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Abstract

Visually embodied conversational Al agents are often assumed
to enhance perceived empathy during human-AI conversations
by increasing social presence and emotional engagement. How-
ever, it remains unclear whether avatar-based interfaces reliably
improve users’ perceived empathy in practice. We examine this
assumption by comparing avatar-based and text-based chatbots
across 186 human—-Al interactions while holding the conversational
context and prompt consistent. Surprisingly, participants inter-
acting with the text-based chatbot reported significantly higher
perceived empathy than those interacting with the avatar-based
chatbot (Miext = 5.25 vS. Mayatar = 4.86, p = 0.038). This difference
persisted after controlling for individual differences in personality
traits, demographic characteristics, and conversation length. These
results indicate that visual embodiment does not automatically en-
hance empathic experience and may instead shift the standards by
which users evaluate empathic behavior.
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1 Introduction

Embodied conversational agents (ECAs) are often assumed to en-
hance empathic experience in human-ATI interaction by providing
richer social cues, including facial expressions, gaze behavior, and
vocal prosody. Prior work under the Computers as Social Actors
paradigm demonstrates that users readily attribute social and emo-
tional qualities to computational systems [19]. Building on this
insight, research on social presence and embodiment argues that
visual anthropomorphism can increase users’ sense of copresence
and social engagement [12, 21]. These assumptions have motivated
the deployment of avatar-based chatbots in emotionally sensitive
domains such as healthcare and mental health support [30].
However, empirical findings regarding whether visual embod-
iment reliably improves users’ perceived empathy remain mixed.
While some studies suggest that humanlike representations can
enhance engagement or warmth, others indicate that increased
anthropomorphism may introduce elevated expectations that con-
versational systems fail to satisfy [10, 18]. Expectancy Violations
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Theory provides a useful framework for understanding this dy-
namic, positing that unmet social expectations can lead to negative
evaluations of an interaction partner [8].

In addition to interface modality, individual differences and rep-
resentational cues may further shape how users interpret empathic
behavior. Prior work has examined user-perceived empathy in chat-
bot interactions [16, 20, 27] and highlights the role of subjective
interpretation in empathy judgments. Visual characteristics of em-
bodied agents, including demographic and gender-related cues,
have also been shown to influence perceived warmth, trust, and
social evaluation, though findings remain inconsistent [4, 5, 9].
These mixed results underscore the need to systematically examine
embodiment effects on perceived empathy across user populations
and avatar representations.

Here, as shown in Figure 1, we conduct a comparison between
avatar-based and text-based chatbots that share the same conver-
sational backend and response generation pipeline, allowing us
to attempt to isolate the effect of visual embodiment on perceived
empathy.! Using data from 186 human-Al interactions, we examine
overall differences in empathic perception across interface modal-
ities, while accounting for individual differences in personality
traits and demographic characteristics. Drawing on Expectancy
Violations Theory, we explore whether embodiment introduces
heightened affective expectations that, when unmet during the
interaction, lead users to evaluate the interaction less favorably.

Research Questions. This study aims to answer the following
research questions:

(1) Does visual embodiment improve perceived empathy and
conversation quality compared to text-only interaction?

(2) How do individual differences, such as personality traits
and demographic factors, account for variation in users’ per-
ceived empathy during interactions with embodied versus
text-only chatbots?

This work not only advances the academic understanding of
empathy in human-AI dialogue but also lays the groundwork for
practical applications of embodied chatbots in emotionally intel-
ligent and socially adaptive communication systems. To examine
these questions, we developed two interactive Al chatbot systems
and designed a comprehensive experimental and analytical pipeline
to support systematic investigation.

! A demonstration video showcasing interactions with the avatar-based chatbot is avail-
able at: https://drive.google.com/file/d/1véeNHywtvV2pYwQpqr7Gruzo9rGJwotw5/
view.


https://drive.google.com/file/d/1v6NHywtvV2pYwQpqr7Gruzo9rGJw9tw5/view
https://drive.google.com/file/d/1v6NHywtvV2pYwQpqr7Gruzo9rGJw9tw5/view
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Figure 1: Comparison of chatbot interfaces used in the study: avatar-based (male and female) and text-based conditions.

Contributions. This study makes the following contributions:

(1) Empirical evidence that visual embodiment can reduce
perceived empathy. We demonstrate that interface modal-
ity significantly affects users’ empathic evaluations as text-
based interactions receive higher perceived empathy scores.
This challenges the common assumption that richer social
cues automatically improve affective experience.

