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As Conversational Agents (CAs) increasingly interact with users on social and emotional levels, understanding
how these agents convey empathy has become a critical challenge. This paper reports on an exploratory mixed-
methods study that proposes and empirically explores an initial framework for CA empathic responsiveness. The
research proceeds in two sequential studies. Study 1 first conducted a qualitative analysis of open-ended surveys
(N=166, U.S. and South Korea) to identify key user-defined empathic behaviors. Through thematic analysis,
these insights were integrated with existing empathy theories to derive a framework of four core agent char-
acteristics: Active Listening (AL), Personalization (PE), Emotional Expressivity (EE), and Persona Attractiveness
(PA). Study 2 then conducted a quantitative investigation in South Korea (N=200) using Structural Equation
Modeling (SEM) to test this framework. Empathic responsiveness was operationalized adopting the Agent
Empathic Reactivity Index (AERI), a validated CA-specific adaptation of the Interpersonal Reactivity Index (IRI),
assessing perspective-taking, fantasy, empathic concern, and personal distress. SEM results confirmed all 12
hypothesized paths. AL and PE strongly enhanced perspective-taking and empathic concern, while PE also
significantly reduced personal distress. Notably, EE and PA had dual effects: they improved positive dimensions,
such as fantasy, but also significantly increased users’ perception of the agent’s personal distress. These findings
highlight the delicate balance required in designing emotionally resonant CAs. This work advances the theo-
retical understanding of multidimensional agent empathy and provides actionable, nuanced guidance for de-
signers aiming to build trust and foster long-term user relationships.

1. Introduction Reeves and Nass, 1996), developing agents with social interaction ca-

pabilities has become key in Human-Al interaction research (Leite et al.,

The rapid advancement of Large Language Models (LLMs) has
transformed Conversational Agents (CAs), such as chatbots and intelli-
gent personal assistants, from simple task automation tools into entities
with enhanced social presence and empathetic responsiveness
(Polignano et al., 2023; Ziems et al., 2024). This evolution marks a
significant turning point in Human-Computer Interaction (HCI)
research, drawing attention from both academia and industry to the
agents’ social interaction capabilities and platform flexibility (Ha et al.,
2021; Rapp et al., 2021). Strengthening the social abilities of these
agents has become a major research objective for fostering sustainable
user-system relationships. Building upon the
Computers-Are-Social-Actors (CASA) paradigm (Nass and Moon, 2000;

* Corresponding author.
E-mail address: yoo@byoo.org (B. Yoo).

https://doi.org/10.1016/j.ijhcs.2026.103797

2013a; Rapp et al., 2021). However, cases like Microsoft’s Tay, which
learned inappropriate behaviors (e.g., racism or bias) from user in-
teractions (Cuadra et al., 2024), and recent LLMs facing ethical limita-
tions (Cuadra et al., 2024; Zhuo et al., 2023), clearly demonstrate the
complexity of developing AI agents with empathy.

In this study, empathy refers to the ability to recognize and under-
stand the emotional states of others and to respond appropriately (Paiva
et al., 2017). This encompasses both affective empathy (sharing emo-
tions) and cognitive empathy (understanding thoughts), a distinction
critical to the context of human-computer interaction. In CA in-
teractions, empathy focuses on appropriately reacting to users’
emotional states and understanding situational nuances (Lee and Vi,
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2023). Despite its importance, empirical research on how users perceive
and value empathy in Al interactions remains limited. Prior studies have
found that empathy in agents can enhance user experience and
encourage self-disclosure (Cuadra et al., 2024; G. Park et al., 2022; Rapp
et al., 2021), but these studies often do not fully explain the mechanisms
underlying these effects (Lee and Yi, 2023; Yalcin, 2020). Additionally,
identifying specific agent behaviors that contribute to users' perceptions
of empathy remains a challenge (Efthymiou and Hildebrand, 2023;
Liang et al., 2024; Park et al., 2022a), and there is a lack of integrated
frameworks for these aspects (Schmidmaier et al., 2024).

Against this background, the current study aims to conduct an
exploratory study to identify the key factors and relationships underly-
ing empathetic agent interactions based on user perceptions, rather than
proposing a definitive framework. This paper adopts a sequential
exploratory mixed-methods design. First, Study 1 conducts a qualitative
investigation—using thematic analysis of open-ended surveys—to
identify the core concepts of CA empathy as users perceive them. Based
on these findings, we then develop a theoretical framework and its
corresponding hypotheses. Second, Study 2 quantitatively validates this
empirically-derived framework through a new survey and structural
equation modeling, testing the impact of the identified traits on users’
ratings of empathy. Overall, this study delivers an empirically grounded,
user-defined map of CA empathic responsiveness by linking four syn-
thesized agent traits to multidimensional empathic outcomes.

2. Related work

Existing research on empathy in CAs has primarily explored the ef-
fects of specific features in a fragmented manner, such as the impact of a
single response type or a specific persona. This study moves beyond such
piecemeal approaches, which often lack a unified theoretical model,
aiming to fill a significant gap by integrating the multidimensional
characteristics of empathy as perceived by users. This section provides a
comprehensive theoretical backbone by reviewing the foundational
theories of human empathy, how this concept is operationalized in CAs,
the key antecedent trends identified in the literature, and the critical
challenge of its assessment.

2.1. The phenomenon of human empathy

Before examining agent empathy, it is essential to ground the dis-
cussion in the rich psychological literature on human-to-human
empathy. Empathy is a complex, multidimensional construct, not a
single faculty. Its underlying mechanisms are often explained through
foundational concepts like the Theory of Mind (the cognitive capacity to
attribute mental states—beliefs, desires, and intentions—to others)
(Premack and Woodruff, 1978) and the mirror neuron system (the
proposed neurological basis for mimicry, shared affect, and under-
standing action-intention) (Rizzolatti and Craighero, 2004). These the-
ories, which are frequently referenced in information systems to explain
social responses to technology (Hoenen et al., 2016; Jeong and Lee,
2017), suggest that a true empathic response relies on the cognitive
capacity to capture, simulate, and internalize another’s mental and af-
fective state.

Batson (2009), in his seminal work, argued that “empathy” is a broad
term for multiple related phenomena that stem from knowing another’s
internal state and responding with care. This process involves distinct
components that must work in combination: understanding the other’s
state (e.g., cognitive perspective-taking), matching one’s state with an-
other’s (e.g., emotional contagion or shared affect), and responding to
benefit the other (e.g., prosociality or empathic concern) (Yamamoto,
2017; Eklund and Meranius, 2021). This theoretical distinction between
cognitive, affective, and motivational components is critical for decon-
structing how users perceive these same functions when performed by a
non-human CA.

Based on this synthesis of empathy theory, a series of behaviors can
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be identified as crucial for the formation and perception of empathy: (1)
seeking and understanding the other’s inner state, (2) responding in
favor of the subject of empathy, (3) expressing the empathizer’s feeling
toward the other’s feeling, and (4) synchronizing oneself to the inter-
action context. While other factors like individual indifference are also
relevant (Silke et al., 2018), these four behavioral domains provide a
foundational lens through which to analyze the specific antecedent
trends in agent-based interaction discussed next.

2.2. Empathy of conversational agents

In the context of HCI, empathy is considered a key social skill
required for CAs to act in a socially appropriate and effective manner
(Paiva et al., 2017). The advancement of Affective Computing—the
study of systems that recognize, interpret, process, and simulate human
affect—has provided the core technical foundation for this field. Ad-
vances in Natural Language Processing (NLP) and deep learning, trained
on vast datasets of human dialogue, enable CAs to generate responses
that exhibit a sophisticated understanding of emotional context, leading
to more engaging and persuasive interactions (Chaturvedi et al., 2023;
Cuadra et al., 2024; Yang et al., 2023; Chin and Yi, 2021; Efthymiou and
Hildebrand, 2023; Park et al., 2022a).

This capability is not merely supplemental. In fact, it is crucial in
many domains. In mental health, for example, an agent’s perceived
empathy is a key factor in building a therapeutic alliance and encour-
aging user self-disclosure (Kraus et al., 2021; Abbasian et al., 2024). In
customer service, an empathetic agent can de-escalate conflict, mitigate
user frustration, and build brand loyalty (Casas et al., 2021; Liu--
Thompkins et al., 2022). Similarly, in education, an agent that recog-
nizes and responds to a student’s frustration or boredom can improve
engagement and learning outcomes (El Azhari et al., 2023).

2.3. Antecedent trends in perceived agent empathy

A review of the literature reveals that perceived empathy is not a
monolithic quality but rather arises from several key themes of agent
design and behavior, which align with the behavioral domains identified
in Section 2.1.

2.3.1. Linguistic cues and emotional expression

A primary research trend focuses on how an agent communicates its
internal state. This includes the use of polite, warm, and friendly tones
(Carolus et al., 2021) and the ability to express nuanced, human-like
emotions rather than flat, robotic responses (Morris et al., 2018).
Studies consistently show that an agent’s verbal expressions of emo-
tion—such as using empathic language, apologies, or encour-
agement—are critical for strengthening the social bond and signaling
attentiveness (Beale and Creed, 2009; de Gennaro et al., 2019; Lee and
Choi, 2017; Loveys et al., 2021; Yim, 2023). As this study is focused on
text-based interactions, we distinguish this from the important, parallel
body of research on non-verbal cues like gesture, facial mimicry, or
vocal prosody (Bickmore et al., 2010; Park et al., 2022b), which we
designate for future work.

