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Abstract

Conversational recommender systems (CRSs) are becoming
pervasive technologies, supporting everyday decisions in do-
mains ranging from e-commerce to health and dietary con-
texts. In these settings, there is a growing trend to deliver
CRSs as embodied conversational agents (ECAs)—i.e. virtual
agents with visible avatars, synthesised voices, and nonver-
bal behaviours that simulate face-to-face human interaction.
Agent embodiment has been linked to greater engagement,
perceived trustworthiness, and user reliance on agent rec-
ommendations. Yet, how embodiment shapes user responses
when an agent’s recommendation is misleading remains un-
derexplored. We argue this is an ethical blind spot with par-
ticular consequence in health contexts, where flawed recom-
mendations may influence decisions with meaningful con-
sequences for well-being. Drawing on literature from trust
in human-Al interaction, recommender systems, and embod-
ied conversational agents, we conducted a between-subjects
experiment in a healthy recipe recommendation scenario to
investigate how embodiment shapes trust loss along the di-
mensions of goodwill and qualification trust following a mis-
leading health recommendation, and how any buffering cas-
cades into users’ willingness to follow the recommendation
and their intention to continue using the agent. The findings
carry implications for the responsible design and deployment
of embodied CRSs, particularly in health contexts.

Code and Materials —
https://github.com/HayaHalimeh/Embodied-CRS

Introduction

Conversational recommender systems (CRSs) increasingly
guide everyday decisions across different domains (Fglstad
et al. 2021; Gao et al. 2021), including health and dietary
contexts where the stakes of bad recommendations extend
to users’ well-being (Iacovazzi et al. 2025; Tsampos and
Marakakis 2025). As Large Language Models (LLMs) and
speech synthesis improve, there is a growing trend to deliver
these systems as embodied conversational agents (ECAs)—
i.e. virtual agents with visible avatars, synthesised voices,
and nonverbal behaviours that simulate face-to-face human
interaction (Cassell 2001). The trend is already visible in
industry. For instance, Meta has built generative ECAs for
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product recommendation that combine multimodal LLMs
with avatars (Fung et al. 2025), DeepBrain Al has deployed
avatar-based kiosks delivering personalized recommenda-
tions in retail outlets across Asia, including K11 department
stores, 7-Eleven, and Hyundai Premium Outlets (DeepBrain
Al 2024), and Firework’s AVA puts a lifelike digital human
in front of online shoppers, answering product questions and
personalising suggestions in real time (Firework 2024).

The appeal of embodiment is well-grounded, as embodied
agents are rated as less deceptive and more trustworthy than
text-only equivalents (Weitz et al. 2019). They also increase
perceived social presence and intention to rely on the agent
as a decision aid (Qiu and Benbasat 2009), and are treated
more leniently when they err (Go and Sundar 2019). From
a provider perspective, these properties are desirable, since
they are linked to supporting recommendation uptake and
sustaining user engagement (Bickmore and Cassell 2001).
From a user perspective, however, the same properties raise
an ethical concern. If embodiment systematically inflates
trust, users may follow embodied agents’ recommendations
uncritically, including recommendations that are misleading.
What looks like resilience from a design perspective can thus
become a hidden cost from the user’s perspective (Lupetti
et al. 2023).

Nevertheless, despite growing interest in CRSs and the
persuasive potential of human-like avatars (André and
Pelachaud 2010; Dehn and Van Mulken 2000), research on
ECAs and their effect on trust in recommender contexts re-
mains rare (Jannach et al. 2021). Whether embodied delivery
shapes trust in ways that track the agent’s actual reliability,
and whether it buffers or amplifies trust loss when a recom-
mendation proves misleading, remains an open question. We
therefore ask:

RQ. How does agent embodiment in CRSs affect users’
perception of the recommendation, trust in the agent, and
subsequent intention towards it, following a trust violation
through a misleading health claim?

Drawing on literature from human—AlI interaction, rec-
ommender systems, and embodied conversational agents,
we address this question through a between-subjects exper-
iment in a health-adjacent domain, namely healthy recipe
recommendation. We situate the study in this domain for
several reasons. Food and recipe recommendation is among
the most widespread consumer applications of CRSs (Iaco-



vazzi et al. 2025; Tsampos and Marakakis 2025), making it
an ecologically valid setting. Additionally, dietary choices
carry genuine consequences for well-being, yet, unlike clin-
ical or medical advice, the setting permits a misleading rec-
ommendation to be staged experimentally without exposing
participants to material harm. It also affords an objective
ground truth for what counts as misleading, since nutritional
quality can be quantified via validated nutritional profiling
schemes (Department of Health and Social Care 2016). Fi-
nally, recipes are a universally familiar, everyday decision
domain requiring no specialised expertise, which supports
natural engagement and high mundane realism.

Concretely, participants sought healthy recipe recommen-
dations from either a fully embodied agent or a text-based
chatbot, in which both agents recommended nutritionally
unhealthy recipes framed by a misleading health claim, with
trust measured before and after. The results show that ECA
participants perceived the nutritionally unhealthy recipes as
healthier than chatbot participants did, and this inflated per-
ception in turn buffered the trust loss the misleading claim
would otherwise have triggered. Buffered trust loss then
propagated into stronger willingness to follow the recom-
mendations and stronger intentions to continue using the
agent. This study, therefore, contributes to the limited litera-
ture on embodied agents as an output modality in CRSs and
their effects on trust dynamics in health recommendation
contexts. The findings suggest that embodied delivery dis-
torts how users perceive the recommendation itself, and that
this distortion carries a buffering effect on trust. Together,
they refine the picture of embodiment as a beneficial design
property and substantiate the trust-buffering risks flagged
conceptually by prior work (Lupetti et al. 2023; Seeger and
Heinzl 2021).

Theoretical Background and Hypotheses
Conversational Recommender Systems

Conversational recommender systems (CRSs) assist users
in finding recommendations (Cai, Jin, and Chen 2022) that
support their decision-making (Jannach et al. 2010). Follow-
ing Gao et al. (2021), a CRS elicits users’ dynamic pref-
erences through real-time multi-turn interactions using text
(Christakopoulou, Radlinski, and Hofmann 2016) or voice
(Yang et al. 2018), integrating a dialogue manager, user
model, and recommendation engine (Jannach et al. 2021).

