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A B S T R A C T

Chatbots in customer service often fail to meet customer expectations, largely because they are considered prone 
to comprehension errors. Service recovery can decisively restore perceived humanness and user satisfaction 
through perceived warmth and competence after a service failure. In this study, we investigate the effect of the 
chatbot’s gender on the user in service recovery. The majority of chatbots in customer service display female 
characteristics. We use a pre-study (n = 30) to determine the perceived gender of several chatbot avatars and a 
scenario-based experiment (n = 300) in which the service recovery after an outcome failure and the gender of the 
chatbot are manipulated. The results show that the service recovery significantly improved user satisfaction with 
the chatbot. In addition, the chatbot was perceived as significantly warmer and more competent, which resulted 
in higher perceived humanness and increased user satisfaction. Male chatbots were perceived as less warm in 
failure situations when service recovery was not achieved. However, following service recovery, there are no 
differences in the perception of the chatbot’s warmth and gender. Perceived warmth is correlated with perceived 
competence. Gender incongruence between the chatbot and the respondent resulted in a higher perceived hu
manness of the chatbot in service recovery. Therefore, firms should pay particular attention to the contexts in 
which chatbots are used and whether gender matching is appropriate.

1. Introduction

When, in November 2022, OpenAI publicized that ChatGPT would 
be made available to the general public for testing (Open AI, 2023), the 
announcement excited worldwide hype over the transformative poten
tial of chatbots. Two months after the announcement, ChatGPT had 
already reached 100 million active users (Hu, 2023). However, users 
reported problems with ChatGPT – for example, the large language 
model was giving wrong, fabricated, and nonsensical answers (halluci
nation) or using parts or patterns of the training data (stochastic parrots) 
(Li, 2023; Shaier et al., 2023). Even the less intelligent chatbots in 
customer service were often unable to fulfil the expectations placed on 
them (Sheehan et al., 2020) and were considered prone to errors (Adam 
et al., 2021; Tran et al., 2021). They often did not understand customer 
inquiries (Huang and Dootson, 2022), made incoherent statements 
(Coniam, 2014), and did not follow the logic of human conversations 
(Caldarini et al., 2022). Consequently, of 103 chatbots in practice from 
different application areas and various countries representing 10% of 
the database “chatbots.org”, 53 were discontinued after 15 months in a 

period from May 2019 until September 2020 (Janssen et al., 2021).
On the other hand, chatbots have great potential. The value of the 

chatbot market is forecast to be worth 20.81 billion dollars by 2029 
(Mordor Intelligence, 2024). Companies can increase their market 
capitalisation by implementing a chatbot in customer service 
(Fotheringham and Wiles, 2023). In particular, generative AI chatbots 
are expected to increase productivity by about 15–40 percent (Chui 
et al., 2023). Many companies have already made use of chatbots to 
increase efficiency in their customer service (Shin et al., 2023). They 
help companies to reduce costs (Adamopoulou and Moussiades, 2020) 
and relieve employees of routine inquiries (Kaczorowska-Spychalska, 
2019). Users of chatbots benefit from the fact that they can be reached at 
any time (Chung et al., 2020), an immediate response can be expected 
(Tran et al., 2021), and cognitive effort can be saved 
(Kaczorowska-Spychalska, 2019). Furthermore, chatbots are more 
entertaining (Adamopoulou and Moussiades, 2020) and significantly 
more interactive than FAQ pages (Caldarini et al., 2022). A successful 
chatbot service can increase customer satisfaction and loyalty to the 
company (Jenneboer et al., 2022). However, if the performance of the 
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chatbot falls short of the user’s expectations, this leads to a reduced 
willingness to use the chatbot again (Sheehan et al., 2020), a loss of 
perceived competence (Toader et al., 2020) and perceived humanity, 
and a greater feeling of discomfort among users (Diederich et al., 2021). 
In addition, poor service from a chatbot can hurt the company due to 
lower purchase intentions, lower trust, and lower service satisfaction 
(Toader et al., 2020). This points to the important need for companies to 
enable their chatbots to restore satisfaction following poor service. 
Existing studies have shown that service recovery, contrary to service 
failure, increases the perceived warmth (Gelbrich et al., 2021; Huang 
and Ha, 2020) and competence of chatbots (Han et al., 2022; Toader 
et al., 2020; Liu et al., 2022; Yang et al., 2023), as well as customer 
satisfaction (Zhu et al., 2023). However, research on restoring user 
satisfaction following a chatbot’s poor performance is still limited (Zhu 
et al., 2023), and researchers have been called on to transfer established 
theories from service research to the chatbot context (Blut et al., 2021; 
Grégoire and Mattila, 2021).

In this paper, we focus on the effect of chatbot gender on service 
failure and recovery. Chatbots are often equipped with anthropomor
phic design features, such as a name (Zheng et al., 2023), an avatar 
(Pizzi et al., 2023), and a human communication style (Go and Sundar, 
2019; Lu et al., 2024), so that users are able to humanise the chatbots 
(Seeger et al., 2018). Recently, new generative AI tools have been 
introduced that can design even more human-like chatbots (Ma and 
Huo, 2024). The appearance and behaviour of chatbots can increase 
their perceived competence and social presence (Xie et al., 2024). On the 
other hand, increased warmth can evoke negative attitudes towards 
chatbots (Kim et al., 2019). In this respect, a closer examination of 
gender in service recovery is required for its effects on the two di
mensions of social cognition but also perceived humanness and satis
faction. This is particularly important because the majority of chatbots 
in customer service are equipped with female characteristics (Feine 
et al., 2020). Female chatbots are perceived as warmer (Borau et al., 
2021) and more authentic (Esmark Jones et al., 2022) and are more 
likely to be forgiven after a mistake (Toader et al., 2020). Therefore, 
adopting a female chatbot as a baseline appearance is a reasonable 
strategy for firms. However, firms can easily and cheaply alternate be
tween male, gender-neutral, and female chatbot representations. 
Against the current gender norms in society and depending on con
sumers’ gender, there may be configurations in which the female chat
bot is outperformed. For example, the use of gender-neutral chatbots 
might be a strategic choice to circumvent gender preferences in times of 
increasing criticism of feminized service stereotypes (Aumüller et al., 
2024) and socio-political movements that raise awareness of gender 
issues (Cammarota et al., 2023). The following two research questions 
can be derived from this: (1) What part does chatbot gender play following 
poor service performance and service recovery? (2) Is gender matching or 
mismatching of user and chatbot more important?

To answer the research questions, we conducted a scenario-based 
experiment in which we manipulated both the service outcome (recov
ery–failure) and the gender of the chatbot (perceived female, neutral, 
male). For this purpose, we use social cognition (van Doorn et al., 2017) 
and the stereotype content model (SCM) (Fiske et al., 2002). We draw on 
a sample of 300 German respondents to investigate the effect of a 
chatbot service failure on the consumer’s satisfaction with the chatbot 
and the effect of chatbot gender and its (mis)match with the user on the 
failure and recovery outcome.

Our results show the importance of a successful service recovery over 
anthropomorphic design elements. Perceived competence of the chatbot 
is more important than perceived warmth and, similarly, it is high for 
the three chatbot gender types with no effects of gender (mis)matching. 
A gender mismatch can increase perceived humanness and can point to a 
preference for a mismatch in service recovery. Our study adds to the 
literature on the role of gender in chatbot service failure (Liang et al., 
2024; Toader et al., 2020). It also clarifies the issues of service failure 
and recovery through online chat in general (Esmark Jones et al., 2022; 

Huang et al., 2024) and with reference to satisfaction in particular (Hsu 
and Lin, 2023). We expand existing research with new insights into the 
importance of the two dimensions of social cognition – gender matching 
and the use of gender-neutral chatbots.

2. Theoretical background

2.1. Chatbots in service

Chatbots communicate with their users using text or voice to solve 
queries (Crolic et al., 2022). They simulate human conversations (Luo 
et al., 2019), which they can conduct with thousands of users simulta
neously (Caldarini et al., 2022). They are, therefore, particularly suit
able for customer service (Sheehan et al., 2020). Chatbots are based on 
artificial intelligence (AI) and use natural language processing (NLP) 
algorithms to understand text input from users and respond to them 
(Hoyer et al., 2020). NLP algorithms are used to identify the request and 
derive a task for the chatbot from the user’s input. The response of the 
chatbot is based on a rule-based, retrieval-based, or generative model 
(Adamopoulou and Moussiades, 2020). An interaction strategy is then 
selected based on the user’s input as to how the chatbot should respond 
and process possible follow-up questions from the user (Suta et al., 
2020). Strategies include determining the conversation leader and error 
handling and confirmation (Cahn, 2017). The chatbot uses a knowledge 
database or the internet to answer the inquiry. With the help of natural 
language generation (NLG), the chatbot responds to the user in natural 
human language (Adamopoulou and Moussiades, 2020). The algorithm 
is trained and continuously improved through interaction with users 
(Hoyer et al., 2020). Thanks to deep learning algorithms, the chatbot can 
learn to adapt its language to emotional customers (Suta et al., 2020). 
Recent improvements in NLP have made chatbots increasingly easy to 
implement and maintain and even better at imitating human conver
sations (Caldarini et al., 2022).

2.2. Service failure and service recovery – basic definitions

A service failure is a service performance that falls short of the cus
tomer’s expectations or the acceptable customer service level (Holloway 
and Beatty, 2003). A perceived performance that is below expectations 
leads to lower customer satisfaction based on the con
firmation–disconfirmation paradigm and is referred to as negative dis
confirmation (Oliver, 1977). This is in line with the theory of expectancy 
violation (e.g., Crolic et al., 2022) or similar to negative expectations 
disconfirmation (e.g., Morgeson et al., 2020; Smith et al., 1999). The 
lower customer satisfaction caused by service failure results in lower 
customer loyalty (van Vaerenbergh et al., 2014) and can lead to cus
tomers churning and speaking negatively about the company (Bitner 
et al., 2000). Consequently, poor service can have a significant negative 
financial impact (Holloway and Beatty, 2003). Service failure can also 
lead to further significant costs because the service provider has to redo 
the service or compensate the customer (Bitner et al., 2000). In addition, 
disappointment in customer expectations can lead to emotional re
actions, such as anger (Bougie et al., 2003) and aggression (Huang and 
Dootson, 2022), resulting in a poorer evaluation of the company 
(Mattila and Enz, 2002). These negative emotions can only be offset by 
monetary compensation (Valentini et al., 2020). Consequently, it is 
necessary to develop strategies to restore customer satisfaction after a 
service failure (Kelley et al., 1993).

An organization’s response to a customer’s perceived lack of service 
is referred to as service recovery (Holloway and Beatty, 2003; Kelley and 
Davis, 1994). Customers expect an effective response to an unsatisfac
tory state of affairs (Holloway and Beatty, 2003). These expectations 
depend on the severity of the failure (Hess Jr. et al., 2003; Miller et al., 
2000). The expectations of service recovery are higher if the service 
quality is rated as high, if the customers are loyal to the service provider 
(Kelley and Davis, 1994), or if there is a service guarantee (Miller et al., 
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2000). If the company removes the faulty servicing satisfactorily, the 
probability of retaining the customer increases, and customer loyalty 
and customer satisfaction can be restored (Miller et al., 2000). Para
doxically, customer satisfaction can be higher than before the service 
failure (Matos et al., 2007). This phenomenon is known as the service 
recovery paradox (Magnini et al., 2007) and leads to the conclusion that 
failures in service delivery present an opportunity for companies to build 
long-term customer relationships (Kelley et al., 1993). However, the 
meta-analysis by Matos et al. (2007) shows that the service recovery 
paradox is not transferable to the repurchase intention. It is more likely 
to occur in the case of errors with a low degree of severity, and it is 
significantly less likely following a second error (Magnini et al., 2007). 
Furthermore, the majority of dissatisfied customers do not complain 
(McCollough et al., 2000). Service recovery is, therefore, an economic 
necessity for companies to retain customers dissatisfied on the first 
occasion (Morgeson et al., 2020).

2.3. Chatbots and service failure and recovery

If the service is poor, chatbots appear less human. This leads to lower 
satisfaction with the chatbot and reduces customer willingness to use the 
chatbot again (Diederich et al., 2021; Sheehan et al., 2020). Moreover, 
they can appear more uncanny (Diederich et al., 2021), which may 
trigger negative emotions in the user, reduce trust in the chatbot, and 
lead to diminished loyalty towards the chatbot (Rajaobelina et al., 
2021).