(2) Evidence for an anthropomorphism-mediated mech-
anism. We find that avatar-based interfaces, counterintu-
itively, are perceived as less humanlike than text-based inter-
faces, and that this reduction in anthropomorphism mediates
the modality effect on perceived empathy.

(3) A controlled experimental dataset of human-AlI inter-
actions. We collect and release 186 paired dialogue logs and
post-interaction survey responses across avatar and text con-
ditions, including perceived empathy, conversation quality,
trust, personality traits, and demographics, enabling future
replication and extension.

2 Background & Related Work

Our work directly builds upon the experimental paradigm of Liu et
al. [16], who find that while the empathetic language of chatbots
and humans is equivalent when analyzed computationally, users
nonetheless perceive chatbots as less empathetic than humans.
This disconnect between empathetic language generation and user
perception directly motivated our investigation into whether visual
embodiment might help close this gap.

2.1 Avatar-based and Text-based Chatbots

Our research intersects with literature on embodied conversational
agents, social presence theory, and human-AI interaction. The
Computers as Social Actors (CASA) framework [19] establishes that
users apply social rules to computer interfaces, extending to avatar-
based chatbots where anthropomorphic cues encourage users to
treat the system as a social actor [12]. Media richness theory [28]
and digital embodiment work [21] suggest that richer social cues
enhance perceived presence. Recent work extends to LLM-driven
agents: Lee et al. [14] demonstrate that GPT-4 responses are per-
ceived as more emotionally attuned when delivered by an expres-
sive avatar, while digital health assistant studies report increased
engagement with embodied agents [30]. However, embodiment
effects are not uniformly positive. Imperfect facial expressions can
trigger uncanny-valley reactions [18].

Several critical limitations constrain clear conclusions about em-
bodiment’s impact on perceived empathy. First, limited systematic
variation in avatar characteristics: prior studies typically employ a
single avatar identity or do not systematically vary characteristics
such as gender, limiting understanding of whether embodiment
effects generalize across different presentations. Second, inadequate
control of linguistic content: most comparisons do not sufficiently
align conversational behavior, leaving open whether perceived
empathy differences reflect interface cues versus differences in
what the system actually says. This is especially problematic for
LLM-driven systems, where prompt engineering, model parame-
ters, or conversation history could introduce systematic differences
beyond presentation modality. Third, narrow focus on usability out-
comes: applied evaluations often emphasize usability and engage-
ment metrics [30], but less frequently examine whether perceived
empathy differences reflect interface cues versus underlying tex-
tual responses, or how individual differences moderate embodiment
effects.

Our study addresses these limitations through a carefully con-
trolled experimental design. We construct two chatbot systems
that differ only in presentation modality—avatar-based versus text-
only—while sharing identical prompts for response generation and
conversation management pipeline. This enables a direct test of
whether embodiment itself changes perceived empathy beyond
language content. We further incorporate both male-presenting
and female-presenting avatars to examine whether embodiment
effects appear consistent across different avatar presentations.

2.2 Perceived Empathy and Conversation
Quality in Human-AI Interaction

Perceived empathy connects to research on how users evaluate
emotional understanding in human-AI conversations. Prior work
emphasizes that empathy is fundamentally experiential: users base
judgments on subjective feelings of being heard rather than explicit
empathic markers [6, 27]. Studies show that self-reported empathy
aligns with perceived attentiveness even when textual content is
held constant [16], and people can perceive high empathy even
when responses are produced by LLMs [14]. Perceived conversa-
tion quality reflects users’ judgments of coherence, naturalness,
and responsiveness. LLM-generated responses often receive high
quality ratings due to clarity and stylistic fluency, even when emo-
tional depth is limited [1], while empathic phrasing can improve



perceived flow [31]. Computational approaches to empathy model-
ing have advanced through shared tasks [11, 24] and methods for
text-based mental health support [26]. However, Liu et al. [16] find
that conversations can achieve high quality ratings while receiving
lower empathy ratings, suggesting users evaluate “how well the
conversation went” and “how emotionally understood they felt”
through different cognitive processes.

One limitation that constrains understanding of how embodi-
ment shapes perceived empathy and conversation quality is concep-
tual conflation. Empathy and conversation quality are sometimes
treated as interchangeable outcomes, despite evidence they can
dissociate. Our research addresses this limitation by measuring
perceived empathy and conversation quality as distinct constructs
using validated scales, enabling independent testing of embodiment
effects. We test whether modality-driven differences persist when
linguistic content is held constant by design.

