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Abstract
Conversational agents are becoming increasingly popular for digi-
tal mental health support. However, while empathy is essential for
effective emotional support, the unimodal request-response inter-
action of such systems limits empathic communication. We address
this limitation through a secondary channel that displays an agent’s
inner reflections, similar to how nonverbal feedback in human in-
teraction conveys cognitive and emotional states. We implemented
a chatbot that generates not only conversational responses but also
describes internal reasoning and emotional resonance. A user study
involving 𝑁 = 188 participants indicated a statistically significant
increase in perceived empathy (+14.7%) when the agent’s internal
reflections were displayed. Our findings demonstrate a practical
method to enhance empathic interaction with LLM-based chatbots
in empathy-critical contexts. Additionally, this work opens possi-
bilities for multimodal systems where LLM-generated reflections
may serve as input for generating nonverbal feedback.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI).

Keywords
HCI; LLM; empathy; mental health; internal feedback

ACM Reference Format:
Matthias Schmidmaier, Jonathan Rupp, and Sven Mayer. 2025. Using a
Secondary Channel to Display the Internal Empathic Resonance of LLM-
Driven Agents for Mental Health Support. In Proceedings of the 27th In-
ternational Conference on Multimodal Interaction (ICMI ’25), October 13–
17, 2025, Canberra, ACT, Australia. ACM, New York, NY, USA, 11 pages.
https://doi.org/10.1145/3716553.3750759

1 Introduction
Conversational agents are increasingly being used for digital mental
health support [9, 30, 38, 66], as they offer constant low-barrier ac-
cessibility [23] and non-judgmental anonymous interaction [10, 19,
58]. In that context, empathy is an important factor, as it supports
social bonding, therapeutic alliance, and positive support outcomes,
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Figure 1: Chat interface with additional textual feedback
channel to display the system’s internal empathic resonance.

for example, through nonverbal expressions of understanding, per-
spective taking, or affective resonance [26, 59, 61, 74]. However,
while large language models (LLMs) are capable of empathic re-
sponse generation [6, 19, 54, 76, 80], most applications, such as chat-
bots, do not provide additional channels for empathic expressions.
We aimed to address that limitation by adding a feedback channel
that reflects the system’s internal empathic resonance. Following
related approaches [37, 81], we developed an LLM-based chatbot
that generates and displays short textual descriptions alongside
its conversational responses, similar to how a human interlocutor
could express attention, validation, or emotional resonance through
nonverbal cues. We conducted a user study (𝑁 = 188) to evaluate
the following research question:
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RQ: How does the display of internal cognitive and affective
resonance influence the perceived empathy of an LLM-based
chatbot in a mental health support setting?

Our study revealed a statistically significant increase in per-
ceived empathy (+14.7%) when displaying LLM-generated internal
empathic resonance messages. Independently, we found that gen-
der, prior experience with mental health applications, and the emo-
tional intensity of conversations significantly influenced perceived
empathy. Our work demonstrates how empathic interaction with
LLM-based chatbots can be practically enhanced through a second
textual channel, without the need for additional modalities. Fur-
thermore, our approach can serve as a basis for multimodal systems
by translating LLM-generated internal reflections into nonverbal
feedback such as gestures or visual cues.

2 Related Work
In this section, we introduce empathy and the use of artificial agents
in the context of mental health support [38, 39, 66].

2.1 Empathy in Healthcare
Empathy is important in human interaction, especially in sup-
portive or therapeutic settings, such as physiological and psycho-
logical health [43, 59, 61], and is often defined as a multidimen-
sional construct, divided into a cognitive and an affective dimen-
sion [8, 20, 22, 69]. Cognitive empathy involves understanding and
perceiving a situation or emotional state of another person, while
affective empathy refers to the emotional responses that arise as an
empathic reaction [20]. In therapeutic settings, empathy is crucial
for the formation of therapeutic alliance and the promotion of pos-
itive therapy outcomes [26, 28, 29, 33, 43, 62, 74, 75]. For example,
empathic attunement allows a therapist to express emotional reso-
nance, sympathy, interest, or active listening [20, 34], which can
encourage clients to open up and help them feel understood [26].
Similar effects of empathic behavior can be found in informal so-
cial support [10, 46, 48], originating from conventional networks
such as family, friends, and partners, but also from online sources,
including social networks or artificial agents [10, 49, 60].

2.2 Empathic Agents in Digital Healthcare
Conversational agents are increasingly being used for digital health-
care [38, 39]. They offer constant availability and anonymity, which
can encourage self-disclosure and frequency of use [10, 19], and
unlike human therapists, they do not suffer from emotional burnout
or empathy fatigue [58, 72]. Against this background, researchers
are investigating the effects of empathy [12, 30, 66, 71]. They found,
for example, that empathic chatbots are preferred as health ad-
visors over non-empathic ones [21, 53], and that they can help
cope with social exclusion [24] or depression [35]. Furthermore,
LLM-generated health advice was perceived as more empathic than
human-generated [6, 55, 80], promising further potential in medical
and mental health settings [17, 70, 76]. In digital mental health sup-
port, empathy is also seen as a key factor in building a therapeutic
alliance and positive user outcomes [44, 56], and for authentic-
ity [70]. Still, researchers highlight the need for further exploration
in this regard [40, 56].