The negative emotions caused by expectancy violations, such as 
anger (Crolic et al., 2022) and aggression (Huang and Dootson, 2022) 
can be avoided by the skilful design of the chatbot. The pre-encounter 
expectations with the chatbot should be low key. Even a design that 
incorporates a few anthropomorphic features can help (Crolic et al., 
2022). Similarly, an early disclosure of the availability of a human 
employee in the case of a chatbot service failure leads to a less emotional 
reaction than a late disclosure (Huang and Dootson, 2022). If the chat
bot annoys customers, their satisfaction decreases, and company eval
uation and purchase intentions go into decline (Belanche et al., 2020; 
Crolic et al., 2022). Due to these negative consequences of service failure 
with chatbots, good service recovery is necessary.

For chatbots, classic service recovery strategies, such as an apology 
or compensation, work less well (Mattila et al., 2011). Instead, users 
expect an immediate solution to the problem as they engage with the 
chatbot (Fiore et al., 2019). Repair strategies for chatbots are based on 
communication theories (Ashktorab et al., 2019) – in particular, the 
framework grounding in communication (Clark and Brennan, 2004). A 
conversation is regarded as a collective action to build a shared under
standing. If this common understanding cannot be established due to 
incoherent statements, the conversation partner tries to repair the con
versation. These repair strategies support the chatbot in task completion 
(Ashktorab et al., 2019). Several repair strategies have been identified in 
the literature, such as repeating the request and asking users to rephrase 
their question (out-of-vocabulary explanation). These are often used in 
combination (Ashktorab et al., 2019; Benner et al., 2021).

2.4. Literature review of service recovery for chatbots

We searched the literature and scientific databases using the key
words “chatbot AND service recovery” and extracted fifteen articles (see 
Table A1 in the appendix). Six articles analyse the fairness dimensions in 
the chatbot context. In the service literature, the theory of justice is often 
applied in the context of service failure and service recovery 
(McCollough et al., 2000; Smith et al., 1999; Wirtz and Mattila, 2004). 
Three dimensions of justice influence satisfaction with service recovery 
(Del Río-Lanza et al., 2009; Wirtz and Mccoll-Kennedy, 2010): distrib
utive, procedural, and interactional justice. Four articles deal with 
emotions in the service recovery process. Cute chatbot designs, 
self-deprecating humour responses, humour and informal language, and 

humorous emojis (Liu et al., 2023) are investigated, looking at the 
mitigating effect on users’ negative emotions. Humour can even work 
better in the service recovery process than an apology or compensation 
(Kobel and Groeppel-Klein, 2021). Two papers examine the handover of 
a service failure to a human employee. While chatbots can restore 
satisfaction independently (Song et al., 2022), this depends on the na
ture of the failure – technical problems or failure to deliver the service 
(Xing et al., 2022). Finally, two papers evaluate different repair strate
gies, and one applies attribution theory to chatbots. Concerning the 
latter, a chatbot service failure leads customers to blame the company 
(Belanche et al., 2020; Merkle, 2019). However, anthropomorphic 
design elements can help to reduce these negative effects on the com
pany and support problem-oriented coping strategies (Pavone et al., 
2023).

One concept that is frequently used in the chatbot literature is 
perceived warmth and competence (Borau et al., 2021; Kull et al., 2021; 
Pizzi et al., 2023; Roy and Naidoo, 2021; Seiler and Schär, 2021; van 
Doorn et al., 2017) as constructs of social cognition (van Doorn et al., 
2017). In the chatbot service recovery literature, only Han et al. (2022)
and Zhou and Chang (2024) consider competence and warmth together, 
so further research is needed here.

2.5. Hypothesis development

Service recovery aims to restore customer satisfaction (Michel et al., 
2009), which can be achieved after a successful service recovery (Miller 
et al., 2000). Therefore, the central dependent variable in this study is 
satisfaction with the chatbot. Moreover, service recovery has a positive 
effect on satisfaction in the chatbot context and can work just as well as 
immediate recovery by a human employee (Zhu et al., 2023). Satisfac
tion after a service failure is even higher if the chatbot uses a politeness 
strategy (apology, appreciation) instead of none when initiating a ser
vice recovery (Song et al., 2023). We, therefore, formulate the following 
hypothesis. 

H1. Satisfaction with the chatbot is significantly higher in service re
covery than in service failure.

Anthropomorphism is the attribution of human characteristics to 
non-human actors or objects. This occurs, for example, when chatbots 
activate knowledge about humans in their users (Epley et al., 2007). The 
more humanlike that chatbot avatars are designed, the more likely they 
are to be anthropomorphized because they possess greater similarities 
with the users (Epley et al., 2007). Therefore, a highly anthropomorphic 
chatbot design can positively influence perceived humanity (Sheehan 
et al., 2020). Other types of determinants of anthropomorphism are the 
need to build social connections with other people and the need to 
effectively interact with the environment (Epley et al., 2007). They lead 
to non-human actors being anthropomorphized due to a reduction in 
uncertainty since the behaviour of the non-human actor is more pre
dictable and, thus, the interaction may be more favourable (Sheehan 
et al., 2020).

The more humanlike the chatbot is perceived to be, the greater the 
satisfaction with its use (Blut et al., 2021; Diederich et al., 2021; 
Söderlund and Oikarinen, 2021) and the greater the customer’s will
ingness to use the chatbot again (Blut et al., 2021). However, if the 
chatbot makes mistakes, it appears less humanlike (Diederich et al., 
2021; Sheehan et al., 2020). In (online) conversation, a set of pragmatic 
cues is expected (Grice, 1975; Jacquet et al., 2018, 2019). Their viola
tion can result in longer response times and lower perceived humanness 
(Jacquet et al., 2018, 2019). According to the theory of the uncanny 
valley (Mori et al., 2012, p. 98), a failure of the chatbot to respond with a 
meaningful response indicates the chatbot’s inability “to attain, a lifelike 
appearance” and results in an abrupt shift of the user’s attention “from 
empathy to revulsion”. According to Dietvorst et al. (2015), people lose 
trust in algorithms more quickly than in humans, even if humans make 
greater mistakes. This leads us to the following hypotheses. 
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H2. The chatbot is perceived as significantly more human in service 
recovery than in service failure.

H3. The more the chatbot is perceived as human, the more users are 
satisfied with the chatbot.

(Perceived) warmth and competence are the two central dimensions 
of social cognition and explain how people or groups are judged (Fiske 
et al., 2007). Taking an evolutionary perspective, Fiske et al. (2007)
explain that the judgment of warmth – that is, other people’s perceived 
intentions, trustworthiness, sincerity, friendliness, or helpfulness – 
precedes the judgment of competence – namely, other people’s abilities 
and competencies. The two dimensions are also applied to non-human 
actors – for example, the perception of brands and organizations 
(Aaker et al., 2010, 2012).

When it comes to service failure and recovery, higher perceived 
warmth leads to higher satisfaction with recovery by a human employee 
(Alhouti et al., 2019; Smith et al., 2016) and a better evaluation of other 
loyalty intentions (Bolton and Mattila, 2015). Even after a service failure 
by a digital assistant, its perceived warmth increases customer satis
faction (Gelbrich et al., 2021). Moreover, the perceived competence of 
human employees has a positive effect on satisfaction with the service – 
in particular, on transactional aspects such as purchase intention – 
whereas for warmth this applies to relational aspects such as customer 
attachment to and identification with the company (Güntürkün et al., 
2020). Furthermore, higher perceived competence results in customer 
persistence in using the service and affects positive word of mouth 
(Blodgett et al., 1995).

Robotics research shows that, for more human-like robots, perceived 
warmth is higher, and an apology can restore a service failure due to 
increasing perceived warmth and consequent satisfaction (Choi et al., 
2021). For chatbots, Han et al. (2022) demonstrate that an empathetic 
response after a service failure increases both perceived warmth and (to 
a lesser extent) competence, which in turn has a positive influence on 
service quality and on ultimate satisfaction. While perceived compe
tence positively affects trust in a chatbot, a service failure leads to a 
poorer evaluation of perceived competence (Toader et al., 2020). Di
mensions associated with competence, such as the perceived intelli
gence of a chatbot (Fiske et al., 2002), also positively increase service 
recovery satisfaction and reuse intention (Liu et al., 2023; Yang et al., 
2023). Overall, a warm response to a complaint results in higher satis
faction with the complaint handling (service recovery) than a competent 
response (Huang and Ha, 2020). However, the relationship orientation 
towards the company is important, and customers with an exchange 
orientation prefer a competent response (Huang and Ha, 2020). 
Consequently, we derive the following hypotheses. 

H4. The chatbot is perceived as significantly warmer in service re
covery than in service failure.

H5. The chatbot is perceived as significantly more competent in ser
vice recovery than in service failure.

The high perceived warmth and competence of a chatbot leads to a 
more positive chatbot-related attitude (Maar et al., 2023). Belanche 
et al. (2021) operationalized the humanness of robots with the three 
dimensions of human likeness, competence, and warmth. The degree of 
human likeness – for example, a (low/high) anthropomorphic design, – 
is often conceptualized as a prerequisite that activates perceived warmth 
and competence (Yang et al., 2020) not only in the robot context (Akdim 
et al., 2023; Choi et al., 2021; Kim et al., 2019) but also in the chatbot 
context (Pizzi et al., 2023). However, warmth and competence di
mensions are used as important characteristics of perceptions of hu
manness (Alaei et al., 2022; Heflick et al., 2011). Söderlund (2021, p.17) 
defines perceived humanness as “the extent to which an individual is 
seen as having characteristics that are typical for humans”. For robots, 
Söderlund (2021) has positively linked perceived warmth in a conver
sation with a robot to perceived humanness. For chatbots, perceived 

intelligence or expertise is often related to conversational competence 
displayed in the textual properties of the shared content (Laban, 2021). 
Schuetzler et al. (2020) found a positive effect of conversational 
competence in terms of tailored responses on perceived humanness. For 
these reasons, we suggest the following hypotheses. 

H6. The higher the perceived warmth of the chatbot, the more human 
it is perceived to be.

H7. The higher the perceived competence of the chatbot, the more 
human it is perceived to be.

According to the stereotype content model (SCM), people evaluate 
social groups differently in terms of warmth and competence by 
applying stereotypes (Fiske et al., 2002). For the U.S. and also for Ger
many, there are significant gender differences concerning both di
mensions, with women being perceived as warmer and men as more 
competent (Diekman and Eagly, 2000; Eagly and Steffen, 1984; Ebert 
et al., 2014). No self-favouritism was found for warmth and men, but 
both genders rated their own gender as more competent (Ebert et al., 
2014). Recently, Alaei et al. (2022) confirmed gender stereotypes 
showing that, for females, more attractive face photos were perceived as 
more human whereas, for males, more intelligent faces were seen as 
more human. In robotics research, male robots are perceived as more 
intelligent and female robots as more social and collaborative (Eyssel 
and Häring, 2012) but also warmer (Stroessner and Benitez, 2019). 
However, these effects depend on the context because consumers asso
ciate product groups or services with gender (Fugate and Phillips, 2010; 
Roesler et al., 2022). For example, male robots are preferred for male 
tasks and female robots for female-associated tasks (Eyssel and Häring, 
2012; Kuchenbrandt et al., 2014).

Moreover, there is a preference for gender-congruent chatbots in the 
chatbot context (Beldad et al., 2016; McDonnell and Baxter, 2019). 
Female chatbots are perceived as more authentic (Esmark Jones et al., 
2022), more human (Borau et al., 2021), and warmer (Ahn et al., 2022; 
Borau et al., 2021). In terms of competence, there is no significant dif
ference between male and female chatbot avatars (Borau et al., 2021; 
Toader et al., 2020). However, the female avatar was assigned a higher 
perceived competence in the study by Toader et al. (2020), contrary to 
the theory of SCM. Furthermore, female avatars seem to be more likely 
to be forgiven after a service failure (Toader et al., 2020). This is also the 
case for human employees using new service technologies. Customer 
satisfaction and revisit intention were higher in a service failure context 
for female service persons, but lower for males in a service success 
context (Wu et al., 2015). We therefore formulate the following 
hypotheses. 

H8. The female chatbot is perceived as significantly warmer than the 
male chatbot.

H9. The effect of service outcome on warmth is moderated by the 
gender of the chatbot so that the perceived warmth of the female chatbot 
is higher than the male chatbot following a service failure.

