease of the positiveWOM for the robot service agent. There

is also a significant moderated indirect effect through the pleasantness

(b = 0.21; LCI = 0.02; UCI = 0.4). In particular, the results show that the

indirect effect is not significant for participants scoring high on AAS,

indicating that this group experienced the human and the robot service

agents in the same way, while for people with AAS scoring 3.6 and

below, the indirect effect is significantly more negative as AAS lowers

(b = −0.44; LCI = −0.72; UCI = −0.19 for 50th percentile of AAS scores;

b = −0.72; LCI = −1.15; UCI = −0.35 for 16th percentile of AAS scores),

with a decrease of positive WOM for the robot service agent. This

result shows that there is a decrease in the propensity to spread po-

sitive WOM for the interaction with the robot service agent compared

to the human service agent, mediated by experienced pleasantness, and

this decrease is higher for people scoring low on AAS.

Study 2 provides convergence on Study 1's findings by showing

that the customers scoring low on AAS are more satisfied with

human service agents compared to service robots even when the

human voice of the robot is replaced by a robotic voice. Moreover,

Study 2 provides evidence that explains the moderating effect of

customers' AAS on satisfaction found in Study 1 through the per-

ceived pleasantness. Specifically, the results show that the effect of

AAS on customer satisfaction found in Study 1 is completely medi-

ated by the experienced pleasantness. Finally, the results of Study 2

suggest that the moderating role of customers' AAS on their affec-

tive and attitudinal responses to human (vs. frontline) service agent

extends to customers' behavioral responses (WOM).

6 | STUDY 3: THE ROLE OF PERCEIVED
EMPATHY ON CUSTOMER RESPONSES TO
HUMAN (VS. HUMAN‐LIKE SERVICE ROBOT
WITH HUMAN VOICE)

Study 3 aims to provide further insights on the possible psychological

processes that may explain why and how individual scores on AAS

moderate customers' responses to human (vs. frontline robot) ser-

vice agent, testing H2a and H2B. Specifically, we look at customer's

perception of the agent's empathy as a possible driver of different

customers' responses to human (vs. frontline robot) service agents.

Moreover, previous research suggests that female robots with more

human‐like features are perceived as more sociable (Van Doorn

et al., 2017). Thus, to further generalize the results of Studies 1 and

2, this study replaces the robot‐like service robot with a female

human‐like robot. In summary, Study 3 further assesses the con-

sistency of our predicted phenomenon and extends it by in-

vestigating the impact of the AAS score on both perceived empathy

and the likelihood of engaging in positive WOM. Moreover, we

control for trust (Desai et al., 2013; Everett et al., 2016), gender

(Ivanov et al., 2018) and age (Kuo et al., 2009), as these factors may

influence customer responses to frontline service robots.

6.1 | Methods

6.1.1 | Participants

Two‐hundred and twenty‐five English‐speaking MTurk members

(Mage = 34.2 years, SD = 11.5, 47.6% female) participated in exchange

for a nominal payment.

6.1.2 | Procedure

The stimuli in this study were the same used in the previous study;

the only difference is that we replaced the robot‐like service robot

with a female human‐like robot. Again, participants' video featured a

customer voice that matched their stated gender. First, before

viewing the video, participants were told to imagine playing the role

of the customer and asked to pay attention to the service interaction.

Second, participants were exposed to the video depicting the inter-

action between a customer and the receptionist in a hotel lobby.

Finally, participants were presented with questions on WOM, per-

ceived empathy, the AAS scale, and demographics.

6.1.3 | Data acquisition

We used the Brennan et al.'s (1998) scale to assess participants' AAS

scores (Cronbach's ɑ .77; MAAS = 3.6, SD = 1.2). We obtained

customer perceived empathy (Cronbach's ɑ .91; Mempathy = 4.76, SD =

1.23) with a six‐item questionnaire (Plank et al., 1996) and positive

WOM with a five‐item questionnaire (Babin et al., 2005; Cronbach's

ɑ .92; MWOM= 5.3, SD = 1.2). We collected questionnaires with a

seven‐point Likert scale where “Strongly disagree/Strongly agree”

served as end‐points and “neutral” served as the mid‐point. All scales
used in this study can be found in Web Appendix Table 3.

6.1.4 | Stimuli validation

A stimuli validation pre‐test was conducted to assess the human versus

robot manipulation of the service agent type. A sample of 53 participants

(Mage = 22 years, SD=1.7, 45.3% female) was asked to rate the service

agent type using a seven‐points scale with 1 as “Robot‐like” and 7 as

“Human‐like.” The t test revealed a statistically significant difference

between the human service agent and the robot service agent (t=−3.7;

p<0.001), reporting a higher value for human service agent compared to

robot service agent (Mrobot = 3.35 ±1.9; Mhuman = 5.33 ±1.9). Thus, the

manipulation was effective, as participants perceived the robot service

agent as more robot‐like. The results were not affected by participants'

scores on AAS scale.
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6.2 | Results

6.2.1 | Conditional effect of AAS

To assess the effect of AAS on perceived empathy and WOM in the

two proposed conditions (human vs. robot), we conducted a re-

gression analysis with the Condition (Human = 1; Robot = 2) as the

independent variable and AAS as the moderator of its effect on

perceived empathy. WOM was used as the dependent variable. The

regression was conducted via PROCESS macro SPSS (Model 7)

(Hayes, 2017).