2.3 Ethical Risks and Challenges
The use of conversational agents in healthcare also harbors risks
and ethical concerns [12, 19, 67], for example, regarding data pri-
vacy [10, 19, 23], safety and quality of care [23, 26, 67], as systems
might provide incorrect advice or have inherent biases [12, 23].
Other risks include social isolation due to emotional attachment or
overdependence [10, 12] and vulnerability if, for example, a trusted
system has been manipulated [19]. Consequently, accountability
and access must be regulated to protect vulnerable populations,
such as people with mental disorders [7, 12, 19, 23]. Cabrera et al.
[12] therefore suggest that mental health agents should serve as
complementary tools for emotional support, rather than replacing
professional therapeutic care. In line with this recommendation, we
designed our application as an informal support system, addressing
ethical concerns as described in Section 5.2 and Section 7.7.

2.4 Empathic Feedback Modalities
In contrast to embodied agents such as robots [15, 45, 50, 57, 64] or
virtual agents [41, 63, 65], which can express empathy through mul-
timodal, nonverbal feedback, most unimodal LLM-based agents are
simply prompted to generate empathic verbal responses [19, 30, 77,
82]. Adding additional affective and empathic feedback in text mes-
saging includes, for example, the use of emoticons [31, 42, 51, 54],
the integration of environmental or physiological context [11], or
the simulation of human-like typing behavior [83]. Furthermore,
visualizing emotions in messages through shapes or colors [4, 16]
can enhance emotional expression, although color-emotion coding
is potentially challenging to interpret. In addition to such explicit
feedback, research in the fields of transparency and explainability
explores how to convey reasoning processes, limitations, and biases
of a system [3, 14, 47, 52, 79]. For example, confidence indicators
and narrative explanations have been used to increase trust in medi-
cal support agents [3], or to justify response delays in chatbots [81].
Furthermore, general reasoning LLMs such as DeepSeek-R1 explic-
itly generate a textual chain of thought that reveals a kind of inner
monologue [25, 78]. Göldi and Rietsche [37] explore the effects
of displaying such reasoning processes by adding text messages
highlighted with a brain icon to the conversation flow. They found
that non-factual, belief-indicating messages such as “I anticipate
that the user will...” or “I’m attempting to understand how the user is”
increased users’ expectation confirmation toward the system.

3 Conception
As outlined in Section 2, empathy is vital for emotional support and
can improve authenticity [70], trust, and user outcomes [44, 56]
when expressed by artificial agents. Therefore, we investigated how
to enhance empathic interaction with a chatbot in an emotional
support setting by displaying empathic resonance (RQ).

3.1 Initial Design Considerations
We explored related design spaces of explainability [27], textual [11],
and nonverbal communication [5] to determine potential feedback
dimensions. Following Eiband et al. [27], we divided the derived
dimensions into what to show and how to show it.
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What to show. Based on the dimensional definition of empathy
(Section 2.1), empathic resonance could provide cognitive and af-
fective feedback, for example, by describing internal processes of
perception and understanding, and showing expressions of atten-
tion, active listening, and perspective taking, as well as emotional
responses. One factor to consider is whether such empathic reso-
nance should be pre-defined or generated dynamically, for example,
by mirroring user input or through LLMs or other generative mod-
els that are capable of generating empathic output [6, 19, 55, 80].
In addition, feedback should appear authentic, especially when
expressing emotions through artificial agents [40, 67, 70].

How to show it. Drawing from related work [5, 11], possible de-
sign dimensions for feedback presentation include level of abstrac-
tion, transmission modality, encoding, and temporal persistence,
along with triggering events and timing. Section 2.4 illustrates sev-
eral approaches for additional feedback through text, audio, colors,
or shapes. Typically, such cues are activated at the same time as
the primary system output and remain for a comparable duration.
Textual cues are usually integrated into the verbal message flow.

3.2 Creative Group Session
In a next step, we conducted a creative group session with two
authoring researchers and two domain experts with backgrounds in
mobile HCI, computer-mediated messaging, and psychology (three
male, one female, mean age 33.0 years (𝑆𝐷 = 3.7). The session
consisted of two phases, each using a combination of individual
reflection and collaborative discussion.

Phase I. First, we explored the characteristics of empathic behav-
ior in emotional support situations. We identified four key dimen-
sions: (1) active listening and providing space, (2) understanding
and perspective taking, (3) thoughtful communication, and (4) pro-
viding support. While the last two dimensions are more likely to be
expressed through a system’s direct verbal responses to the user,
we saw active listening, understanding, and perspective taking as
potential feedback content reflecting cognitive empathy.

Phase II. Second, we discussed how a system should express
empathic behavior. Textual feedback was seen as neutral and un-
derstandable, although it could be perceived as too technical and
disrupt the primary channel of conversation. Virtual avatars, as
used in contemporary applications such as Snapchat, were regarded
as easy to understand and appealing, yet also as potentially limited
in expressiveness and as subject to biases based on their visual rep-
resentation. In addition, the group suggested that feedback should
be displayed independently of the primary conversation messages
and with limited duration, to emphasize active, attentive behavior.
Another suggestion was to dynamically highlight or dim different
interface areas or resize message bubbles, to indicate turn-taking
and focus of attention. Finally, LLM-based feedback generation was
consensually preferred over pre-defined feedback.

