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ARTICLE INFO ABSTRACT

Keywords: This research examines the impact of empathic chatbots on consumer responses, exploring how Artificial In-
human-centered Al telligence (AI) emotional skills, particularly the use of specific empathic language and emotional tone, can
Chatbots enhance user satisfaction and word of mouth intentions. Across three experimental studies (n = 643), findings
‘é\:;r‘lr;:;ence reveal that empathic conversational agents are perceived as warmer and more competent, positively influencing

satisfaction and encouraging word of mouth. The study advances existing literature by demonstrating that
empathy in chatbots is feasible and effective in creating more affective and socially engaging consumer in-
teractions, thereby mitigating some of the negative perceptions typically associated with Al tools. Warmth and
competence were key mediating factors, suggesting that consumers ascribe human-like qualities to chatbot in-
teractions, enhancing their service experience. The findings also highlight the practical benefits of implementing
empathic Al in service settings, where language adaptations and rapport-building behaviors can improve service
quality perception and consumer trust. Given the rapid integration of Al in consumer contexts, understanding the
role of empathic chatbots in shaping customer experience is crucial. Future research directions include exam-
ining the empathic chatbot’s role across varied service types and exploring its impact on service employees’
perceptions. These insights contribute to theoretical and managerial perspectives, advocating for the integration
of empathy as a core feature in Al-driven customer service.

1. Introduction affective and social experiences that yield positive outcomes for both

consumers and firms, such as increased relationship satisfaction, loyalty,

Artificial Intelligence (AI) has been transforming the service land-
scape by enhancing service accuracy, reducing consumer effort, and
increasing convenience throughout the consumption journey (Holebeek
et al., 2024; Rohden et al., 2025). While Al systems are typically cele-
brated for their cognitive strengths, they are often critiqued for lacking
social and emotional intelligence — features that may lead users to
perceive such technologies as impersonal or uncaring (Ameen et al.,
2022; Huang and Rust, 2021). This limitation has spurred a growing
body of research at the intersection of affective computing,
human-computer interaction, and consumer informatics, with
increasing attention to how AI might simulate or augment human-like
emotional skills, particularly empathy (Heinisch et al., 2024; McDuff
and Czerwinski, 2018; Picard, 2003).

Empathy has the potential to bridge the human-AI gap by enriching
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and customer well-being (Jiang et al., 2025; Liu-Thompkins et al.,
2022). Recent studies in affective computing and consumer informatics
have examined the emotional dynamics of service-robot interactions (An
et al., 2025; Filieri et al., 2022; Heinisch et al., 2024), including the
potential benefits of empathy and the risks of emotional over-
dependence on social chatbots (Laestadius et al., 2022; Lee, 2025).
Despite this growing interest, empirical evidence remains scarce
regarding how artificial empathy is perceived and how it functions in
consumer-chatbot interactions (Liu-Thompkins et al., 2022).

The earlier generation of agents and chatbots relied on rule-based
logic and standardized responses, offering little room for affective ex-
pressions. In contrast, recent advances in generative Al — particularly
Large Language Models (LLMs) — enable chatbots to adapt their lan-
guage to user tone and intent, thereby allowing these agents to
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demonstrate emotional attributes, including empathy (Ke et al., 2025;
Ma et al., 2015). Although it may appear self-evident that empathic
chatbots enhance consumer experiences, prior literature reveals a more
nuanced reality. Studies have reported mixed results regarding the
effectiveness of Al-generated empathy: while some users respond posi-
tively, others may perceive empathic cues as inauthentic or manipula-
tive, potentially reducing trust and perceived service quality (Filieri
et al., 2022; Lee, 2025). These contrasting outcomes underscore the
need to understand better not only whether, but also when and how
empathic behaviors in Al-driven service interactions foster positive
outcomes.

This research addresses this gap by investigating how Al agents’ use
of specific language and emotional tone shapes consumer satisfaction
and word-of-mouth intentions, and by examining perceptions of warmth
and competence as underlying explanatory mechanisms (Pentina et al.,
2023). We focus on the service industry, where Al tools — particularly
chatbots — have been widely adopted to support customer service, sales,
and service recovery (Fan et al., 2023; Zhu et al., 2023). One prevalent
Al technology in this industry is conversational agents, specifically
chatbots, which are computer programs capable of sustaining coherent
interactions and answering consumer questions (Rese and Tranker,
2024). As a growing touchpoint in the consumer journey, chatbots
provide a rich context for exploring the role of emotional design features
that elicit more human-like responses.

This study makes a significant contribution to the literature in four
key ways. First, we provide empirical evidence on how a chatbot’s
emotional skill — namely empathy — influences consumer perceptions
and behavioral intentions across distinct service contexts, including
both high- and low-involvement experiences. Second, we draw on social
cognition theory to examine perceptions of technology competence and
warmth as mediators of these effects (Cuddy et al., 2008). Third, we
highlight that the integration of empathy in Al technologies has impli-
cations not only for consumers but also for service employees and
marketing practitioners who must engage with these tools in their work
environments (Ameen et al., 2022). Thus, our research offers insights
into how brands can create more positive experiences for various
stakeholders by incorporating higher emotional skills into chatbots.
Fourth, by investigating empathy in chatbots, we contribute to the
broader domain of human-centered AI, where emotionally attuned
technologies are designed to facilitate more authentic, trust-based re-
lationships with users (Boratto et al., 2023; Heinisch et al., 2024).