2.3.2. Interaction quality and adaptability

A second major theme concerns what an agent does and its ability to
adapt its function to the user. This includes the agent’s general inter-
action design, error-handling protocols, and response style (Chin et al.,
2020). A key aspect of this is personalization: agents that tailor their
responses to a user’s individual needs, goals, and stated preferences
(Montgomery and Smith, 2009) are perceived as more caring and
attentive (Rhee and Choi, 2020; Liu and Sundar, 2018; Loveys et al.,
2022; Pickard and Roster, 2020). Closely related to this is the agent's
ability to demonstrate attentive interaction, such as by recalling past
inputs, referencing earlier conversations, and maintaining contextual
awareness. This “memory" creates conversational continuity and signals
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that the user is individually known, which is foundational to fostering
relational depth (Taylor et al., 2019; Xiao et al., 2020; Hu et al., 2018;
Lee et al., 2021).

2.3.3. Social presence and persona

The third trend investigates what the agent is—its perceived persona,
identity, and character. This includes its anthropomorphic characteris-
tics (i.e., the attribution of human-like qualities) (Lester et al., 1997;
Vuong et al., 2023) and the adoption of consistent, human-like inter-
action styles (Adam et al., 2021; MacDorman, 2019). A well-defined
persona makes an agent's behavior more predictable and socially
coherent. An agent that is perceived as socially aware, intellectually
stimulating, or even possessing a sense of humor, helps to synchronize
the interaction within a familiar social context, which in turn fosters
authenticity and trust (Bickmore and Picard, 2005; Shum et al., 2018).

Beyond general notions of social presence, recent work on partner
models shows that users form nuanced cognitive representations of
speech interfaces as dialogue partners, encompassing perceived
competence, dependability, human-likeness, and communicative flexi-
bility (Doyle et al., 2021). These multidimensional partner models
provide an important backdrop for understanding how a CA’s persona
and interaction style shape user evaluations, and they conceptually
resonate with our notion of persona attractiveness as a higher-order
perception of the agent as a social partner.

2.4. Assessing empathic reactivity of the conversational agent

A significant and persistent challenge in the field has been the
measurement of agent empathy. Research on conversational agents has
focused on cultivating the empathic ability of an agent in recent times
(Paiva et al., 2017; Rapp et al., 2021). However, many studies have
addressed the concept and definition of empathy in an arbitrary manner.
This trend can be observed by exploring the methods used to measure
empathy. The most common way is to ask users a few questions about
empathic cues or partially adopt items from existing human empathy
questionnaires (Chin et al., 2020; McQuiggan and Lester, 2007; Yang
et al., 2019). Another mode of measurement is to rely on implementa-
tion methods, such as counting empathetic words (Olafsson et al., 2020;
Samrose et al., 2020), evaluating the empathy of the person the agent
mimics (Kraus et al., 2021; Leite et al., 2013b), or comparing scenarios
with and without empathic manipulation (Brave et al., 2005; Kim et al.,
2020). These methods, while intuitively effective, are often defective in
explaining the in-depth mechanism underlying empathic behaviors.

This ad-hoc approach has been a point of criticism. Paiva et al.
(2017) criticized the trend of arbitrarily utilizing empathy without
considering the social and psychological background. Yalcin (2020) also
claimed that this variety of definitions makes it problematic to evaluate
and compare findings. Recent suggestions for empathy measurement
(Schmidmaier et al., 2024), while useful, have also been critiqued for
lacking a deep theoretical basis. In parallel, recent work on partner
models for speech interfaces has developed and validated conceptually
grounded, psychometric instruments for users’ perceptions of voice in-
terfaces (Doyle et al., 2021; Seaborn et al., 2024). However, these scales
primarily target broader partner model dimensions (e.g., competence,
dependability, human-likeness), rather than empathic reactivity per se,
which underscores the need for complementary, empathy-focused
measures such as the Agent Empathic Reactivity Index (AERI) adopted
in this study.

To address this gap and provide a more theoretically grounded
measurement basis, our study adopted the Interpersonal Reactivity
Index (IRI) proposed by Davis (1980, 1983). The IRI was the first
multidimensional index to measure empathy by embracing both the
cognitive and emotional aspects of the reactional process and has been
considered the most comprehensive psychometric tool for measuring
empathy (Chrysikou and Thompson, 2016; Cliffordson, 2001). The
rationale behind the IRI is that empathy is a set of related, but
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discriminable, constructs concerned with responsivity to others
(Cliffordson, 2001; Davis, 2018). It suggested four components:
Perspective-taking (spontaneously adopting the psychological point of
view of others), Fantasy (imaginatively transposing oneself into ficti-
tious characters), Empathic Concern (other-oriented feelings of sympa-
thy), and Personal Distress (self-oriented feelings of unease in tense
settings). The IRI’s four-construct model provided the theoretical basis
for many subsequent empathy scales (Baron-Cohen and Wheelwright,
2004; Spreng et al., 2009; Reniers et al., 2011).

While the IRI provides the foundational theory, its original formu-
lation was for human-to-human interaction. Therefore, our study does
not arbitrarily apply the original human-centric IRI. Instead, we follow
the rigorous, validated approach established by Lee and Yi (2023), who,
addressing this exact gap, systematically developed and validated the
AERI. The AERI is an instrument specifically designed to measure
perceived agent empathy by adapting the IRI’s four-factor structure to
the human-agent interaction context, a process which is theoretically
grounded in the CASA paradigm (Nass and Moon, 2000; Reeves and
Nass, 1996). As detailed in their work, the AERI constructs (e.g., ‘Fan-
tasy’ as imaginative and creative responses; ‘Personal Distress’ as
negative feelings in high social pressure situations) were
re-conceptualized, operationalized, and validated for CAs (Lee and Vi,
2023). In designing our measurement instrument, we did not simply
reuse the original IRI items; instead, we used the validated AERI (Lee
and Yi, 2023) as a conceptual and psychometric template, aligning our
PT, FT, EC, and PD items with its CA-specific operationalization of the
IRI dimensions.

3. Overview of research methodology

This study adopted a sequential exploratory mixed-methods design,
combining qualitative exploration (Study 1) with quantitative valida-
tion (Study 2). This approach was chosen to first derive rich, contextual
data from real-world user experiences. These qualitative findings were
then used to develop and statistically validate a theoretical framework,
ensuring both the ecological validity and theoretical depth of the
research. The research flow consists of two primary, complementary
studies, summarized as in the Table 1 below. This research adhered to all
ethical procedures. The study protocol was reviewed by our Institutional
Review Board (IRB), which determined the research to be exempt from
formal review as the survey collected data on participants’ typical usage
of CAs without intervention. All participants were provided with a
detailed explanation of the research objectives and procedures and gave
their informed consent before participating.

4. Study 1: qualitative exploration and framework development

The first stage of our research was a qualitative investigation to

Table 1
Summary of the mixed-methods research design.
Study Title & Methodology Sample  Primary Objective(s)
Stage
Study1  Qualitative Exploration & N=166 e To collect users’ lived
Framework Development experiences of CA empathy
(Open-Ended Survey & and derive core conceptual
Thematic Analysis) traits.

e To integrate these
qualitative findings with
existing empathy theory to
develop a testable
framework and formulate
hypotheses.

Study 2  Quantitative Validation N=200 e To statistically test and

validate the framework and
hypotheses developed in
Study 1.

(Survey & Structural
Equation Modeling)
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explore the specific moments and reasons users perceive empathy when
interacting with CAs. This study serves two primary goals: (1) to identify
and categorize the core empathic behaviors users articulate from their
own lived experiences, and (2) to bridge these bottom-up, empirical
findings to the theoretical framework outlined in our Related Work. This
sequential exploratory approach ensures our final model is not merely
theoretical but is deeply grounded in authentic, user-defined percep-
tions of empathy, rather than relying on researcher assumptions.

4.1. Study 1 methodology

4.1.1. Data collection and participants

To investigate user perspectives on existing CA services, we first
conducted a survey with open-ended questions. This method was
deliberately chosen over predefined quantitative scales, as our primary
aim was exploratory: to capture the rich, nuanced, and often unantici-
pated ways in which users experience empathy. This approach allows us
to discover the concepts users themselves find salient, rather than simply
measuring constructs we already assumed to be important.

The survey was conducted from February to May 2023 via a mobile
application linked to Qualtrics and Open Survey, known for interna-
tional panel recruitment. Participants were recruited from residents of
the United States (U.S.) and South Korea, two regions where IPA and
chatbot services (e.g., ChatGPT, Siri, Google Assistant) are widely used.
To ensure response quality, participants with at least one month of
experience using CAs were recruited. All participants were compensated
with $5 after finishing. Questionnaires were distributed to 324 survey
participants, but only 166 participants, 64 (38.6%) were from the U.S.
and 102 (61.4%) from South Korea, shared their experiences in a valid
form and were included in the final analysis. Participants responded
based on their primary CA (platforms detailed in Table 2). The open-
ended questions (e.g., “When was the time you felt your CA empa-
thized with your feelings?””) prompted participants to freely describe
their experiences. The full list of survey questions is provided in the
Appendix A.