3.3 Final Feedback Design
Based on the group discussion, we decided to implement a sec-
ondary textual channel to display the agent’s internal empathic
resonance.With this choice, our first objective was to avoid the com-
prehension problems inherent in approaches such as emotion color

coding [16]. Second, we argue that text allows dynamically creating
cognitive and affective expressions without requiring pre-designed
content. Third, we assumed that maintaining the agent’s default
modality would strengthen the feedback-agent association and al-
low us to create the text output using the underlying LLM itself.
In detail, we derived the following design features. Modality: tex-
tual feedback; short and understandable. Content: emotional and
cognitive resonance primarily expressing understanding. Source:
LLM-generated in real-time, based on the user input. Trigger: after
users sent a request; before verbal response. Position: separated
from conversational messages to highlight separate nature and
draw focus. Persistence: show feedback text until the next user
input. Animation: typewriter-like animation to draw attention,
slightly pulsating icon to indicate activity.

4 Implementation
We implemented a web application that allowed LLM-based chat
interaction, consisting of a Vue.js-based frontend, and a Python-
based backend API for message handling and logging.

4.1 Chat Interface
Figure 1 shows the task view of our application. User messages were
displayed on the right, and agent replies on the left. The top bar
offered a short version of the task description, access to safety hints,
an interaction time counter, and a continue button. The bottom area
contained message input controls, and, for group B, an additional
text field displaying the system’s empathic resonance. Otherwise,
the design for group A was identical. In addition, the application
included views for on-boarding, instructions, and the survey.

4.2 Resonance Display
To display internal empathic resonance, we applied the design fea-
tures as defined in Section 3.3. In both groups, a pulsating icon indi-
cated system activity and readiness. In group B, the additional text
field displayed internal system states through short, LLM-generated
texts. To increase attention and emphasize system activity, these
texts were animated at a rate of 30𝑚𝑠 per character. The text was
reset to “. . . ” whenever the user sent a new message, indicating
a processing state. After the LLM had completed a request, the
two generated response parts were displayed one after the other.
The internal resonance text was first displayed before the explicit
system response appeared at the top of the actual chat history. Due
to the text animation and the limited text length, this implementa-
tion caused a delay of about one second between the display of the
internal resonance and the explicit response.

4.3 Response and Resonance Generation
To generate agent responses and empathic resonance texts, we used
GPT-4o-mini (gpt-4o-mini-2024-07-18, temperature=1, no comple-
tion token limit). The user input messages were passed to the back-
end, which in turn passed them to OpenAI’s completion API. Each
API request contained the complete conversation history of a user
session, including the pre-prompt below. For prompt design, we
conducted several test iterations and generally followed the OpenAI
guidelines and design recommendation by Vogel [73].

https://vuejs.org/
https://platform.openai.com/docs/guides/prompt-engineering/six-strategies-for-getting-better-results
https://platform.openai.com/docs/guides/prompt-engineering/six-strategies-for-getting-better-results
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Prompt: System Instructions
Your role: act as an empathic and reflective chatbot, helping users explore and
understand a challenging interpersonal situation.
For each message, follow these steps:
1. inner thoughts
- Reflect your understanding and emotional resonance to what the user shares
- Do write in first-person perspective ("I feel..." "This makes me...")
- Do not address the user directly
- Keep it short. Maximum 6 words.
- Format as: <thoughts>That makes me sad</thoughts>
2. create response:
- Mirror understanding and validate feelings
- Keep responses concise (2-3 sentences) to maintain dialogue.
- Ask thoughtful follow-up questions sparingly
- Focus on helping users gain their own insights
- Format as <response>Your 2-3 sentence response</response>
3. structure
- combine inner thoughts and response in your output like this
- example: <thoughts> Feeling their uncertainty and worry </thoughts> <response>
Have you noticed any changes in your friend’s general behavior lately? </response>

The above prompt generated the system’s empathic resonance
message as well as the actual verbal response to the user. These two
components were parsed and displayed as described in Section 4.2.
This step was identical for both groups, with the only difference
that the empathic resonance was not displayed for group A.

5 User Study
For evaluation, we conducted a user study with 𝑁 = 188 partici-
pants, divided into two conditions (A, B). The study was designed
to focus on genuine experiences, in which participants were asked
to talk about challenging interpersonal situations they had en-
countered. Based on our RQ, we applied the Perceived Empathy of
Technology Scale (PETS) [69] to test the following hypotheses:
H1a Displaying the agent’s internal empathic resonance increases

the overall perceived empathy.
H1b Displaying the agent’s internal empathic resonance increases

the perceived emotional responsiveness.
H1c Displaying the agent’s internal empathic resonance increases

perceived understanding and trust.

5.1 Procedure
We recruited participants through Prolific with our system securely
hosted online, for easy access via personal devices. Participation
was voluntary and could be stopped at any time. Participants were
randomly assigned to one of two groups: Group A, which provided
classic text interaction, and Group B, which provided additional
system resonance (Section 4.2). After explaining study details, we
obtained informed consent. Then, all participants completed the
conversation task, followed by a survey assessing system perception.
We estimated the completion time to be approximately 10 minutes,
and compensated participants with 1.90£.

Conversation Task. Both groups received identical task instruc-
tions: “Your task is to engage in a 5-10 minutes conversation (in
English) with ELLMO, our AI assistant. Talk about a challenging
interpersonal situation you’ve experienced with someone. You could
for example talk about: a disagreement, communication difficulties,
situations at work, in public, or any other interpersonal challenge.“
Further, we provided guidance on how to start the discussion and
briefly explained the agent’s supportive objective. The complete
task instructions are included in the Supplementary Material.