3 Methods

We adopt the experimental design of Liu et al., which draws on
the Empathic Conversations dataset and the WASSA 2023 and 2024
shared task corpora [2, 11, 23]. In this paradigm, crowdworkers
read a negative news article selected to elicit empathic reactions [7]
and then engage in a multi-turn conversation, with pre- and post-
conversation surveys administered at each end. We follow this
design closely, retaining the same news articles.

To capture participants’ subjective perceptions of chatbot inter-
actions, we administered post-conversation surveys using three
well-established psychological measurement instruments.

3.1 Experimental Design

We recruited participants through Prolific and completed a Qualtrics
survey that embedded either the avatar-based or text-based chat-
bot interface, along with pre- and post-conversation measures of
demographic characteristics and personality traits. Participants
engaged in a multi-turn conversation through either a text only
frontend or avatar frontend where both connected to the same LLM
backend for response generation. The avatar-based condition was
implemented using the Soul Machines Digital Human platform.
The selected avatars provided a clear visual embodiment of the
conversational agent while maintaining experimental control over
interface modality (see Figure 2and Figure 3).

3.2 Survey Design

To complement our computational modeling and deepen our un-
derstanding of participants’ subjective reactions, we incorporated
three established psychological measurement instruments: the God-
speed Questionnaire Series (GQS), the 20-item Big Five Personality
Inventory (BFI-20), and SPUR Social Presence Items.

These instruments capture perceptions of embodied agents, individ-
ual personality traits, and perceived social presence, respectively.
Detailed descriptions of each questionnaire and their constructs
are provided in Appendix B.

Godspeed Questionnaire Series (GQS)

We use the GQS to measure participants’ perceptions of embodied
agents, including anthropomorphism, animacy, likeability, intelli-
gence, and perceived safety. These dimensions are widely used to
evaluate human-agent interaction and provide a structured way to
capture subjective impressions.

20-Item Big Five Personality Inventory

To control for individual differences, we include the BFI-20 to cap-
ture personality traits such as Extraversion and Agreeableness,
which are particularly relevant to social interaction and empathy
perception.

SPUR Social Presence Items

We use SPUR-based items to measure perceived social presence
in human-Al interaction, focusing on perceived conversational
quality, empathy, and emotional understanding.

4 Results

We report findings from 186 participants across three experimental
conditions. This section describes the data collection process and
presents statistical analyses of perceived empathy differences.

4.1 Data

Similar to the setting in the empathic conversation [11, 16], we
asked crowdworkers read a negative news article that evokes em-
pathy and then interact with a conversational Al system about
this news article. Specifically, participants were randomly assigned
to interact with either a text-based chatbot or a male- or female-
presenting avatar chatbot, engaged in a short multi-turn conver-
sation, and then completed a survey assessing perceived empathy;,
conversation quality, trust, personality traits, and demographics.
These human-Al interactions were collected through Prolific, and
after removing responses from incomplete surveys or very short
interactions (fewer than six turns), the final dataset comprised 186
valid conversations: 93 in the text condition, 49 in the male-avatar
condition, and 44 in the female-avatar condition. According to the
demographics information summarized in Table 1, participants
ranged in age from 19 to 80 years (M=43.4, SD=11.8). The sam-
ple was approximately balanced by sex (51.1% male, 48.9% female)
and predominantly White (69.4%), with representation from Asian
(13.4%), Black (10.2%), Mixed (3.8%), and Other (3.2%) ethnic groups.
Demographic characteristics were generally well-distributed across
conditions, with some variation in subgroup sizes due to the strati-
fied sampling approach.

4.2 Statistical Analysis

In the statistical analysis of perceived empathy scores were com-
pared across the two modalities using independent-samples t-tests
and OLS regression models controlling for individual differences.