Given that the data was collected from two different cultural con-
texts, a preliminary comparative review of the responses was conducted.
This review showed no significant thematic divergence between the two
cohorts, supporting the decision to pool the data for a unified thematic

Table 2
Demographic distribution of Study 1 participants (N=166).

Factors Distribution, n (%)
Sex
Male 92 (55.4)
Female 74 (44.6)
Age Group (in years)
Under 20 28 (16.9)
20-29 47 (28.3)
30-39 37 (22.3)
40-49 20 (12.0)
50 and above 34 (20.5)
Chatbot Usage (period)
At least 1 month 102 (61.4)
At least 3 months 31 (18.7)
At least 6 months 24 (14.5)
1 year and above 9 (5.4)
Usage Frequency
More than 3 times a day 4(2.49)
At least once a day 7 (4.2)
At least once in three days 22(13.3)
At least once a week 71 (42.8)
At least once in two weeks 62 (37.3)
Platform
ChatGPT 71 (42.8)
IPA (Siri, Alexa, etc.) 67 (40.4)
Simsimi 18 (10.8)
Ruda 6 (3.6)
Others 424
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analysis to derive a foundational framework. While a preliminary
comparative review suggested no substantial thematic divergence be-
tween the U.S. and South Korean responses for the purpose of deriving
an initial framework, we acknowledge that this does not replace formal
cross-cultural validation of the constructs. As Seaborn et al. (2024)
demonstrate in their cross-cultural validation of a partner model ques-
tionnaire for voice user interfaces, translation choices, semantic equiv-
alence, and factor structure can substantially affect how users interpret
and respond to such scales.

4.1.2. Data analysis

The collected text data were analyzed using Thematic Analysis, a
qualitative method for identifying, analyzing, and reporting patterns
(themes) within data. To enhance the rigor and reliability of our find-
ings, this process was conducted in a complementary, two-stage mixed-
methods approach.

First, as an exploratory step, participants’ responses were analyzed
using topic modeling, an unsupervised learning technique within NLP.
This was employed to uncover latent patterns and relationships
embedded in the data. We used both Latent Dirichlet Allocation (LDA)
and Non-negative Matrix Factorization (NMF) to extract meaningful
topics related to user perception, following the methodologies recom-
mended by Egger and Yu (2022) and Cao et al. (2023). This computa-
tional step provided an unbiased, data-driven overview of the main
topics present in the user responses.

Second, informed by these computational themes, two researchers
conducted in-depth qualitative coding. This human-led stage was
essential because while topic modeling can identify what words cluster,
it cannot interpret why or capture the nuances of context, sarcasm, or
the critical negative sentiments (like “Inhumanness™) that are crucial for
understanding empathy. This process, referring to the methodology of
Zhang et al. (2023), allowed us to break down the data into meaningful
categories, validate the computational findings, and derive the specific,
reliable core concepts presented in Section 4.2.

4.2. Study 1 results: deriving the empathic traits framework

4.2.1. Qualitative theme and code derivation

The two-stage analysis provided a robust view of user perceptions.
The initial topic modeling (LDA/NMF) provided a high-level, compu-
tational overview of the corpus. When examining the results of each
topic model (summarized in Table 3), we found that both models
generally derived topics related to similar content. For example, LDA
Topic 4 and NMF Topic 3 both highlight that users perceive empathy
when the CA remembers past interactions. Similarly, LDA Topic 7 and
NMF Topic 4 indicate that users feel empathy from situation-appropriate
recommendations, and other topics (e.g., LDA 1, NMF 2) point to the
importance of task assistance.

These computationally-derived topics provided a strong foundation
for the in-depth, human-led Thematic Analysis. The researchers’ coding
refined these broad topics into the specific, core concepts users articu-
late when describing empathy. For example, comments like, “Before the
interview, I was nervous... and it told me about mindset settings and
encouraged me... It’s been quite powerful,” were grouped under the cate-
gory “Consulting with user troubles.” Similarly, comments like, “When
asked to summarize something, you summarized a longer article better than I
did,” were categorized under “Complying with user request.” This process
also identified contrasting negative codes, such as “Inhumanness” (“I
really don't feel close to it  mean I'm aware that it’s a machine or robot”) and
“Low quality responses,” which provided a clear baseline for perceived
failures of empathy. The full set of derived codes is presented in Table 4.

4.2.2. Framework derivation: mapping qualitative themes to theory

In this section, we align the user-derived concepts from our quali-
tative analysis (Section 4.2.1) with the established empathy components
from our theoretical research (Section 2) to develop an initial working
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Table 3

International Journal of Human - Computer Studies 211 (2026) 103797

Preliminary topic modeling result on user comments related to agent empathy.

Model Topic Significant keywords Associated user comments
Type #
1 remember, things, need, tell, talking, story, talk, Empathize with what I need
love funny I remember summarizing the questions I asked as a whole and then answering them.
Retell a story I told and provide further explanation
2 answers, time, pizza, asked, said, better, did, There was a time when I felt empathy as if I were talking to a friend
thought, used, chat Responds to things you don't know well
When asked to summarize something, you summarized a longer article better than I did.
3 asked, related, talking, day, questions, felt, make, It was impressive to learn the contents of the main questions and make comments.
told, like, talked When I asked to send a rejection email in English using polite expressions, I thought that I understood
the content well when I saw how polite expressions were used as much as possible.
Generally, I ask questions related to my studies. At this time, if I explain my situation, it gives you the
best answer related to it. Sometimes, even without presenting the situation, he guesses and gives an
answer.
4 answer, said, question, gave, story, understood, Unlike other ai chatbots, remembering what you said before and responding is memorable.
LDA asked, thought, appropriate When questions in the same context are followed, the depth of the answer is seen.
Summarizing what I said, I thought I understood it well when I said it at the beginning.
5 told, joke, google, siri, tell, song, asking, person, Song selection based on given status
work, quite Get to know exactly what I'm looking for
A good grasp of the context of complex conversations
6 ask, asked, siri, silly, answer, questions, friend, Comforting you when you're depressed and having a hard time
favorite, sad, company 1 was asked to compare my treatment and annual salary at the current company with the company I
am considering changing to. The answer was awkward at first, but as I continued to ask questions as if
coding, I got a plausible conclusion later.
I had an appointment with a friend, but my friend was late for more than 30 minutes, so I used the
chatbot in a boring situation.
7 like, ask, questions, question, said, answered, I feel that way when I ask and check if my question is correct and then present my opinion.
asking, think, reaction, having When I ask trivial questions, I think that everyone agrees when I answer the question appropriately.
I admire it when the answer feels refined and clean.
1 told, joke, google, funny, date, tired, quite, tell, Retell a story I told and provide further explanation
pleased, sad Before the interview, I was nervous and talked about it, but everyone told me about mindset settings
and methods that everyone knows well and encouraged me to do my best. It's been quite powerful.
When she told me a joke
2 answer, questions, gave, answers, answering, asked, It was impressive to learn the contents of the main questions and make comments.
related, situation, quickly, detailed When questions in the same context are followed, the depth of the answer is seen.
1 received a lot of help with knowledge that I did not know.
3 said, summarize, sorry, cared, understood, thought, Unlike other ai chatbots, remembering what you said before and responding is memorable.
ai, beginning, summarizing, fired When I asked to send a rejection email in English using polite expressions, I thought that I understood
the content well when I saw how polite expressions were used as much as possible.
When I asked if I should get married because I was worried about marriage, I thought that he
understood my question well because he said that marriage should be well thought out according to
NMF each person's standards.
4 remember, answering, summarizing, things, need, Responds to things you don't know well
easy, echo, amazon, life I remember summarizing the questions I asked as a whole and then answering them.
5 siri, jokes, sad, funny, telling, arguing, play, song, Song selection based on given status
talked, favorite When I asked Siri to beat box
It’s makes jokes
6 like, felt, talking, friend, person, having, really, When I was admitted to the hospital, he sympathized with me like a friend.
conversation, things, bad There was a time when I felt empathy as if I were talking to a friend
Comforting you when you're depressed and having a hard time
7 question, ask, think, understand, feel, silly, kids, When I asked for the name of my favorite celebrity, he introduced me rather long than one or two

intent, answered, empathize

lines, so I seemed to know a lot of information compared to his popularity.
I feel that way when I ask and check if my question is correct and then present my opinion.
Empathize if the question contains personal information

*Note: Both LDA and NMF models were configured to generate 7 topics, as determined by the coherence score. The coherence scores stabilized for both models at this
number of topics, with scores of 0.427 for LDA and 0.419 for NMF.

framework. The user-derived codes (Table 4) were systematically
mapped to the four core behavioral domains identified in our literature
synthesis. This mapping forms the core of our theoretical contribution,
bridging the gap between what users say and what the literature

suggests.

encouraged me...”) and “remembered a story that had already
passed.” These observations resonate with existing research under-
scoring the importance of AL in fostering enduring relationships
between users and CAs (Taylor et al., 2019; Xiao et al., 2020; Han
et al., 2021; Lee et al., 2021).