The results showed a significant negative effect of the Con-

dition on perceived empathy (b = −1.49; p = 0.004), with a decrease

of perceived empathy during the interaction with the robot (vs.

human) service agent. Moreover, as expected, there was a sig-

nificant interaction between the Condition and AAS scores on

perceived empathy (b = 0.3; p = 0.03) (Figure 4). We confirmed this

result through the Johnson‐Neyman analysis for the significant

regions, where the cut‐off value for the AAS score equals 3.9. In

other words, subjects scoring low on AAS reported higher em-

pathy during the service interaction with the human (compared to

robot) service agent. However, we found no significant difference

for participants with a high AAS score, suggesting that this group

does not perceive the two service agents as having different levels

of empathy. We also tested for the moderating effect of age and

gender on customer satisfaction, but we found no significant

effect (page = 0.61; pgender = 0.33).

6.2.2 | Positive WOM

The mediation analysis showed a positive effect of perceived em-

pathy (b = 0.66; p < .001) on WOM. The regression showed no direct

effect of the Condition on WOM. There was a significant index of

moderated mediation through perceived empathy (b = 0.2; LCI =

0.01; UCI = 0.38). In particular, the results showed that the indirect

effect was not significant for participants scoring high on AAS, in-

dicating that this group perceived the human and the robot service

agents in the same way. Meanwhile, the indirect effect became sig-

nificantly more negative as AAS lowered (b = −0.26; LCI = −0.46;

UCI = −0.06 for 50th percentile of AAS scores; b = −0.52; LCI = −0.87;

UCI = −0.18 for 16th percentile of AAS scores), with a decrease of

positive WOM for the robot service agent for people with a AAS

score below 3.7. In short, there was a decrease in the propensity to

spread positive WOM for the interaction with the robot (compared

to the human) service agent, mediated by perceived empathy, and

this decrease was higher for people scoring low on AAS.

6.2.3 | Alternative mediator

We also tested for the trustworthiness of the service agent (“The

receptionist inspired in me trust”; “The receptionist has been help-

ful”; “I will trust his insights,” Cronbach's ɑ .80; Mtrust = 5.2, SD = 1)

(Cramer et al., 2010), but we found no significant effect of the

Condition (p = 0.11) and its interaction with AAS (p = 0.36) on trust.

Overall, Study 3 is consistent with the previously reported

findings. Moreover, the results of Study 3 show that the effect of

customer AAS on their attitudinal responses is completely mediated

by perceived empathy. In general, customers showed higher per-

ceived empathy and propensity to spread positive WOM for the

interaction with the human (vs. frontline robot) service agent. Cus-

tomers' scores on the AAS scale moderated their perception of the

agent's empathy and the propensity to spread positive WOM. Spe-

cifically, customers scoring low on the AAS scale reported higher

perceived empathy and higher positive WOM in relation to a human

(vs. robot) service agent, while customers scoring high on the AAS

scale showed no such difference. Overall, therefore, Study 3 sup-

ports H2A and H2B.

7 | DISCUSSION

This study explored customers' affective, attitudinal and behavioral

responses to a human (vs. frontline robot) service agent as a function

of their AAS score. Our results suggest that customers scoring low

on AAS are more satisfied and more likely to spread positive WOM

after interacting with a human (vs. frontline robot) service agent; this

effect is mediated by the customer's perceived empathy toward the

service agent. On the other hand, customers scoring high on AAS

show no difference in their levels of satisfaction and positive WOM

between the two service agents. Our findings contribute to the un-

derstanding of how customer‐related factors (e.g., AAS) can help

marketers design, implement and promote service robots to custo-

mers more effectively. Likewise, our results raise novel research

questions about customers' experiences with interactive technology

in service settings.

F IGURE 4 The Interactive Effect of Type of Service Agent and
AAS on customer perceived empathy. AAS, anxious attachment style
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7.1 | Theoretical contribution

Our findings make several contributions to prior research on cus-

tomer experience with interactive technology in a service context.