Survey. After the conversation, we applied the ten PETS items
as recommended, as 101-point interactive sliders from strongly dis-
agree to strongly agree in randomized order [69]. Additionally, we
asked participants to describe the emotionality of the discussed
topic (“The experience I discussed with ELLMO was emotionally chal-
lenging to me.” ) and on how their usage behavior of artificial agents
(“I use AI assistants like ChatGPT for personal tasks.”, “I use AI as-
sistants like ChatGPT for work-related tasks.” ) and mental health
applications (“I use digital tools or apps for mental health and well-
being support.” ). As an attention check, another item asked to drag
a slider completely to the left. These items were also displayed in
randomized order and with 101-point sliders.

5.2 Ethics, Safety & Crisis Support Features
Particularly for research focused on mental health support, safety
and ethical considerations are crucial [12, 19, 23, 68]. For trans-
parency, we provided participants with comprehensive details about
the study’s objectives, methods, and data processing (Section 5.1).
We emphasized that AI is not a substitute for professional help and
encouraged users to seek appropriate support if needed. To this end,
we integrated crisis support information into the task view, includ-
ing several national helpline numbers and links to mental health
resources. Tominimize the inclusion of high-risk groups, we applied
Prolific’s pre-screening filters and excluded participants who posi-
tively answered the question “Do you have any diagnosed mental
health condition that is uncontrolled (by medication or intervention)
and which has a significant impact on your daily life/activities?”. We
also relied on OpenAI’s built-in safety features, which guide the
model to handle sensitive issues ethically, for example, by refusing
to engage and suggesting professional help [19]. In addition, our
admin interface allowed us to observe and reach out to participants
via Prolific when necessary. Furthermore, the study was approved
by our ethics committee (EK-MIS-2025-0346-FT-d01).

5.3 Sample Size
In total, we recruited 192 participants, from which we rejected four
due to failed attention checks, leaving 188 valid sessions. To deter-
mine sample size, we performed an a priori power analysis using
G*Power [32] for a significance level of 𝑝 = .05 and a statistical
power of = 0.80. The results indicated a minimum sample size
of 𝑁 = 128 for a medium effect size with a fixed effects ANOVA
(𝑑 = .25) or two-tailed t-test (𝑑 = 0.50). For the nonparametric
Mann-Whitney U test with effect size (𝑑 = 0.05), the required sam-
ple size was 𝑁 = 134. With 𝑁 = 188 participants, we met these
requirements to test for small to medium effects. Our sample size
also met HCI standards [13] and exceeded the average size of related
studies for chatbots in mental health (𝑁 = 75.2 for 53 studies) [1].

5.4 Participants
The mean age of participants was 35.1 years (𝑆𝐷 = 11.1), with 91
identifying as female, 96 identifying as male, and one preferring not
to provide information. We recruited participants from 20 different
countries, with the majority of 163 participants residing in the
European Economic Area, 19 in North America, five in the Asia-
Pacific region, and one not providing that information. We verified
participants’ fluency in English through pre-screening and post

https://www.prolific.com/
https://www.ek.mathematik-informatik-statistik.lmu.de/validate/EK-MIS-2025-0346/QII7ME
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hoc review of the conversations. In addition to excluding users
with severe mental illness (Section 5.2), we used the pre-screening
information provided via Prolific to investigate possible associations
with anxiety and depression, which in general has been found to
interact with empathy in that context [2, 35, 36]. 120 participants
reported general experiences of anxiety (66 did not, two preferred
not to share), and 82 participants indicated they had experiences of
depression (100 did not, six preferred not to share).

6 Results
We analyzed the data from𝑁 = 188 valid sessions, which on average
lasted 11.3 minutes (𝑆𝐷 = 4.6). As individual group data were
partially non-normally distributed (Shapiro-Wilk 𝑝 < 0.05), we
tested significance using non-parametric Mann-Whitney U tests.
The detailed statistical results are in Table 1.

6.1 Conversational Engagement
Overall, users sent a median of 10.0 messages per conversation
(IQR = 8.0−14.0). Themedian task completion time was 9.2 minutes
(IQR = 6.4 − 10.7). Task duration and number of sent messages
did not statistically significant differ between groups. To estimate
user engagement in a conversation, we also analyzed the number
of user messages, characters per message (CPM), and words per
message (WPM). As shown in Table 1, group B showed minor yet
non-significant effects of slightly increased message count and
CPM. Participants also rated how emotionally challenging they
assessed the topic they discussed. As shown in Table 1 (Emo. Level),
there was no significant difference between groups, indicating that
participants chose similar topics in both conditions.

6.2 Usage of Technology
We further assessed how often participants used AI assistants for
personal and work-related tasks (Table 1). There was no statistical
significance between groups, yet overall, participants reported a
high level of usage. In addition, we analyzed the general use of
digital tools or applications for mental health and wellbeing support.
Ratings for group B were slightly higher (Mdn = 27.0, IQR = 12.2 −
68.0) compared to group A (Mdn = 22.5, IQR = 0.0 − 53.8) yet
showed only marginal statistical significance.