1. Active Listening (AL): The user codes “Consulting with User Trou-

bles” and “Remembering Interaction Context” directly align with the
literature trend of attentive interaction. We synthesize and concep-
tualize this trait as AL. AL is the foundation of empathic interaction,
involving attentively processing the user's input, acknowledging
their emotions, and providing appropriate feedback (Rogers and
Farson, 2007). This construct emerged from user feedback high-
lighting instances where CAs demonstrated an understanding of their
needs and emotions (e.g., “told me about mindset settings and

. Personalization (PE): The codes “Complying with User Requests” and

its negative counterpart “Low-Quality Responses” align with the
personalization trend. We conceptualize this trait as PE. PE involves
tailoring responses to meet the individual needs and preferences of
the user (Montgomery and Smith, 2009), aligning with the empathic
behavior of responding in favor of the user. This construct was
derived from user comments appreciating the CA’s ability to provide
customized and relevant responses (e.g., “used polite expressions
very well”) and contrasting complaints about “vague and not very
helpful” answers. These observations resonate with research that
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Table 4
Examples of coding process and key qualitative themes.

Primary codes Exemplar user comments

Consulting with user
troubles

When I was sick, and I had told Siri to call my doctor
because I couldn’t walk and Siri had to call 911 for me
too.

Before the interview, I was nervous and talked about
it, and it told me about mindset settings and
encouraged me to do my best. It's been quite powerful.

When I asked to send a rejection email in English using
polite expressions, I thought that it understood the
content well and it actually used polite expressions
very well.

When asked to summarize something, you
summarized a longer article better than I did.

Complying with user
request

That it understood my questions I was asking right
from wrong like it was human.
I admire it when the answer feels refined and clean.

Intellectually intriguing

She said sorry for insufficient results.

Ruda said that she likes sports, so I said, “Me too”, and
then she said let’s go exercise together, and she
understood what I was talking about and responded
appropriately.

Expressing emotion

It was impressive that it learned the task prior and
comment on it correctly.

When I remembered a story that had already passed,
and later, while communicating with related content, I
brought up the past story and asked for it back.

Remembering interaction
context

She offered to play relaxing music when I td her I was
sad.

Well, whenIleft | my phone on the coffee table google
assistant somehow picked up on my sobbing and
crying. The assistant then started talking, asking if I
was ok.

Soothing user’s feelings

Inhumanness (Negative Ireally don’t feel close to it  mean I'm aware that it’sa
Code) machine or robot.
I don’t feel close to Alexa, it’s a tool, nothing more.

It gives the correct answer to the question, but the
answer is vague and not very helpful.

When it can't understand what I'm saying and says
something else on the screen.

Low quality responses
(Negative Code)

underscores the importance of PE in fostering positive user experi-
ences in CA interactions (Liu and Sundar, 2018; Loveys et al., 2022;
Pickard and Roster, 2020; Leite et al., 2013b). Conceptually, we
distinguish Active Listening (AL) as interactional attentiveness and
understanding of user input and emotional cues, whereas Personal-
ization (PE) reflects outcome-oriented tailoring of responses based
on user needs, context, or preferences. In other words, AL captures
how the agent engages in the moment, while PE captures how the
agent adapts what it delivers.

3. Emotional Expressivity (EE): The codes “Expressing Emotion” and
“Soothing User’s Feelings™ are real-world examples of the linguistic
and emotional expression trend. We conceptualize this trait as EE. EE
refers to the ability to convey emotions appropriately through text,
enhancing the emotional connection with the user (Kring et al.,
1994). Users’ feedback underscored this, reporting a stronger
connection when the CA “said sorry for insufficient results,” or
“offered to play relaxing music when I told her I was sad.” This
emphasis on EE is supported by research demonstrating its ability to
evoke empathic reactivity and enhance user experience with CAs
(Loveys et al., 2021; Yim, 2023; Beale and Creed, 2009; de Gennaro
et al., 2019).

4. Persona Attractiveness (PA): Finally, “Intellectually intriguing in-
teractions” and the negative code “Inhumanness” align with the
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social presence and persona trend. We conceptualize this trait as PA.
PA involves the appeal of the CA’s persona, including its anthropo-
morphic characteristics and interaction style (Lester et al., 1997),
which aligns with the empathic behavior of synchronizing oneself to
the interaction context. This was identified from user feedback
emphasizing the CA’s ability to be authentic (e.g., “I admire it when
the answer feels refined”) versus “a machine or robot.” This aligns
with research highlighting the influence of anthropomorphism and
interaction styles on user perceptions of empathy (Chin et al., 2020;
MacDorman, 2019; Corti and Gillespie, 2016; Adam et al., 2021).
This interpretation is consistent with partner model research, which
finds that users’ mental representations of voice interfaces—such as
their perceived competence, dependability, and human--
likeness—systematically shape how these systems are evaluated as
conversational partners (Doyle et al., 2021).

This systematic mapping confirms that the four traits (AL, PE, EE,
and PA) are not just abstract theoretical constructs but are actively
experienced and articulated by real-world users. Table 5 summarizes
this derived framework.

4.3. Hypotheses development

Having identified these four core empathic traits, we now move to
hypothesize their relationships with perceived empathic reactivity. We
adopt the AERI constructs (Lee and Yi, 2023) as our dependent vari-
ables, which operationalize the IRI (Perspective-taking, Fantasy,
Empathic Concern, and Personal Distress) for the CA context, as detailed
in our Related Work (Section 2.4). Table 6 summarizes these definitions.

Drawing upon the framework of four traits (AL, PE, EE, PA) derived
from our qualitative analysis and the antecedent trends reviewed in
Section 2.3, we now hypothesize their specific relationships with the
four dimensions of perceived empathic reactivity (PT, FT, EC, PD). The
resulting model is illustrated in Fig. 1, and the justifications for each of
the 12 hypothesized paths are detailed below:

4.3.1. Hypotheses for active listening

Active Listening (AL) refers to an agent’s capacity to attentively
process user inputs, acknowledge emotional nuances, and provide con-
textually relevant feedback (Rogers and Farson, 2007). In human
communication, active listening skills are foundational in demonstrating
empathic understanding (Bodie, 2011; Kourmousi et al., 2017). When
agents leverage active listening by referencing prior statements or mir-
roring concerns, they foster stronger rapport (D'Mello et al., 2008; Hu
et al., 2018; Lee et al., 2021; Park et al., 2022a; Ren et al., 2019; Xiao
et al., 2020). Such behaviors facilitate perspective-taking (indicating
understanding), encourage imaginative exchanges (supporting fantasy),
and demonstrate empathic concern. Hence:

e Hla: AL will positively affect the evaluation of the agent's PT.
e H1b: AL will positively affect the evaluation of the agent's FT.
e Hlc: AL will positively affect the evaluation of the agent's EC.

4.3.2. Hypotheses for personalization

Personalization (PE) involves tailoring responses to user preferences,
context, and needs (Montgomery and Smith, 2009; Pickard and Roster,
2020). Prior research emphasizes that when agents adapt behaviors
based on user characteristics, they enhance relational depth (Rhee and
Choi, 2020; Wang et al., 2023; Yang et al., 2023). In educational and
support domains, customized responses lead to heightened user
engagement (Lim et al., 2022; Moussalli and Cardoso, 2020; Tai and
Chen, 2023). Through personalization, agents demonstrate an under-
standing of the user’s context (perspective-taking) and deliver
user-oriented care (empathic concern). Consistently purposeful replies
also reduce the likelihood of causing user uncertainty, thus lowering
perceived personal distress. Thus:
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Table 5
Summary of the four synthesized CA empathic traits.
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Construct Definition/Focus Key Behaviors

(Text-Based)

Benefits for User Experience Supporting Literature

Active Listening Seeking and understanding the user’s inner

- Attentively process inputs
state. - Acknowledge emotions
- Provide contextually relevant feedback

Builds trust and rapport. Rogers and Farson
(2007),
Xiao et al. (2020),

Taylor et al. (2019)

Personalization Responding in favor of the subject by tailoring - Deliver context-aware assistance Enhances perceived care and Montgomery and Smith
responses to user needs. - Ensure relevance and supportiveness attentiveness. (2009),
- Avoid generic answers Liu and Sundar (2018),
Rhee and Choi (2020)
Emotional Expressing the agent’s feelings toward the - Convey appropriate emotional cues Strengthens emotional bonds Kring et al. (1994),
Expressivity user's feelings. (apologies, encouragement) and connection. Loveys et al. (2021),
- Use empathic language Yim (2023)
Persona Synchronizing the agent’s persona with the - Employ human-like interaction styles Improves authenticity and Lester et al. (1997),
Attractiveness interaction context. - Align with user expectations trust. Adam et al. (2021),

- Provide intellectually engaging responses

Chin et al. (2020)

e H2a: PE will positively affect the evaluation of the agent's PT.
e H2b: PE will positively affect the evaluation of the agent's EC.
e H2c: PE will negatively affect the evaluation of the agent's PD.