Ethnicity SRG

Condition

Text Male Avatar Female Avatar
n,Age M (SD) n,Age M (SD)  n, Age M (SD)
White Male 33,49.8 (10.7)  15,41.7 (129) 17, 43.5(12.2)
Female  32,41.1(9.7)  18,45.0(10.4)  14,50.4 (14.7)
Asian Male 8,35.1 (8.9) 3,30.7 (9.3) 4,340 (2.2)
Female  5,45.2(9.3) 3,38.3 (6.8) 2,46.5 (19.1)
Black Male 4, 46.5 (13.2) 4,36.0 (7.3) 2,43.5(9.2)
Female 7,384 (14.9) 2, 46.0 (11.3) -
Mixed Male 1, 44.0 1, 39.0 —
Female 1,46.0 2,43.0 (2.8) 2,28.5 (13.4)
Other Male 1, 23.0 — 2,40.5 (7.8)
Female 1, 28.0 1, 63.0 1,43.0

Table 1: Participant Demographics by Condition, Ethnicity,
and Self-reported gender; SRG = Self-reported Gender; M:
Mean, SD: Standard Deviation.

T-test Results (SPUR)

We conducted independent-samples t-tests to compare perceived
empathy, perceived conversation quality, and perceived trust be-
tween avatar-based and text-based conditions. These three mea-
sures—representing distinct facets of users’ felt connection and
social engagement—were operationalized using items derived from
the SPUR social presence framework [17]. Specifically, perceived
empathy was assessed using the EMP composite (computed as the
mean of EMP_1 through EMP_5). The analysis revealed a statisti-
cally significant difference between conditions, with the text-based
chatbot receiving higher perceived empathy scores than the avatar-
based chatbot (t = —2.09, p = 0.038). The text-based condition
showed a higher mean empathy score (M = 5.25, SD = 1.24)
compared to the avatar-based condition (M = 4.86, SD = 1.31).
We then examined perceived conversation quality, calculated as
the mean of 14 PCQ items. A similar independent-samples t-test
indicated a statistically significant difference between conditions
(t = —2.35, p = 0.020), with the text-based condition (M = 5.85,
SD = 0.83) receiving higher scores than the avatar-based condition
(M =5.55, SD = 0.87). Finally, perceived trust was assessed using
the TRUST composite (computed as the mean of TRUST _1 through
TRUST_5). The results again showed a statistically significant differ-
ence between conditions (t = —2.07, p = 0.039), with the text-based
condition showing higher trust (M = 5.34, SD = 1.16) than the
avatar-based condition (M = 4.97, SD = 1.26).

Descriptive Subgroup Patterns

Following the overall comparison, we conducted exploratory analy-
ses to examine whether patterns of perceived empathy varied across
participant characteristics and avatar presentation types, including
comparisons across ethnicity groups within each condition and
between male-presenting and female-presenting avatars. Although
mean scores varied slightly across subgroups, the overall pattern
of higher empathy ratings in the text-based condition remained
generally consistent. Specific descriptive statistics are summarized
in Tables 2 and 3.

Ethnicity Group Avatar Text
MSD) n M(SD) n
White 4.83(1.25) 64 5.09(1.24) 65
Asian 5.25(1.14) 12 5.60 (1.41) 13
Black 493(159) 8 5.93(0.79) 11

Table 2: Descriptive statistics of Perceived Empathy (EMP
Composite) across ethnicity groups; M: Mean, SD: Standard
Deviation, n: Sample Size.

Condition M (SD) n

Male-like Avatar
Female-like Avatar

4.91 (1.37) 49
4.80 (1.26) 44

Table 3: Perceived Empathy (EMP Composite) by avatar gen-
der presentation; M: Mean, SD: Standard Deviation.

Regression Model

To assess whether the interface modality predicts perceived empa-
thy while accounting for individual demographic characteristics
and conversation behavior, we fit an ordinary least squares (OLS)
regression model with EMP Composite as a dependent variable. The
primary predictor was condition_avatar, coded as 1 for avatar-based
interactions and 0 for text-based interactions. The control variables
included self-reported gender, ethnicity and total_tokens, where
total_tokens was calculated as the total number of tokens in the full
conversation between each participant and chatbot. Following the
findings in Section 3.3, extraversion and agreeableness were also
selected for inclusion in the model as personality control variables
because they are particularly relevant to interpersonal perception
in our research context. Both were entered as continuous variables.
Composite scores for extraversion and agreeableness were com-
puted following established scoring procedures, with reverse-coded
items handled accordingly [29].