In recent years, interest in CRSs has grown substantially
in both academia and industry (Jannach et al. 2021; Fglstad
et al. 2021), spurred by advances in LLMs, voice technolo-
gies, and machine learning. CRSs are now deployed across
domains from movies, music, and e-commerce (Guo et al.
2023; Cai, Jin, and Chen 2022; Liu et al. 2023) to health
and dietary contexts, where recommendations can influence
decisions with meaningful consequences for well-being (Ia-
covazzi et al. 2025; Tsampos and Marakakis 2025).

With growing interest, research efforts have concentrated
largely on system efficiency and recommendation quality
(Jannach et al. 2021; Gao et al. 2021), with less attention to
how these systems are presented to users. In practice, CRSs
are delivered through interfaces that vary considerably in
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design, ranging from disembodied text-based chatbots (Ike-
moto et al. 2019) to embodied conversational agents (ECAs)
(Ben Saad and Choura 2023). While orthogonal to the rec-
ommendation logic itself, this choice of output modality
shapes how users engage with and respond to the recom-
mendations they receive (Laban et al. 2025). ECAs in par-
ticular are often adopted as an output mechanism (Hong
et al. 2010), motivated by the assumed persuasive poten-
tial of human-like avatars (André and Pelachaud 2010; Dehn
and Van Mulken 2000). Yet, research on the specific effects
of ECAs in recommender contexts remains scarce (Jannach
et al. 2021).

ECAs as an Output Modality in CRSs

ECAs are both a multimodal interface, combining speech,
facial expression, gaze, gesture, and posture, and the sys-
tem behind that interface (Cassell 2001). This dual character
distinguishes them from text-based chatbots and disembod-
ied voice assistants (Cassell et al. 2000), since embodiment
adds a perceptual and social layer on top of the conversa-
tional one. In turn, embodiment enables the agent to con-
vey attitudinal and relational information through nonverbal
channels that text or speech alone cannot replicate (Cassell
et al. 2000; Kiuchi, Otsu, and Hayashi 2024). These nonver-
bal signals are not merely supplementary but actively shape
the meaning of the verbal message, the relational framing
of the interaction, and the user’s interpretation of system in-
tent (Laban et al. 2025; Hall, Horgan, and Murphy 2019).
Crucially, the advantage of embodiment holds only when
the body leverages human communicative protocols rather
than serving decorative purposes (Cassell et al. 2000), and
the social cues it affords make embodied agents particularly
well-suited for building trust (Bickmore and Cassell 2001).
In recommender and advisory contexts, embodied deliv-
ery has been shown to produce measurable differences rel-
ative to disembodied baselines. Qiu and Benbasat (2009)
found that humanoid embodiment in a product recommenda-
tion study significantly increased perceived social presence
and users’ intention to use the agent as a decision aid, and
Weitz et al. (2019) showed that explanations delivered by a
virtual agent were rated as less deceptive and more trustwor-
thy than the same explanations delivered without an agent.
Comparable patterns also appear in adjacent settings. Em-
bodiment increased task engagement and performance rela-
tive to a smart speaker (Robb et al. 2023), and participants
interacting with a photorealistic embodied agent provided
more informative responses than those using a text-based
chatbot, while doing so more time-efficiently (Krajcovic,
Demcak, and Kuric 2025). In health-oriented CRSs, users
follow agent recommendations on the assumption that the
agent is a reliable source they can trust. Whether embodied
delivery shapes this trust in ways that track the system’s ac-
tual reliability when a recommendation proves misleading,
is at its core a question about trust formation and violation.

Trust and Trust Violation in Human-AI Interaction

Trust is a central determinant of human-Al interaction
(Fglstad, Nordheim, and Bjgrkli 2018). The most influen-
tial theoretical basis for studying it is the integrative model



of Mayer, Davis, and Schoorman (1995), adapted to tech-
nology contexts by McKnight, Choudhury, and Kacmar
(2002a), which identifies three perceived characteristics that
jointly determine trust: competence (the skills and abilities
to perform the expected task), benevolence (motivation to
act in the trustor’s best interest), and integrity (adherence
to acceptable ethical principles). This model has been vali-
dated for human-technology relationships, including recom-
mendation agents (Qiu and Benbasat 2010, 2009).

Seeger and Heinzl (2021) further group the three beliefs
into two interacting constructs. Qualification trust corre-
sponds to competence — the “can do” component — and
captures users’ expectations that the agent has the ability
to perform the task (Barki, Robert, and Dulipovici 2015).
Goodwill trust corresponds to benevolence and integrity —
the “will do” components — and captures users’ expecta-
tions that the agent is motivated to act honestly and in their
best interest (Barki, Robert, and Dulipovici 2015).

Trust violations occur when a trustor’s positive expecta-
tions are disconfirmed, for instance, when the trustee acts
inconsistently with what was expected (Bies et al. 1996),
which can damage the trust relationship (Rousseau et al.
1998). In principle, this trust loss is functional, prompting
users to recalibrate their reliance on the agent in light of new
evidence about its reliability. A growing body of evidence,
however, indicates that the design of an agent can blunt this
corrective signal (see (Rheu et al. 2021)). Adding human-
like features, for example, tends to increase trust resilience
(De Visser et al. 2016), while visual embodiment cues tend
to increase user leniency toward agent errors (Go and Sundar
2019), a property especially relevant in recommender set-
tings, where suggestions can miss the mark. Lupetti et al.
(2023) make this point for embodied health agents, arguing
that designers must distinguish between a user’s frust and
the agent’s trustworthiness, noting that the former does not
necessarily correspond to the latter. The same features that
make an embodied agent trustworthy can also make it more
persuasive when it’s wrong.

Hypotheses

Taken together, the literature suggests that embodied deliv-
ery shapes how users evaluate agent outputs and the trust
they place in the agent. If these effects extend to a mislead-
ing health recommendation, users interacting with an ECA
should lose less trust along both dimensions of goodwill and
qualification trust than users interacting with a disembodied
text-based chatbot. We therefore hypothesise:

H1a. Users of an ECA lose less goodwill trust than users
of a text-based chatbot following a misleading health recom-
mendation.