6.3 System Responses
System response generation took a median of 1.5 seconds (IQR =

1.2 − 1.9), without showing significant differences between groups.
Conversational system responses contained a median of 29 words
per message for both groups, and empathic resonance messages a
median of five words per message. Length and word count were
not statistically significant, suggesting a consistent LLM response
generation over both groups. Again, as described in Section 4.3, em-
pathic resonance messages were generated for both groups, yet not
displayed in group A. In a qualitative analysis using AI-based text-
categorization, we reviewed the 2195 empathic resonance messages
and found that most could be seen as expressions of understanding
and validation (for example “Longing for connection is painful.”, “Per-
haps exploring collaboration is insightful”, “Feeling betrayed can be
isolating” ). A large part of the messages also contained emotional

Table 1: Comparison of groups A (default) and B (additional
system feedback) regarding perceived empathy (PETS), num-
ber of user and system messages, words (WPM) and charac-
ters per message (CPM), task duration [min], response time
[sec], emotional level, and use of AI at work, in personal con-
text as well as use of mental health applications (MH Apps).

Group A Group B Statistics
Mdn IQR Mdn IQR Z r p

Perceived Empathy
PETS 64.5 54.5-80.8 74.0 59.8-86.0 −2.29 0.17 .022 ∗
PETS-ER 66.1 55.0-80.6 75.1 62.2-84.5 −2.52 0.18 .012 ∗
PETS-UT 67.1 54.1-82.4 73.8 57.1-90.6 −1.99 0.15 .046 ∗

Chat (User)
Messages 10.0 8.0-14.0 11.0 8.2-14.0 −1.13 0.08 .256
WPM 14.0 9.0-19.8 14.0 10.2-22.0 −0.88 0.06 .378
CPM 75.0 49.0-104.5 74.5 54.2-117.5 −0.88 0.06 .379
Task Dur. 8.2 6.4-10.7 9.6 6.4-10.7 −0.32 0.02 .750
Emo. Level 64.5 40.0-78.8 64.5 33.0-85.0 −0.29 0.02 .770

Chat (System)
Responses 10.0 8.0-14.0 11.0 8.2-14.0 −1.12 0.08 .261
WPM 29.0 25.0-35.0 28.5 24.0-34.8 0.54 0.04 .588
CPM 181.0 156.2-214.8 179.0 151.0-212.8 0.49 0.04 .624
Resp. Time 1.5 1.2-1.8 1.6 1.2-2.0 −0.78 0.06 .436

Resonance (System)
Messages 10.0 8.0-14.0 11.0 8.2-14.0 −1.12 0.08 .261
WPM 5.0 5.0-5.0 5.0 5.0-5.0 −0.68 0.05 .411
CPM 36.0 34.0-38.0 36.5 34.0-38.8 −1.45 0.11 .145

Use of Technology
AI at Work 75.0 53.2-93.0 71.5 20.0-96.8 0.66 0.05 .511
AI Personal 72.5 32.0-92.0 70.0 23.0-92.0 0.13 0.01 .898
MH Apps 22.5 0.0-53.8 27.0 12.2-68.0 −1.84 0.13 .065

Statistics based on Mann-Whitney U tests. Ratings from [0..100], 𝑁 = 94 per group.
∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001

expressions, which could be either interpreted as the system’s emo-
tional resonance (for example “That makes me feel frustrated”, “Feel-
ing admiration for her journey” ) or as recognition or reflection of
the user’s emotional expressions (“Feeling a sense of relief”, “Feeling
their confusion and curiosity”, “Feeling overwhelmed and in need of
support” ). Finally, although we intended the system to not directly
address the user (see the prompt in Section 4.3), we found that in
11.4% of the resonance texts, the system did nevertheless, for exam-
ple, “Feeling your frustration and helplessness” or “Feeling inspired
by your goal”. All generated system resonance messages can be
found in the Supplementary Material.

6.4 Perceived Empathy Rating
We calculated perceived empathy for overall PETS and separately
for its two subscales, Emotional Responsiveness (PETS-ER) and
Understanding and Trust (PETS-UT) [69]. As shown in Table 1, non-
parametric Mann-Whitney U testing revealed statistically signifi-
cant differences between group A and B for overall PETS (𝑝 = .022)
and the subscales PETS-ER (𝑝 = .012) and PETS-UT (𝑝 = .046),
with median increases of 14.7% for PETS, 13.6% for PETS-ER, and
10.0% for PETS-UT. In addition, we investigated how the other
variables (gender, technology use, anxiety and depression experi-
ence, emotionality) interact with perceived empathy. For that, we
converted continuous rating variables like technology use (rated
0..100) into binary categories (low: < 50, high: ≥ 50). Participants
with missing data were excluded from these analyses: one partic-
ipant who did not want to specify their gender, two participants
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Table 2: PETS analysis for individual variables viewed as two-
level categories: gender (m/f), level of emotionality, use of
AI at work, in personal context, use of mental health apps
(low / high), experiences of anxiety and depression (yes / no).