H10. The effect of service outcome on humanness is moderated by the 
gender of the chatbot so that the perceived humanness of the female 
chatbot is higher than the male chatbot following a service failure.

Ebert et al. (2014) observed that the user’s own gender is perceived 
as more competent. Similarly, Zogaj et al. (2023) found that matching 
the gender of the user and chatbot increases the perceived similarity 
with the chatbot (self-congruence), which leads to higher purchase in
tentions. In addition, self-congruence can lead to higher perceived 
authenticity of the chatbot and, ultimately, higher satisfaction (Zogaj 
et al., 2021). These effects are based on the similarity-attraction theory 
where, in interpersonal communication and human-computer interac
tion, people are more attracted to people or chatbots with whom they 
share more similarities (Gnewuch et al., 2020). However, there was no 
significant effect of gender matching on the competence of voice 
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assistants (Reinkemeier and Gnewuch, 2022a) and no interaction with 
the perceived humanness of chatbots (Pizzi et al., 2023). These mixed 
results call for further research. We put forward the following 
hypotheses. 

H11a. Female participants perceive the female chatbot as more 
competent.

H11b. Male participants perceive the male chatbot as more 
competent.

H12. The effect of service outcome on competence is moderated by 
gender matching so that matching increases the effect of service re
covery on the competence of the chatbot.

H13. The effect of service outcome on humanness is moderated by 
gender matching so that matching increases the effect of service re
covery on the humanness of the chatbot

Our research model is shown in Fig. 1.

3. Methodology

We conducted a 2 (service outcome: failure vs. recovery) x 3 (chatbot 
gender: male, neutral, female) between-subjects online experiment to 
test the hypotheses. Similar to other service recovery studies in the 
chatbot context, respondents were asked to read a chat history (Song 
et al., 2023; Yang et al., 2023; Zhang et al., 2023; Zhu et al., 2023). 
Various chatbots were tested in practice to identify the failure and re
covery scenarios. The choice fell on the WhatsApp chatbot “Klaro” from 
Klarmobil (2023), a German mobile communications discounter located 
in Hamburg and a brand of Freenet AG. Products include allnet flat rates, 
smartphone flat rates, and data rates. The WhatsApp chatbot was 
introduced for customer service in June 2019. Chatbots from the tele
communications industry have been studied more frequently in the 
literature (Crolic et al., 2022; Seeger and Heinzl, 2021). In addition, 
unlike chatbots from competitors (e.g., Vodafone and Telekom), Klaro is 
less rule-based, which makes it more prone to error.

We based our scenarios on a service failure from Klaro when 
searching for a new mobile phone contract (see Figure A2 in the ap
pendix). More specifically, we used a response failure based on the 
chatbot’s failure to understand (Chen et al., 2024). The chat starts with a 
chatbot assigned randomly from three different gender versions (avatar, 
name) offering to answer questions and recommend suitable tariffs for 
new mobile phone contracts. After the customer’s approval, the chatbot 
asked for a specific answer (see Figure A1). Then, the chatbot detailed 
the gigabytes of the tariff but put forward an oversized (wrong) offer. In 
the service failure scenario, the chatbot was unable to present the cor
rect tariff offer, whereas this was the case in the recovery scenario. In 
both scenarios, the chatbot did not understand the user input, at which 

point the user reformulated the inquiry. In the service failure scenario, 
the chatbot then asked for the invoice whereas, in the recovery scenario, 
the chatbot was able to fulfil the user request (for a similar approach, see 
Diederich et al., 2021). The chats were identical until the manipulation 
started to control for confounders (Mozafari et al., 2022). We used an 
open-source chat interface (Codepen.io) to integrate the scenarios into a 
messenger chat interface where the participants could read the chat 
history and scroll through the conversation. In the literature, a distinc
tion is made between a process failure and an outcome failure (Sands 
et al., 2022). In the scenarios, we employed an outcome failure with an 
issue that could not be resolved. Process failure concerns the inadequate 
way in which the service is provided and the poor behaviour of human 
employees (Sands et al., 2022).

3.1. Pre-test of chatbot avatar gender and manipulations

We used cartoon-like chatbot avatars from the study by Borau et al. 
(2021) for the manipulation of gender (see Fig. 2). So far, these designs 
have been used in chatbot research, but they could well be replaced by 
more human-like designs using generative AI tools. We called the female 
chatbot Klara and the male chatbot Klaas. Similar names were used to 
avoid any effect of the first name on the evaluation of the chatbot (Borau 
et al., 2021). In addition, we used a gender-neutral chatbot as a control 
to provide a baseline for comparison (Mooshammer and Etzrodt, 2022). 
The gender-neutral chatbot took the name Klaro. For the gender-neutral 
avatar, we tested three avatars from the study by Crolic et al. (2022) (see 
Fig. 3). The scores of all three avatars were not significantly different 
from the scale centre on a bipolar adjective scale with the extremes of 
‘clearly male’ and ‘clearly female’. Consequently, it was classified as 
gender neutral by the participants (Crolic et al., 2022).

To test the manipulations, 30 respondents were randomly assigned to 
one of the six experimental groups and asked to evaluate the scenario 
and the gender of the avatars. We measured all items on a 7-point Likert 
scale (1 = strongly disagree to 7 = strongly agree) or a 7-point bipolar 

Fig. 1. Research model.

Fig. 2. Manipulation check of chatbot gender (Borau et al., 2021, digi
tal appendix).
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scale (1 = definitely male to 7 = definitely female) except for de
mographics. Two participants did not pass the attention check and were 
excluded from the analysis. After adjustment, a total of 17 female and 11 
male participants remained with an average age of 31.25 years. To check 
whether the manipulation of the scenarios worked, respondents 
answered two manipulation checks. One check concerned the service 
outcome (see Mozafari et al., 2022), which was correctly recognised 
(“The chatbot was able to solve the service inquiry”). The participants 
considered the service request to be resolved in the recovery scenario (n 
= 13; M = 6.15, SD = 0.689) but not in the service failure scenario (n =
15; M = 1.40, SD = 0.828, t (26) = -16.36; p < 0.001). Consequently, no 
adjustment of the scenarios was required for the main study.

The manipulation of female and male gender also worked. The mean 
values did not significantly differ from the scale endpoints (female 
chatbot avatar: M = 6.89, SD = 0.323; male chatbot avatar: M = 1.32, 
SD = 0.820, t (17) = -1.458; p = 0.163) (see similar Crolic et al., 2022). 
With regard to the gender-neutral avatars (see Fig. 3), the second avatar 
was the best match, with its mean value not differing significantly from 
the scale midpoint (M = 4.25, SE = 1.669, t (27) = 0.792; p = 0.435). 
The third avatar tended to appear slightly masculine (M = 3.36, SE =
1.521, t (27) = − 2.237; p < 0.05). The first avatar was perceived as 
slightly feminine (M = 4.61, SE = 1.685, (t (27) = 1.906; p = 0.067). 
Thus, the second avatar worked best in the pretest and was therefore 
used in the main study.

Overall, the questionnaire received hardly any comments for 
improvement. Figure A1 in the appendix shows the final gender-based 
starting point of the scenario.

3.2. Data collection

A total of 333 participants took part in the survey between February 
27 and March 23, 2023. We removed 23 respondents who did not pass 
the attention check and a further 10 respondents who failed the 
manipulation check, resulting in a final sample size of 300 persons, 
which were distributed fairly evenly across the six experimental groups 
(see Figure A3 in the appendix). The data cleansing concerned 7 of the 
23 speeders who took less than 5 min for the survey, and 5 of the 15 
respondents needing half an hour or more. We conservatively checked 
the speeders for straightlining. On average, the response time was 35 
min to complete the survey (std. 313.13 min). We conducted a power/ 
sample size analysis to determine the appropriateness of a sample size of 
50 consumers per group for gender-based comparisons. The 300 and 6 
group sample sizes were well within the reach of 44 respondents per 
group (in total 264) representing η2 = 0.06 (medium effect) with p =
0.05 and β = 0.9.

To guarantee the distribution of the questionnaire, we used forums 
on (mobile) telephony, such as telefon-treff and mobilfunk-talk, and 
social media. The younger generations, especially Generation Z and 
millennials, as well as lower-income persons, are more willing to use 
chatbots than older generations (Katana, 2024; Statista, 2018), which is 
reflected in our sample. In addition, in Germany, the younger genera
tions make more frequent use of mobile phone contracts (20–29: 84.2%, 
30–39: 87%) instead of prepaid cards compared to the older generations 
(60 and older: 58%) (Statista, 2024). The average age of the respondents 
was 29.68 years. More females than males took part. Respondents were 

either students or employees and (had) attended university (of applied 
sciences). Correspondingly, the median net income was €1500 to €2000 
(see Table A2 in the appendix).

The respondents rated their prior experience with chatbots as rather 
low (M = 3.31, SE = 1.56). Often, they had previously used a chatbot 
approximately every 2–3 months on average and for about 3 years. 
Approximately 12.6% of respondents (n = 33) use chatbots once a week 
or more frequently. Thirty-eight participants had no experience with 
chatbots at all (12.7%). The usage purpose of chatbots concerns most 
frequently service requests, search engine tasks, text creation, and 
testing. In contrast, chatbots are used less frequently to search for 
products and recommendations. Internal company chatbots are also 
employed sporadically. Over a third (36.3%, n = 95) have already used a 
chatbot from a telecommunications company and, of those, 27.5% (n =
26) searched for a mobile phone contract. On average, participants 
changed their mobile phone contracts every 5–6 years (see Table A3 in 
the appendix).

3.3. Questionnaire design and measurement items

As in the pre-test study, the term chatbot was introduced first. The 
participants watched a short video clip in which the term was explained 
and an exemplary chat process was shown (KIKI erklärt KI, 2020). 
General questions followed on the use of and experience with chatbots 
and the switching frequency of mobile phone contracts. After answering 
demographic questions about gender and age, respondents were 
randomly assigned to one of the six scenarios. Participants had to read 
the chat carefully and put themselves in the user’s shoes. Following the 
manipulation checks, respondents completed the main part of the 
questionnaire, which included the item scales of the constructs and the 
control variables. Finally, the participants were asked for additional 
personal details.

Age and gender are typical control variables in the chatbot context 
(Diederich et al., 2021; Liu et al., 2023; Seeger and Heinzl, 2021). In 
addition, the need for interaction and negative attitudes towards chat
bots influence perceived humanness (Blut et al., 2021). Furthermore, 
prior experience with chatbots has a (positive) effect on satisfaction 
(Diederich et al., 2021) and purchase intention (Luo et al., 2019) as well 
as on repair strategy preferences (Ashktorab et al., 2019). Van Doorn 
et al. (2017) assume that the technological readiness of users increases 
the chatbot’s perceived warmth and competence. Similar to Belanche 
et al. (2020), we included the level of ‘technology innovativeness’ 
(Parasuraman, 2000) to control for affinity with chatbots.

The item scales used in this study were drawn from the literature (see 
Table A2 in the appendix). The internal consistency of the scales used is 
high, with Cronbach’s alpha (α) values mostly above the guideline value 
of 0.7 (Hulland et al., 2018). Only the values of the two control variables 
‘negative attitude towards situations concerning interaction with chat
bots’ (0.65) and ‘negative attitude towards emotions in interaction with 
chatbots’ (0.55) are below this value. Since we confirmed multidimen
sionality for all constructs, with the variance extracted being mostly 
above 0.5, we calculated an average score value on the scale items. 
While perceived warmth and competence, need for interaction, tech
nology innovativeness, and negative attitude towards emotions in 
interaction with chatbots range above the scale’s midpoint, the other 
score values range below (see Table A4 in the appendix). In addition, we 
present the summary statistics and bivariate correlations for the 6 
experimental groups in Table A5 in the appendix.