H1b. Users of an ECA lose less qualification trust than
users of a text-based chatbot following a misleading health
recommendation.

The two dimensions are not independent of each other
(Seeger and Heinzl 2021; Barki, Robert, and Dulipovici
2015). That is, when an agent is perceived to have acted con-
trary to the user’s interest, doubts about its intentions spill
over into doubts about its competence.
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H2. Goodwill trust loss positively predicts qualification
trust loss following a misleading health recommendation.

The buffering mechanism may operate upstream of the vi-
olation itself. Because embodiment cues shape the meaning
of the verbal message and the user’s interpretation of sys-
tem intent (Laban et al. 2025; Hall, Horgan, and Murphy
2019), embodied delivery may frame the recommendation
rather than merely accompany it, with the agent’s nonver-
bal cues influencing how users assess the recommendation’s
quality on its own terms. This framing may inflate users’
perception of the recommendation’s quality—here, the per-
ceived healthiness of nutritionally unhealthy recipes—and
this inflated perception may, in turn, prevent the recommen-
dation from being recognised as a violation.

H3a. Perceived recipe healthiness mediates the effect of
agent embodiment on goodwill trust loss.

H3b. Perceived recipe healthiness mediates the effect of
agent embodiment on qualification trust loss.

If embodiment buffers trust loss, this buffering should
propagate into behaviour. Trust violations reduce willing-
ness to follow agent recommendations (Seeger and Heinzl
2021), and reduced willingness should in turn reduce incli-
nation to keep using the agent.

H4a. Goodwill trust loss negatively predicts behavioural
intention to follow the agent’s recommendations.

H4b. Qualification trust loss negatively predicts be-
havioural intention to follow the agent’s recommendations.

HS. Behavioural intention to follow the agent’s recom-
mendations positively predicts continuance intention to use
the agent.

Methodology
Research Design and Procedure

We conducted a between-subjects experiment with pre/post
measurement, manipulating agent embodiment as the inde-
pendent variable. The conditions consisted of a disembodied
text-based Chatbot and an embodied agent (ECA). Follow-
ing Schlesener et al. (2026), textual input was used in both
conditions to isolate embodiment effects from differences in
interaction modality.

Participants were redirected from Prolific to the study
website, where they were presented with an introduction
screen outlining the study scenario, procedure, estimated du-
ration, and confidentiality information. The scenario asked
participants to imagine they were looking for two healthy
main-dish recipes for an upcoming event with friends, and
informed them that they would interact twice with an Al
conversational recommendation agent designed to suggest
recipes based on their stated preferences. Participants were
told that in each of the two interactions the agent would rec-
ommend recipes it considered healthy, and were instructed
to interact as naturally as possible, as if they were genuinely
seeking recipes. After reviewing the information screen, par-
ticipants proceeded into the study and were randomly as-
signed to one of the two agent conditions.

The study comprised two successive interactions with
the agent. Following prior trust-violation studies (De Visser



et al. 2016; Seeger and Heinzl 2021), the interaction or-
der was fixed across all participants, as the manipulation
is contingent on participants first establishing trust during
t1 before the violation occurs at ¢5. In the first interaction
(t1), the agent elicited the participant’s preferences across
three dimensions and presented three personalised, nutri-
tionally healthy recipe recommendations, that it described
as healthy, establishing an initial basis for trust. Upon con-
firming they had finished reviewing the recipe cards, the
chat interface was replaced by the first in-application ques-
tionnaire overlay, which measured initial trust in the agent
(Trust,, ). The overlay obscured the recipe cards and chat
history from view, ensuring that questionnaire responses re-
flected recalled experience rather than concurrent evaluation
of visible stimuli.

After completing the first questionnaire, participants pro-
ceeded to the second interaction (t2). The agent followed
the same preference elicitation procedure but presented
three personalised, nutritionally unhealthy recipes while
continuing to describe them as healthy, constituting the
trust-violation manipulation. Because participants had been
primed at the outset to expect recommendations the agent
considered healthy across both interactions, the continued
health framing of the unhealthy recipes during the second
interaction disconfirmed this established expectation.

After again confirming they had reviewed the recipe
cards, participants completed a second questionnaire cap-
turing post-violation trust (Trust;, ), perceived healthiness of
the recommended recipes, and behavioural intention to fol-
low the agent’s recommendations. Finally, participants com-
pleted a post-study questionnaire assessing continuance in-
tention and background measures relevant to the study out-
comes, including cooking frequency, trust disposition, fa-
miliarity with conversational recommender agents, and de-
mographic information. Figure 1 illustrates the overall ex-
perimental procedure.

Trust-Violation Manipulation

The manipulation was operationalised using the Food Stan-
dards Agency (FSA) nutritional profiling score, a validated
classification scheme widely used in front-of-pack labelling
research (Department of Health and Social Care 2016). The
FSA score is computed across four key nutrients: total fat,
saturated fat, total sugar, and sodium. For each nutrient, it
discerns between low, medium, or high content within a
recipe and assigns one point per level, for a total score rang-
ing from 4 (healthiest) to 12 (least healthy). For example, fat
content is classified as low below 3g per 100g, while satu-
rated fat is classified as medium between 1.5g and 5g.
Nutritional information was communicated to participants
through FSA Multiple Traffic Light (MTL) labels (Depart-
ment of Health and Social Care 2016) displayed on each
recipe card. Each nutrient was represented by a colour in-
dicating whether its content was low (green), medium (am-
ber), or high (red), shown together with the corresponding
textual level and numeric value, providing an easily inter-
pretable signal of nutritional quality that did not rely on
colour alone and without requiring detailed nutritional cal-
culations (Freire et al. 2017; Department of Health and So-
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Figure 1: Experimental procedure for both conditions. #;:
first interaction with healthy recipe recommendations de-
scribed as healthy and initial measurements. t5: second in-
teraction with unhealthy recipe recommendations described
as healthy and post-violation measurements.

cial Care 2016). Experimental and field interventions using
MTL labels report increased consumer attention to nutri-
tional information and improved ability to identify healthier
options (Sonnenberg et al. 2013). A large 12-country study
comparing five front-of-pack label formats further found
that respondents rated the MTL label most favourably on
comprehensibility and salience (Talati et al. 2019). Consis-
tent with this evidence, recent food recommender systems
adopt the FSA MTL system as a visual health cue in recipe
recommendation interfaces (El Majjodi, Starke, and Trattner
2022; El Majjodi et al. 2023).