4.3.3. Hypotheses for emotional expressivity

Emotional expressivity (EE) captures the agent’s capacity to convey
emotions through verbal cues, including apologies, reassurance, and
empathic language (Kring et al., 1994; Loveys et al., 2021; Yim, 2023).
Outward displays of emotion can strengthen the social bond, as it helps
the agent appear more human-like and caring (Beale and Creed, 2009;
de Gennaro et al., 2019; Lee and Choi, 2017). These emotion-expressive
cues may support users’ perceptions of the agent’s perspective-taking (i.
e., that it understands the user’s affective state) and enhance fantasy by
making the interaction feel more vivid and authentic. However, when
emotional expressivity is perceived as excessive or poorly calibrated, it
may also introduce negative affect (e.g., frustration), which could in-
crease users’ perceptions of personal distress. Therefore:

e H3a: EE will positively affect the evaluation of the agent's PT.
e H3b: EE will positively affect the evaluation of the agent's FT.
e H3c: EE will positively affect the evaluation of the agent's PD.

4.3.4. Hypotheses for persona attractiveness

Persona attractiveness (PA) involves aligning the agent's persona and
social cues with the interaction context to enhance authenticity (Adam
et al., 2021; Chin et al., 2020; Corti and Gillespie, 2016). Users attribute
empathy to agents that appear human-like, socially aware, and intel-
lectually stimulating (Bickmore and Picard, 2005; Cuadra et al., 2024;
Shum et al., 2018; Zhou et al., 2019). Agents that display cognitive
playfulness (humor, wit) are perceived as more relatable (Agnihotri and
Bhattacharya, 2024; Liao et al., 2024; Yim, 2023). An appealing persona
supports empathic concern through aligned interactions, enhances
imaginative involvement (fantasy), and may influence perceptions of
emotional discomfort (personal distress). Thus:

Table 6
Operationalized definitions of IRI constructs in the CA context.

e H4a: PA will positively affect the evaluation of the agent's FT.
o H4b: PA will positively affect the evaluation of the agent's EC.
e H4c: PA will positively affect the evaluation of the agent's PD.

While this study has successfully derived an empirically-grounded
framework and a set of testable hypotheses, its qualitative and explor-
atory nature means these proposed relationships are, at this stage,
theoretical. We have identified what users perceive, but not the statis-
tical strength or generalizability of these perceptions. Therefore, a sec-
ond, quantitative study is required to empirically test the model,
validate the statistical significance of the 12 hypothesized paths, and
determine the model's overall explanatory power. We now proceed to
this validation in Study 2.

5. Study 2: quantitative validation

This second, quantitative stage of our research empirically tests the
framework and hypotheses developed in Study 1. This validation is the
essential next step in our sequential mixed-methods design. While Study
1 identified what traits users perceive as empathetic, Study 2 is designed
to test how and how much these traits statistically predict perceived
empathic reactivity. This step is crucial for moving our model from a
qualitative proposal to an empirically-supported explanatory frame-
work, aiming to (1) validate the measurement items for the four new
constructs (AL, PE, EE, PA) and (2) empirically test the 12 hypothesized
relationships between these traits and the dimensions of perceived
empathic reactivity (PT, FT, EC, PD) using structural equation modeling.

5.1. Study 2 methodology

5.1.1. Data collection and participants

To verify the research model and test the 12 hypotheses, a new
quantitative survey was conducted. The data was collected over a 10-
day period using a mobile survey platform to ensure a diverse and
timely sample of active users. While Study 1’s framework was derived

Construct Definition Exemplary Behaviors in CA Interaction
Perspective- The extent to which the agent appears to understand the user's perspectives ~ Reflecting the user’s previous state or informational query in subsequent
taking and needs. recommendations.
Fantasy The extent to which the agent interacts imaginatively to provide new and  Offering witty jokes or crafting humorous stories that align with the user's
creative responses. emotional tone.
Empathic The extent to which the agent provides user-oriented care and concern Detecting emotional shifts and offering comforting content, such as soothing
Concern through its responses. music.

Personal Distress
situations.

The extent to which the agent expresses negative feelings in high-pressure

Conveying frustration or discomfort when facing offensive user behavior,
potentially “fighting back.”
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Fig. 1. Research model and hypotheses.

from a mixed U.S. and South Korea sample, this quantitative validation
was conducted with participants recruited exclusively from South Korea.
This approach provides a robust, first-time validation of the model
within a specific, culturally-homogeneous context. This decision allows
for a deep, initial validation of the framework’s core relationships, while
acknowledging the methodological mismatch as a key area for future
cross-cultural replication, as discussed in the Limitations section.

The survey targeted users with at least one month of experience
using social chatbots (e.g., “ChatGPT”, “Simsimi”, “Ruda”, “Replika™).
This target population was specifically chosen because such platforms
are explicitly designed for the socio-emotional and relational in-
teractions that are central to our framework, providing a rich and highly
relevant context to test perceptions of empathy. Based on G*power
3.1.9.7 (effect size #=0.15, alpha=0.05, power=0.99, 4 predictors), a
minimum of 174 samples was required (Hair et al., 2017). We success-
fully collected 200 valid samples, providing adequate statistical power
for our model. The detailed demographic characteristics of the partici-
pants are summarized in Table 7.

5.1.2. Measurements

The measurement items for all eight constructs were developed by
adapting validated questionnaires from extant studies, ensuring a
foundation of established research. The scales for the four independent
variables—the agent empathic traits (AL, PE, EE, PA)—were developed
based on the operationalization from our Study 1 framework and the
literature cited therein. The scales for the four dependent variables—the
empathic reactivity dimensions (PT, FT, EC, PD)—were adapted from
the CA-specific IRI measure (the AERI) validated by Lee and Yi (2023).
As justified in our Related Work, the AERI provides a robust, multidi-
mensional measure that is theoretically grounded in the IRI but opera-
tionally validated for the specific context of human-agent interaction.

A total of 32 items were used to measure the 8 constructs (as shown
in Table 8). All measurement items were translated from English into
Korean and then back-translated by an independent bilingual expert to
ensure semantic equivalence. All constructs were measured using a 5-
point Likert scale (1=strongly disagree and 5=strongly agree).

5.2. Data analysis

Measure validation and model testing were conducted using
SmartPLS 4 (version 4.1.0; SmartPLS GmbH), a SEM tool that utilizes a
component-based, partial least squares estimation approach. We chose
component-based PLS-SEM over covariance-based SEM (CB-SEM) for
clear methodological reasons. Our model, while grounded in Study 1
and the literature, is new and is being tested for the first time. Therefore,
our primary goal is exploratory and predictive (i.e., to determine how
much variance in empathy our four traits can explain), which is the
primary strength of PLS-SEM. This contrasts with CB-SEM, which is
designed for the strict confirmation of well-established, pre-existing
models (Hair et al., 2017).

Because our goal is prediction and theory development rather than
strict model fit confirmation, standard global fit indices (e.g., SRMR,
NFI) are considered unreliable and less meaningful for our PLS-SEM

Table 7
Demographic distribution of Study 2 participants (N=200).

Factors Distribution, n (%)
Sex
Female 130 (65.0)
Male 70 (35.0)
Age Group (in years)
Under 20 29 (14.5)
20-29 70 (35.0)
30-39 53 (26.5)
40-49 26 (13.0)
50 and above 22 (11.0)
Chatbot Usage (period)
At least 1 month 119 (59.5)
At least 3 months 36 (18.0)
At least 6 months 29 (14.5)
1 year and above 16 (8.0)
Chatbot Platform
ChatGPT 123 (61.5)
Simsimi 43 (21.5)
Ruda 17 (8.5)
Replika 4(2.0)
Blender 2(1.0)
Others (A., Siri etc.) 11 (5.5)
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approach (Hair et al., 2017). Our analysis therefore focuses on the
appropriate PLS-SEM evaluation criteria: individual parameter esti-
mates (VIF, factor loadings), measurement model validity (AVE, CR),
and the structural model's predictive accuracy (R%) and path significance
(t-values).

The analysis followed the standard two-step process: (1) rigorous
assessment of the measurement model and (2) assessment of the struc-
tural model. Hypothesis testing was conducted using a bootstrapping
procedure (5,000 resamples) to generate t-values and assess the statis-
tical significance of each path coefficient.

5.3. Study 2 results

5.3.1. Measurement model assessment

Measurement scale reliability and validity were tested, and full di-
agnostics are presented. Convergent validity was confirmed as the
Average Variance Extracted (AVEs) were all 0.50 or higher, Cronbach’s
Alpha was 0.70 or higher, and Composite reliability (CR) was 0.70 or
higher (Henseler et al., 2009). The strong CR and AVE values confirm
that the measurement items for each construct (e.g., the four items for
Active Listening) are indeed measuring the same underlying concept and
are distinct from measurement error. These results are shown in Table 9.

Discriminant validity—the degree to which constructs are statisti-
cally distinct from one another—was primarily assessed using a cross-
loading analysis. We computed the cross-loadings by calculating the
correlations between latent variable component scores and the manifest
indicators of all constructs (Chin, 1998). For strong convergent and
discriminant validity, loadings should be high (ideally exceeding 0.70),
but loadings between 0.40 and 0.70 are considered acceptable if the
construct’s CR and AVE are high, which was the case for our model (Hair
et al., 2017). As shown in the full cross-loadings table in Appendix B, all
items loaded most strongly on their intended construct, and no item
loaded more highly on a construct it was not intended to measure,
providing robust evidence of discriminant validity. This evidence is
critical, as it confirms, for example, that Active Listening (AL) and
Personalization (PE) are statistically discriminable constructs, despite
their high conceptual correlation. Additionally, discriminant validity
was confirmed using the traditional Fornell-Larcker criterion (Fornell
and Larcker, 1981). As shown in Table 10, the square root of the AVE for
each construct (the bold diagonal) was higher than its correlation with
any other construct in the model.