2. Background and hypotheses

The growth of deep learning and natural language processing tech-
nologies has increased interest in Al tools for customer relationship
management (Davenport et al., 2020; Huang and Rust, 2021). Marketing
Al tools can be classified into four types of intelligence: mechanical (e.g.,
self-service technologies), analytical (e.g., recommendation systems),
intuitive (e.g., adaptive service personalization), and empathic Al (e.g.,
social companions and emotion-aware bots) (Huang and Rust, 2018).

Research in affective computing has long emphasized the importance
of enabling machines to recognize and respond to human emotions
(Arya et al., 2021; Picard, 2003). In the context of human-computer
interaction, studies suggest that Al-based systems with anthropomor-
phic characteristics tend to foster greater user trust (Chen et al., 2024).
Moreover, attributes such as explainability and fairness can influence
reliance on Al systems, even in areas where human interaction is
considered indispensable (Purificato et al., 2023).

Chatbots are an example of an Al tool that can assist consumers with
various tasks and questions 24/7, thereby increasing the number of
service touchpoints while providing a personalized, omnichannel, and
interactive experience (Chung et al., 2020; Puntoni et al., 2021). These
non-corporeal conversational agents engage users in a consistent and
natural language conversation through text- or audio-based environ-
ments, supporting both general-purpose and task-oriented interactions
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(Chaves and Gerosa, 2021; Tran et al., 2021). From the company’s
perspective, conversational agents support customer service and sales,
reduce costs, and optimize service delivery (Klein and Martinez, 2023).

2.1. Social and emotional skills of chatbots

The capabilities of conversational agents can be social or task-
oriented (Chattaraman et al., 2019). This research follows the CASA
(Computers Are Social Actors) paradigm, which states that although
technology is inanimate, users often engage with it as if it were a social
agent (Nass and Moon, 2000). Recent research in human-centered Al has
highlighted not only the performance dimension and its impact on
perceptions of trustworthiness (Boratto et al., 2023), but also their social
legitimacy — that is, the extent to which Al is accepted as a legitimate
social actor in service interactions (Sun et al., 2023).

Technological advances have increasingly endowed Al tools with
sophisticated social capabilities, aligning them more closely with human
stereotypes (Ameen et al., 2022; Chen et al., 2024). Social traits such as
personality, autonomy, and empathy enable emotionally meaningful
interactions between humans and Al agents, fostering a human-centered
experience and stronger relationship bonds (Pentina et al., 2023; Mari
et al., 2024). Consequently, empathy emerges as a critical predictor of
effective performance in sales and service roles (Iglesias et al., 2019).

Empathy is commonly defined as an individual’s response to an-
other’s observed experiences (Davis, 1983), encompassing both cogni-
tive and emotional dimensions. Cognitive empathy involves adopting
another person’s perspective and intentionally perceiving and under-
standing their emotions (Jiang et al., 2025). Conversely, affective
empathy stems from sharing emotions and feelings, demonstrating un-
derstanding and concern for others’ experiences, and is often associated
with more altruistic attitudes (Mari et al., 2024; Todd and Burgmer,
2013). Although empathy has traditionally been regarded as a uniquely
human capacity (Perry, 2023), recent research suggests that it can be
simulated and perceived in Al agents (Mari et al., 2024), particularly in
chatbots (Kim and Hur, 2024; Markovitch et al., 2024).

In human-human interactions, empathy is often perceived through
tone of voice, body language, and facial expressions. On the other hand,
in human-chatbot communication, especially via text, empathy is pri-
marily signaled through language style (e.g., formal vs. informal) and
nonverbal elements, such as emojis. Artificial empathy typically en-
compasses elements such as perspective-taking, empathetic concern,
and emotional contagion, without requiring the presence of another
human being to work, as Al can identify, emulate, and adapt its re-
sponses based on interaction cues (Liu-Thompkins et al., 2022). In
low-empathy interactions, consumers generally rate their affective and
social experiences higher with human agents than with Al agents.
However, this difference tends to disappear in high-empathy scenarios.
Therefore, from a social interaction standpoint, a more empathic chat-
bot adds value to consumer experiences (Liu-Thompkins et al., 2022).

Chatbots that exhibit human-like traits significantly influence key
consumer experience outcomes (Araujo, 2018). For example, anthro-
pomorphic design cues, such as visual appearance or conversational
style, influence users’ information disclosure to chatbot agents (Chen
et al., 2024). In service recovery contexts, empathic chatbots reduce
consumer anger and improve satisfaction and reuse intentions (Yim,
2024; Haupt et al., 2023). Moreover, research from a frontline employee
perspective has shown that chatbots can elicit emotional responses
among service staff as well. Interactions with agents perceived as more
empathetic or helpful lead to feelings of fairness, closeness, and a desire
to continue using them (Gkinko et al., 2022).

In the consumer settings, the literature suggests that more emotive Al
can elicit positive consumer reactions. A chatbot with a response style
perceived as more empathic can increase consumer retention (Fan et al.,
2023), continued intentions to use the Al technology (Guo et al., 2025),
and satisfaction levels (Zhu et al., 2023). Furthermore, when AI agents
convey empathy toward consumers, this can increase satisfaction,
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relationship quality, and even trust in the interaction (Ashfaq et al.,
2020).