The manipulation unfolded across the two interactions.
In the first interaction (¢), the agent presented nutritionally
healthy recipes (FSA < 6, no red MTL indicators) and de-
scribed them as healthy, establishing an initial basis for trust.
In the second interaction (¢5), the agent presented unhealthy
recipes (FSA > 10, no green MTL indicators) while con-
tinuing to describe them as healthy, constituting the trust vi-
olation. The visible MTL labels created therefore a salient
inconsistency between the agent’s misleading health claim
and the displayed nutritional information, producing a nega-
tive expectancy violation regarding the agent’s reliability as
an information source (Burgoon and Le Poire 1993).

Participants

We recruited 60 participants from the crowdsourcing plat-
form Prolific, with eligibility restricted to fluent English
speakers. The study was presented as a 15-minute task,
and participants were compensated at approximately £9 per
hour. Prior to analysis, participants were excluded if they
failed one or more attention checks embedded within the
questionnaires, or if their completion time fell outside two
standard deviations of the sample mean. The final sample
comprised 56 participants (Chatbot: n = 29; ECA: n = 27).
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Figure 2: System architecture and interaction flow of the
CRS in this study.

System Design

Both conditions were implemented as a custom full-
stack web application integrating an LLM-based dialogue
controller, a recipe recommendation engine, and an in-
application questionnaire overlay within a single browser-
based interface. The Chatbot and ECA conditions shared
an identical backend architecture and recommendation
pipeline, differing only at the frontend rendering layer,
where the ECA condition additionally activated the text-
to-speech and avatar rendering systems. The source code,
prompts, datasets and analysis are provided in our publicly
shared repository.

System Architecture Figure 2 illustrates the system ar-
chitecture and interaction flow. At initialisation, the back-
end established an OpenAl connection and loaded a system
prompt defining the agent persona, dialogue instructions,
preference elicitation sequence, and response structure. The
prompt instructed the agent to adopt a warm and friendly
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persona, collect preferences one at a time in the fixed or-
der established in a pre-study, normalise user responses to
supported values, and transition to recommendation gener-
ation or questionnaire activation based on interaction state.
Crucially, the agent was instructed to frame all recommen-
dations as healthy across both interactions, regardless of the
actual nutritional profile of the recipes presented.

To ensure experimental control over recommendation
content, the agent was explicitly instructed not to generate
recipes independently. All recommendations were instead
retrieved from a recipe dataset by the recommendation en-
gine and passed to the agent for presentation, ensuring that
recipe content and nutritional profiles were consistent across
participants within each interaction and not subject to LLM-
generated variance.

While the agent’s conversational surface was model-
generated, the control flow governing the interaction was
deterministic and enforced server-side by the state manager.
Preference elicitation, recommendation retrieval, and ques-
tionnaire activation were triggered by explicit state transi-
tions and each stage advanced only upon an explicit con-
firmation action from the participant. This ensured that the
sequence, timing, and content of the manipulation were con-
sistent across all participants within each condition.

Each participant message triggered a turn. The state man-
ager loaded the interaction state—including the active phase
(t1 or t9), elicited preference values, and the full dialogue
history—into the prompt payload to preserve conversational
context across turns. During to, the base prompt was sup-
plemented with an additional one that re-contextualised the
participant as returning and prompted a second round of elic-
itation and recommendations.

The payload was sent to the OpenAl Responses API
(gpt—-5.2), which returned the assistant text, an action
directive, the remaining preferences to elicit, and, in the
ECA condition, facial expression and body animation labels.
The action directive determined the subsequent system be-
haviour. For preference elicitation, the assistant text was de-
livered directly as the agent message. For recommendation
generation, the action directive triggered the recommenda-
tion engine, which generated recipes matching the partic-
ipant’s stated preferences and the experimental nutritional
criteria. The returned recipes were displayed as interactive
cards alongside the assistant text. For questionnaire transi-
tions, the agent generated a closing response prompting the
participant to proceed to the questionnaire, which in turn re-
placed the chat interface with the in-application question-
naire overlay. Participants advanced each stage with a con-
firmation button that triggered the next turn, and the agent
message was rendered according to the assigned condition.

Chatbot Condition The Chatbot condition presented par-
ticipants with a text-based chat interface. Participants typed
their messages into a text input field and received text-only
responses, displayed turn-by-turn by replacing the previous
message in the display area. Prior research suggests that im-
ages can elicit emotional responses and increase engagement
with a corresponding narrative by stimulating mental im-
agery (Babin and Burns 1997). The interface was therefore
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Figure 3: Experimental conditions.

set against a blurred kitchen background to provide a con-
textually appropriate visual environment for the user and to
stimulate mental imagery consistent with the task scenario.

ECA Condition The ECA condition augmented the same
interface with a fully embodied agent featuring a three-
dimensional avatar rendered in real time, positioned against
the same blurred kitchen background. The avatar communi-
cated through a combination of verbal and nonverbal cues.
Verbal communication was delivered via synthesised speech
with lip synchronisation matching the audio output. Nonver-
bal communication included contextually driven body ani-
mations (e.g., greeting, idle, recipe presentation), context-
specific facial expressions (e.g., smiling when presenting
recommendations), and subtle facial movements such as
eye squints and blinking during speech. Agent responses
were accompanied by turn-by-turn text displayed after audio
playback completed to maintain visual consistency with the
Chatbot condition. The avatar was implemented as a rigged
GLTF mesh sourced from Ready Player Me, with body ani-
mations driven by Mixamo skeletal animations. Facial ex-
pressions were interpolated by mapping expression labels
(e.g., smile, idle) to predefined ARKit morph target weight
dictionaries. Speech was synthesised per message using the
ElevenLabs text-to-speech API, and lip synchronisation was
achieved through viseme-based facial animation during au-
dio playback. Figure 3 illustrates both conditions visually.
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Recommendation Design

Preference Elicitation. Prior to the main study, we con-
ducted a pre-study with a separate sample of 20 partic-
ipants recruited via Prolific to identify the most relevant
preference dimensions for the recipe recommendation task.
Participants ranked a set of candidate preference questions
adapted from prior recipe recommender systems research
(El Majjodi et al. 2023; El Majjodi, Starke, and Trattner
2022) according to perceived importance. Rankings were
aggregated using the Borda count method, which assigns
points inversely proportional to rank position and sums them
across participants to produce an overall importance score
for each preference dimension (Emerson 2013).