4. Results

4.1. Manipulation checks

As in the pre-test, the service outcome (“The chatbot was able to 
solve the service inquiry” (Mozafari et al., 2022) was confirmed. The 
mean values (MFailure = 1.59; MRecovery = 5.75) differ significantly 

Fig. 3. Manipulation of the gender-neutral chatbot (Crolic et al. (2022), digi
tal appendix.
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between the two scenarios (t (248,811) = − 37.34; p < 0.001).
The test on the manipulation of gender (“What gender was the 

chatbot?”) using the bipolar gender scale revealed that the mean values 
did significantly differ from the scale endpoints (female chatbot avatar: 
M = 6.29, SD = 1.057, (t (99) = -6.72; p < 0.001); male chatbot avatar: 
M = 2.22, SD = 1.290, t (102) = 9.62; p < 0.001) and the scale midpoint 
(gender-neutral chatbot avatar: M = 3.21, SD = 1.399 (t (96) = -5.59; p 
< 0.001). However, the post-hoc test with Bonferroni correction shows 
that the female chatbot is perceived as significantly more feminine than 
the male chatbot (Mdiff = 4.1; p < 0.001) and the gender-neutral chatbot 
(Mdiff = 3.1; p < 0.001). The male chatbot is perceived as significantly 
more masculine than the gender-neutral chatbot (Mdiff = − 0.98; p <
0.001), and the three mean values all differ significantly from each 
other.

However, the recovery scenario was perceived as significantly more 
credible (MRecovery = 5.3 vs. MFailure = 4.8; t (283) = -3.016; p < 0.01) 
and realistic (MRecovery = 5.37 vs. MFailure = 5.01; t (290) = -2.073; p <
0.05). Due to the randomised allocation to the experimental groups, 
there should be no structural differences in the sample between the re
covery and failure scenarios (Sella et al., 2021). In contrast, the 
Mann-Whitney U test found no significant differences between the 
failure and recovery scenarios in terms of age (p = 0.258), net income (p 
= 0.285), the highest level of education (p = 0.910), prior experience 
with chatbots (p = 0.174), affinity for technology (p = 0.266), and need 
for interaction (p = 0.493).

4.2. Hypothesis testing

Participants were more satisfied in the recovery scenario (M = 5.22, 
SD = 1.148) than in the failure scenario (M = 1.81, SD = 0.870). We 
used Welch’s F test (Derrick and White, 2016) resulting in a significant 
effect (F (1, 271.94) = 844.952, p < 0.001; η2 = 0.739) and support for 
H1. With regard to hypothesis 2, as proposed, Welch’s F test showed that 
the perceived humanness was significantly higher in the recovery sce
nario (M = 3.41, SD = 1.259) than in the failure scenario (M = 2.88, SD 
= 1.100) (F (1, 289.280) = 15.319, p < 0.001; η2 = 0.049). We also 
confirmed the importance of perceived humanness for satisfaction with 
the chatbot (F (1, 272) = 3.394, p < 0.001, η2 = 0.252) in line with H3. 
The service outcome has a significant positive effect on the perceived 
warmth of the chatbot (F (1, 298) = 7.996, p = 0.005; η2 = 0.026) in the 
recovery scenario (M = 4.51, SD = 1.201) compared to the failure sce
nario (M = 4.12, SD = 1.179). In addition, the chatbot in the recovery 
scenario is perceived as significantly more competent (M = 4.78, SD =
1.238) than in the failure scenario (M = 3.79, SD = 1.345) (F (1, 298) =
43.596, p < 0.001; η2 = 0.128). We found support for H4 and H5 (see 

Fig. 4). In turn, warmth (F (1, 270) = 5.403, p < 0.001; η2 = 0.367) and 
competence (F (1, 275) = 6.835, p < 0.001; η2 = 0.375) have a signif
icant positive effect on perceived humanness supporting H6 and H7.

We used the stereotype content model (SCM) to propose that the 
female chatbot is perceived as significantly warmer (H8), whereas the 
male chatbot, contrary to the SCM, is not perceived as significantly more 
competent. While the gender of the chatbot affects the perceived 
warmth (F (2, 297) = 3.460, p = 0.033; η2 = 0.023), we applied a post- 
hoc test to test for mean differences regarding chatbot gender. Klara was 
perceived as significantly warmer as a female chatbot (M = 4.53, SD =
1.208) than the male chatbot Klaas (M = 4.09, SD = 1.204) (Mdiff = 0.44; 
p = 0.024). There were no significant differences in warmth between the 
gender-neutral chatbot Klaro (M = 4.32, SD = 1.167) and Klaas (Mdiff =

0.23; p = 0.368) or between Klaro and Klara (Mdiff = 0.21; p = 0.425). 
These results confirm hypothesis H8. With regard to competence, gender 
has no effect (F (2,297) = 0.942, p = 0.391; η2 = 0.006), which is re
flected in the mean values (MKlara = 4.42; MKlaro = 4.27; MKlaas = 4.17) 
(see Fig. 5).

We only partly confirmed H9 that the gender of the chatbot mod
erates the effect of service outcome on perceived warmth (F (2, 294) =
1.243, p = 0.290, η2 = 0.008). A pairwise comparison of the mean 
changes shows that the effect of service outcome on perceived warmth is 
significant for the male chatbot (Mdiff = 0.654, p = 0.005). This effect 
was insignificant for the gender-neutral (Mdiff = 0.13, p = 0.585) and 
female chatbots (Mdiff = 0.352, p = 0.137). In addition, the male chatbot 
in the failure scenario was perceived as significantly less warm than the 
female chatbot (Mdiff = − 0.582, p = 0.013) and the gender-neutral 
chatbot (Mdiff = − 0.482, p = 0.039). The differences between the fe
male and gender-neutral chatbots are small (Mdiff = 0.100, p = 0.672). 
However, in the recovery scenario, the differences in the perceived 
warmth of the male chatbot are insignificant – in particular, compared 
to the gender-neutral chatbot (Mdiff = 0.041, p = 0.864), but also 
compared to the female chatbot (Mdiff = − 0.280, p = 0.236). Overall, in 
the failure scenario, the male chatbot is perceived as less warm (and is 
more blamed) than the gender-neutral and female chatbots. After re
covery, however, the significant differences disappear with the female 
chatbot still being rated as warmer and the difference with the gender- 
neutral chatbot increasing (Mdiff = 0.321, p = 0.181) (see Fig. 6).

With regard to perceived competence, the mean values of the three 
chatbots did not differ significantly in any of the two scenarios (F (2, 
294) = 0.907, p = 0.405, η2 = 0.006). We also must reject H10, since the 
gender of the chatbot does not moderate perceived humanness (F (2, 
294) = 0.421, p = 0.657, η2 = 0.003). There was again no difference in 
the perception of the humanness of the three chatbots within the failure 
and recovery scenarios.

In the case of a match between the gender of the user and the gender 
of the chatbot, the competence of the chatbot was rated slightly higher 

Fig. 4. Perceived warmth and competence depending on the service outcome 
**: means differ significantly at p < 0.01.

Fig. 5. Perceived warmth and competence depending on chatbot gender 
**: means differ significantly at p < 0.01.
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(MMatch = 4.364, SDMatch = 1.365; MMismatch = 4.197, SDMismatch =

1.436). However, this difference was not significant (F (1, 200) = 0.719; 
p = 0.398, η2 = 0.004). Female participants rated the female chatbot (M 
= 4.466) as slightly more competent than the male chatbot (M = 4.127) 
(Mdiff = 0.339; p = 0.175). For the male participants, Klara appeared 
also slightly more competent (M = 4.324) than Klaas (M = 4.201). 
Moreover, these mean values did not differ significantly (Mdiff = 0.122; 
p = 0.707) and, therefore, we found no support for H11a and H11b.

In both outcome scenarios, females rated the female chatbot as more 
competent (failure: M = 4.18, Mdiff = 0.395, p = 0.203; recovery: M =
4.77, Mdiff = 0.265, p = 0.412). Male participants also perceived the 
female chatbot as slightly more competent in the two scenarios. For 
males, the competence values for a match or mismatch are almost 
identical for both a failure (M = 3.25, Mdiff = -0.031, p = 0.941) and a 
recovery (M = 5.11, Mdiff = -0.143, p = 0.724). In general, females rated 
a chatbot regardless of gender as more competent than males in the 
failure scenario (MMatch-diff = 0.926, p = 0.010; MMismatch-diff = 0.500, p 
= 0.195) This result was the same for males in the recovery scenario 
(MMatch-diff = 0.353, p = 0.346; MMismatch-diff = 0.741, p = 0.051) (see 
Fig. 7).

There was no moderation of gender matching on the relationship 
between service outcome and perceived competence (F (1, 198) =
0.085, p = 0.771). Competence in the failure scenario is not rated 
significantly different in the case of a gender match (M = 3.83) or 
mismatch (M = 3.62) (Mdiff = 0.219; p = 0.392). Furthermore, in the 
service recovery scenario, there is hardly any difference in terms of 
perceived competence in the case of a gender match (M = 4.906) or 
mismatch (M = 4.792) (Mdiff = 0.113; p = 0.661). H12 is therefore not 

supported.
Participants perceived the chatbots in the recovery scenario as 

significantly more human if the gender did not match their gender (M =
3.7, Mdiff = 0.515; p = 0.031). In particular, female participants did not 
rate the female chatbot as more human after the recovery (MMatch-diff =

0.075; p = 0.792) but did so for the male chatbot (MMismatch-diff = 0.527; 
p = 0.076). Male participants rated both genders as significantly more 
human after the recovery (MMatch-diff = 1.006; p = 0.006; MMismatch-diff =

1.322; p = 0.001) but also showed a preference for a mismatch in the 
service recovery (see Fig. 8). They perceived Klara as rather more human 
(M = 3.92, Mdiff = 0.646; p = 0.083) but, for females, the mean values 
did not differ significantly (Mdiff = 0.384; p = 0.196). In the failure 
scenario, there was no effect of gender matching on perceived human
ness (Mdiff = 0.131; p = 0.587). Therefore, hypothesis 13 was only 
partially confirmed.

We considered the control variables following an analysis of 
covariance (Ancova). After including them in the model, we checked 
whether the effect from H2 persisted. We removed the variable ‘negative 
attitudes towards emotions of chatbots’. There was a significantly 
different perception of the control variable within the groups of the 
service result (F (1, 298) = 4.32, p < 0.05). While we found homoge
neity of the regression slopes for the remaining control variables, the 
control variable ‘negative attitude towards the social influence of chat
bots’ had a significant positive effect on perceived humanness (F (1, 
297) = 3.90, p = 0.049). We removed these two control variables.

4.3. Model evaluation

The effect of service outcome on perceived humanness was not sig
nificant when perceived warmth and competence were included (F (1, 
296) = 1.26, p = 0.263), indicating indirect mediation (Zhao et al., 
2010). We used PROCESS model 80 (Hayes, 2022) to test mediation and 
excluded the moderators because almost all showed no significant effect. 
We tested the model using a bootstrapping approach (n = 10,000) with a 
confidence interval of 95%. The control variables were included in the 
model as covariates. The results show that the satisfaction with the 
chatbot is very well explained with an R2 of 0.82. The perceived warmth 
and competence mediate the effect of service outcome on perceived 
humanness. In addition, perceived warmth (b = 0.09; p = 0.019) and 
perceived competence (b = 0.14; p = 0.0002) have a significant positive 
direct effect on satisfaction with the chatbot. We report partially stan
dardized regression coefficients due to the dichotomous outcome vari
able. Fig. 9 summarizes the results of the mediation analysis. The results 
for the three chatbot gender types confirm some results and display 

Fig. 6. Interaction effect of service outcome and chatbot gender on 
perceived warmth.

Fig. 7. Perceived competence of females and males depending on service 
outcome and gender (mis)matching.

Fig. 8. Perceived humanness of females and males depending on service 
outcome and gender (mis)matching 
+: means differ significantly at p < 0.10, **: means differ significantly at p 
< 0.01.
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differences. The significant effect of the service outcome on perceived 
warmth for the male chatbot of the pairwise comparison is again 
demonstrated. For perceived competence, the effect was lower but still 
substantial for the gender-neutral chatbot. There is a significant direct 
effect of perceived warmth on satisfaction for the female chatbot. 
However, the indirect path over perceived humanness is driven by the 
perceived competence of the female chatbot. For the male chatbot, the 
perceived competence only increases satisfaction directly. The 
perceived humanness has the highest impact on satisfaction in the case 
of the gender-neutral chatbot.