Another key outcome is the consumer’s intention to engage in pos-
itive word of mouth (WOM) about the experience. Empathy facilitates
forgiveness, enhances reciprocating behaviors, and protects service
companies from negative WOM (Bove et al., 2019). Moreover, consumer
interactions with more empathic employees lead to more perceived
service quality and positive WOM (Markovic et al., 2018). In human-AI
interactions, rapport-building with a chatbot has been shown to reduce
the spread of negative feedback and increase the likelihood of positive
WOM, particularly when expectations are met (Fatima et al., 2024; Yim,
2024). Furthermore, anthropomorphic characteristics in chatbots, such
as using a human avatar, have been shown to enhance positive product
attitudes and encourage WOM (Chen et al., 2023).

Because empathy is inherently associated with human social in-
teractions, we posit that higher perceived empathy in chatbots will
positively influence both consumer satisfaction and willingness to
recommend. Accordingly, we propose the following hypotheses:

H1. Chatbots that communicate empathically increase consumer
satisfaction with the service experience.

H2. Chatbots that communicate empathically increase consumer in-
tentions to engage in positive word of mouth about the service
experience.

While these hypotheses may initially seem intuitive, recent findings
suggest that empathy does not always yield beneficial effects. For
instance, if perceived as inauthentic or manipulative, chatbot empathy
can backfire, resulting in reduced trust and diminished perceptions of
service quality (Lee, 2025). Hence, it is crucial to examine how con-
sumers interpret and respond to empathic behavior in specific contexts,
such as service chatbots, and to better understand the mechanisms that
underpin these effects.

2.2. Competence and warmth

Warmth and competence are foundational dimensions of social
cognition that influence how individuals perceive people and technol-
ogies in service contexts (Van Doorn et al., 2017). Perceived warmth
reflects traits such as friendliness, helpfulness, and caring, whereas
perceived competence encompasses traits like intelligence, skillfulness,
and efficacy (Cuddy et al., 2008). In service contexts, consumers often
infer service quality based on their perceptions of a company's compe-
tence and warmth. For instance, appearance-related cues from em-
ployees influence inferences about their warmth and competence, which
in turn drive customers’ behavioral intentions toward them (Scott et al.,
2013).

Although traditionally linked to human agents, these dimensions
have also been applied to human-computer interactions. For example,
warm language can lead users to perceive digital agents as more
anthropomorphized and socially competent (Xu et al., 2023). Similarly,
conversational tone and personalized messaging enhance chatbot cred-
ibility and perceived expertise (Rese and Trankner, 2024), suggesting
that warmth and competence can be attributed to AI systems under
certain communicative conditions.

Previous research has investigated these perceptions in various
contexts, including consumer responses to bank services (Giintiirkiin
et al., 2020), frontline employee characteristics (Scott et al., 2013), and
Al-based interactions (Kim and Hur, 2024). In the case of chatbots,
warmth and competence have been shown to emerge from design ele-
ments such as anthropomorphic language, interaction fluency (Yang
et al., 2024), and the timing of responses (Xu et al., 2023). However,
little is known about whether and how empathy, as an emotional
expression, may serve as a source of these perceptions.

Previous literature has linked empathy and kindness to perceptions
of warmth, but competence is not necessarily associated with empathy.
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One can elicit warmth perceptions while reducing competence percep-
tions in the same situation (Liu and Lin, 2018). Therefore, empathy as a
way of fostering a sense of competence may sound counterintuitive.
Nonetheless, research has demonstrated that technology on the service
frontline can enhance perceptions of warmth and competence, which, in
turn, may affect consumer satisfaction, engagement, and well-being
(van Doorn et al., 2017). We therefore expect that a more empathetic
chatbot would elicit a perception of warmth, given how close and
emotionally connected humans feel towards an empathic agent.

We propose that chatbot empathy serves as a critical antecedent of
consumers’ perceptions of warmth and competence. Empathic expres-
sions can foster emotional closeness, attentiveness, and humanness,
qualities closely tied to the perception of warmth. Simultaneously, when
a chatbot demonstrates social awareness and emotional intelligence, it
may also be seen as more capable of managing interactions effectively,
thereby enhancing perceived competence, even when that competence
is not strictly functional or task-related.

Although prior research has primarily associated competence with
utilitarian attributes such as accuracy or speed (Xu et al., 2023), we
argue that emotional expressiveness, particularly in the form of
empathy, can also signal competence in relational tasks, such as un-
derstanding consumer needs or navigating emotionally charged service
encounters. In this regard, cooperative tone, appropriate emotional re-
sponses, and context-sensitive language may contribute to both the
emotional and cognitive evaluation of the chatbot, reinforcing percep-
tions of warmth and competence simultaneously.

Based on this theoretical rationale, we propose the following
hypotheses:

H3. Empathic chatbot communication increases perceived warmth,
which in turn will positively impact (a) consumer satisfaction and (b)
word of mouth intentions.

H4. Empathic chatbot communication increases perceived compe-
tence, which in turn will positively impact (a) consumer satisfaction and
(b) word of mouth intentions.

Fig. 1 illustrates the hypothesized model, detailing the proposed
relationships between chatbot empathy, the mediators (warmth and
competence), and the outcome variables (satisfaction and word of
mouth).

3. Study 1
3.1. Methods

3.1.1. Participants

A total of 108 Portuguese consumers participated in the study. Par-
ticipants ranged in age from 18 to 65 years (M = 33.00, SD = 13.13), and
75 % identified as female. Recruitment was conducted via social media
platforms (Facebook and Instagram) using a voluntary convenience
sample, with no financial incentives offered. Eligibility criteria required
participants to be 18 years or older.