Table 4 reports the results of the OLS regression predicting per-
ceived empathy (EMP Composite) while controlling for individual
demographic characteristics and conversation length. Consistent
with the t-test results, interface modality remained a statistically
significant predictor of perceived empathy after accounting for per-
sonality category, sex, ethnicity, and total token count. Specifically,
the coefficient for condition_avatar was negative and significant
(B = —0.438, p = 0.018), indicating that avatar-based interactions
were associated with lower perceived empathy scores compared to
text-based interactions, holding other variables constant. In con-
trast, total_tokens did not exhibit a significant association with
perceived empathy (p = 0.327). Together, these findings provide
converging evidence that interface modality plays a meaningful
role in shaping users’ empathy perceptions, reinforcing the pattern
observed in the preceding t-test analyses.



DV: Perceived Empathy DV: Perceived Empathy Anthropomorphism
Models: (1) (2) 3) (4) Models: (1) (2) (3)
condition_avatar —-0.391*  —0.350* —0.422* —0.438" condition_avatar  —0.438" 0.288" —-0.809"
0.187)  (0.187)  (0.183)  (0.184) (0.184) (0.131) (0.154)
Control Variables anthro_score - 0.898* -
Demographics NO YES YES YES - (0.060) -
?ersi'r(’:ahty Tok Eg Eg LES gg Table 5: Models for exploring mediation effect of anthropo-
otal Cony. Tokens morphism on modality-empathy relationship. Model (1) re-
Observations 186 186 183 183 produces the baseline Model (4) from Table 4. Model (2) adds
R-squared 0.018 0.068 0.153 0.158 composite anthropomorphism score as an additional predic-

Table 4: Main Effects of condition_avatar (dummy variable;
avatar = 1, text = 0) on Perceived Empathy (EMP Composite);
Standard errors are reported in parentheses. *p < 0.05.

Analysis of Anthropomorphism

To further investigate the mechanism underlying the modality ef-
fect, we analyzed the Godspeed Questionnaire Series (GQS), which
assesses perceived qualities of the agent across five subscales: An-
thropomorphism (extent to which the agent is perceived as hu-
manlike), Animacy, Likeability, Intelligence, and Safety. For each
subscale we computed a composite score by averaging the corre-
sponding items and compared avatar-based and text-based condi-
tions using a between-group t-test. Participants in the text-based
condition reported higher scores than those in the avatar-based con-
dition on Anthropomorphism (M = 3.52, SD = 1.00 vs. M = 2.76,
SD =1.08;t = —5.01, p < .001), Animacy (M = 3.68, SD = 1.02 vs.
M =3.22,SD = 0.94;t = —3.18, p = .002), and Likeability (M = 4.23,
SD =0.77 vs. M = 3.98, SD = 0.77; t = —2.20, p = .029). The differ-
ence was marginal for Intelligence (text M = 4.24, SD = 0.78; avatar
M =4.05,SD =0.73; t = —1.75, p = .083), and there was no signifi-
cant difference for Safety (p = 1.00). In prior work on human-agent
interaction, perceived humanlikeness has been shown to foster em-
pathy toward agents [15], so we focus on the Anthropomorphism
subscale as the most theoretically relevant to explain modality-
related differences in perceived empathy. The between-group ¢-test
reported above shows that the text-based condition elicited higher
anthropomorphism scores than the avatar-based condition, mirror-
ing the pattern observed for perceived empathy.

Additionally, we examined whether anthropomorphism medi-
ates the relationship between modality and perceived empathy
using OLS regressions that extend the baseline model in Table 4,
Model 4. We estimated the additional specifications summarized in
Table 5 using the same full set of control variables, and all regression
results are reported in that table. In Model 3, where anthropomor-
phism is the dependent variable, condition_avatar significantly
predicted anthropomorphism scores (f = —0.81, p < .001), indi-
cating that participants in the text condition perceived the agent
as more humanlike than those in the avatar condition. In Model 2,
which adds anthropomorphism as a predictor of perceived empa-
thy, anthropomorphism was a strong positive correlate of empa-
thy (8 = 0.90, p < .001), and the coefficient for condition_avatar
changed sign and became positive (f = 0.29, p = .029). These pat-
terns are consistent with a negative indirect effect of modality on

tor; Standard errors are reported in parentheses. *p < 0.05.

perceived empathy operating through anthropomorphism, where
avatar condition leads to lower anthropomorphism which in turn
predicts lower empathy.

5 Discussion

The results suggest that interface presentation can shape how users
assess empathic qualities in human-Al interaction, while main-
taining the same conversational context and prompt. Rather than
enhancing perceived empathy, visual embodiment appears to influ-
ence the evaluative frame through which empathic experience is
interpreted.