The control variable (covariate) prior experience had a significant 
positive effect on perceived warmth (t = 2.75, p = 0.0063, b = 0.18) and 
perceived competence (t = 2.10, p = 0.0363, b = 0.13). This especially 
holds for the male chatbot (perceived warmth: t = 2,80, p = 0.0061, b =
0.32; perceived competence: t = 2.05, p = 0.0428, b = 0.22). A pairwise 
comparison shows that prior experience is significantly higher in the 
recovery scenario (Mdiff = 0.48; p = 0.020). The effect disappears when 
experienced users are confronted with a service failure (Mdiff = 0.17; p 
= 0.43). The other control variables did not influence the variables of 
the main model. For the female chatbot, the respondent’s age negatively 
affected perceived warmth (t = − 2.82, p = 0.0058, b = − 0.30), while 
satisfaction was positively related to technology innovativeness (t =
2.76, p = 0.007, b = 0.14).

The total partially standardized indirect effect of service outcome on 
satisfaction is 0.1818, which is significant (CI = 0.1073, 0.2632). In 
particular, the effect of service outcome on satisfaction via perceived 
competence is significant (b = 0.1018, CI = 0.0448, 0.1737, path 2). In 
addition, the indirect effects of service outcome on satisfaction via 
perceived competence and perceived humanness (b = 0.0262, CI =
0.0087, 0.0486, path 5), of service outcome on satisfaction via perceived 
warmth (b = 0.0271, CI = 0.0034, 0.0608, path 1), and of service 
outcome on satisfaction via perceived warmth and perceived humanness 
(b = 0.117, CI = 0.0020, 0.0273, path 4) are smaller, but also signifi
cant. Only the effect of service outcome on satisfaction via perceived 
humanness is insignificant (b = 0.0149, CI = − 0.0084, 0.0444, path 3).

The contrasts show that the paths of the service outcome on satis
faction do not differ significantly in their strength. Four out of ten 
comparisons are significant. Mediation on satisfaction had a signifi
cantly stronger effect via perceived competence than via perceived 
warmth (path 1 vs. path 2, path 2 vs. path 4, path 2 vs. path 5) and via 
perceived humanness (path 2 vs. path 3). Table 1 summarizes the results 
of the hypothesis testing.

5. Discussion

This study compares a chatbot’s service failure with a service 

recovery. Overall, the effect of service recovery is strongest on satis
faction with the chatbot, with the indirect effects of the chatbot’s two 
central dimensions of social cognition being rather small. While there 
was a single positive effect of perceived humanness on satisfaction, the 
direct effects of perceived warmth and competence are more important. 
The recovery increases the perceived competence and the perceived 
warmth and, in turn, the perceived humanness of the chatbot. Warmth 
and competence are particularly important for chatbots that make 
product recommendations because users are more likely to follow the 
recommendations if the chatbots are perceived as warmer and more 

Fig. 9. Mediation analysis (PROCESS model 80) 
Partially standardized regression coefficients; ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05, dotted line: tie not established in the model.

Table 1 
Summary of hypothesis testing.

Hypotheses Method Supported

H1 Service recovery increases 
satisfaction.

PROCESS, single 
factor variance 
analysis

Yes

H2 Service recovery increases perceived 
humanness.

PROCESS, single 
factor variance 
analysis

No

H3 Perceived humanness increases 
satisfaction.

PROCESS, 
univariate ANOVA

Yes

H4 Service recovery increases perceived 
warmth.

PROCESS, 
univariate ANOVA

Yes

H5 Service recovery increases perceived 
competence.

PROCESS, 
univariate ANOVA

Yes

H6 Perceived warmth increases 
perceived humanness.

PROCESS, 
univariate ANOVA

Yes

H7 Perceived competence increases 
perceived humanness.

PROCESS, 
univariate ANOVA

Yes

H8 Chatbot gender affects perceived 
warmth (female CB > male CB).

Univariate ANOVA Yes

H9 Chatbot gender moderates the effect 
of the service outcome on perceived 
warmth.

Two-way ANOVA No

H10 Chatbot gender moderates the effect 
of the service outcome on perceived 
humanness.

Two-way ANOVA No

H11a Female participants perceive the 
female CB as more competent than 
the male CB.

Two-way ANOVA No

H11b Male participants perceive the male 
CB as more competent than the 
female CB.

Two-way ANOVA No

H12 Gender matching moderates the 
effect of the service result on 
expertise.

Two-way ANOVA No

H13 Gender matching moderates the 
effect of the service outcome on 
perceived humanness.

Two-way ANOVA No

CB = chatbot.
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competent (Ahn et al., 2022). While perceived warmth and competence 
explain perceived humanness rather well (R2 = 0.38), they directly and 
separately affect satisfaction, with the influence of perceived compe
tence being much stronger. This is in line with other studies in which 
both higher perceived warmth and competence led to higher user 
satisfaction (Zheng et al., 2023) or a higher rating of service quality (Han 
et al., 2022). In classic service research, competence and warmth also 
have a significant effect on customer satisfaction (Güntürkün et al., 
2020).

Furthermore, the perceived humanness of chatbots leads to a higher 
intention to repurchase (Fota et al., 2022) and a higher intention to 
reuse (Sheehan et al., 2020). However, an anthropomorphic design in
creases expectations before the interaction, resulting in an even greater 
disappointment after a service failure (Crolic et al., 2022). In addition, a 
high degree of similarity of a robot or chatbot to a human can trigger 
discomfort (Thaler et al., 2021), referred to as the ‘uncanny valley’ (Mori 
et al., 2012). The feeling of discomfort is even exacerbated by a faulty 
chatbot service (Diederich et al., 2021). These may explain the insig
nificant effect of perceived humanness in the model.

With regard to research question 1 and consistent with the literature, 
the female chatbot is perceived to be significantly warmer than the male 
chatbot (Ahn et al., 2022; Borau et al., 2021). The effects of the service 
outcome on perceived warmth as well as the mediation of service 
outcome on humanness via warmth were only significant for the male 
chatbot. In the case of a service failure, only the male chatbot suffers 
from a significant loss of perceived warmth. In the recovery case, 
however, Klaas, Klara, and Klaro were perceived as similarly warm. 
Gender-neutral chatbots appear similarly warm in both the service 
failure and service recovery scenarios. Against a more utilitarian service 
context than a hedonic one in this study, it is rather surprising that 
warmth appears to be at least as equally prominent as competence. For 
service robots in tourism, the effect of appearance and service context 
was confirmed (Liu et al., 2022). However, the appearance in this 
research was robot-like and not human-like, and the latter seems to 
make a difference.

According to the stereotype content model, men are perceived as 
more competent than women (Fiske et al., 2002). In the context of 
human service employees, male employees were perceived as signifi
cantly more competent (Mccoll-Kennedy and Sparks, 2003) and ach
ieved a higher assessment of service quality (Snipes et al., 2006). In this 
study, we could not confirm that the perception of competence of a 
chatbot – in contrast to warmth – is dependent on the context and can be 
increased if the gender of the chatbot matches the gender associated 
with the product (Beldad et al., 2016). The context of recommending a 
mobile phone contract represents more of a utilitarian purpose for which 
male chatbots should appear more competent (Ahn et al., 2022). How
ever, in this study, the female chatbot was perceived as slightly, but not 
significantly, more competent than the male chatbot (Mfemale = 4.42 vs. 
Mmale = 4.15). The result is similar to studies in the context of a hedonic 
product (recommending sportswear) (Toader et al., 2020) or in the 
health context (Borau et al., 2021). Against the widespread feminization 
of the service sector (Korczynski, 2005; Scholarios and Taylor, 2010) 
and the creation of chatbots in service with primarily female design 
characteristics (Feine et al., 2020), we argue that the context of the 
chatbots in this study could compensate for the stereotype that men are 
perceived as more competent. The composition of the sample with 
predominantly young respondents who encounter many competent 
women in their everyday lives (Ebert et al., 2014), points to modern 
gender attitudes. These can help to break down gender stereotypes and 
reduce the salience of gender-specific characteristics of products and 
chatbot avatars (Fugate and Phillips, 2010). The absence of an effect of 
chatbot gender on perceived competence is a surprising result since, for 
voice assistants, gender stereotypes indeed play a role, and male assis
tants are perceived as more competent (Ernst and Herm-Stapelberg, 
2020). Since visual cues can define personality traits (Huang et al., 
2021), glasses or reputable looks might lead to a similar evaluation.

We based our considerations concerning research question 2 on the 
similarity attraction theory, but we could not confirm that the matching 
of the chatbot and the participant’s gender positively influences the 
former’s perceived competence. There is some evidence concerning 
service employees (Foster and Resnick, 2013; Quach et al., 2017) or 
chatbot avatars (Benbasat et al., 2020; Zogaj et al., 2023) that customers 
prefer the same gender in service. In our study, both female and male 
participants rated the female chatbot slightly, but not significantly, 
higher in competence. In this regard, matching effects seem to be 
context-dependent concerning the product. In contrast to Zogaj et al. 
(2023) who investigated gender matching in a chatbot selling trousers, 
there were no matching effects for more utilitarian purposes such as 
buying books via a voice-controlled chatbot (Reinkemeier and Gne
wuch, 2022b) or when renting a car (Pizzi et al., 2023). The more 
favourable attitude of women towards women compared to men to
wards other men (Rudman and Goodwin, 2004) is reflected in the higher 
competence values of the female chatbot.

In addition, the chatbot was perceived as significantly more human 
in the recovery scenario if the gender of the chatbot differed from the 
gender of the participant. Customers often experience more negative 
emotions during a service recovery if the gender of the customer 
matches that of the employee due to higher service expectations in 
someone similar to oneself (Boshoff, 2012). Furthermore, a higher 
perceived similarity of facial expressions following a service failure 
leads to higher dissatisfaction and a higher willingness to speak nega
tively about the company (Lim et al., 2017). Female customers are more 
willing to visit a hotel again if an empathic male service employee at
tempts service recovery instead of an empathetic female. They expect 
empathic treatment from the same gender but are positively surprised 
when a male service employee shows empathy in service recovery 
(Mccoll-Kennedy et al., 2003). This might explain why, in our study 
female participants did not perceive the female chatbot as more human 
after the recovery.

5.1. Theoretical implications

This study shows that error-prone anthropomorphic chatbots can 
restore user satisfaction by resolving the issue following a service fail
ure, thereby increasing the perceived warmth and competence. So far, 
only Han et al. (2022) and Zhou and Chang (2024) have used the two 
dimensions in the service recovery case. They found that only compe
tence, but not warmth, influences service quality. In this respect, this 
study highlights that warmth can also have an influence on important 
downstream variables in chatbot service recovery and, thus, comple
ments research in this area. Users perceive chatbots as social actors with 
human characteristics (Reinkemeier and Gnewuch, 2022b), which al
lows, for example, the integration of certain design elements, such as 
gender, which subconsciously activate gender stereotypes (McDonnell 
and Baxter, 2019), so that female chatbots appear warmer. A high level 
of perceived warmth is also important in reducing user scepticism, 
increasing trust in the chatbot (Pizzi et al., 2023), and improving the 
attitude towards the chatbot (Maar et al., 2023). User engagement with 
the chatbot operator’s brand can be increased (Kull et al., 2021). In the 
robot context, warmth increases the emotional value and ultimately 
leads to a greater willingness to use the service again (Belanche et al., 
2021). Perceived warmth plays an important role since people rate 
warmth above competence (Fiske et al., 2007), which is also noted in the 
service context (Castro et al., 2012).

Higher perceived competence, on the other hand, goes hand in hand 
with an increase in functional and monetary value, which again leads to 
a higher willingness to reuse (Belanche et al., 2021), and it increases 
trust (Toader et al., 2020) and favourable attitudes (Maar et al., 2023). 
Our study reveals that competence is more important than warmth in 
restoring satisfaction with a chatbot after a result error. However, both 
effects on perceived humanness are equally high (van Doorn et al., 
2017) and improve the perception of chatbots in service recovery. Our 
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results on warmth and competence and their relationship with satis
faction are consistent with previous research. In service recovery, a 
friendly chatbot is more likely to be forgiven (Xing et al., 2022), and an 
empathetic communication style leads to a higher repurchase intention 
(Fota et al., 2022). A sincere chatbot can achieve better satisfaction 
scores in service recovery, and high emotional intelligence is indirectly 
associated with higher satisfaction (Zhang et al., 2023).