First, our results provide empirical evidence for the notion that, in

general, customers experience the service interaction with human

(vs. frontline robot) service agents as more satisfying, and are thus

more likely to suggest the service to others (Chan & Tung, 2019;

Desai et al., 2013; Everett et al., 2016; Mende, Scott, van Doorn

et al., 2019). One possible explanation for our results is that, unlike

other sectors, customers perceive that a hotel is a symbol of hospi-

tality (especially high‐end hotels) that should emphasize human value

rather than human‐like value (Tung & Law, 2017). Furthermore, the

service must not just deliver the core in terms of functional out-

comes (e.g., speed and accuracy), but frequently also social‐relational
elements such as warmth, social presence and perceived social in-

teractivity (Wirtz et al., 2018).

Second, previous research showed that customers' attachment

styles have an important role in moderating customers' experience

with human employees (Mende & Bolton, 2011) and technology

(Oldmeadow et al., 2013; Park et al., 2019). Specifically, Konok et al.

(2016) found that customers scoring low (vs. high) on the AAS scale

have a lower predisposition to forming an attachment to their mobile

device. Similarly, our results reveal that AAS plays an important

role in robot service agent interactions, and thereby help to explain

the mixed findings from prior research on customer responses to

frontline service robots. Specifically, our results show that customers

scoring low on AAS are more satisfied and more likely to engage in

positive WOM after interacting with human (vs. robot) service

agents. Moreover, there appears to be a relationship between cus-

tomers' AAS scores and the empathy they perceived from the service

agent (Joireman et al., 2002). In line with our prediction, customers

with low AAS scores experienced the service interaction as more

positive when they perceived the service agent as more capable of

understanding their needs and more capable of providing them with

social cues that are important for a normal social interaction

(Joireman et al., 2002; Mario Mikulincer et al., 2001). A possible

interpretation of our results is that customers with a low AAS score

feel that in a face‐to‐face service encounter the human service agent

(as opposed to the frontline service robot) is more capable of re-

sonating with their feelings and understanding their thoughts, which

in turn creates a “common ground” and facilitates the “social syn-

chrony” between them (Levy et al., 2017).

On the other hand, our results indicate that customers with high

AAS scores show no difference in experienced pleasantness, sa-

tisfaction, and positive WOM between a human (vs. frontline robot)

service agent. The fact that the service interaction does not present

any clear obstacles and does not involve negative social feedback

could explain why high AAS individuals find the service interaction

with the human and the robot service agent as equally satisfying

(Mario Mikulincer et al., 2003). Thus, we suggest that customers

scoring high on AAS are satisfied when the face‐to‐face service de-

livery does not present any clearly visible problems (e.g., delays,

malfunctioning, accuracy) and when the service agent does not dis-

play unreliable social information that can undermine their self‐
esteem. In sum, our results suggest that the prominent distinction

between customers scoring low (vs. high) on the AAS scale

(M Mikulincer & Shaver, 2016)—which is highly predictive in com-

mercial relationships (Mende et al., 2013), interpersonal relation-

ships (Simpson, 1990), and use of technology (Oldmeadow

et al., 2013)—also holds in the context of service interactions with

robots. Hence, our findings contribute to the growing awareness that

attachment styles play an important role across various contexts.

Third, we found no confirmation that service robot design

features—such as gender, voice and human‐like physical appearance

—moderate the effect of customers' AAS on their affective, attitu-

dinal and behavioral responses to frontline service robots (Kim

et al., 2016). A possible explanation for our results is that the design

features that we manipulated (e.g., gender, voice and level of an-

thropomorphism) did not sufficiently improve the service robot's

empathic capabilities, meaning that customers with a strong pre-

ference for a human‐human interaction (low on AAS score) did not

perceive the human–robot interaction as equal to a human‐human

interaction (Paiva et al., 2017).

7.2 | Managerial implications

The global service robotics market was valued at $11.48 billion in

2018 and is expected to reach almost $24 billion by 2022 and $51

billion by 2024, at a compound annual growth rate of more than 25%

over the forecasted period of 2019–2024 (marketresearchengine.

com). As these rapidly developing technologies (e.g., robotics, virtual

reality, speech recognition, the Internet of Things, and artificial in-

telligence) become smarter, smaller, and cheaper, they will virtually

transform all service sectors and invite opportunities for service in-

novations that may dramatically, and simultaneously, improve the

customer experience, service quality and productivity (Wirtz &

Zeithaml, 2018). Thus, the question that all service providers are

facing nowadays is not “whether” to implement service robots in the

service delivery process, but rather “when” and “how” to do so in a

more efficient way.

Consequently, practitioners are challenged to improve their

knowledge about what modulates human–robot service interactions,

including affective, social and attitudinal motives. To this end, our

research has actionable implications for (1) segmenting customers,

(2) tailoring offerings toward specific segments, (3) designing

custom‐made marketing communication for the selected segments,

(4) implementing service robots in the service delivery process, and

(5) designing service robots' features.