3.1.2. Design

To test the main effect, we conducted a single-factor, between-sub-
jects experimental study that manipulated perceived empathy level
expressed by a chatbot during an interaction. Participants were
randomly assigned to one of two conditions.

3.1.3. Materials and measures

The use of written scenarios to simulate consumer-Al interactions is
well established in the literature and provides strong internal validity (e.
g., Holthower and van Doorn, 2023; Sun et al., 2023). Participants were
instructed to imagine they were interacting with a chatbot to track a
package awaiting delivery. In the low-empathy condition (control), the
chatbot responded with neutral, standardized messages (e.g., “Type the



S.F. Rohden and L.B. Espartel

International Journal of Human - Computer Studies 210 (2026) 103764

Warmth

H3a

Robot
Empathy

Satisfaction
with the
experience

Word of mouth
intentions

H4b

Competence H4b

Fig. 1. Conceptual model.

number of your parcel”). In the high-empathy condition, the chatbot
used a friendlier and more personal tone (e.g., “I hope to help you find
your package. Type the number of your parcel”). The specific stimuli
presented to each group are available in Appendix 1.

After reading the scenario, participants responded to measures of
satisfaction (four items adapted from Chung et al., 2020) and
word-of-mouth intentions (three items adapted from Babin et al., 2005).
A manipulation check assessed perceived empathy by asking partici-
pants to indicate the extent to which they agreed that the chatbot was
empathic. Given evidence that trust in Al-driven systems differs from
trust in traditional technologies (Fernandes and Oliveira, 2021), we
included control variables to account for potential confounds: trust in
Al, privacy risk perception (Rohden and Espartel, 2024), and de-
mographic variables. All constructs were measured using 5-point Likert
scales ranging from “totally disagree” to “totally agree”. A complete list
of items and sources is Available in Appendix 2.

3.1.4. Procedure

Participants accessed the study through a Qualtrics link, read the
scenario corresponding to their assigned condition, and then completed
the questionnaire containing the dependent variables, manipulation
check, control variables, and demographic questions.

3.2. Results

Independent-samples t-test confirmed that there were no significant
differences between experimental conditions in terms of trust (t(106) =
1.93, p = .06) or perceived privacy risk (t (106) = .26, p = .795),
indicating successful randomization across groups. The manipulation
check confirmed the effectiveness of the empathy manipulation (t (106)
= 5.92, p =.001): participants in the low-empathy condition perceived
the chatbot as less emotionally skilled (M = 2.73, SD = 1.19) than those
in the high-empathy condition (M=4.00, SD = 1.03).

To test H1 and H2, we conducted independent-samples t-tests
comparing participants’ responses across conditions. The analysis
assessed whether the two scenarios (low vs. high empathy) produced
different levels of satisfaction and WOM intentions (dependent vari-
ables). The effect on satisfaction was significant (t (106) = 3.64, p =
.001), with participants in the low-empathy condition reporting lower
satisfaction (M = 3.44, SD = .85) than those who interacted with the
high-empathy chatbot (M = 3.97, SD = .67), confirming H1. Similarly,
WOM intentions were significantly higher in the high-empathy condi-
tion (M = 3.73, SD = .82) than in the low-empathy condition (M=3.37,
SD = .89; t (106) = 2.18, p = .031), confirming H2.

3.4. Discussion

Study 1, conducted in a delivery service context, demonstrates that
consumers can recognize and respond positively to chatbots that employ
empathic language and a more emotional tone. Specifically, participants
who interacted with the high-empathy chatbot reported higher satis-
faction with the experience, replicating and extending previous findings
on the role of emotional tone in chatbot communication (Zhu et al.,
2023).

In addition, the study provides new evidence regarding consumers’
word-of-mouth intentions, a response variable that has received limited
attention in the context of empathic Al Participants in the high-empathy
condition were more likely to recommend the service and share their
positive experience, suggesting that human-centered Al can foster
relational outcomes traditionally associated with human interactions.

These findings are particularly relevant for omnichannel service
environments, where chatbots increasingly function as frontline service
agents. Despite the promising results, further research is needed to un-
cover the mechanisms underlying these effects, specifically how
empathy shapes consumer perceptions of the chatbot’s social and
functional qualities. These aspects are examined in greater detail in
Study 2.

4. Study 2
4.1. Methods

4.1.1. Participants

A total of 207 responses were collected through an online Qualtrics
survey. After excluding 22 responses due to extremely short (< 70 sec-
onds) or long (> 480 seconds) completion times, the final sample
comprised 185 valid participants (Mage = 30.00, SD = 9.98; 64 % fe-
male). Participants were recruited through social media platforms and
other online channels. Random assignment placed 91 participants in the
low-empathy condition and 94 participants in the high-empathy
condition.

4.1.2. Design

Study 2 employed a single-factor, between-subjects experimental
design manipulating the chatbot’s empathy level (low vs. high), repli-
cating the structure of Study 1 in a different service context.

4.1.3. Materials and measures
Instead of a parcel-delivery scenario, participants were presented
with a chatbot-assisted restaurant reservation. In the low-empathy
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condition, the chatbot provided straightforward, standardized responses
(e.g., “Your reservation is confirmed”); in the high-empathy condition,
the chatbot adopted a more personal and emotional tone (e.g., “I believe
this will be the ideal atmosphere for a celebration. Your reservation is
confirmed”). Full details of the stimuli are available in Appendix 1. A
pretest confirmed the effectiveness of the empathy manipulation (t (62)
=-2.51, p =.012), indicating that participants perceived the chatbot as
more empathic even without a live interaction.