In contrast to previous research in social psychology (Holoien and 
Fiske, 2013; Kervyn et al., 2009) or organization and brand perception 
research (Aaker et al., 2012), there is a linear relationship between 
warmth and competence – for example, a more competent recovery 
chatbot was perceived as significantly warmer (Spearman-Rho 0.681, p 
< 0.001). Poor service from a chatbot leads to lower perceived hu
manness (Diederich et al., 2021; Sheehan et al., 2020). The results of this 
study show that this is due to a lower assessment of the competence and 
warmth of the chatbot. With regard to the importance of the perceived 
humanness of chatbots in the service context, our study shows mixed 
results. This is in line with previous studies, which found that anthro
pomorphizing chatbot avatars in the event of a service failure can have 
both positive effects through a lower loss of trust (Seeger and Heinzl, 
2021) and negative effects through higher expectations (Crolic et al., 
2022).

This study contributes to the role of similarity-attraction theory in 
the chatbot context. Previous research has confirmed that a higher 
perceived similarity of the user with the chatbot leads to them 
perceiving the chatbot as more authentic and having greater satisfaction 
with it (Zogaj et al., 2021). Furthermore, users trust the chatbot more 
when there is a match of personalities (Reinkemeier and Gnewuch, 
2022b). Regarding gender matching, there are mixed results 
(Reinkemeier and Gnewuch, 2022b; Zogaj et al., 2023). In this study, 
too, there were no effects of matching.

We found that only the male chatbot loses warmth following a ser
vice failure. If there is a service recovery, there are no significant dif
ferences in terms of warmth. This result is in contrast to the stereotype 
content model, which proposes that men appear less warm in general 
(Fiske et al., 2002). A reason could be that the service failure was per
formance related – that is, a result error – and not relationship oriented, 
such as a process error. Customers are more likely to forgive a 
performance-related error if the error was made by a female employee 
(Wei and Ran, 2019). The expectations regarding the male chatbot’s 
performance might have been higher in advance.

5.2. Management implications

Users have high expectations of chatbots (Rozumowski and Haupt, 
2021), which often cannot be met in practice – especially for more 
complex tasks – because they are too prone to error (Tran et al., 2021). 
This study shows that chatbots can restore user satisfaction following a 
self-induced service failure. It is therefore important that chatbots are 
capable of determining – at the latest, after the user’s reaction – that they 
were unable to solve the request to initiate a service recovery. Because 
the majority of users leave the chat conversation relatively quickly after 
a chatbot service failure (Dharaniya et al., 2020), the chatbot should be 
able to detect the likelihood that the user’s request has not been 
correctly understood and classified.

Accordingly, the chatbot should acknowledge and deal with mis
understandings using different messages and explain how the algorithm 
works (Ashktorab et al., 2019). In this way, chatbots can appear more 
intelligent in service recovery (Ashktorab et al., 2019) and have a higher 
perceived functional value (Song et al., 2022). Thus, according to the 
findings of our study, chatbots can seem more competent and restore the 
user’s satisfaction. The chatbot could therefore ask follow-up questions, 
which would not lead to a loss of willingness to use the chatbot in the 
future, given that follow-up questions are part of a natural human 
conversation (Sheehan et al., 2020). In this respect, an interactive 
communication style can make chatbots appear more human (Go and 

Sundar, 2019) and, thus, increase satisfaction.
Based on the results of this study, we recommended that chatbots 

must appear competent but also warm in executing a successful service 
recovery. There are already some design recommendations in the liter
ature for increasing the warmth and competence of chatbots – for 
example, a direct gaze direction (Pizzi et al., 2023), realistic pictures, 
(Pizzi et al., 2023), a human name (Zheng et al., 2023), an interactive 
communication style (Go and Sundar, 2019), and delaying the response 
to simulate the typing of a human (Gnewuch et al., 2018). To make the 
chatbot appear warmer and more empathetic, sentiment analysis can be 
used to adapt the chatbot’s language to a more emotional style (Huang 
and Rust, 2022).

However, it can be difficult to design a chatbot with higher warmth 
and competence at the same time, because a warmer design can lead to 
lower competence – for example, when using emojis (Huang et al., 
2021). This suggests that the designers of chatbots would have to decide 
whether to use a warm or competent style. This study shows that 
competence is more important in service recovery. When positioning a 
brand, it is difficult to establish both a warm and a competent brand 
(Aaker et al., 2012). However, there are brands, such as Johnson & 
Johnson and Coca-Cola, that have both a warm and competent brand 
perception (Kervyn et al., 2022). Therefore, it should be possible for 
chatbots to appear both warm and competent.

In our study, the female chatbot in the service failure scenario 
appeared significantly warmer than the male chatbot and still achieved 
better competence scores in this scenario. This suggests that the female 
chatbot is more likely to be forgiven than the male chatbot (Toader et al., 
2020). Error-prone chatbots should, therefore, have more female design 
characteristics to avoid negative evaluations following a service failure. 
However, young respondents perceived the female chatbot as less warm, 
pointing to a need for visual improvements of the avatar. The 
gender-neutral chatbot also performed relatively well and did not lose 
significant warmth following service failure. In this respect, a 
gender-neutral design is possible in the service failure and recovery 
context, especially since there are contexts that are not associated with 
any gender (Fugate and Phillips, 2010). The recommendation to use 
more female designs in service is in line with current practice, with 
chatbot design being predominantly female (Feine et al., 2020). If a male 
chatbot is used, experienced users should be involved. In addition, the 
chatbot can use a more feminine communication style – for example, 
qualifying recommendations by using words such as “maybe” or 
“possibly” (Mou et al., 2019). This is consistent with users’ preference 
not to receive unspecific recommendations, but nuanced responses 
where possible alternatives are presented (Ashktorab et al., 2019; 
Følstad and Taylor, 2020).

To increase perceived competence, chatbots can introduce humour 
to service recovery by employing humorous emojis (Liu et al., 2023) or 
self-deprecating humour (Yang et al., 2023). For interpersonal interac
tion, humour is positively related to social competence and emotional 
intelligence (Yip and Martin, 2006), which also holds for human-chatbot 
interactions (Xie et al., 2024). Therefore, customers may view a hu
morous chatbot as more competent in solving their task-oriented needs 
and problems. For brands, clever humour leads to both higher perceived 
warmth and higher competence (Howe et al., 2023). Humour in service 
employees leads to a higher willingness to give the service provider a 
second chance, compared to an apology or compensation (Kobel and 
Groeppel-Klein, 2021). Getting a second chance is particularly relevant 
for chatbots because many users give up following a service failure 
(Dharaniya et al., 2020).

Companies employing a chatbot in their service should be aware of 
the susceptibility of chatbots to errors and the degree of anthropomor
phic design. Anthropomorphic design elements can help to increase 
satisfaction with a chatbot with a low error rate and the ability to self- 
recovery (Choi et al., 2021). When resolving issues following a chat
bot’s service failure, a high degree of anthropomorphism does not seem 
necessary (Song et al., 2022). In our study, human-like attributes can 

A. Rese and L. Witthohn                                                                                                                                                                                                                      Journal of Retailing and Consumer Services 84 (2025) 104257 

11 



increase the competence (and warmth) level of the chatbot and, in turn, 
the degree of satisfaction. For chatbots that produce many service fail
ures, caution should be advised regarding design because anthropo
morphic design elements raise expectations of chatbots before 
interaction takes place (Ben Mimoun et al., 2012) and can trigger user 
anger in the event of poor service (Crolic et al., 2022). In contrast to the 
first rule-based chatbots, generative chatbots communicate in a more 
human-like fashion, being able to consider the user’s last messages in 
their response. However, they can be difficult to build and train 
(Adamopoulou and Moussiades, 2020).

Contrary to Zogaj et al. (2023), our results suggest that, in service 
recovery, a chatbot with attributes of the opposite gender appears more 
human than a chatbot of the same gender. Therefore, in complaint 
management, chatbots should have the opposite gender. This finding is 
consistent with studies on service recovery with human employees 
(Boshoff, 2012; Lim et al., 2017; Mccoll-Kennedy and Sparks, 2003). 
Gender matching seems reasonable when one’s gender is attributed to 
more competence and knowledge about a product (e.g., clothing, Quach 
et al., 2017) or when dealing with presumably unpleasant topics (e.g., 
health, Foster and Resnick, 2013).

5.3. Limitations and outlook

Our study has several limitations. We based the scenarios on an 
outcome error, but users react differently to the process errors of chat
bots (Sands et al., 2022), which might lead to different results. Another 
limitation is the significantly lower scenario credibility in the failure 
scenario. After the user expressed irritation using three question marks, 
the failure scenario ended abruptly. This abrupt end can negatively 
impact the perception of the conversation because it violates the norms 
of a good conversation (Guydish and Fox Tree, 2021). In addition, a 
chatbot in practice would respond to every user input. However, a 
response to the question marks was omitted to ensure similar scenario 
lengths and to avoid considering the response as part of the service re
covery. In particular, participants with higher prior experience consid
ered the recovery scenario significantly more realistic (MFailure = 4.73; 
MRecovery = 5.61; Mdiff = 0.879; p < 0.01), while participants with lower 
experience rated the scenarios equally credible and realistic (Mdiff =

0.108; p = 0.592). Participants with less experience seem to have little 
faith in chatbots and perceive a chatbot failure as equally credible as a 
recovery. In addition, our study did not include a success scenario 
without requiring recovery – for example, a routine service interaction – 
making it impossible to determine whether the chatbot could fully 
restore satisfaction in the recovery scenario. The severity of a service 
failure (Xing et al., 2022), the type of service failure (Xing et al., 2022; 
Chen et al., 2024) – for example, low personalization or task complexity 
(Murtaza et al., 2024) – should be considered in order to enhance 
practical relevance.

Another limitation concerns the design of the gender-neutral chat
bot. We relied on examples from the literature. However, Klaas and 
Klara wear glasses and smile, unlike Klaro. Wearers of glasses are ste
reotypically perceived as more intelligent, hardworking, and successful 
(Grant et al., 2016; Harris et al., 1982) but also as less attractive and 
social (Grant et al., 2016). Other studies conclude that glasses lead to 
higher warmth and competence (Fetscherin et al., 2020) or they found 
no effect on perceived intelligence (Lundberg and Sheehan, 1994). At 
the same time, smiling in service leads to higher perceived warmth and 
lower perceived competence (Wang et al., 2016). Moreover, smiling has 
the strongest behavioural influence on perceived warmth and friendli
ness (Bayes, 1972; Sundaram and Webster, 2000). The absence of a 
smile from the gender-neutral chatbot could, therefore, have influenced 
perceptions of warmth and competence. Other visual limitations 
concern the cartoon-like design of the three chatbots. The upcoming AI 
painting tools (Ma and Huo, 2024) allow the design of chatbots to 
appear more human-like, which might affect our findings. While we 
tested three variants of gender-neutral chatbot avatars, we did not 

systematically evaluate different facial features. We also did not mea
sure the attractiveness of the three different gender versions which 
might have influenced their perception (Aumüller et al., 2024).

Furthermore, the limitations of the sample must be taken into ac
count. Due to the young sample, demographic biases might affect 
generalizability. The weaker implicit gender stereotyping (Ebert et al., 
2014) in the younger generations could be the reason for the 
non-significant effects of matching and chatbot gender on competence. 
Here, studies with different samples (older respondents or people from 
other cultures) or other product/service categories could contribute to 
improving the generalizability of the findings. In addition, the sample 
sizes for gender matching among male participants were rather small, 
with the sample sizes of gender mismatch falling below the recom
mended minimum of 20 participants per cell.

Further research should consider other potential variables in the 
model. For example, attitude satisfaction as a dependent variable (Zhou 
and Chang, 2024), different levels of severity of the service failure 
(Shams et al., 2024), and different types of service failure (outcome 
errors vs. process errors) (Liu et al., 2023) could be included. Moreover, 
research is needed on gender matching between users and chatbots – for 
example, the contexts in which matching is adequate. Furthermore, the 
potential negative effects of gender matching in service recovery should 
be investigated – for example, when a higher similarity between the 
users and the chatbot can actually be a hindrance. With regard to theory, 
the focus has been placed on the impact of failure and recovery on 
justice dimensions (Blut et al., 2021). Further research should address 
issues of attribution theory – for example, is the chatbot responsible for 
the service failure or the company? How does this change after a service 
recovery, especially considering the chatbot’s design (e.g., anthropo
morphism, gender)? Moreover, research should investigate when 
warmer and more competent designs are more important in the service 
failure and recovery process. Warmth could be more important for 
relationship-oriented people and competence for transaction-oriented 
users (Huang and Ha, 2020). Researchers should also examine when 
gender-neutral designs work well. In addition, the use of field experi
ments would facilitate a realistic appraisal of unresolved research areas.