Expectancy Violations Theory offers a plausible interpretive
account for this pattern. Visual embodiment introduces salient so-
cial and humanlike cues that may contribute to how users form
expectations prior to and during interaction. When an interface in-
cludes an avatar, users may implicitly apply more human-centered
or demanding criteria when judging empathic qualities. In con-
trast, a text-based interface may cue a different expectation frame,
leading users to evaluate the same interaction using less stringent
standards. At the same time, alternative mechanisms may also con-
tribute to the observed pattern. Avatar-based interfaces introduce
additional visual cues and processing demands that may shift users’
attention toward the interface presentation itself rather than the
conversational content. In addition, Schlesener et al. [25] distin-
guish between embodied anthropomorphic form (EA), which refers
to the visual presentation of an agent, and behavioral anthropo-
morphic form (BA), which refers to conversational behaviors that
demonstrate understanding of users’ mental states. Their results
suggest that users’ perceptions of conversational agents are shaped
by the interaction between EA and BA rather than embodiment
alone. In our context, introducing an avatar primarily adds EA
without necessarily increasing BA, which may contribute to lower
empathic evaluations when the conversational behavior does not
match the expectations implied by the embodied interface.

Several limitations of the present study should be acknowledged.
First, although the sample size was sufficient to detect overall dif-
ferences in perceived empathy, it may limit the detection of smaller
moderation effects across demographic subgroups. Second, the
avatar representations examined were restricted to male-presenting
and female-presenting forms, and other visual dimensions—such



as age cues, ethnicity cues, facial expressiveness, or degrees of re-
alism—were not systematically varied. Third, the study focused
exclusively on users’ subjective evaluations of empathic experience,
which constrains the scope of inference to perception rather than
behavioral or linguistic properties of the interaction.

6 Conclusion

This study provides a controlled empirical examination of how
visual embodiment influences users’ perceived empathy in human-
Al interaction, as reflected in subjective evaluations. Across 186
interactions, we find a consistent main effect of interface modality:
participants interacting with a text-based chatbot reported signif-
icantly higher perceived empathy than those interacting with an
avatar-based chatbot. This effect was observed in both independent-
samples comparisons and regression analyses, and remained signifi-
cant after controlling for conversation length, personality category,
sex, and ethnicity. Rather than enhancing perceived empathy, the
presence of an embodied avatar was associated with a reduction in
users’ empathic evaluations.

These findings suggest that visual embodiment does not automat-
ically improve empathic experience in this specific implementation
and may instead shift the evaluative standards users apply during
interaction. Consistent with Expectancy Violations Theory, the
presence of an avatar may elevate users’ affective expectations,
thereby prompting more stringent evaluations of the same con-
versational responses compared to text-only interaction. Other
mechanisms such as differences in attentional demands, perceptual
processing, or the alignment between visual embodiment and con-
versational behavior may also contribute to how empathic qualities
are evaluated. From a design perspective, this result implies that
introducing visual embodiment in empathetic Al systems should
be approached cautiously, as richer social cues may alter evaluative
standards rather than automatically improving users’ perceived
empathic experience.
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A Chatbot Interface Implementation

This section describes the implementation of two chatbot interfaces
developed for the comparative study. Both systems are designed to
facilitate empathetic conversations about news articles with users,
sharing identical core functionality: (1) session management and
parameter extraction from URL query strings, (2) conversation con-
text construction incorporating article background and historical
dialogue, (3) Al response generation through the OpenAI API using
identical prompts and parameters, and (4) conversation persistence
to MongoDB using the same document schema.

The fundamental difference between the two implementations
lies in their interaction modalities. The Avatar-Based Chatbot pro-
vides an embodied conversational experience through Soul Ma-
chines Digital Person technology, enabling multimodal interaction
via voice and video. Users interact with a virtual avatar that renders
in real-time, with facial animations synchronized to speech output.
In contrast, the Text-Based Chatbot employs a traditional text-only
interface, where users type messages and receive text responses in
a standard chat window.

Both systems converge at the backend processing layer, where
identical conversation logic is used to minimize differences in Al
behavior across conditions. This architectural consistency allows
observed differences in user experience to be attributed to inter-
face modality—embodied avatar versus text-only—rather than to
variation in system functionality.