The dependent variables (satisfaction and WOM intentions) were
measured using the same scales applied in Study 1. In addition, Study 2
included measures of perceived warmth and competence (three items
each, adapted from Xu et al., 2023), familiarity with chatbot interactions
(adapted from Rohden et al., 2025) as a control variable, and one
additional manipulation-check item (“This chatbot was friendly”). All
constructs and items are listed in Appendix 2.

4.1.4. Procedure

Participants accessed the study via a Qualtrics link. After reading the
assigned scenario, they completed the measures of satisfaction, WOM
intentions, perceived warmth, perceived competence, familiarity with
chatbot interactions, and the manipulation check.

4.2. Results

All multi-item scales demonstrated high reliability: satisfaction (o« =
.93), WOM (a = .94), competence (o = .83), and warmth (a = .93). The
manipulation check, using an independent-samples t-test, confirmed a
significant difference in perceived empathy between groups (t (183) =
-6.89, p = .001), with respondents in the low-empathy condition (M =
3.33, SD = 1.08) perceiving the chatbot as less empathic than those in
the high-empathy condition (M = 4.36, SD = .96). Participants also
rated the scenarios as differing in friendliness (t (183) =-5.94, p =.001),
with those interacting with the more empathic chatbot perceiving it as
friendlier (Mpigh = 4.59, SD = .69) than those in the low-empathy
condition (Mjow = 3.87, SD = .93). There were no significant differ-
ences across groups in terms of trust in Al (t (183) = .83, p = .408),
familiarity with the technology (t (183) = .88, p = .378), or privacy
concerns (t (183) = .83, p = .408).

The main effect was assessed using independent-samples t-test. Re-
sults confirmed a significant impact of chatbot empathy on satisfaction
with experience (t (183) =-2.42, p =.016), with participants in the low-
empathy condition reporting lower satisfaction (M = 4.05, SD = .88)
than those in the high-empathy condition (M = 4.35, SD = .80). Simi-
larly, empathy significantly influenced WOM intentions (t (183) =-2.59,
p = .010), with lower intentions in the low-empathy condition (Mo =
3.75, SD = 1.05) than in the high-empathy condition (Mp;gh = 4.13, SD
=.93).

We conducted mediation analyses (Process Model 4 with 5.000
bootstraps) with satisfaction as the dependent variable. A more
empathic chatbot is perceived as warmer (b = 1.29, t = 9.74, p = .001),
warmth positively predicted satisfaction (b = .59, t = 10.90, p = .001).
The direct effect of empathy on satisfaction remained significant (b=-
.46, t =-3.85, p =.001), and the indirect effect was also significant (b =
.89, LLCI = .6884, ULCI = 1.11), confirming the mediation of warmth
(H3a). Likewise, a more empathic agent was perceived as more
competent (b = .28, t = 2.44, p = .016), and competence positively
influenced satisfaction (b = .30, t = 2.42, p = .017). The direct effect of
empathy on satisfaction was not significant when competence was
included in the model (b =.10, t = 1.02, p = .307), but the indirect effect
was significant (b = .24, LLCI = .055, ULCI = .432), confirming the
mediation of competence (H4a).

When we consider word of mouth as the dependent variable, warmth
again positively predicted WOM (b = .66, t = 10.06, p = .001). With
warmth in the model, the direct impact of chatbot empathy on WOM
remained significant (b = -.47, t = -3.26, p = .001), and so was the in-
direct effect of warmth (b = .84, LLCI = .644, ULCI = 1.06), hence
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confirming H3b. Perceived competence also positively predicted WOM
(b =.82,t=11.19, p = .001). When competence was included in the
model, the direct effect of empathy on WOM was no longer significant (b
=.15,t = 1.31, p = .190), while the indirect effect was significant (b =
.23, LLCI = .044, ULCI = .406), indicating full mediation and confirming
H4b.

4.3. Discussion

Study 2 confirmed that a more emotional tone in chatbot responses is
associated with higher perceptions of empathy and leads to positive
consumer responses, also in hospitality settings. In contrast to the util-
itarian delivery context of Study 1, the restaurant scenario reflects a
more hedonic and emotionally involving service interaction. These re-
sults suggest that empathic chatbots are valued across varying levels of
consumer involvement, reinforcing the view that empathy contributes
meaningfully to service quality perceptions and user satisfaction (Guo
et al., 2025).

Furthermore, the research findings shed light on perceptions of
competence and warmth as underlying mechanisms that positively in-
fluence consumer satisfaction and word of mouth. Previous research has
explored how perceptions of chatbot warmth and competence influence
user satisfaction (Xu et al., 2023); however, it has not considered the
emotional skills of chatbots, specifically their empathetic
characteristics.

Building on these results, we aim to test the robustness of these
mechanisms in another service context where consumers are typically
more accustomed to digital tools — namely, the hotel reservation process.
Therefore, Study 3 focuses on chatbot interaction in the hospitality in-
dustry, where booking via digital channels is already well established.

5. Study 3
5.1. Methods

5.1.1. Participants

After excluding invalid responses (timeouts or incomplete sub-
missions), the final sample comprised 286 valid participants. Of these,
140 were assigned to the low-empathy condition and 146 to the high-
empathy condition. The average participant age was 31 years (SD =
11.33), and 56 % identified as female. Participants were recruited online
through social media platforms, and data were collected via a Qualtrics
survey.

5.1.2. Design

Study 3 employed a single-factor, between-subjects experimental
design, again manipulating the chatbot’s empathy level (low vs. high),
but in a new service context: a hotel reservation.