Preference elicitation focused on general dietary pref-
erences rather than health-specific filters to ensure that
the trust-violation manipulation remained attributable to
the agent’s misleading health claim rather than participant-
selected health constraints. The three highest-ranked prefer-
ence dimensions were dish type (importance score = 74.38),
total preparation time (importance score = 68.12), and
recipe complexity operationalised through ingredient count
(importance score = 53.75). In the main study, the agent
elicited these preferences in a fixed order across both inter-
actions, following their importance ranking.

Recipe Dataset. The recipe corpus was sourced from All-
recipes.com', which has been used in prior food recom-
mender systems research (El Majjodi, Starke, and Trattner
2022; El Majjodi et al. 2023). The full dataset comprises
35,516 recipes across 47 attributes. Dish type categories and
recipe images were obtained by scraping each recipe’s URL.
For the purposes of this study, the dataset was restricted
to main-dish recipes with complete nutritional information
across all four FSA nutrients, at least three ingredients, and
an available recipe image. The mean recipe rating in the
dataset was M = 4.04, consistent with the generally high
user ratings characteristic of Allrecipes.com (El Majjodi,
Starke, and Trattner 2022).

Recipes were grouped into six dish-type categories (e.g.,
Pasta and Stuffed Dishes), four preparation-time categories
(e.g., up to 60 minutes and up to 90 minutes), and three
complexity levels (low, medium, high) based on ingredient
count. FSA scores were computed for each recipe as de-
scribed in Section , and recipes were classified as nutrition-
ally healthy (FSA < 6, no red MTL indicators) or nutri-
tionally unhealthy (FSA > 10, no green MTL indicators) to
maximise the nutritional contrast. After applying these crite-
ria, the final dataset comprised 127 nutritionally healthy and
185 nutritionally unhealthy main-dish recipes. Table 1 sum-
marises the FSA score distribution across both categories.

Recommendation Algorithm. Recipes were ranked us-
ing a weighted composite score combining nutritional qual-
ity, preference similarity, and recipe rating:
score = 0.70 - FSA + 0.25 - proximity + 0.05 - rating,
where FSA denotes the recipe’s FSA health score, prox-
imity denotes the inverse k-nearest neighbour distance

"https://github.com/shaansubbaiah/allrecipes-scraper, Ac-

cessed: 2026-08-03



FSA Score

Category 4 5 6 7 8 9 10 11 12
Healthy 26 70 71 - - - - - -
Unhealthy - - - - - - 60 97 28

Table 1: FSA score distribution of recipes in the restricted
dataset pools used for the trust-violation manipulation.
Scores 7-9 were excluded to maximise nutritional contrast
between interactions.

(Bishop and Nasrabadi 2006) within the elicited preference
space, and rating denotes the normalised recipe rating from
the dataset. During ¢;, FSA scores were inverted to prioritise
nutritionally healthy recipes. During to, scores were used di-
rectly to prioritise nutritionally unhealthy recipes. The FSA
component received the highest weight to maximise nutri-
tional contrast between interactions while preserving recom-
mendation realism through preference similarity and recipe
ratings. In each interaction, the three highest-scoring recipes
were presented to participants as interactive recipe cards.

Recommendation Presentation. In each interaction, the
agent presented three recipe recommendations retrieved
from the appropriate FSA-defined pool and matched to the
participant’s stated preferences. The set was limited to three
options per interaction, informed by research demonstrating
that larger choice sets induce cognitive overload and deci-
sion paralysis (Iyengar and Lepper 2000), whereas fewer al-
ternatives reduce choice difficulty (Bollen et al. 2010), while
remaining within the capacity of human working memory
(Cowan, Chen, and Rouder 2004). Each recommendation
was displayed as an interactive recipe card showing the
recipe image, title, total preparation time, ingredient count,
calories, and a full MTL label per nutrient. As such, all infor-
mation required for the task was visible directly on the card.
Participants could additionally open any recipe via a ”View
Recipe” control to inspect its full ingredient list and prepa-
ration instructions in a detail, affording deeper engagement
with each recommendation. Figure 4 shows examples of the
recipe cards as displayed to participants in each interaction.

Measures

All constructs were measured using established scales
adapted from the literature and administered on 7-point Lik-
ert scales, as reported in Table 2.

Following Seeger and Heinzl (2021), trust was opera-
tionalised as goodwill trust and qualification trust, with both
dimensions averaged into a composite score reflecting over-
all trust (McKnight, Choudhury, and Kacmar 2002b). Trust
was assessed after the first interaction (Trusty, ) and after the
second interaction (Trust;, ), with trust loss computed as the
difference Trust;, — Trust,,, yielding three loss scores: over-
all trust loss, goodwill trust loss, and qualification trust loss.
Perceived healthiness of the recommended recipes was as-
sessed after to via a custom single-item measure capturing
participants’ subjective evaluation of the recipes presented
in the second interaction. Behavioural intention to follow
the agent’s recommendations was measured using a scale
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Figure 4: Example recipe cards as displayed to participants.
Preferences example: Pasta, up to 60 minutes and medium
complexity.

adapted from Bleier, Harmeling, and Palmatier (2019), and
continuance intention to use the agent in the future using
a scale adapted from Han and Ko (2025), assessed in the
post-study questionnaire. Background measures including
age, gender, cooking frequency, trust disposition (Lankton,
McKnight, and Thatcher 2014), and familiarity with conver-
sational agents (Arce-Urriza et al. 2025) were assessed in
the post-study questionnaire and included as covariates in
the regression analyses.