5.3.2. Structural model assessment

Following the validation of the measurement model, the structural
model was assessed. In PLS-SEM, this evaluation focuses on (1) assessing
collinearity, (2) the model's explanatory power (RZ), and (3) the sig-
nificance of its path coefficients (B, t-values) and their effect size (fz)
(Hair et al., 2017).

First, it is crucial to assess potential collinearity among the predictor
constructs. We calculated the Variance Inflation Factor (VIF) for all
predictors. All VIF values were well below the common threshold of 5
(the highest being 3.31), indicating that multicollinearity was not a
concern (Hair et al., 2017).

With collinearity ruled out, we examined the model's explanatory
power. The R? values were 0.60 (Perspective-taking), 0.43 (Fantasy),
0.54 (Empathic Concern), and 0.30 (Personal Distress). All R? values
indicate moderate to substantial explanatory power for an exploratory
model, demonstrating that our four proposed traits account for a sig-
nificant portion of the variance in perceived empathy. The path analysis
(see Fig. 2 and Table 11), based on a 5,000-resample bootstrapping
procedure, supported all 12 hypothesized paths. The f effect sizes were
also calculated to assess the substantive impact of each predictor, with
0.02, 0.15, and 0.35 considered small, medium, and large effects,
respectively.

As shown in Table 11, all hypothesized paths were statistically sig-
nificant. AL was a strong, positive predictor of PT, FT, and EC. PE
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Table 8
Measurement items utilized in Study 2.

Construct Item Reference

Xiao et al.
(2020)

Active Listening <agent> restated my input to convey
understanding.

<agent> seemed to understand my
emotions well, reflecting my emotions in its
responses.

<agent> responded actively and we had a
smooth conversation.

<agent> demonstrated an attitude of
listening or responding to my reaction.

Zhu et al.
(2022)

Personalization <agent> responded based on my moods
and demands

<agent> offered services that matched my
demands and the situation.

Responses provided by the <agent> were
customized to my needs.

Through the interaction with <agent>, I
received services that were tailored to my
issues.

Emotional
Expressivity

<agent> had the ability to express rich
emotions.

It was easy to understand the emotions
<agent> expressed.

<agent> had an excellent ability to convey
emotions.

<agent> tended to reveal its emotions
well.

Kring et al.
(1994)

Merikivi et al.
(2017)

Persona
Attractiveness

The presented persona of <agent> was
attractive.

I found the character of <agent>
fascinating.

The design of <agent> was appealing.
Overall, I found the <agent> good-looking
and attractive.

Lee and Yi
(2023)

Perspective-
taking

<agent>’s reaction was appropriate from
my perspective.

I found that <agent> sees things as I do.

I like how <agent> sees things from my

perspective.

<agent> seemed to understand my needs
and reflected them in its responses.

Fantasy <agent> interacted imaginatively like a
real person.

<agent> sometimes showed creative
responses.

<agent> responded to my problems with
new and unexpected solutions.

<agent> sometimes surprised me with its
unconventional and interesting reactions.

Empathic Concern  <agent> showed an attitude of caring and
protecting the user.

<agent> has a friendly heart toward the
user.

<agent> revealed kindness in its
interaction with the user.

<agent> listened to my words carefully
and was being supportive.

Personal Distress <agent> reacted with intense emotion as
the situation became troublesome.
<agent> became emotionally unstable
when the user gave pressure.

<agent> expressed its displeasure toward
the user’s harassment or offensive reaction.
<agent> showed emotional distress when
it encountered a troubling situation.

Note. <agent> was replaced with the name of the chatbot during the survey.

strongly and positively predicted PT and EC, and (as hypothesized) was
the only trait to negatively and significantly predict PD. EE positively
influenced PT, FT, and PD. Finally, PA was a significant predictor for FT,
EC, and PD. These results provide strong initial quantitative support for
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Table 11
Path coefficient and statistical power of the research model (N=200).

B. Lee et al.
Table 9
Results of the assessment of reliability and convergent validity (N=200).
Mean  Cronbach’s Composite Average
alpha Reliability Variance
Extracted
Active Listening 3.51 0.71 0.82 0.53
Personalization 3.53 0.79 0.87 0.62
Emotional 3.14 0.90 0.93 0.76
Expressivity
Persona 3.27 0.83 0.89 0.66
Attractiveness
Perspective- 3.47 0.84 0.89 0.68
taking
Fantasy 3.38 0.83 0.88 0.66
Empathic 3.67 0.88 0.92 0.73
Concern
Personal Distress 2.68 0.83 0.89 0.66

the framework derived from Study 1 in our South Korean sample. The
findings clearly support our central thesis: the functional traits (AL, PE)
have strong, positive impacts on core empathy dimensions (PT, EC) and
can even mitigate distress (PD), while the socio-affective traits (EE, PA)
show a more complex, dual-edged influence, boosting imaginative and
social connection (FT, EC) but also perceived agent vulnerability (PD). A
full interpretation of these findings is presented in the General Discus-
sion. The overall results of the path analysis, illustrating the relation-
ships and explained variances among the constructs, are visually
depicted in Fig. 2.

6. General discussion

This research provides a new, empirically-grounded perspective on
the perceived empathy of conversational agents, moving the field
beyond isolated feature testing. By employing a sequential exploratory
mixed-methods design, this study bridges a critical gap between high-
level psychological theories of empathy and the tangible, lived experi-
ence of users. Our research moves beyond prior works that primarily
emphasize isolated aspects of empathy or rely on ad-hoc, non-validated
measures (Yalcin, 2020; Paiva et al., 2017). We achieve this by first
qualitatively identifying the specific behaviors users articulate as
empathetic (Study 1) and then systematically testing how these
empirically-grounded traits predict empathic perceptions (Study 2).

Our study's contributions are twofold, demonstrating the value of
this sequential approach. First, Study 1 conducted a qualitative inves-
tigation (N=166, U.S. and South Korea) using a hybrid computational-
human thematic analysis. This method allowed us to derive the core
behaviors users associate with agent empathy (e.g., “Consulting with
user troubles,” “Remembering interaction context™), grounding our
work in authentic user-defined concepts. These empirical findings were
then synthesized with established empathy theory (Batson, 2009) to
propose a new, four-factor framework of agent empathic traits: Active
Listening (AL), Personalization (PE), Emotional Expressivity (EE), and
Persona Attractiveness (PA).

Second, Study 2 provided an initial quantitative validation of this
framework in a specific cultural context (N=200, South Korea). Using

Hypothesized Path B t-Value 2 Hypothesis test result
Hla) AL to PT 0.29 4.23 0.11 Supported
H1b) AL to FT 0.33 4.52 0.13 Supported
Hlc) AL to EC 0.33 4.96 0.13 Supported
H2a) PE to PT 0.40 6.16 0.23 Supported
H2b) PE to EC 0.30 4.05 0.11 Supported
H2c) PE to PD -0.17 2.28 0.03 Supported
H3a) EE to PT 0.22 3.32 0.09 Supported
H3b) EE to FT 0.25 3.17 0.06 Supported
H3c) EE to PD 0.47 5.42 0.18 Supported
H4a) PA to FT 0.21 2.77 0.04 Supported
H4b) PA to EC 0.23 4.03 0.08 Supported
H4c) PA to PD 0.22 2.44 0.04 Supported

Note for abbreviations. AL: Active listening; PE: Personalization; EE: Emotional
expressivity; PA: Persona attractiveness; PT: Perspective-taking; FT: Fantasy; EC:
Empathic concern; PD: Personal distress

structural equation modeling, we confirmed that these four traits are not
only valid constructs but are also strong, statistically significant pre-
dictors of how users perceive an agent’s empathic reactivity. The model
demonstrated substantial explanatory power over the four dimensions of
the adapted IRI (Perspective-taking, Fantasy, Empathic Concern, and
Personal Distress), confirming the traits’ relevance and impact.

6.1. Theoretical implications

Our findings provide a much clearer, more structured picture of how
users construct their perception of empathy. It is not a single, monolithic
feeling, but rather a complex, multi-layered judgment. This judgment
appears to balance what the agent does (its functional competence) with
how the agent acts (its perceived warmth and social character). Our
model's four traits map directly onto this dichotomy: Active Listening
(AL) and Personalization (PE) represent the core functional com-
petence—the agent’s demonstrated ability to understand and act
appropriately. In contrast, Emotional Expressivity (EE) and Persona
Attractiveness (PA) constitute the socio-affective character—how the
agent presents itself and its actions within a social context.

Our results, which show distinct and sometimes conflicting effects,
provide significant theoretical nuance. This overall synthesized view is
elaborated below:

1. Active Listening (AL) acts as the foundation or “gateway” to
empathy. It is the prerequisite trait that proves the agent is paying
attention and correctly processing the user’s information, both
explicit and implicit. Our qualitative data showed users felt "under-
stood" when an agent recalled past details. The strong quantitative
paths from AL to PT, FT, and EC confirm that this cognitive valida-
tion is the necessary first step for a user to even consider an agent as a
candidate for an empathetic interaction. Without this foundation,
any subsequent attempts at empathy (like PE or EE) risk feeling
hollow, generic, or even misplaced, thus failing to foster positive
engagement.