6. Conclusion

The potential of chatbots to increase a company’s efficiency is 
hampered by their susceptibility to errors, which often leads to user 
expectations of chatbots not being met. This exacerbates the existing 
conflict between customer service costs and service quality (Adam et al., 
2021). Self-recovery by chatbots is strategically important to reduce the 
susceptibility to errors and ensure service quality. Anthropomorphic 
design elements in particular with regard to perceived competence are 
less important. Ultimately, a high error rate can lead to the discontin
uation of the chatbot (Feine et al., 2019). So far, chatbots in customer 
service are mainly suitable for simple, repetitive service requests and 
less serviceable for more complex tasks (Gnewuch and Maedche, 2022). 
However, recent developments in NLP further simplify imitating human 
conversations and implementing chatbots (Caldarini et al., 2022). Thus, 
a reduction in susceptibility to errors is foreseeable with the practical 
implementation of increasing intelligence in chatbots. However, in the 
medium term, close cooperation between customer service employees 
and chatbots is likely to continue (Gnewuch and Maedche, 2022; Huang 
and Dootson, 2022), spotlighting again anthropomorphic design 
elements.
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Appendix

Fig. A1. Stimuli and starting point of the chatbot conversation (translated from German).
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Fig. A2. Service failure and recovery scenario of the chatbot conversation.
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Fig. A3. Sample distribution across the six experimental groups.

Table A1 
Literature review of chatbot service recovery

Reference Context Theory bases Methodology Sample Results

Theory of justice
Fota et al. 

(2022)
Chatbot in the complaint 
management of a retailer. 
Complaint: broken 
headphones

Social presence theory 
computers are social actors 
paradigm, distributive 
justice (voucher)

Scenario-based 
experiment

389 German participants, recruited 
randomly (social media channels, 
online forums)

A human-like avatar, an empathetic 
response and compensation (voucher) 
increase the intention to repurchase 
and have a positive effect on perceived 
humanness and evaluation of service 
recovery. 
Anthropomorphism and evaluation of 
redress positively influence repurchase 
intention (mediation).

Han et al. 
(2022)

Chatbot of an online food 
delivery service

Interactional justice 
(empathy), social cognition

Scenario-based 
experiment

Study 1: 95 US participants 
Study 2: 98 US participants 
(recruited from students)

Empathy leads to a better evaluation of 
both the perceived warmth and 
competence of the chatbot, which in 
turn increases the perceived service 
quality and satisfaction with the 
chatbot. 
In the case of a conversational 
breakdown resulting from a chatbot 
failure, empathy makes the chatbot 
appear significantly less competent. 
There is no significant effect on 
perceived warmth.

Markovitch 
et al. 
(2024)

Chatbot of an online 
service (vacation, 
smartphone purchase, 
medical advice)

Interactional justice 
(empathy)

Scenario-based 
experiment, 
quasi- 
experiment

Study 1: 199 participants 
Study 2: 200 participants 
Study 3: 315 participants 
(recruited from MTurk and 
Prolific) 
Study 4: 100 participants

Users were less satisfied with the 
chatbot in negative outcome situations 
compared with human employees. 
However, if the chatbot uses an 
empathic communication style, the 
perceived empathy can increase 
chatbot’s evaluation so that it catches 
up with the human employee.

Song et al. 
(2023)

Chatbots in different 
contexts (retail, hotel 
industry, delivery service)

Politeness theory, 
procedural justice (time 
pressure), interactional 
justice (apology, 
appreciation)

Scenario-based 
experiment

Study 1: 187 Chinese participants, 
Study 1B: 214 Chinese 
participants; Study 2: 125 Chinese 
participants, Study 3: 221 Chinese 
participants (recruited from 
Credamo)

Appreciation and apology have a 
positive effect on satisfaction after 
recovery. The appreciation works 
significantly better than the apology. A 
combination of strategies is not 
significantly better than the 
appreciation strategy alone. Perceived 
face concern mediates the effect of the 
strategy on satisfaction after recovery. 
When time pressure is high, the main 
effect and the mediation are no longer 
significant.

Zhang et al. 
(2023)

Chatbot in the tourism 
sector (airline, hotel)

Interactional justice 
(apology), symbolic service 
recovery, emotional 
competence theory

Scenario-based 
experiment

Study 1: 163 Chinese participants, 
Study 2: 390 Chinese participants 
(recruited from Credamo)

Users were less satisfied with the 
service recovery when the apology 
came from a chatbot (vs. employee). 
This is due to a lower perceived 
naturalness and sincerity of the chatbot. 
A higher perceived emotional 
intelligence of the chatbot leads to a 

(continued on next page)
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Table A1 (continued )

Reference Context Theory bases Methodology Sample Results

higher perceived naturalness and 
sincerity.

Zhu et al. 
(2023)

Voice-based chatbot in the 
tourism sector (hotel, 
restaurant)

Interactional justice 
(apology), distributive 
justice (coupon), procedural 
justice (response time)

Scenario-based 
experiment

Study 1: 220 Chinese participants, 
Study 2: 430 Chinese participants, 
(recruited from Credamo)

An apology from the chatbot resulted in 
lower satisfaction scores and revisit 
intentions than with an employee. With 
economic recovery, there was no 
difference between the chatbot and the 
employee. The effect occurs in the case 
of delayed recovery, but not immediate 
recovery.

Attribution theory
Pavone et al. 

(2023)
Chatbots in the airline 
industry

Cognitive appraisal theory 
of emotions, attribution 
theory, theories on 
anthropomorphism

Scenario-based 
experiment

Study 1: 122 respondents. Study 2: 
120 participants (recruited by a 
professional panel provider), 
Study 3: 120 U.S. participants 
(recruited by a professional panel 
provider)

Customers consider chatbots are not 
responsible for a service failure due to 
having no control or specific intentions; 
they blame the company. 
Anthropomorphic design elements help 
to place less blame on the company and 
support problem-oriented coping 
strategies.

Emotions in service recovery
Zhang et al. 

(2022)
Chatbot in online shopping, 
service failure: delivery 
delay

Cute apology strategies 
(childish, playful/ 
humorous)

Scenario-based 
experiment

Study 1: 157 Chinese participants, 
Study 2: 316 Chinese participants, 
(recruited from WenJuanXing)

The chatbot with kindchenschema and 
the whimsical chatbot reduce negative 
emotions. Both chatbot types trigger 
significantly fewer negative emotions at 
a low failure severity level. At a high 
failure severity level, this holds to a 
lesser extent only for the 
kindchenschema chatbot. The 
kindchenschema is more effective for 
female users and those with a low fear 
of technology. The playful chatbot is 
more effective for male users and users 
with a higher fear of technology.

Liu et al. 
(2023)

Chatbot in customer 
service (household devices, 
printing devices, energy 
provider)

Emojis Scenario-based 
experiment

Study 1: 142 Chinese participants 
recruited from undergraduate 
students, Study 2: 131 Chinese 
participants recruited randomly 
(social media channels), Study 3: 
Chinese participants recruited 
from undergraduate students

The use of a smiley after a service 
failure (process or outcome failure) 
leads to a higher willingness to use the 
chatbot again. This effect is mediated 
by the perceived intelligence of the 
chatbot.

Yang et al. 
(2023)

Chatbot in online shopping 
(VR glasses, chocolate)

Self-deprecating humour 
responses

Scenario-based 
experiment

Study 1: 117 Chinese participants 
Study 2: 196 Chinese participants

Satisfaction with the service recovery 
was significantly higher with the 
humorous chatbot. The perceived 
sincerity and perceived intelligence of 
the chatbot mediate the effect of 
humour on satisfaction. Sense of power 
moderates the effect.

Shams et al. 
(2024)

Chatbot in customer 
service (hotel) service 
failure: waiting time for 
room service

Humour, chatbot 
communication styles

Scenario-based 
experiment

Study 1: 460 respondents 
Study 2: 333 respondents 
(recruited from Prolific)

Satisfaction with the service recovery 
can be increased if humour and 
informal language are matched, 
especially in the case of low-equity 
brands and failures of low severity.

Handover to employees
Song et al. 

(2022)
Chatbots in the hotel 
industry and online 
shopping

Social response theory Scenario-based 
experiment

Study 1: 107 Chinese participants 
Study 2: 104 Chinese participants

Satisfaction with the chatbot is higher if 
it is able to provide service recovery 
itself (vs. handing it over to employees). 
This is due to a higher perceived 
functional value (mediator) in the case 
of chatbot self-recovery. Privacy risk 
concerns are higher when handing over 
to the employee, which leads to a low 
level of satisfaction with the handover 
strategy. 
Intelligence has a positive effect on the 
functional value of the chatbot but also 
increases privacy risk concerns.

Xing et al. 
(2022)

Chatbots in online retail Role congruence theory, 
mental accounting theory

SEM (AMOS) N = 521 Chinese participants, 
recruited from WenJuanXing

In the case of an outcome service 
failure, the participants favour the 
chatbot; in the case of a process service 
failure, they favour the employee. 
Service recovery by the chatbot 
increases perceived fairness, perceived 
data protection, and perceived 
friendliness. Participants are more 
willing to forgive the service failure if 
the friendliness and perceived data 

(continued on next page)
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Table A1 (continued )

Reference Context Theory bases Methodology Sample Results

protection are higher. 
If the intelligence of the chatbot is 
higher, there is a greater need for 
employee involvement – both for an 
outcome and a service failure process.

Repair strategies
Ashktorab 

et al. 
(2019)

Chatbot in the retail/ 
banking/ravel industry

Framework ‘Grounding in 
Communication’

Paired 
comparison 
experiment

N = 203 participants from Amazon 
Turk, 1624 pairwise comparisons

The chatbot should show initiative and 
provide options and explanations. 
Chatbots should openly admit when 
they do not understand something but 
avoid redundancies. Repair strategies 
should be adapted to the context and 
individuals. Users prefer co-creation in 
the repair process.

Zhou and 
Chang 
(2024)

Chatbot in the airline 
industry

Social support theory, social 
cognition

Scenario-based 
experiment

Study 1: 382 Chinese participants 
Study 2: 771 Chinese participants 
Study 3: 769 participants 
(recruited from WenJuanXing)

The effect of informational self- 
recovery is higher on consumer quality 
satisfaction than emotional self- 
recovery, while the effect is reversed for 
consumer attitude satisfaction. 
Informational self-recovery relates to 
perceived competence and service 
process failure, while for emotional 
self-recovery these are perceived 
warmth and service outcome failure.

Our study Chatbot in the 
telecommunication 
industry

Interactional justice 
(empathy), social cognition

Scenario-based 
experiment

300 German participants recruited 
randomly (social media channels, 
online forums)

Service recovery is most relevant for 
satisfaction with the chatbot. 
Anthropomorphic design elements 
come second place. Perceived 
competence of the chatbot is more 
important than perceived warmth, and 
gender mismatch can increase 
perceived humanness.

Table A2 
Socio-demographics

Demographics Specifications n %

Gender Female 178 59.3
Male 121 40.3
Diverse 1 0.3

Age 16–24 years 91 30.3
25–34 years 153 51.0
35–44 years 21 7.0
45–54 years 17 5.0
55–64 years 16 5.0
Over 65 years 2 0.7

Monthly household net income <500 euros 21 ​
<500 euros 21 7.0
500-999 euros 65 21.7
1000–1499 euros 48 16.0
1500–1900 euros 26 8.7
2000–2499 euros 14 4.7
2500–2999 euros 18 6.0
3000–4999 euros 55 18.3
5000 euros and more 29 9.7
No answer 24 8.0

Employment status Pupil 4 1.3
Student 186 62.0
Employed 98 32.7
Self-employed 6 2.0
Housewife/houseman 3 1.0
No answer 3 1.0

Education Intermediate school certificate 3 1,0
University (of Applied Sciences) entrance level or equivalent level 69 23.0
Completed vocational training 17 5.7
Completed vocational training at a master craftspeople or technical school 24 8.0
Bachelor’s degree 119 39.7
Master’s degree, diploma, state examination 58 19.3
PhD 2 0.7
No answer 3 1.0

Rate of change of mobile phone contracts Every year 1 0.3
Every two years 51 17.0

(continued on next page)
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Table A2 (continued )

Demographics Specifications n %

Every 3–4 years 68 22.7
Every 5–6 years 40 13.3
Less often 81 27.0
Never 59 19.7

n = 300.