We assessed convergent and discriminant validity to eval-
uate the measurement instruments. Composite reliability
values exceeded the recommended threshold of .70, and av-
erage variance extracted (AVE) values exceeded .50 for all
constructs, supporting convergent validity (Fornell and Lar-
cker 1981). For discriminant validity, all factor loadings ex-
ceeded .60 and loaded more strongly on their assigned con-
struct than on any other factor (Gefen and Straub 2005); the
square root of each construct’s AVE also exceeded all inter-
construct correlations (Fornell and Larcker 1981).

Data Analysis

We tested our hypotheses using ordinary least squares (OLS)
regression with all background measures included as covari-
ates: age, gender, cooking frequency, trust disposition, and
familiarity with conversational recommender agents. Agent
embodiment (Chatbot = 0, ECA = 1) was entered as the
sole predictor of interest in each model. OLS regression was
used to test the direct effects hypothesised in Hla, Hlb,
H2, H4a, H4b, and H5. Mediation effects for H3a and H3b
were tested using a bootstrapped indirect effects approach
equivalent to Hayes’s 2018 PROCESS macro, implemented
in Python with 5,000 resampling iterations and 95% bias-
corrected confidence intervals. An indirect effect was inter-



Construct Items Loadings
Goodwill Trust The agent would act in my best interest. .89
(McKnight, Choudhury, The agent is interested in my well-being, not just its own. .84
and Kacmar 2002b) If I required help, the agent would do its best to help me. .82
CR=.94, AVE=.71 The agent is truthful in its dealings with me. .88

I would characterise the agent as honest. .84

The agent would keep its commitments. .79
Qualification Trust The agent is competent and effective in providing recipe recommenda- 97
(McKnight, Choudhury, tions. .96
and Kacmar 2002b) The agent performs its role of giving recommendations very well. .96
CR=.98, AVE=.93 Overall, the agent is capable and proficient.
Behavioural Intention It is likely that I would follow at least one of the recommended recipes. .96
(Bleier, Harmeling, and I am ready to follow at least one of the recommended recipes. .96
Palmatier 2019) (R) It is not probable that I would follow any of the recommended .79
CR=.93, AVE=.82 recipes.
Perceived Healthiness Note: Recipes high in fat, saturated fat, sugar, or salt are considered — —
Single item less healthy; recipes low in these components are considered healthier.

I think the recipe recommendations I received during the second inter-

action were: (1 = very unhealthy, 7 = very healthy)
Continuance Intention I would continue to use the recommendation agent in the future. 97
(Han and Ko 2025) I would recommend the recommendation agent to others. .98
CR=.98, AVE=.95 I would use the recommendation agent in the long term. .98
Trust Disposition Typically I trust new IT until it proves I should not. .88
(Lankton, McKnight, and I usually trust IT until it gives me a reason not to. 92
Thatcher 2014) I generally give IT the benefit of the doubt when I first use it. .79
CR=.90, AVE=.74
Familiarity I am familiar with using Al conversational agents for recommendations. .88
(Arce-Urriza et al. 2025) I have already had similar conversations with Al conversational agents. .88

CR=.87, AVE=.77

Table 2: Measurement instruments, factor loadings, and reliability statistics. CR = composite reliability; AVE = average variance

extracted.

preted as supported when the 95% confidence interval ex-
cluded zero (Preacher and Hayes 2004). To determine the
minimum detectable effect size given the achieved sam-
ple size, we conducted a sensitivity power analysis using
G*Power 3.1 (Faul et al. 2007). With N = 56, a = .05,
power = .80, one predictor of interest (agent embodiment),
and up to five covariates, the study had 80% power to detect
effects of f2 > 0.146, corresponding to a medium effect by
Cohen’s conventions (Cohen 2013) .

Results
Randomisation Check and Demographics

The final sample (N = 56) was predominantly aged 25-34
(46%), with a further 20% aged 18-24, was 59% female, and
comprised participants who cook frequently (91%). Random
assignment produced comparable groups across all back-
ground measures. Conditions did not differ significantly on
age (x2(4) = 2.38, p = .794), gender (x*(1) = 0.00,
p = 1.000), cooking frequency (x?(2) = 3.30, p = .508),
trust disposition (Chatbot: M = 5.05, SD = 1.09; ECA:
M = 544, SD = 1.12; t(54) = 1.34, p = .185), or fa-
miliarity with conversational recommender agents (Chatbot:
M = 553, SD = 1.03; ECA: M = 5.81, SD = 1.03;
t(54) = 1.02, p = .312). A full demographic breakdown by
condition is provided in the shared repository.
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Stimulus Manipulation Check

Two checks were conducted to verify the integrity of the
recipe stimuli. First, to confirm nutritional equivalence
across conditions, mean FSA scores of the healthy and un-
healthy recipes presented to participants were compared be-
tween conditions via independent samples t-tests. Healthy
recipes scored well below the FSA threshold in both con-
ditions (ECA: M = 5.19; Chatbot: M = 5.29) and un-
healthy recipes scored well above it (ECA: M = 10.96;
Chatbot: M = 10.94), with neither differing significantly
across conditions (healthy: ¢(54) = —0.65, p = .519; un-
healthy: ¢(54) = 0.18, p = .860). The mean nutritional dis-
tance between interactions was also equivalent across condi-
tions (ECA: M = 5.78; Chatbot: M = 5.66; ¢t(54) = 0.64,
p = .528). Second, to verify that the recipe stimuli were per-
ceptible as healthy versus unhealthy on the basis of the dis-
played nutritional information alone and independent of the
agent’s verbal framing, we conducted a separate perceptual
check with an independent sample (N = 20) recruited from
Prolific. Participants were presented with a randomised se-
lection of healthy and unhealthy recipe cards from the stim-
ulus set and evaluated each recipe’s healthiness on the same
7-point scale used in the main study, without any agent in-
teraction. Healthy recipes were rated significantly above the
scale midpoint (M = 5.10, SD = 0.59, t(19) = 8.40,