5.1.3. Materials and measures

The manipulation followed the same structure as in Study 2. Par-
ticipants were asked to imagine booking a hotel room online for a
wedding anniversary with the assistance of a chatbot. In the low-
empathy condition, after learning about the special occasion, the chat-
bot responded with a standard, neutral message (e.g., “Your reservation
for the suite is confirmed”). In contrast, in the high-empathy condition,
the chatbot offered a more tailored and emotionally attuned response (e.
g., “I believe the suite is a great choice to celebrate this moment. Your
reservation is confirmed”). Full scenarios are provided in Appendix 1.

The measures for satisfaction, WOM intentions, competence, and
warmth were identical to those used in Studies 1 and 2.

5.1.4. Procedure

The data collection procedure mirrored the earlier studies. After
accessing the Qualtrics link, participants were randomly assigned to one
of the two conditions, read the scenario corresponding to their assigned
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condition, and completed the measures of satisfaction, WOM intentions,
competence, warmth, and demographic questions.

5.2. Results

All scales showed appropriate reliability: satisfaction (a = .93),
WOM (o = .94), competence (o = .89), and warmth (a = .94). The
manipulation worked as expected: an independent-samples t-test
revealed significant differences in empathy perceptions (t = (284) =
-5.36, p = .001), with participants in the low-empathy condition
perceiving the conversational agent as less emphatic (Mjoy = 3.31, SD =
1.09) than those in the high empathy condition (Mp;gy = 3.98, SD =
1.01). Likewise, there was a significant difference in perceive friendli-
ness (t (284) =-4.82, p=.001), with lower friendliness perceptions in the
low empathy condition (Mjow = 3.53, SD = 1.02) relative to the high-
empathy condition (Mpigh = 4.09, SD = .95). No significant differ-
ences emerged for trust (t (284) = -1.51, p = .132), familiarity with the
technology (t (284) = -.14, p = .892), or privacy concerns (t (284) =
-1.68, p = .096).

Chatbot empathy significantly influenced satisfaction (t = 284) =
-2.90, p = .004), with participants in the low empathy condition
reporting lower satisfaction levels (M = 3.69, SD = .88) compared to
those who saw the highly empathic chatbot (M = 3.99, SD = .85). A
similar pattern emerged for WOM intentions (t (284) = -3.68, p = .001):
participants interacting with a less empathic chatbot reported lower
intentions (M = 3.47, SD = 1.03) than those interacting with the high-
empathy chatbot (M = 3.90, SD = .92).

We conducted mediation analyses (Process Model 4 with 5.000
bootstraps) with satisfaction as the dependent variable. A more
empathic chatbot was perceived as warmer (b =.76, t = 6.32, p = .001),
and warmth positively predicted satisfaction with the experience (b =
.59, t = 15.70, p = .001). The direct effect of empathy on satisfaction
was not significant (b=-.15, t = -1.81, p = .072), whereas the indirect
effect was significant (b = .50, LLCI = .353, ULCI = .659), confirming
the mediation of warmth (H3a). Likewise, empathy increased percep-
tions of competence (b = .21, t = 2.14, p = .034), which in turn posi-
tively influenced satisfaction (b = .82, t = 21.54, p = .001). The direct
effect of empathy remained non-significant (b = .12, t = 1.96, p = .05),
while the indirect effect of perceived competence explains the variance
in satisfaction (b = .20, LLCI = .011, ULCI = .370), confirming H4a.

When WOM intentions served as the dependent variable, the influ-
ence of warmth perceptions on intentions to engage in WOM was sig-
nificant and positive (b = .70, t = 17.56, p = .001). With warmth in the
model, the direct impact of chatbot empathy on WOM was not signifi-
cant (b = -.10, t = -1.20, p = .233), while the indirect effect was sig-
nificant (b = .53, LLCI = .369, ULCI = .701), supporting H3b. Similarly,
perceptions of competence triggered by a more empathetic chatbot eli-
cited WOM intentions (b = .86, t = 18.41, p = .001). When competence
was included in the model, the direct effect of empathy on WOM
remained significant (b = .24, t = 3.08, p = .002) and so was the indirect
effect (b = .18, LLCI = .016, ULCI = .342), confirming the mediation of
competence perceptions on WOM intentions.

5.3. Discussion

Study 3 provides additional evidence that interacting with an
empathic chatbot positively influences satisfaction and WOM intentions,
even in a high-involvement hotel booking context. Therefore, empathy
is an alternative to mitigate the negative perceptions commonly asso-
ciated with AI tools, promoting a shift from a solely functional and
cognitive focus to an emotional approach that includes aspects such as
chatbot empathy (Ameen et al., 2022).

Importantly, this study replicates and extends the mediation results
of Study 2, which suggest that warmth and competence perceptions
explain the relationship between chatbot empathy and positive con-
sumer outcomes. Notably, the effect of empathy on warmth perceptions
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appears especially pronounced in this context. Although these results are
based on independent samples, they may suggest that in hotel-related
interactions, where users are more accustomed to digital self-service,
empathic cues are particularly salient.

6. Conclusion

With the rapid adoption of Al technology in marketing, it is crucial to
understand how consumer interactions with chatbots can be optimized
(Kim and Hur, 2024; Markovitch et al., 2024). While the functional
benefits of Al, particularly conversational agents, are well documented,
this research investigated the impact of interaction with chatbots that
present empathy as an emotional skill (Liu-Thompkins et al., 2022).
Across three experimental studies, our findings consistently demonstrate
that chatbots that use specific language and emotional tone elicit more
positive human responses.