A.1 Frontend Implementation

The Avatar-Based Chatbot frontend employs a component-based
architecture organized into modular layers, as illustrated in Figure 2
and Figure 3. The main conversation interface component orches-
trates the overall interaction flow, coordinating between Digital
Person rendering components, user interaction components, and
content display components (for presenting conversation history
and supplementary information). A centralized state management
infrastructure maintains connection status, media permissions, con-
versation history, and Digital Person response states.

The frontend establishes a WebSocket connection to the Soul Ma-
chines platform upon initialization, enabling real-time bidirectional
communication for audio and video streaming. User interactions
are captured through either voice input (streamed to the platform
for speech-to-text processing) or text input (a fallback mode), with
the Digital Person video rendered in real-time and synchronized

SOUH I
machines

Type your message here

Figure 2: Avatar-Based Chatbot frontend interface (male-
presenting avatar)

Figure 3: Avatar-Based Chatbot frontend interface (female-
presenting avatar)

Talk with your Al chatbot

Chatbot: Hil What did you think about the article we're discussing today?

Figure 4: Text-Based Chatbot frontend interface

with audio output and facial animations. The connection lifecycle
is managed through component lifecycle hooks, ensuring proper
resource cleanup.

The Text-Based Chatbot frontend follows a simplified single-
page architecture, as shown in Figure 4. The interface consists of
three core elements: (1) a chat history display area, (2) a text input
field, and (3) a send button. This lightweight structure eliminates
the complexity of component hierarchies and state management
frameworks while maintaining core functionality.

User messages are transmitted directly to the backend via HTTP
POST requests, with responses immediately rendered in the chat
interface. Both frontend implementations share identical session
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management logic and parameter extraction strategies: experimen-
tal parameters are extracted from URL query strings and persisted
in browser sessionStorage to maintain continuity across page re-
freshes, ensuring experimental consistency.

A.2 Backend Implementation

Both chatbot systems implement identical conversation processing
logic at the backend layer, ensuring behavioral consistency. The
key architectural difference lies in how the backend integrates with
the frontend and Al services, as illustrated in Figure 5.

Avatar-Based Backend Architecture. The Avatar-Based Chatbot
backend is implemented as a Soul Machines Skill, adhering to the
Skills API specification. The Skill exposes four standard endpoints
that integrate with the Soul Machines platform lifecycle: POST
/init (project initialization), POST /session (session management
and parameter extraction), POST /execute (conversation execu-
tion), and DELETE /delete/{project_id} (resource cleanup). The
platform acts as an intermediary, invoking these Skill endpoints
when processing user interactions, and the Skill communicates
directly with the OpenAI API for response generation.

Text-Based Backend Architecture. The Text-Based Chatbot back-
end is implemented as a standard FastAPI application with two
endpoints: GET / (serves the HTML interface) and POST /chat
(processes user messages). This architecture eliminates the inter-
mediate platform layer, establishing direct HTTP communication
between the frontend and backend. The backend communicates
directly with the OpenAI API, mirroring the same conversation
processing logic as the Avatar-Based implementation.

Shared Conversation Processing Logic. Both backend implemen-
tations employ identical conversation processing logic. The pro-
cess involves: (1) extracting user input and session identifiers, (2)
building a comprehensive conversation context that includes sys-
tem prompts (empathy-focused behavioral guidelines), article back-
ground information (limited to 10,000 characters), and conversation
history retrieved from the database, (3) invoking the OpenAI API
with identical parameters (GPT-4.1-nano, temperature 0.7) to gen-
erate responses, (4) managing completion code logic to ensure a
minimum number of interaction turns for experimental control,
and (5) persisting conversation data to MongoDB using the same
document schema.

To balance context preservation with API token constraints,
both systems employ a sliding window approach: for conversa-
tions exceeding 50 turns, the system preserves the first 5 turns
(capturing important opening context) and the most recent 45 turns
(maintaining recent continuity). Parameter extraction strategies
differ slightly between implementations: the Avatar-Based system
extracts parameters from nested context objects provided by the
Soul Machines platform, while the Text-Based system extracts from
HTTP request bodies and URL query parameters. However, both
employ hierarchical fallback mechanisms to support reliable pa-
rameter retrieval.

A.3 Data Persistence and Schema

All conversation data is persisted in MongoDB Atlas using a stan-
dardized document schema shared by both systems. Each conversa-
tion record contains: session identifier, article identifier, response

( HTML+JS

LLM Response

Chatgpt nano 4.1

+
Skill API

Generate Response)

Mongo Atlas DB

Backend ==

_,—w— =
-— Database o

Data Storage

Figure 5: Chatbot Implementation Architecture

identifier (for experimental tracking), turn number, user input text,
bot response text, and timestamps for both user input and bot re-
sponse. This unified schema enables efficient conversation history
retrieval for context building during conversations and comprehen-
sive post-experiment analysis.