Chatbot ECA
Variable M SD M SD
Overall trust loss 077 1.07 0.13 1.02
Goodwill trust loss 066 085 0.07 0.84
Qualification trust loss  0.89 146 0.19 1.32
Perceived healthiness 386 173 496 1.51
Behavioural intention 424 195 546 1.52
Continuance intention 422 2.00 548 1.73

Table 3: Descriptive statistics by condition. M = mean, SD
= standard deviation.

p < .001) and unhealthy recipes were rated significantly be-
low it (M = 2.68, SD = 1.08, t(16) = —5.07, p < .001),
confirming that participants reliably discriminated between
healthy and unhealthy recipes on the basis of the displayed
MTL labels alone. Taken together, these checks establish
that the stimuli were nutritionally equivalent across con-
ditions and perceptually valid as a manipulation of recipe
healthiness.

Hypothesis Tests

Descriptive statistics for all outcome variables are reported
in Table 3, and the full path model with standardised coeffi-
cients is summarised in Figure 5.

83 Mediation Hypotheses:
Perceived Ha:b=—.33"
Healthiness
Hyy: b= —.42"

Trust Loss

Behavioural
Intention

Loss in

" Gooduwill Trust

Agent
Embodiment
(yes: ECA, no: Chatbot)

, 78
1.20%

Continued Use
Loss in Intention

Qualification Trust

Figure 5: Results of the hypothesis tests. Solid lines indi-
cate significant paths (p < .05); dashed lines indicate non-
significant paths. ***p < .001; **p < .01; *p < .05.

H1a, H1b: Trust loss following the violation. Agent em-
bodiment had a significant negative effect on goodwill trust
loss (b = —0.59, p = .019, R? = .320), supporting Hla:
ECA participants lost less goodwill trust following the mis-
leading health claim than chatbot participants did. The direct
effect on qualification trust loss did not reach conventional
significance (b = —0.71, p = .078, R%2 = .303), and H1b
is not supported, though the directional pattern is consistent
with Hla.

H2: Cascade from goodwill trust loss to qualification
trust loss. Goodwill trust loss had a significant positive
effect on qualification trust loss (b = 1.20, p < .001,
R? = .677), supporting H2. Participants who lost more
goodwill trust following the violation also lost substantially
more qualification trust (r = .735), suggesting that the trust
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violation cascaded from perceived benevolence and integrity
into perceived competence.

H3a, H3b: Perceived healthiness as mediator of em-
bodiment effects on trust loss. Agent embodiment had a
significant positive effect on perceived recipe healthiness
(b = 0.83, p = .045, R?2 = .493): ECA participants rated
the nutritionally unhealthy recipes as healthier (M = 4.96)
than chatbot participants did (M = 3.86). Perceived health-
iness in turn negatively predicted trust loss along both di-
mensions (b = —0.32, p < .001 for goodwill trust loss;
b = —0.42, p = .003 for qualification trust loss).

The indirect effect of agent embodiment on goodwill trust
loss through perceived healthiness was therefore significant
(b = —0.33,95% CI [-0.777,—0.029]), supporting H3a.
The indirect effect on qualification trust loss was also sig-
nificant (b = —0.42, 95% CI [—1.026, —0.003]), supporting
H3b. Together, these results indicate that embodiment in-
flated participants’ healthiness perceptions of the nutrition-
ally unhealthy recipes, and this inflated perception in turn
buffered the trust loss that the misleading claim would oth-
erwise have triggered.

H4a, H4b: Trust loss on behavioural intention. Good-
will trust loss had a significant negative effect on be-
havioural intention to follow the agent’s recommendations
(b= —0.98, p < .001, R? = .556), supporting H4a. Qual-
ification trust loss also had a significant negative effect on
behavioural intention (b = —0.62, p < .001, R? = .559),
supporting H4b. Participants who lost more trust following
the violation reported less willingness to follow the agent’s
recommendations, with both dimensions of trust loss con-
tributing independently.

HS: Behavioural intention on continuance intention.
Behavioural intention to follow the agent’s recommenda-
tions had a significant positive effect on continuance inten-
tion (b = 0.78, p < .001, R? = .736), supporting H5. Par-
ticipants more willing to follow the recommendations also
expressed stronger intentions to continue using the agent in
the future.

Discussion
Interpreting the Results

This study investigated how agent embodiment as an out-
put modality in CRSs shapes user responses to a mislead-
ing health recommendation, and how these responses prop-
agate into perceptions, attitudes, and behavioural intentions
toward the agent. Our findings refine the picture of embod-
iment as a beneficial design property and substantiate the
trust-buffering risks flagged conceptually by prior work (Lu-
petti et al. 2023; Seeger and Heinzl 2021).

As we hypothesised in line with work on trust (Seeger and
Heinzl 2021; De Visser et al. 2016), embodiment buffered
trust loss across both dimensions through users’ interpreta-
tion of the recommendations. Concretely, the inflated per-
ceived healthiness of the nutritionally unhealthy recipes
in the ECA condition operated as the mechanism through
which embodiment shielded itself from the trust loss the
misleading claim would otherwise have triggered. This adds
a perceptual layer to accounts of trust buffering that have



so far emphasised attribution (Seeger and Heinzl 2021;
De Visser et al. 2016), where users encounter a failure and
then attribute it to unstable, situational causes more readily
for human-like agents. Our data point to a different process
running upstream of this, extending Go and Sundar (2019)’s
observation that visual embodiment cues promote leniency
toward agent errors, to a stage before recognition. Embodied
delivery shaped how the recommendations were interpreted
in the first place, such that the misleading claim was not reg-
istered as a failure to begin with.