6.1. Theoretical implications

This research advances the knowledge about the influence of artifi-
cial empathy on consumer perceptions and cognitive responses, con-
firming the positive effect of empathic chatbot on consumer experiences
(Liu-Thompkins et al., 2022). Previous research has explored ways of
eliciting empathy in virtual reality experiences (Jiang et al., 2025). The
results of this research demonstrated that empathy can also be elicited in
text-based interactions with chatbots through language and emotional
tone. Moreover, empathic interaction with conversational agents can
positively influence consumer responses, including satisfaction and
WOM intentions. Empathy, as an emotional skill, is seldom associated
with Al agents (Ameen et al., 2022; Fan et al., 2023). Thus, this research
suggests that developing more empathetic agents can mitigate potential
negative perceptions of chatbots and elicit positive consumer responses.
These emotional skills can bridge the human-AI gap, creating more af-
fective and social customer experiences, even when interactions occur
with a robot instead of a frontline human employee. To the best of the
authors’ knowledge, this is also the first study to explore WOM as an
outcome of interacting empathic chatbot.

Furthermore, warmth and competence perceptions serve as mecha-
nisms for understanding these positive consumer responses. Previous
research has explored how perceptions of chatbot warmth and compe-
tence influence user satisfaction (Xu et al., 2023). However, these
studies have not considered empathetic characteristics in chatbots.
Research on the influence of Al empathy on consumer responses has
primarily focused on specific contexts, such as service recovery (Fan
et al., 2023). We contribute to the literature in this sense by exploring
regular service consumption experiences and shedding light not only on
emotional aspects that could be intuitively associated with empathy,
such as warmth, but also on competence, a perception usually related to
more utilitarian or functional assessment of consumer experiences (Liu
and Lin, 2018; Liu-Thompkins et al., 2022; Yim, 2024).

Despite previous doubts about whether AI could emulate emotional
aspects (Bove et al., 2019), elicit emotional perceptions (An et al., 2025),
or that chatbot empathy could create positive consumer responses (Lee,
2025), our findings not only confirm that humans can infer more
emotional skills like empathy from conversational agents, but they can
also attribute typically human traits, like warmth, to interactions with
chatbots. Al-based platforms can enhance consumer-brand engagement
and well-being (Holebeek and Belk, 2021). Therefore, this research
contributes to a deeper understanding of the elements that support the
development of human-centered Al, ultimately leading to more positive
user experiences (Boratto et al., 2023; Purificato et al., 2023).

6.2. Managerial implications

The findings of this research offer several practical insights for
marketers, service designers, and technology developers. First,
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companies and decision-makers should consider integrating empathetic
features into chatbot design to enhance the consumer experience and
promote positive brand outcomes, including sales and perceived service
quality (Garvey et al., 2023; Jiang et al., 2025). Moreover, developing
more emotionally skilled technologies can yield positive outcomes for
frontline employees (Huang et al., 2024).

The human aspect is often a critical component of service provision,
so adopting a service script for chatbots could be beneficial. A chatbot
that adapts its language, mimics consumer expressions, and builds
rapport can be perceived as more friendly and empathic, which would
increase consumer satisfaction and the likelihood of consumers recom-
mending services to their family and friends.

Nonetheless, these results should be considered with caution. Since
more relational and emotional interactions with technology can elicit
consumers'trust (Mari et al., 2024), perceptions of benevolence (Garvey
et al., 2023), and positive attitudes such as willingness to self-disclosure
(Chen et al., 2024), social aspects of chatbots should receive appropriate
attention from companies and policymakers. Human-centered chatbots
can create more satisfaction and positive experiences while also poten-
tially enhancing consumer risks and jeopardizing privacy. Therefore,
clear policies should be developed to ensure that companies utilize
emotional and empathetic chatbots ethically and responsibly.

6.3. Limitations and future research

As with any experimental study, this research presents some limi-
tations that should be acknowledged to contextualize its contributions
and guide future investigations. Participants were exposed to simulated
chatbot interactions via written scenarios rather than engaging in real-
time conversations. This approach offered stronger experimental con-
trol and enhanced internal validity, but may limit ecological validity, as
it does not fully replicate the richness and dynamism of actual
consumer-chatbot exchanges (Viglia et al., 2021). To increase realism,
future research could incorporate live chatbot systems or leverage large
language models (LLMs) such as GPT-based agents to simulate more
natural, adaptive dialogues (Ke et al., 2025; Markovitch et al., 2024).

Although random assignment helped control for pre-existing
emotional states, we recognize that users’ emotions are dynamic and
can evolve throughout an interaction (Filieri et al., 2022). Empathic
chatbot responses may amplify, moderate, or redirect these emotional
trajectories. Future research could employ longitudinal or real-time
methodologies, utilizing tools such as the Positive and Negative Affect
Schedule (PANAS) to monitor affective states before and after
Al-mediated encounters. Such approaches would offer more profound
insights into how user emotions both influence and are influenced by
empathic AL

Another consideration involves the length and complexity of the
conversations. In our design, all stimuli involved brief interactions.
Longer exchanges might heighten emotional engagement, increase
perceived empathy, or differently influence customer satisfaction. The
role of interaction duration thus represents a relevant moderator for
future investigation.