B Measurement Instruments
B.1 Godspeed Questionnaire Series (GQS)

The Godspeed Questionnaire Series was developed by Bartneck et
al. (2009) to provide a standardized, cross-study measure of how
humans perceive artificial agents [4]. Prior to GQS, the field lacked
consistent metrics for evaluating subjective impressions of robots
or virtual entities. Since its publication, Godspeed has become one
of the most widely used and frequently cited evaluation tools in
HCI and social robotics, with thousands of citations across domains
such as embodied conversational agents, VR avatars, and service
robots [3].

The questionnaire assesses several dimensions central to users’
interpretations of embodied Al systems: Anthropomorphism (the
extent to which the agent seems human-like), Animacy (the degree
to which the agent appears alive or biologically alive), Likeability



(warmth, friendliness, and emotional valence), Perceived Intelli-
gence (users’ assessment of the agent’s reasoning and competence),
and Perceived Safety (the degree to which the agent appears non-
threatening and comfortable to interact with) [3]. These constructs
help us evaluate whether avatar-based embodiments influence par-
ticipants’ impressions in ways that could shape perceived empathy.
In this sense, Godspeed provides a validated foundation for deter-
mining whether changes in embodiment shift users’ interpersonal
judgments independently of linguistic content.

B.2 20-Item Big Five Personality Inventory

To account for stable individual differences, we administered the
20-item Big Five personality measure from the International Person-
ality Item Pool (IPIP-20) [13]. The Big Five framework—Openness,
Conscientiousness, Extraversion, Agreeableness, and Neuroticism—
constitute the dominant framework in contemporary personality
psychology, supported by extensive empirical evidence across cul-
tures and contexts [13]. This inventory allows us to capture trait-
level differences that may shape how participants interpret social
cues and attribute empathy during interaction.

Although the instrument captures five personality dimensions,
our analysis focused on Extraversion and Agreeableness, as these
traits are most closely related to social orientation and interpersonal
sensitivity in our research settings. Extraversion encompasses socia-
bility, social engagement, and interpersonal expressiveness, while
Agreeableness reflects warmth, empathy, prosocial orientation, and
interpersonal sensitivity [13]. Both traits have been consistently
identified as socially relevant across research traditions examin-
ing interpersonal perception and human-agent interaction, and
are commonly associated with social orientation and interpersonal
sensitivity in studies of empathy and social presence [23].

Including personality measures strengthens the internal validity
of our analysis by enabling us to control for psychological variation
that could otherwise confound the relationship between embodi-
ment and perceived empathy. For example, individuals higher in
Agreeableness may be more inclined to attribute warmth to the
agent, while those higher in Extraversion may exhibit different
patterns of social responsiveness when engaging with embodied
versus text-based interfaces.

B.3 SPUR Social Presence Items

To examine the psychological mechanism underlying the relation-
ship between embodiment and perceived empathy, we incorporate
measurement items from the SPUR framework, which is grounded
in the foundational Social Presence Theory introduced by Short,
Williams, and Christie (1976) [17]. Social presence refers to the sub-
jective sense that one is interacting with an intentional, emotionally
expressive, and “real” social entity. Over the decades, the concept
has been expanded within modern HCI contexts including VR/AR
agents, virtual humans, conversational Al, and telecommunication
systems [22]. SPUR-style items are now widely recognized as stan-
dard measures for quantifying users’ felt connection, emotional
engagement, and perceived warmth in mediated interactions [22].
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Figure 6: Mean perceived empathy (EMP composite) by con-
dition. Corresponds to Table 5, Model (1).
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Figure 7: Observed versus OLS-predicted perceived empathy.
Corresponds to Table 5, Model (1).

Accordingly, the selected survey items used in this study capture
key aspects of users’ social presence such as perceived conver-
sational quality, empathy and emotional understanding, trust in
human-AlI interaction.

C Regression Model Visualization

This section provides supplementary visualizations for the OLS
models summarized in Table 5, including Fig 6, Fig 7, Fig 8, Fig 9,
Fig 10 and Fig 11.
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Figure 9: Observed versus OLS-predicted perceived empathy.
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