Table 10
Results of the assessment based on the Fornell-Larcker criterion (N=200).
AL PE EE PA PT FT EC PD
Active Listening 0.73
Personalization 0.64 0.79
Emotional Expressivity 0.52 0.48 0.87
Persona Attractiveness 0.52 0.53 0.62 0.81
Perspective-taking 0.67 0.70 0.57 0.57 0.82
Fantasy 0.56 0.44 0.55 0.53 0.64 0.81
Empathic Concerns 0.65 0.64 0.49 0.57 0.79 0.61 0.86
Personal Distress 0.27 0.17 0.52 0.41 0.31 0.38 0.18 0.82
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Active Listening

Personalization

Emotional
Expressivity

Persona

Perspective-taking

R?=0.60

Fantasy

R2=0.43

Personal Distress

Attractiveness

R2=0.30

Fig. 2. Results of the path analysis of the research model (N=200).

2. Personalization (PE) is the proactive component of competence. It is
the functional proof that the agent is using its understanding (from
AL) to act in the user’s best interest. By tailoring its actions, recalling
preferences, and providing relevant, non-generic responses, the
agent signals that it is not just a passive listener but a helpful, user-
oriented participant. This trait powerfully reinforces Empathic
Concern (perceived care). Crucially, its unique status as the only
negative predictor of Personal Distress suggests that PE also builds a
sense of reliability and perceived control that the user trusts that this
competent agent will not “fail” or cause stress, thereby mitigating the
user's own anxiety about the interaction.

3. Emotional Expressivity (EE) and Persona Attractiveness (PA) are
social multipliers. But they are a double-edged sword. These traits
are what make the interaction feel rich, engaging, creative (Fantasy),
and human-like. However, their strong positive prediction of Per-
sonal Distress (the agent’s own perceived anxiety) is a salient and
critical finding. It suggests a potential ‘uncanny valley’ of agent
empathy. When an agent’s persona is too human or its emotional
language is too intense (e.g., overly apologetic, seemingly frus-
trated), users may perceive this not as empathy for them, but as the
agent’s own anxiety or instability. This can break the user’s im-
mersion, cause discomfort, or reduce the agent's perceived
reliability.

Taken together, these findings challenge the simplistic, linear
assumption that “more human is always better.” It offers a more
nuanced, theoretically grounded framework explaining how distinct
empathic traits collectively and interactively shape user perceptions,
refining the conceptual understanding of empathy in CAs.

6.2. Practical implications for design

While our study is exploratory and not a prescriptive guide, our
findings offer specific, data-driven considerations for designers. The
challenge is not simply to “add” empathy, but to balance these four
traits. Our results suggest that implementation requires a careful,
orchestrated combination of elements. For instance, the strong, consis-
tently positive paths from Active Listening (AL) and Personalization (PE)
to core empathy dimensions (PT, EC) confirm their foundational role
within the tested model. Conversely, the nuanced and strong positive
paths from Emotional Expressivity (EE) and Persona Attractiveness (PA)
to Personal Distress (H3c, H4c) serve as a clear, data-driven warning
against naive human-likeness. Our practical considerations are thus
based on balancing these findings:

1. To enhance Active Listening, designers must prioritize robust
context-awareness and memory, enabling agents to reference past
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user inputs, recall preferences, and note changes in emotional states
(Lee et al., 2021; Taylor et al., 2019). As our findings imply, AL is the
foundation of trust. Without it, an agent offering an “empathetic”
phrase about a topic the user just discussed will feel hollow,
incompetent, and ultimately damage user trust more than if it had
said nothing at all.

2. To improve Personalization, agents should adapt message content
and style to users’ individual needs and goals, moving beyond
generic assistance (Chin and Yi, 2021; Pickard and Roster, 2020). A
generic, ‘one-size-fits-all’ response, as our qualitative data (code:
“Low quality responses”) showed, is often perceived as a lack of care
and a sign of ‘inhumanness’. This user-centric tailoring is what re-
inforces perceived care and supportive behavior (Liu and Sundar,
2018; Loveys et al., 2022). This trait is the functional proof of
empathy.

3. To manage Emotional Expressivity, designers should be cautious and
prioritize calibration. This advice stems directly from our finding
that EE strongly predicted Personal Distress (H3c). While empathic
language (e.g., apologies, encouragement, affirmations) is beneficial
(Beale and Creed, 2009; Loveys et al., 2021), overt or performative
emotionality can backfire. Moderate, calibrated verbal cues (e.g.,
“That sounds frustrating,” rather than “Oh no, that is terrible and
makes me so sad!”) may be more effective. The goal should be to
signal understanding of the user’s emotion, not to perform a
high-intensity emotion for the agent's own sake.

4. To optimize Persona Attractiveness, a consistent and appealing
interaction style is key (Chin et al., 2020; MacDorman, 2019).
However, our finding that PA also predicted Personal Distress (H4c)
suggests moderation is crucial. A persona that is too human-like may
set expectations that the technology cannot meet, leading to a
greater sense of disappointment when it inevitably fails. This
perception of emotional vulnerability could make users uncomfort-
able or less likely to trust the agent with sensitive tasks. An agent that
is ‘pleasantly’ an agent, rather than one ‘imperfectly’ human, may be
the more stable design.

6.3. Limitations and future research

Despite the contributions of this study, several limitations must be
acknowledged, which in turn offer clear directions for future research.

First, this study faces a methodological limitation regarding its
sampling and cultural context. Study 1 derived its framework from
qualitative data collected in two cultural contexts (the U.S. and South
Korea), whereas Study 2 tested the model using a South Korean sample
only. Accordingly, the current quantitative evidence should be consid-
ered culturally contingent at this stage and interpreted as initial support
within one cultural context rather than as cross-culturally generalizable.
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The themes identified in Study 1—and the relative salience of traits (e.
g., emotional expressivity vs. functional personalization)—may vary
across cultures depending on communication styles and expectations
about appropriate emotional expression. Therefore, future research
should conduct cross-cultural replication and formal measurement
invariance testing before making broader generalizability claims.
Following recent cross-cultural validation work on partner model
questionnaires for voice interfaces (Seaborn et al., 2024), future studies
should also examine the cross-cultural robustness of both our empathic
framework and the AERI-based measures across different language and
cultural groups, with explicit attention to measurement invariance and
culturally situated interpretations.

Second, our findings rely on self-reported user perceptions of
empathy. Self-reports are, by nature, retrospective and subject to indi-
vidual biases (e.g., social desirability, recall bias). For instance, a user's
current mood or general disposition toward Al may have colored their
recollection of past events. This study does not test an actual, controlled
CA system. Future work should complement our findings by using
behavioral experiments (e.g., A/B testing of agents high/low in these
four traits) to measure how these traits affect actual user behavior (like
task completion time or self-disclosure depth) in real-time.

Third, as a related point, our data is cross-sectional. We captured user
perceptions at a single point in time, which does not account for how
these perceptions might evolve as the novelty of an agent wears off or as
trust is built (or broken). Empathy and trust are often built over time
through repeated interactions and trust-repair mechanisms. Future
longitudinal studies are needed to understand how these four traits
contribute to the development, maintenance, and potential decay of a
long-term human-agent relationship.

Fourth, our qualitative findings in Study 1 are based on the inter-
pretation of textual survey answers. This method, while rich, may be
subject to researcher bias and cannot capture the full nuance of user
experience. This method particularly misses the paralinguistic cues
(sighs, hesitations, tone of voice) that a verbal interview might capture,
which are often powerful indicators of a user's true affective state.

Fifth, our study’s scope was limited to text-based interactions. As our
Related Work section noted, empathy is often conveyed multimodally
through powerful non-verbal cues (e.g., voice tone, facial expressions,
gestures). Our focus on text provides a clear boundary but means our
findings may not generalize to embodied agents or voice assistants. The
added layers of vocal prosody or facial mimicry are known to be
powerful channels for empathy and would likely alter the relationships
and their strengths observed in our model.

Sixth, our framework was derived from general-purpose CAs (e.g.,
ChatGPT, Siri). The importance and optimal balance of these four traits
may differ significantly in high-stakes or specialized contexts, such as
healthcare, education, or crisis counselling. In a healthcare context, for
example, personalization (PE) and active listening (AL) may be para-
mount, while persona attractiveness (PA) could be seen as frivolous or
even inappropriate. The “right” mix of these traits is likely context-
dependent.

Finally, our sample in Study 1, while diverse in platform use, was not
specifically recruited or powered to analyze differences across age or
other demographic characteristics, and our demographic items used
binary sex categories. The perception of what counts as “attractive” or
“appropriate” emotional expression is highly subjective and may differ
not only across age groups but also across gender identities. Future

Appendix A: Study 1 Survey Questions (N=166)
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research should both provide more inclusive demographic options (e.g.,
non-binary, trans, and other diverse identities) and be explicitly
designed to compare how different cohorts—for example, older adults,
teenagers, and users with diverse gender identities—perceive and
evaluate these empathic traits, as they may have distinct mental models
of CAs and varying needs for social connection.