While our study focused on verbal expressions of empathy, other
cues — such as chatbot appearance, voice, animations, or emojis — may

International Journal of Human - Computer Studies 210 (2026) 103764

significantly shape how empathy is perceived. Future research should
explore the multimodal dimensions of empathic design and assess their
interplay with textual strategies.

In terms of generalizability, the three studies covered distinct service
contexts (delivery, restaurant, and hotel), but were conducted with
online participants recruited via social media and panel platforms.
Although the sample was diverse in terms of age and gender, it may not
reflect the full spectrum of consumer populations or cultural environ-
ments. Replicating this research in other countries, with offline samples,
and in service settings that vary in emotional involvement, such as
healthcare or financial services, would help confirm the robustness and
applicability of the findings (e.g., Holthower and van Doorn, 2023).

Finally, while our focus was on consumer responses, the growing use
of empathic Al in service environments may also have implications for
frontline employees and service managers (Huang et al., 2024). Future
research could explore how emotionally expressive Al influences
employee experience, human-Al collaboration, and perceptions of
authenticity. Additionally, identifying the boundary conditions under
which empathic Al may not produce positive effects, such as in highly
utilitarian contexts or when empathy is perceived as inauthentic, re-
mains a promising direction for further study.

In summary, this study offers robust initial evidence regarding the
effects and mechanisms of chatbot empathy. At the same time, the av-
enues outlined above suggest important opportunities for future
research to deepen and broaden our understanding of empathic Al in
more ecologically valid and context-sensitive ways.
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Appendix 1. Scenarios used in the experimental design

Hello! Can you help me to
find a package?

Type the tracking number.

The tracking number is
202020

Your package is currently in
the warehouse.

Thank you!
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Hello! Can you help me to
find a package?

Good morning! | am here to assist
you with your question. Type the
tracking number.

The tracking number is
202020

Your package is currently in the warehouse.
If you need more detailed tracking
information, | suggest checking the website.

Thank you!

| hope your questions were clarified. In case
you need assistance with other matters,
please let me know!

Study 1 - Chatbot conversation to locate a package (low vs. high empathy).

(" @ Support Bot

Support Bot
Helle, How may | help you ?

Customer

| would like to make a reservation for 20:00 tomarrow.
Support Bot
How many guests should we expect?
Customer
‘We will be 2 people.
Support Bot

Would you like the table in which area?
We have the main room and the garden available.

Customer

Itis my wedding anniversary so it seems that the main
room would be a better option.

Support Bot

Your reservation for the main room is confirmed.

~

/

(" @ Alex - Support Bot

Alex - Support Bot

Hello. & | am Alex and | am here to provide you the best
Restaurant experience, How may | help you ?

Customer

| would like to make a reservation for 20:00 tomorrow.

Alex - Support Bot
Sure, how many guests should we expect?

Customer

We will be 2 people.

Alex - Support Bot

Would you like the table in which area?
For a romantic evening the main room is more private,
but the garden is great to hang out with a friend.

Customer
It is my wedding anniversary so it seems that the main
room would be a better option.
Alex - Support Bot

Congratulations on your anniversary! | believe this will
be the ideal atmosphere for a celebration.

\Your reservation is confirmed. | hope you enjoy it!

Study 2 - Chatbot conversation to make a restaurant reservation (low vs. high empathy).
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( @ Support Bot \

Support Bot

Hello. How may | help you ?

Customer
1 would like to book a roam for Friday night.
Support Bot
How many guests should we expect?
Customer

We will be 2 people.
Support Bot

What kind of room would you like? We have Standard
Room and Luxury Suites available.

Customer

It is my wedding anniversary so | believe that the Luxury
Suite would be a better option.

Support Bot

Your reservation for the a Luxury suite on Friday
is confirmed

% »

( @ Alex - Support Bot \

\do for you and your loved one in this special day. )
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Alex - Support Bot

Hello. & | am Alex and | am here to provide you the best
Hotel experience. How may | help you ?

Customer
| would like to book a room for Friday night.
Alex - Support Bot
Sure, how many guests should we expect?
Customer

We will be 2 people,

Alex - Support Bot

What kind of room would you like? We have Standard
Room and Luxury Suites available.

Customer

It is my wedding anniversary so | believe that the Luxury
Suite would be a better option.

Alex - Support Bot
Congratulations on your anniversary! | believe the Suite
is a great choice to celebrate this moment.
Your reservation is confirmed.
Please let me know in case there is anything else we can

Study 3 - Chatbot conversation to book a hotel room (low vs. high empathy).

Appendix 2. Measurement scales and items

Scale Items

Source

Satisfaction with the experience 1 am satisfied with this service

Chung et al., 2020

This chatbot provides a good customer service

The service met my expectations

1 was satisfied with the experience of talking with the service agent

Word of mouth 1 would say positive things about this experience to other people Babin et al., 2005
I would recommend this chatbot to someone who seeks my advice
I would encourage friends and relatives to use this chatbot
Competence The chatbot was competent Xu et al., 2023
The chatbot was intelligent
The chatbot was skilful
Warmth The chatbot was warmth Xu et al., 2023
The chatbot was kind
The chatbot was friendly
Familiarity 1 am familiar with the use of chatbots Rohden et al., 2025
Trust 1 trust that technologies such as Al could assist me in my consumption experience Fernandes and Oliveira 2021

Privacy concerns
Manipulation checks The chatbot was empathic

The chatbot was friendly

I would be concerned about my personal privacy in this interaction with a Chatbot

Rohden and Espartel, 2024
The authors

Data availability

The article's data will be shared upon request with the corresponding
author.
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