First, our results suggest that individual AAS profile may help predict

how specific customer segments respond to the implementation of

frontline service robots in the service delivery process. Marketers might

therefore consider AAS as a segmentation criterion for better seg-

menting their target markets (Mende et al., 2013). For instance, mar-

keters can look at pre‐existing segments in a specific product category,
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survey customers from each of these segments to derive AAS scores and

discover how these segments vary in terms of AAS. Managers can then

use this information to produce more tailored communication.

Second, in terms of targeting customers, marketing managers

should initially focus only on customers who score high on the AAS

scale. These customers might respond more favorably to service

robots replacing human service agents. Specifically, our results sug-

gest that, due to their specific attachment system activation, such

customers respond nearly in the same way when interacting with a

human (vs. frontline robot) service agent. On the contrary, customers

scoring low on AAS find the interaction with a robot service agent to

be less pleasant and satisfying, which can then affect their behavior

responses in terms of positive WOM. Thus, we assume that lower

scores on the AAS scale might hinder the implementation of frontline

service robots, especially for high involvement service interactions

(e.g., asking for personal recommendation and opinion). Therefore,

we recommend that customers for whom robot's emotional‐social
capabilities (e.g., empathy) are a key factor for successful service

delivery should only be targeted at a later stage of the technology

adoption lifecycle when service robots have become the standard for

service delivery.

Third, in terms of marketing communication, our research pro-

vides insights that can help practitioners improve the allocation of

marketing communication resources and better design their custo-

mer relationship marketing programs. Our results suggest that per-

ceived empathy significantly influences the service experience of

customers who score low on AAS. Thus, service offerings targeting

such customers can be framed around more emotional and experi-

ential themes that (1) depict service robots that care about custo-

mers (e.g., artificial empathy); (2) show shopping scenarios where

customers are laughing and having fun alongside a robot companion,

or (3) illustrate customer situations where humans feel empathy for

service robots, so that they can perceive the interaction with service

robots as equally pleasant and satisfying (Bertacchini et al., 2017).

On the other hand, when targeting customers high on the AAS scale,

marketers can tailor their communication message around the

functional and tangible benefits of being served by a service robot,

such as the lower cost of the service and the fact that service robots

can offer a constant level of service quality. Because these customers

already perceive the interaction with service robots as a pleasant

and satisfying, the issue of perceived empathy plays a secondary role.

Fourth, our studies reveal that customers with a low AAS score

show more positive responses to human service agents compared to

frontline service robots. Thus, firms should avoid forcing frontline

service robots on such customers, especially in upscale hotels that

emphasize the value of human touch, because it may undermine the

customer‐firm relationship. Instead, they should be allowed to select

their preferred type of service agent. At the same time this might

create problems as investors pressure companies to cut their labor

costs by adopting service robots in their service delivery process.

Therefore, an important concern rises in relation to how sustainable

this strategy could be in a long term, since customers high on AAS

represent approximately 15% of the world population and as a

consequence of that companies would have a natural incentive to

avoid going 100% robot.

Finally, marketers should be aware that moderating role of

customers' AAS score on the their affective, attitudinal and beha-

vioral responses to frontline service robots was not affected by the

tangential differences in robot design features. Specifically, manip-

ulating the gender, the voice and the level of anthropomorphism

(Study 2 and 3) of the frontline service robot didn't affect customers'

overall experience. However, we expect that improving the empathic

capabilities of service robots might have a positive effect on the

overall customer experience, especially for customers (low on AAS)

who find social‐emotional capabilities of the service provider as

particularly important for a successful customer‐service provider

interaction.

7.3 | Limitations and further research

Naturally, our work features several limitations that can inspire

future research. First, we used videos to simulate service interaction

because access to real service robots in an actual service environ-

ment is still limited. However, as more companies implement robots

in their service delivery process, researchers will be able to in-

vestigate customers' affective, attitudinal, and behavioral responses

to actual human–robot service agent interactions.

Second, our scenarios describe a service interaction with a posi-

tive outcome, where the check‐in procedure and the interaction with

the robot service agent do not present any clear obstacles (such as a

malfunction of the robot). Future research should examine more

nuances in terms of the outcomes of a service interaction (Belanche

et al., 2020). For instance, customers scoring high on AAS might

perceive the service interaction with the robot as more negative if said

robot fails to perform some of its standard duties (Prakash, 2017).

Third, future research could explore different service settings

(e.g., medical facilities, restaurants, homes, financial services) and the

related stereotypes. For instance, male service robots might be

perceived more positively (e.g., in terms of trust) for stereotypically

male tasks (e.g., financial services), while female service robots may

elicit more favorable responses for tasks that fit female stereotypes,

such as cleaning or beauty care services (Tay et al., 2014).

Finally, we examined a single customer‐robot service interaction.

Thus, we don't know whether our results will change over multiple

encounters with a service robot, especially in situations where the

service agent does not meet customers' expectations (Dziergwa

et al., 2018).
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