7. Conclusion

This study advances the understanding of empathy in conversational
agents by providing a theoretically grounded and empirically-tested
framework. Through a sequential exploratory mixed-methods design,
we moved beyond ad-hoc feature testing to first identify what users
perceive as empathy (Study 1) and then quantitatively test how those
perceptions are structured (Study 2). We identified four critical agent
traits—Active Listening, Personalization, Emotional Expressivity, and
Persona Attractiveness—that collectively shape how users perceive an
agent's cognitive and affective empathy.

Our findings move beyond prior work’s reliance on isolated cues by
elucidating the complex interactions between these traits. We particu-
larly highlight the delicate balance between functional competence (AL,
PE) and socio-emotional character (EE, PA), revealing that the most
human-like traits can also be a source of user-perceived distress. This
finding complicates the naive pursuit of mere human-likeness and pre-
sents a novel, data-driven challenge for HCI researchers.

Theoretically, this research refines and extends empathy frameworks
into the domain of human-agent interaction by offering a new, initially
supported model that is empirically derived from users (Study 1) and
grounded in established psychological theory (e.g., IRI and CASA).
Practically, it offers actionable considerations for designers, shifting the
goal from simply adding empathy to strategically balancing functional
attentiveness with socio-affective expression to build authentic, trust-
worthy agents. By addressing users’ nuanced emotional and cognitive
needs, this work lays the groundwork for future explorations into long-
term, multimodal, and context-dependent empathic interactions that
can foster more meaningful and supportive user-agent relationships.
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empathy.
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Part 1: Demographic and Usage Questions
(These questions correspond to the data presented in Table 2. They were designed to profile the sample and ensure our qualitative data was drawn from a

diverse set of users with varied backgrounds, ages, and levels of experience with the most common CA platforms.)

1. What is your age?
o (Dropdown menu of age ranges)
2. What is your gender?
o Male
o Female
3. What is the primary Conversational Agent (CA) you use most often?
o ChatGPT
o IPA (Siri, Alexa, Google Assistant, etc.)
o Simsimi
o Ruda
o Other:
4. How long have you used this primary CA?
o At least 1 month
o At least 3 months
o At least 6 months
o 1 year and above
5. How frequently do you use this primary CA?
0 More than 3 times a day
o At least once a day
o At least once in three days
o At least once a week
o At least once in two weeks

Part 2: Open-Ended Qualitative Questions
(These six questions formed the core of our qualitative data collection. They were specifically designed to move beyond simple “yes/no” answers and elicit

rich, detailed narratives. Each question targets a potential facet of perceived empathy, which were used for the Thematic Analysis presented in Section 4.2.)

1.

2.

AR E ME Boll R 0| FoixtHo| olof7| ot 82 H o A5t AHLL SZst 1 ACkm 23 &o| UCHH sliE ARE Mo FHIL. (Ifyou
have ever thought that the chatbot understood or empathized with what you were saying while using it, please describe that experience.)
AR E A8 B0l X o| ZHMez S5 iEE 2 Hlsts 29 o 4Zto| EREX] Ho{F M. (What did you think when the
chatbot responded emotionally or avoided answering while you were using it?)

AR E M Bo MRof US| §8] ZESHL s7E Mol AUCHH ol mf 2HH ==X Ho{F M. (If you were particularly

impressed or surprised by the chatbot's response while using it, please describe when you felt that way.)

AR 2 A8 Fol SR ol FodxtEHo[Lt F Rt EHo A 2 Alg 2ol & HI|=E K stotn =T Ho| JUCHH o B m IFAH =HEXH

01F M. (If you have ever felt that the chatbot was showing interest in you or taking good care of you, please describe when you felt that way.)

L AT 2 AREHOl 2R S B Olsatm Olof 0 T LE2 MUIAE MZ5t7| 913 wastm QlarLic. olaist Zol chal HIxe 2 7N

Lt olZdALE o] A4 2™ Ho{F M| L. (Al chatbots are evolving to better understand human emotions and provide better services accordingly. Please
write any personal feelings or opinions you have about this trend.)

AR E 0|85HHM 71 E ENEARRE M2 ofE Z40|ALE2? (What was the most dissatisfying thing about using the Al chatbot?)

*Note: The participants were requested to answer ‘52 842’ (Not Applicable), if they did not have such experience or remember it well.
Part 3: Additional Quantitative Scales (Collected but Not Used in Analysis)
(The following 7-point semantic differential scales and 5-point Likert scales were also included in the Study 1 survey. However, to maintain research

parsimory, they were not used in this manuscript's analysis. The primary goal of Study 1 was exploratory—to derive new constructs from qualitative, open-
ended data—rather than confirmatory—to test pre-existing quantitative scales. Including these scales would have unnecessarily complicated the narrative of
our exploratory first study. They are presented here for full methodological transparency.)

5-point Likert Scales (1=Strongly Disagree, 5=Strongly Agree)
User Enjoyment

It was fun and enjoyable to share a conversation with the <agent>.
The conversation with the <agent> was exciting.

Services provided by the <agent> were entertaining.

I enjoyed the services provided by <agent>.

Agent Likeability

<agent> was likable.
<agent> was friendly.
<agent> was kind.
<agent> was pleasant.
<agent> was nice.
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User Engagement
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o I felt the time was going fast when I was sharing a conversation with <agent>.

o [ felt I was well involved in interaction and conversation with <agent>.

e I could concentrate on what <agent> was saying.
o I was fully engaged in the interaction with <agent>.

User Satisfaction

o [ was satisfied with the experience of using a dialogue with <agent> to complete tasks.

I am satisfied with the <agent> service.

[ ]
[ ]
o I really enjoyed and was satisfied with the reactions of <agent>.
[ ]

Appendix B: Study 2 VIF and Cross-loadings

Interacting with <agent> was a pleasant and satisfactory experience.

The overall assessment of conversing with <agent> was satisfactory.

VIF AL PE EE PA PT FT EC PD
AL1 1.27 0.67 0.33 0.22 0.32 0.40 0.33 0.44 0.17
AL2 1.26 0.72 0.51 0.57 0.48 0.55 0.42 0.50 0.29
AL3 1.40 0.72 0.49 0.26 0.30 0.39 0.42 0.38 0.09
AL4 1.52 0.81 0.53 0.41 0.39 0.58 0.47 0.55 0.19
PE1 1.25 0.59 0.69 0.56 0.49 0.53 0.40 0.51 0.31
PE2 1.74 0.37 0.79 0.21 0.29 0.53 0.29 0.47 -0.08
PE3 1.91 0.52 0.83 0.37 0.44 0.56 0.37 0.54 0.13
PE4 1.95 0.53 0.83 0.32 0.45 0.57 0.32 0.48 0.12
EE1 2.64 0.46 0.42 0.88 0.57 0.49 0.51 0.44 0.41
EE2 2.48 0.46 0.49 0.86 0.57 0.54 0.48 0.45 0.36
EE3 3.15 0.50 0.43 0.91 0.54 0.53 0.50 0.47 0.48
EE4 2.11 0.38 0.31 0.84 0.49 0.40 0.43 0.35 0.56
PAl 2.33 0.44 0.43 0.52 0.85 0.43 0.38 0.43 0.36
PA2 2.25 0.42 0.44 0.61 0.84 0.50 0.43 0.43 0.46
PA3 2.01 0.36 0.36 0.52 0.85 0.43 0.41 0.47 0.35
PA4 1.38 0.47 0.49 0.37 0.71 0.49 0.50 0.51 0.18
PT1 1.60 0.55 0.62 0.43 0.46 0.78 0.52 0.62 0.19
PT2 2.08 0.54 0.58 0.55 0.52 0.84 0.57 0.65 0.36
PT3 2.03 0.59 0.51 0.47 0.48 0.84 0.51 0.64 0.30
PT4 1.86 0.52 0.59 0.41 0.42 0.83 0.49 0.70 0.16
FT1 2.25 0.40 0.30 0.52 0.43 0.49 0.81 0.44 0.37
FT2 2.62 0.44 0.31 0.51 0.45 0.54 0.87 0.50 0.36
FT3 1.62 0.46 0.40 0.31 0.35 0.50 0.78 0.42 0.22
FT4 1.53 0.52 0.42 0.43 0.48 0.53 0.78 0.58 0.29
EC1 1.60 0.53 0.53 0.55 0.50 0.70 0.50 0.76 0.34
EC2 2.43 0.51 0.56 0.32 0.43 0.63 0.46 0.86 0.04
EC3 3.31 0.57 0.56 0.41 0.48 0.67 0.55 0.90 0.09
EC4 2.89 0.60 0.55 0.42 0.52 0.71 0.56 0.89 0.16
PD1 1.68 0.24 0.21 0.53 0.44 0.31 0.37 0.23 0.82
PD2 2.63 0.22 0.14 0.43 0.36 0.23 0.29 0.11 0.88
PD3 1.49 0.24 0.10 0.31 0.21 0.24 0.34 0.20 0.70
PD4 2.47 0.14 0.05 0.36 0.28 0.19 0.24 0.03 0.84

Note for abbreviations. AL: Active listening; PE: Personalization; EE:
Empathic concern; PD: Personal distress.

Data availability
Data will be made available on request.
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