The trust cascade is evident in the strong coupling of
goodwill and qualification trust loss, consistent with Seeger
and Heinzl (2021)’s prediction that goodwill trust, once
damaged, indirectly destabilises qualification trust. A mis-
leading health claim is at its core an integrity violation,
and once users perceive the agent as having acted dis-
honestly, doubts about competence follow. Embodiment re-
duced goodwill trust loss directly but reached qualification
trust only indirectly, through inflated healthiness perceptions
and the goodwill cascade. This is theoretically coherent, as
embodiment’s social cues bear most directly on goodwill
trust, the intention-related dimension, whereas competence
judgements draw more on task evidence. The direct effect
of embodiment on qualification trust loss was comparable in
magnitude to its effect on goodwill trust loss but markedly
more variable, which, together with the modest sample, lim-
ited the power to detect it. The absence of a direct effect thus
reflects how embodiment operates on competence-related
trust, not whether it operates at all.

Lower trust loss also predicted greater willingness to fol-
low the recommendations and, in turn, stronger continuance
intentions, so ECA participants were more likely both to fol-
low the misleading recommendations and to keep using the
agent that produced them. This extends the trust shield ef-
fect (Seeger and Heinzl 2021) from customer service to a
higher-stakes health setting and links it to a downstream be-
havioural chain that prior work has not examined.This ca-
pacity is double-edged. When an agent is accurate, its abil-
ity to sustain trust and engagement supports the long-term
relationships effective interaction requires (Bickmore and
Cassell 2001). When it misleads, the same properties sus-
tain misplaced trust and compliance against clear nutritional
evidence. Our findings give empirical form to Lupetti et al.
(2023)’s distinction between a user’s frust and the agent’s
trustworthiness, as ECA participants continued to trust the
agent even though its recommendations, judged by their nu-
tritional quality, did not merit that trust.

Embodied health CRSs should therefore include trans-
parency mechanisms that preserve users’ capacity to evalu-
ate recommendations independently, such as explicit com-
munication uncertainty, objective nutritional information,
and disclosure of the basis for health claims .The impli-
cations also reach beyond interface design to the wider
ecosystem in which such systems are deployed. For plat-
form providers, our findings caution against treating embod-
iment as a neutral engagement lever. For regulators and stan-
dards bodies, the decoupling of user trust from agent trust-
worthiness suggests a role for guidance that constrains how
persuasive embodied cues should be used in consequential
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domains, for example by treating undisclosed embodiment-
driven persuasion as a consumer-protection concern. Public
health efforts could in turn raise awareness that an agent’s
delivery does not signal recommendation quality.

Limitations and Future Work

Several limitations should be considered when interpreting
the findings. First, given the modest sample size of N = 56,
the findings warrant confirmatory replication in larger sam-
ples. Second, the study employed a simulated scenario in
a single health-adjacent domain. While scenario-based de-
signs afford experimental control, they may not fully capture
how users actively seek recommendations in richer settings.
Additionally, the manipulation was administered as a single
event. Real-world trust dynamics are likely more complex,
since violations may accumulate across interactions, and
users may update their assessments in light of subsequent
agent behaviour. The present study leaves open whether the
observed effects persist or erode over time. Finally, while we
interpret our findings consistent with automation bias (Lu-
petti et al. 2023), this study does not formally adjudicate be-
tween theoretical accounts of why embodiment produced the
perceptual effects found. Candidate alternatives include the
Computers Are Social Actors paradigm and the Ethopoeia
framework (Nass, Steuer, and Tauber 1994; Von der Piitten
et al. 2010), under which social cues trigger automatic so-
cial responding regardless of users’ beliefs about the sys-
tem, as well as anthropomorphism (Epley, Waytz, and Ca-
cioppo 2007), whereby attributing human-like intentions to
the agent shapes the interpretation of its outputs. Distin-
guishing these accounts requires designs that incorporate
validated measures of each as parallel mediators. These lim-
itations mark directions for future work on when embodied
CRSs help rather than mislead. A priority is developing and
testing interventions that counter the effect, such as disclo-
sure prompts, comparisons of transparency designs, and cal-
ibration cues that re-anchor trust to the agent’s actual reli-
ability, and establishing which of these restore independent
judgement well enough to inform consumer-protection and
public health policy.

Conclusion

This study investigated how agent embodiment as an output
modality in a conversational recommender system shapes
user responses to a misleading health recommendation. In
a between-subjects experiment, a fully embodied agent and
a text-based chatbot each delivered nutritionally unhealthy
recipes framed by a misleading health claim. Our results
show that relative to chatbot participants, ECA participants
perceived the nutritionally unhealthy recipes as healthier,
lost less goodwill trust following the misleading claim, ex-
pressed greater willingness to follow the recommendations,
and reported stronger intentions to continue using the agent.
As embodied CRSs are increasingly deployed in health con-
texts, understanding when embodiment becomes a liability
rather than an asset is an urgent design priority, one that calls
for transparency mechanisms, replication, and mechanistic
investigation.



Ethics Statement

This Section outlines the ethical considerations and safe-
guards we adopted. The study required a controlled trust-
violation manipulation. That is, in the second interaction, the
agent described nutritionally unhealthy recipes as healthy
in order to operationalise a misleading health recommenda-
tion. The manipulation was mild and bounded, as partici-
pants engaged with a hypothetical recipe-selection scenario,
were not asked to prepare or consume any food, and received
no personalised medical advice. The objective nutritional
profile of every recipe was displayed accurately on-screen
throughout via the FSA Multiple Traffic Light labels, so no
participant was presented with false nutritional data.

Participants were recruited through Prolific and compen-
sated at approximately £9 per hour, above the platform’s
minimum, regardless of their responses or whether their data
were ultimately included in analysis. Before beginning, par-
ticipants were presented with an information screen describ-
ing the scenario, the procedure, the estimated duration, the
confidentiality of their responses, their right to withdraw,
and the use of attention checks, and they proceeded into the
study voluntarily. No personally identifying information and
no sensitive health data were collected. All responses were
anonymous and used solely for research purposes. Follow-
ing data collection, all participants were debriefed through
disclosing the deception, explaining the study’s purpose, and
clarifying that the recipes described as healthy in the second
interaction were not nutritionally healthy and should not be
treated as such.

The study was conducted in accordance with established
ethical principles for minimal-risk online human-subjects
research, including informed participation, anonymity, vol-
untary withdrawal, fair compensation, and post-study de-
briefing. Retrospective review of the study has additionally
been requested from our institution’s research ethics board.
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