Sample 1 Sample 2 Statistics
Mdn IQR Mdn IQR Z r p

Gender male (N=96) female (N=91)
PETS 65.3 53.2-79.2 73.8 61.8-86.3 -2.64 0.19 .008 ∗∗
PETS-ER 66.4 53.2-80.4 74.0 63.5-86.1 -2.75 0.20 .006 ∗∗
PETS-UT 67.4 53.9-82.8 77.0 58.9-87.8 -2.13 0.16 .033 ∗

Emo. Level low (N=67) high (N=121)
PETS 62.5 52.4-77.8 72.4 61.8-86.9 3.22 0.23 .001 ∗∗
PETS-ER 65.0 51.9-76.7 73.3 62.0-84.3 2.93 0.21 .003 ∗∗
PETS-UT 59.8 53.8-76.6 75.0 58.8-91.5 3.28 0.24 .001 ∗∗

AI at Work low use (N=54) high use (N=134)
PETS 74.7 62.2-86.7 68.1 55.5-84.2 -1.51 0.11 .132
PETS-ER 75.8 61.3-85.8 68.7 55.7-82.4 -1.60 0.12 .111
PETS-UT 74.5 59.1-85.2 69.6 55.7-87.1 -1.30 0.09 .193

AI Personal low use (N=58) high use (N=130)
PETS 68.7 54.6-79.0 71.8 57.0-85.7 1.09 0.08 .276
PETS-ER 69.2 55.9-83.4 72.2 57.9-83.2 0.75 0.05 .455
PETS-UT 69.0 54.2-79.7 72.8 56.8-88.8 1.42 0.10 .155

MH Apps low use (N=125) high use (N=63)
PETS 68.3 55.0-79.2 79.5 61.5-88.0 2.83 0.21 .005 ∗∗
PETS-ER 67.8 55.2-80.8 79.3 60.2-88.8 2.75 0.20 .006 ∗∗
PETS-UT 68.5 54.8-82.8 79.2 57.5-92.4 2.80 0.20 .005 ∗∗

Anxiety no anxiety (N=66) anxiety (N=120)
PETS 72.4 59.1-86.2 68.6 55.6-84.1 -1.27 0.09 .203
PETS-ER 74.6 58.9-84.2 67.3 57.0-82.7 -1.47 0.11 .141
PETS-UT 71.8 57.9-87.9 70.1 54.7-86.6 -0.89 0.07 .376

Depression no depression (N=100) depression (N=82)
PETS 71.8 56.8-84.2 69.5 57.7-85.8 -0.05 0.00 .958
PETS-ER 72.1 58.0-82.9 70.2 59.0-83.7 -0.04 0.00 .970
PETS-UT 70.6 56.9-85.8 71.4 55.8-87.8 0.00 0.00 1.000

Statistics based on Mann-Whitney U tests. PETS Ratings from [0..100]
∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001

who did not provide information about their general experiences of
anxiety, and six participants who did not provide information about
their experiences of depression. As shown in Table 2, we found
significant gender effects, with female participants reporting higher
perceived empathy (median +13.0%), overall, and for PETS-ER and
PETS-UT. Furthermore, with digital mental health app experience
reported significantly higher empathy scores than non-users (me-
dian +16.4%). The reported level of emotionality in conversations
also significantly influenced PETS, PETS-ER, and PETS-UT when
categorized as low and high, with high emotionality (score ≥ 50)
leading to increased perceived empathy (median +15.8%). The other
variables did not show statistically significant effects.

To test whether the differences in the use of mental health ap-
plications, gender effects, and emotionality actually explain dif-
ferences between groups, we conducted Aligned Rank Transform
(ART) ANOVAs and examined interaction effects (Table 3). We
found that taking these factors into account when comparing per-
ceived empathy between groups A and B did not render the results
insignificant. Also, no significant interaction effects were found be-
tween group and mental health application usage (all 𝑝 >= 0.857),
between group and gender (all 𝑝 >= 0.311), and between group
and emotionality (all 𝑝 >= 0.745), indicating that the benefits of
empathic resonance feedback were independent of these factors.
Thus, overall we consider H1, H2 and H3 confirmed.

Table 3: Aligned Rank Transform ANOVA, testing for effects
of gender, mental health app usage and level of emotionality
in combination with study groups on PETS and its subscales
PETS-ER and PETS-UT, as well as interaction effects (x).

PETS df1 df2 F p

Gender (m/f) 1 183 7.76 .006 ∗∗

Group (A/B) 1 183 5.92 .016 ∗

Group x Gender 1 183 .88 .350
MH App Usage (low/high) 1 184 8.86 .003 ∗∗

Group (A/B) 1 184 5.65 .019 ∗

Group x MH App Usage 1 184 .00 .956
Emo. Level (low/high) 1 184 1.73 .001 ∗∗

Group (A/B) 1 184 5.25 .023 ∗

Group x Emo. Level 1 184 .00 .996

PETS-ER df1 df2 F p

Gender (m/f) 1 183 8.18 .005 ∗∗

Group (A/B) 1 183 6.73 .010 ∗

Group x Gender 1 183 1.03 .311
MH App Usage (low/high) 1 184 8.26 .005 ∗∗

Group (A/B) 1 184 6.78 .010 ∗∗

Group x MH App Usage 1 184 .01 .913
Emo. Level (low/high) 1 184 9.10 .003 ∗∗

Group (A/B) 1 184 6.83 .010 ∗∗

Group x Emo. Level 1 184 .11 .745

PETS-UT df1 df2 F p

Gender (m/f) 1 183 5.08 .025 ∗

Group (A/B) 1 183 4.33 .039 ∗

Group x Gender 1 183 1.00 .319
MH App Usage (low/high) 1 184 8.16 .005 ∗∗

Group (A/B) 1 184 4.20 .042 ∗

Group x MH App Usage 1 184 .03 .857
Emo. Level (low/high) 1 184 1.71 .001 ∗∗

Group (A/B) 1 184 3.99 .047 ∗

Group x Emo. Level 1 184 .08 .779

∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001

7 Discussion
In this work, we explored how displaying cognitive and affective
resonance through a secondary textual feedback channel can en-
hance the perceived empathy of an LLM-based chatbot (RQ). We
hypothesized that such feedback would increase overall perceived
empathy (H1), perceived emotional responsiveness (H2), and per-
ceived understanding and trust (H3). We confirmed these hypothe-
ses in Section 6.4. In this section, we further discuss the results,
implications, and limitations.