Table A3 
Chatbot usage behaviour

Characteristics Specifications n (%)

Usage frequency (n = 262) Several times a week 18 6.9
About 1 time per week 15 5.7
Several times a month 37 14.1
About 1 time per month 30 11.5
About every 2–3 months 67 25.6
About every six months 45 17.2
Less often 50 19.1

Usage duration (n = 262) For more than 5 years 27 10.3
For about 5 years 31 11.8
For about 3 years 106 40.5
For about 1 year 55 21.0
For a few months 16 6.1
Only recently 27 10.3

Usage purpose (multiple answers) (n = 262) For service requests 218 72.7
As a search engine (e.g., ChatGPT) 111 37.0
For creating texts (e.g., ChatGPT) 99 33.0
To try out 78 26.0
Internally as a company chatbot (e.g., in the HR department, IT department) 29 9.7
To search for or purchase products 26 8.7
For recommendations 19 6.3
Others 7 2.3

Usage of a chatbot from a telecommunications company (n = 262) Yes 95 36.3
No 167 63.7

Usage of a chatbot to search for a mobile phone contract (n = 95) Yes 26 27.4
No 69 72.6

Brand (multiple answers) (n = 26) German Telekom 13 50.0
Vodafone 5 19.2
O2 2 7.7
A1 2 7.7
Klarmobil, Magenta, Congstar, 1&1 1 3.8

Table A4 
Measurement items

Factor (Source) Item Mean Std. Factor 
loading

α Variance 
extracted

Warmth (Choi et al., 2021) Please rate Klara/Klaro/Klaas regarding the following 
characteristics:

4.31 1.20 ​ 0.86 0.65

[Chatbot name] is … ​ ​ ​ ​ ​
… caring. 3.72 1.60 0.820 ​ ​
… friendly. 5.33 1.29 0.777 ​ ​
… kind. 4.25 1.52 0.842 ​ ​
… warm. 3.74 1.56 0.825 ​ ​
… sociable. 4.49 1.49 0.759 ​ ​

Competence (Choi et al., 2021) Please rate Klara/Klaro/Klaas regarding the following 
characteristics:

4.27 1.38 ​ 0.87 0.72

[Chatbot name] is … ​ ​ ​ ​ ​
… intelligent. 3.55 1.66 0.795 ​ ​
… energetic. 4.42 1.62 0.884 ​ ​
… organized. 4.29 1.63 0.894 ​ ​
… motivated. 4.84 1.64 0.806 ​ ​

Perceived humanness (Bartneck et al., 2009) Please rate Klara/Klaro/Klaas regarding the following 
characteristics (seven-point bipolar adjective scale):

3.14 1.21 ​ 0.85 0.65

1 = fake vs. 7 = natural 3.42 1.64 0.886 ​ ​
1 = machinelike vs. 7 = humanlike 2.88 1.59 0.872 ​ ​
1 = artificial vs. 7 = lifelike 2.94 1.46 0.896 ​ ​
1 = unconscious vs. 7 = conscious 2.35 1.46 0.674 ​ ​
1 = communicates rigidly vs. 7 = communicates 
elegantly

4.11 1.52 0.587 ​ ​

(continued on next page)
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Table A4 (continued )

Factor (Source) Item Mean Std. Factor 
loading 

α Variance 
extracted

Satisfaction (Chung et al., 2020) To what extent do you agree with the following 
statements?

3.48 1.99 ​ 0.97 0.92

The user can be satisfied with [chatbot name]. 3.34 1.98 0.962 ​ ​
[Chatbot name] did a good job. 3.47 1.96 0.970 ​ ​
[Chatbot name] did what was expected of him/her. 3.79 2.17 0.935 ​ ​
The conversation with [chatbot name] was satisfactory. 3.33 2.18 0.968 ​ ​

Prior experience with chatbots (Lacey et al., 2010) ​ 3.31 1.56 ​ 0.94 0.85
I have a lot of experience with chatbots. 3.33 1.66 0.957 ​ ​
I am very familiar with chatbots. 3.55 1.68 0.955 ​ ​
I know my way around chatbots. 3.36 1.68 0.928 ​ ​
I use chatbots on a regular basis. 3.02 1.76 0.847 ​ ​

Need for interaction (Dabholkar, 1996) ​ 4.67 1.39 ​ 0.73 
(0.65)

0.66 (0.52)

Human contact in providing services makes the process 
enjoyable for the customer.

5.05 1.55 0.834 
(0.826)

​ ​

I like interacting with the person who provides the 
service.

4.95 1.61 0.876 
(0.848)

​ ​

Personal attention by the service employee is not very 
important to me (reverse-scored).

3.90 1.893 0.409 ​ ​

It bothers me to use a machine when I could talk to a 
person instead.

4.02 1.98 0.725 
(0.717)

​ ​

Technology innovativeness (Parasuraman, 2000) ​ 4.30 1.41 ​ 0.91 0.74
I always like to try out the latest technologies. 4.86 1.46 0.849 ​ ​
In my circle of friends, I am among the first when it 
comes to using new technologies.

3.68 1.70 0.874 ​ ​

I enjoy the challenge of figuring out high-tech gadgets. 4.10 1.73 0.886 ​ ​
I have fewer problems than other people in making 
technology work for me.

4.65 1.54 0.865 ​ ​

Other people ask me for advice when it comes to using 
new technologies.

4.21 1.77 0.814 ​ ​

Negative attitude towards situations concerning 
interactions with chatbots (Nomura et al., 2006)

​ 3.40 1.22 ​ 0.65 
(0.62)

0.49 (0.41)

I would feel uneasy if I was given a job where I had to use 
chatbots.

3.72 1.89 0.764 
(0.743)

​ ​

The word “chatbot” means nothing to me. 3.77 1.933 0.381 ​ ​
I would feel nervous operating a chatbot in front of other 
people.

2.62 1.62 0.638 
(0.614)

​ ​

I would hate the idea that chatbots or artificial 
intelligences were making judgments about things.

4.40 1.78 0.654 
(0.660)

​ ​

I would feel paranoid talking with a chatbot. 2.87 1.66 0.742 
(0.734)

​ ​

Negative attitude towards social influence of 
chatbots (Nomura et al., 2006)

​ 3.87 1.28 ​ 0.76 0.52
I would feel uneasy if chatbots really had emotions. 4.81 1.86 0.619 ​ ​
Something bad might happen if chatbots developed into 
living beings.

4.54 1.91 0.808 ​ ​

I feel that if I depend on chatbots too much, something 
bad might happen.

3.70 1.73 0.793 ​ ​

I am concerned that chatbots would be a bad influence on 
children.

3.42 1.75 0.743 ​ ​

I feel that, in the future, society will be dominated by 
chatbots.

2.89 1.66 0.606 ​ ​

Negative attitude towards emotions in interaction 
with chatbots (Nomura et al., 2006)

​ 5.00 1.13 ​ 0.55 0.55
I would feel relaxed talking with a chatbot (reverse- 
scored).

3.86 1.67 0.478 ​ ​

If chatbots had emotions, I would be able to make friends 
with them (reverse-scored).

5.81 1.56 0.828 ​ ​

I feel comforted being with chatbots that have emotions 
(reverse-scored).

5.46 1.42 0.859 ​ ​

In italics: items dropped; in brackets: values before removing items.

Table A5 
Descriptive statistics and bivariate correlations across the six experimental groups.

Mean (std.) (1) (2) (3) (4) (5) (6) (7)

Perceived warmth (1)
a 4.35 (1.199) ​ ​ ​ ​ ​ ​ ​
b 4.25 (1.057)
c 3.77 (1.208)
d 4.70 (1.203)
e 4.38 (1.282)
f 4.42 (1.116)
Perceived competence (2)
a 3.89 (1.379) 0.721*** ​ ​ ​ ​ ​ ​

(continued on next page)
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Table A5 (continued )

Mean (std.) (1) (2) (3) (4) (5) (6) (7)

b 3.92 (1.189) 0.643***
c 3.58 (1.447) 0.737***
d 4.95 (1.037) 0.656***
e 4.62 (1.455) 0.761***
f 4.76 (1.204) 0.632***
Perceived humanness (3)
a 2.94 (1.041) 0.469** 0.532** ​ ​ ​ ​ ​
b 2.96 (1.006) 0.486*** 0.408**
c 2.74 (1.239) 0.582*** 0.704***
d 3.44 (1.197) 0.473** 0.434**
e 3.35 (1.387) 0.674*** 0.663***
f 3.44 (1.216) 0.502*** 0.341*
Satisfaction (4)
a 1.83 (0.761) 0.380** 0.521*** 0.381** ​ ​ ​ ​
b 1.90 (0.930) 0.270+ 0.277+ 0.516***
c 1.72 (0.913) 0.400** 0.524*** 0.466***
d 5.25 (1.107) 0.631*** 0.525*** 0.442**
e 5.32 (1.296) 0.620*** 0.623*** 0.540***
f 5.10 (1.051) 0.421** 0.505*** 0.294*
Prior experience with chatbots (5)
a 3.08 (1.498) 0.169 0.158 0.249+ 0.003 ​ ​ ​
b 3.16 (1.430) − 0.057 − 0.064 0.110 − 0.023
c 3.30 (1.485) 0.216 0.070 − 0.011 − 0.089
d 3.87 (1.507) 0.201 0.174 0.216 0.226
e 3.28 (1.838) 0.205 0.106 0.004 0.152
f 3.21 (1.554) 0.313* 0.366** 0.114 0.148
Need for interaction (6)
a 4.79 (1.330) − 0.143 − 0.072 − 0.190 0.119 − 0.274+ ​ ​
b 4.44 (1.524) − 0.033 − 0.003 − 0.046 − 0.330* − 0.143
c 4.62 (1.550) − 0.118 0.016 0.039 0.127 − 0.322*
d 4.78 (1.321) − 0.287* − 0.214 − 0.281* − 0.261+ − 0.218
e 4.90 (1.194) 0.095 0.032 0.098 0.053 0.202
f 4.53 (1.355) 0.223 0.111 0.071 0.177 − 0.388**
Technology innovativeness (7)
a 4.29 (1.480) − 0.107 0.007 − 0.107 0.015 0.232 − 0.149 ​
b 4.31 (1.144) − 0.020 − 0.007 0.017 0.050 0.422** − 0.115
c 4.04 (1.538) − 0.123 0.179 − 0.234+ − 0.163 − 0.339* 0.006
d 4.40 (1.396) 0.162 0.142 0.144 0.402** 0.564** − 0.219
e 4.54 (1.385) − 0.058 − 0.164 − 0.009 − 0.024 0.529*** 0.070
f 4.24 (1.473) 0.278+ 0.336* 0.067 0.146 0.486*** − 0.232
Negative attitude towards situations concerning interactions with chatbots (8)
a 3.37 (1.171) − 0.138 − 0.091 − 0.069 0.164 − 0.181 0.469** − 0.217
b 3.13 (1.084) 0.052 0.128 0.032 0.083 − 0.089 0.426** − 0.152
c 3.47 (1.255) − 0.209 − 0.143 − 0.071 − 0.046 − 0.119 0.300* 0.181
d 3.28 (1.280) − 0.355* − 0.359* − 0.464** − 0.368* − 0.281* 0.566*** − 0.321*
e 3.60 (1.206) 0.110 0.157 0.203 0.150 − 0.212 0.362* − 0.196
f 3.57 (1.296) 0.078 − 0.003 − 0.117 − 0.035 − 0.245+ 0.403** − 0.207

a: service failure – female chatbot, b: service failure – gender-neutral chatbot, c: service failure – male chatbot, d: service recovery – female chatbot, e: service recovery 
– gender-neutral chatbot, f: service recovery – male chatbot Significance levels: + p < 0.10; *p < 0.05; **p < 0.01; ***p < 0.001.

Data availability

Data will be made available on request.
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Bartneck, C., Kulić, D., Croft, E., Zoghbi, S., 2009. Measurement instruments for the 
anthropomorphism, animacy, likeability, perceived intelligence, and perceived 
safety of robots. Int. J. Soc. Robotics 1 (1), 71–81.

Bayes, M.A., 1972. Behavioral cues of interpersonal warmth. J. Consult. Clin. Psychol. 39 
(2), 333–339.

Belanche, D., Casaló, L.V., Flavián, C., Schepers, J., 2020. Robots or frontline employees? 
Exploring customers’ attributions of responsibility and stability after service failure 
or success. JOSM 31 (2), 267–289.
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