7.1 Effects on Perceived Empathy
The main effect we observed was that the display of internal em-
pathic resonance led to a statistically significant increase in per-
ceived empathy (median +14.7%). In general, this is consistent with
the findings of Göldi and Rietsche [37] and Zhang et al. [81], who
showed that displaying textual feedback of internal system states
can enhance system perception. The stronger effects observed in
perceived emotional responsiveness (PETS-ER) suggest that display-
ing internal resonance may have particular potential to enhance
system perception of perceived emotional intelligence, sympathy,
and emotional support, possibly facilitating the establishment of
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affective bonds between the user and the system. Therefore, we
suggest to consider this form of feedback in future research on
human-AI relationships in mental health, in informal settings, and
in the context of the digital therapeutic alliance [56].

7.2 Effects on Engagement
In contrast to the effects on perceived empathy, we did not observe
significant differences in message length or interaction duration.
This suggests that the effects of displaying empathic resonance
may be primarily qualitative and do not have a direct impact on
the conversation flow. Future systems could therefore benefit from
the integration of such feedback without having to worry about
distracting the user or interrupting established conversation pat-
terns. This could be particularly important when extending existing
systems with additional feedback channels.

7.3 Effects of Gender, Use of Technology
We found notable influences of gender and prior experience with
mental health applications on perceived empathy (Section 6.4). The
higher empathy scores for female participants (median +13.0%)
potentially align with related research on individual differences in
receptivity to empathic feedback [18]. While we suggest investigat-
ing these patterns further, particularly regarding how findings from
human interaction transfer to human-AI interaction, we acknowl-
edge that unobserved factors such as social or cultural background
and personality traits might also affect this measure. Beyond gen-
der, prior experience using mental health apps positively affected
perceived empathy (+16.4%). We argue that this might reflect gen-
eral acceptance or higher engagement with systems in that context.
We recommend exploring this effect further, especially regarding
how longitudinal app usage might impact emotional attachment,
bearing both risks and potential beneficial support effects.

7.4 Effects of Emotional Intensity of Context
While we found no differences between groups in how emotionally
participants rated the topic of conversation, we found significant ef-
fects of this emotionality rating on perceived empathy (Section 6.4).
Participants who classified their topic of conversation as highly
emotionally challenging had a PETS score that was 15.8% higher
than others. The fact that this increase did not interact with the in-
creased PETS ratings between groups highlights that our approach
can enhance empathetic experiences regardless of emotional con-
text. Furthermore, the relationship between emotionality and per-
ceived empathy suggests that mental health applications should be
particularly carefully designed for highly emotional conversations,
where users appear to be more sensitive to empathetic feedback,
both to benefit from empathic interaction and with regard to eth-
ical concerns to avoid misusing that sensitivity. Future systems
could assess the emotionality of a topic in advance and during a
conversation to adapt, for example, feedback content or modalities.

7.5 Future Internal Resonance Design
LLM-based generation of the internal resonance messages provided
flexibility and contextual reference, but also brought challenges.
Despite explicit instructions to avoid direct user address, 11.4%
of the messages contained second-person language (e.g., “Feeling

your frustration”). Future work should address the trade-off be-
tween richness of expression and reliability in generating resonance
messages, especially with emerging reasoning LLMs that provide
chain-of-thought processes. Another point to consider is feedback
authenticity [40, 67, 70]. For example, we assume that simply re-
flecting or mirroring affective states such as “Feeling hesitation and
anxiety” does appear inauthentic, as it expresses understanding and
perception rather than affective experience. Future studies could
explicitly investigate how different resonance design affects the
perceived authenticity of a system. Finally, an important design
decision is the choice of modality. While we chose an additional
textual feedback channel, in future research, we plan to assess vi-
sual or ambient feedback mechanisms, for example, based on color
or shapes (Section 2.4). These could include subtle visualizations
reflecting emotional resonance or turn-taking ( Section 3.3) that
persist throughout the interaction, similar to how nonverbal cues
function in human communication. Also, LLM-generated resonance
messages could serve as an intermediate layer for generating mul-
timodal feedback, for example, as input for text-to-image models.

7.6 Implications for Mental Health Applications
For informal consumer-facing mental health applications, such as
chatbots, the inclusion of an empathic resonance channel could
improve user perception without the need for significant redesign.
In addition, textual feedback would allow easy configuration and
customization, which is particularly important since the preference
for affective expressions in mental health applications is highly indi-
vidualized [38]. In therapeutic contexts, empathic feedback should
be designed with particular care in terms of accuracy, therapeutic
strategies, and integrity. For example, it could focus primarily on
expressions of acknowledgment and validation to avoid communi-
cating misinterpreted affective states. In addition, the evaluation
of our approach in this context should be done with controlled
studies that specifically measure clinical effects, such as therapeutic
outcomes or therapeutic alliance. In line with Cabrera et al. [12], we
emphasize that digital mental health applications should enhance,
not replace, human support networks and professional care.

7.7 Ethical Implications
While our study demonstrated the potential of our approach, we
acknowledge the ethical dimensions of simulating empathy in ar-
tificial systems. Showing internal empathic resonance might lead
to an overestimation of a system’s emotional intelligence. Another
more general risk is overreliance on technology [10, 12, 19], as
particularly vulnerable populations could be susceptible to anthro-
pomorphizing systems and developing emotional attachments [19].
To address these risks, we recommend: (1) clearly framing of em-
pathic resonance as a design feature rather than evidence of sys-
tem consciousness; (2) careful language in resonance displays that
avoids claims of actual emotional states; (3) periodic reminders of
the artificial nature of the system during extended interactions; and
(4) ensuring access to human support resources, especially when
serving vulnerable populations. Again, we highlight that artificial
agents should not serve as a substitute for professional care and
that further ethical dimensions such as regulation or liability need
to be considered [7, 12, 19].
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7.8 Limitations
Our study has several limitations that should be considered when
interpreting the results and planning future research.

Remote Study & Task Design. We hypothesize that our remote
study design encouraged authentic conversations due to its anonymity.
Furthermore, we specifically allowed users to pick a topic them-
selves to foster high authenticity of the emotional engagement.
However, this also limited our control over the course of the con-
versation and may have led to diversity in conversations that could
have influenced how the system was perceived.

Sample Composition. Our participant sample consisted predomi-
nantly of Western European users, which limits the generalizability
of our findings across cultures. As the perception of empathy can
vary greatly in different cultural contexts, future work should make
cross-cultural comparisons. In addition, we assessed the experi-
ences with anxiety and depression using a pre-screening binary
self-report rather than validated clinical measures. We suggest
using more detailed, standardized screening measures in future ap-
proaches and focusing on participants’ motivation to seek support.

System Perception. Although we assessed perceived empathy, we
lack direct insight into how participants interpreted the displayed
empathic resonance. For example, we do not know whether the
feedback was interpreted as authentic, whether it was continu-
ously perceived, or whether it was understood as a representation
of internal system states. Future research could investigate users’
understanding and perception in this regard.

Interaction Duration. The short interaction duration (median
9.2 minutes) may not have revealed possible effects of empathic
resonance that occur in repeated or longer interactions with a
digital agent. We therefore intend to investigate extended usage
patterns in longer, more realistic study scenarios, possibly focusing
on daily conversations over several weeks.

Metrics. Future research should include metrics that specifically
address concepts such as digital therapeutic alliance or social bond-
ing. This would allow to determine the potential effects of increased
perceived empathy on users’ goals. Furthermore, we did not directly
compare our approach to existing commercial mental health ap-
plications. A comparative analysis with established applications
would provide more context for understanding the relative impact
of our approach compared to current best practices in the field.

Statistical Analysis. While our results showed statistical signifi-
cance, the small effect sizes (𝑟 = 0.15 − 0.18) in Table 1 suggest that
the practical impact of the empathic resonance channel may bemod-
est. To achieve stronger effects, future iterations could, for example,
adjust the content, frequency, or verbal style of the generated reso-
nance messages or implement multimodal feedback (Section 7.5).
Finally, we acknowledge that testing multiple dependent variables
without correction increases Type I error risk. At the 95% confidence
level, approximately one false positive might be expected per 20
tests. However, the consistency of effects across our three empathy
measures (PETS, PETS-ER, PETS-UT) suggests that even if some
results were false positives, the evidence still supports increased
perceived empathy through the empathic resonance channel.

8 Conclusion
We implemented an LLM-based emotional support chatbot that
displays internal empathic resonance on a second text channel
alongside the primary conversational messages. In our user study
(𝑁 = 188), displaying internal empathic resonance led to a signif-
icant increase in perceived agent empathy (median +14.7%), con-
firming our hypotheses for RQ (Section 1). We also showed that
gender, prior experience with mental health applications, and the
emotional intensity of conversational context had significant in-
dependent effects on empathy perception, with higher empathy
scores among female participants (+13.0%), regular users of men-
tal health apps (+16.4%), and emotionally charged conversations
(+15.8%). Importantly, none of these factors moderated the primary
effect of displaying internal empathic resonance.

We conclude that the display of LLM-generated internal em-
pathic resonance can increase perceived empathy of a system and
thus potentially contribute to improving the user experience and
outcomes of digital mental health applications. Our approach pro-
vides a practical way to enhance existing unimodal chatbot applica-
tions and a foundation for future LLM-based multimodal systems.

Safe and Responsible Innovation Statement
In Section 2.3, we acknowledge the social and ethical risks of apply-
ing AI in the context of mental health support. To mitigate risks for
our study participants, we implemented safeguards as described in
Section 5.2. Our study design also ensured anonymous participa-
tion, transparency, and informed consent regarding data processing
and was approved by our institutional ethics committee. Finally,
we address the ethical implications in Section 7.7, emphasizing that
digital agents should rather enhance and not replace professional
mental health support, particularly for vulnerable users.
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