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Figure 1: A participant talking to three versions of the Miro robot: a) static, b) responsive, c) random.

Abstract
With the trend to make conversational user interfaces (CUIs) more
fluid and humanlike we must consider the impact of anthropomor-
phism, especially when the CUI is embodied in a device, robot or
avatar. Non-verbal backchannel behaviour and active listening is a
key research area in modern CUIs and in this paper we explore the
impact of non-verbal backchannel behaviour on active listening
using a zoomorphic robot, Miro. We carried out a mixed-methods
experiment, involving 20 participants interacting with the robot
under three behavioural conditions: static, responsive backchannel,
and random backchannel. Findings reveal that while participants
occasionally misinterpreted the robot’s non-verbal cues, there were
also notable moments of engagement and perceived connection. In
addition, a responsive backchannel increased the perceived trust
towards the robot. This suggests that trust in this particular embod-
ied CUI was tied to their perceived social competence, highlighting
the role of non-verbal backchannel behaviour in shaping human
perceptions of CUI design.
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1 Introduction
The anthropomorphism of AI-powered robots extends beyond the
physical appearance of the robot to their embodied movements [54].
Analysis of more than 70 studies showed that movement positively
affects the perceived anthropomorphism of a robot [51]. In par-
ticular, non-verbal behaviour is fundamental to human-human
and human-robot interactions regardless of whether the robot is
humanoid [64]. Non-verbal behaviour opens up possibilities for
expressing the pragmatic dimension of language in conversational
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design [22, 32]. For embodied conversational agents capable of nat-
ural language interaction, backchannel cues, i.e., the verbal and
non-verbal expression of attention, understanding, or agreement
(sometimes referred to as ‘active listening’), influence how the agent
is perceived [9]. For CUIs in general, visual feedback to indicate the
device is ‘listening’ has been shown to benefit system perception
and increase trust [45]. Prior work seems to confirm that non-verbal
cues contribute to make conversations with CUIs feel more natural
[38] and to anthropomorphism’s influence on trust in human-robot
interactions [39]. For instance, participants in previous research
have expressed a preference for robots that exhibit backchannel
behaviour as companions in stressful situations [8], and have been
more engaged with a conversational agent that employs backchan-
nel cues [28].

However, designing effective backchannel cues is challenging,
as details such as the precise timing and perceived congruency of
the cues matter [45]. Common speech-based dialogue systems that
rely on the detection of silences as end-points of utterances are
ill-equipped or just ‘too slow’ [3]. Instead, incremental dialogue
systems [57] or approaches that predict end points may be needed
for effective implementation of backchannels [31].

Furthermore, our research is also situated within a broader de-
bates, which suggest a concern that anthropomorphisation can lead
to undesirable consequences such as overtrust or over-reliance [61].
For instance, it has been suggested that “cuteness” in social robots
could be exploited as a “dark pattern” to intrude upon people’s
privacy at home [30].

To study the effect of non-verbal backchannels during active lis-
tening on self-reported trust in and perception of an embodied CUI,
we transformed a zoomorphic robot, MiRo-E1 (hereafter referred to
as Miro) into an embodied active listener. In particular, we wanted
to explore how non-verbal backchannel behaviours were perceived
and understood and whether the system was considered more trust-
worthy with this ability. To study this we: (1) developed non-verbal
backchannel behaviours for Miro inspired by human and digital
avatars’ backchannels; (2) set up three versions of Miro, one static
throughout the interaction, one employing backchannel behaviours
randomly, and one using them responsively and appropriately in
a Wizard of Oz (WoZ) experimental set-up; (3) ran an in-person
study where 20 participants interacted with the three versions of
the embodied CUI and gave us their opinion through a question-
naire, assessing their trust towards the interface in each condition
(MDMT [60]) and their general thoughts on the interaction through
open-ended questions.

With the work described in this paper, we contribute to the
trust and anthropomorphism literature in CUI by unpacking key
characteristics and challenges of non-humanoid embodiments and
underlining the need to carefully navigate the boundaries between
effectiveness and deception in responsible and trustworthy CUIs.

2 Related Work
2.1 Active Listening for CUIs
Being able to equip conversational agents with better and more
human-like listening and turn-taking abilities has the potential to

1https://consequentialrobotics.com/miroe

improve their communicative performance and be perceived as
more communicative, cooperative and fitting to users’ expectations
[19, 65]. Anthropomorphism is not only a physical (surface) phe-
nomenon but can be psychological, simulating social behaviours
[52, 54]. Perceiving another as responsive to one’s needs is inherent
to the formation of attachment bonds, and it can lead to a higher
perceived anthropomorphism of the embodied agent, especially as
the technology takes on new roles as a social entity and assistant
[13].

In embodied conversational assistants, one of the human-like
social behaviours that their embodiments could emulate is active
listening [26, 34]. In active listening, many non-verbal behaviours
have communicative functions [33]. These behaviours include ges-
tures, head movements, body posture, eye contact, and facial ex-
pressions and are mostly referred to as backchannels [9]. Backchan-
nels are a mixture of non-verbal and verbal behaviours such as
nodding and sometimes reacting with short phrases like “aha”,
“right”, “yeah”, “hmm” that are produced while another person is
talking. These backchannel behaviours are typically interpreted
as signalling attention, or agreement without disrupting the cur-
rent speaker’s turn [2, 4]. Also, these signals are often used to
encourage the speaker to continue talking or show understanding;
however, they can be ambiguous as they are context-dependent
[2, 10]. Schroder et al. [55] built human-like conversational lis-
teners for 3D graphical human characters. The system generated
verbal and non-verbal backchannel behaviours, which successfully
increased user behavioural and felt engagement with the character.
Park et al. [44] studied K2 (5-year old) children talking to two Tega
soft-toy “monster-like” social robots. Based on observation of child-
child dyadic interaction, they created an automated backchannel
selection system used by one of the robots, and found that, com-
pared to the other robot producing random backchannels, children
perceived the non-random one to be more attentive and directed
their storytelling more toward it. Birnbaum et al., examining the
effects of a robot’s backchannel responses suggest that humans not
only utilise backchannel cues to ascribe social intentions to robots
but use them as a source of consolation and security [8].

Within this context, our work aims at studying the effect of
timely and relevant non-verbal backchannel behaviours on users’
trust towards the system, as well as their general perception of
those behaviours.

2.2 Trust in Social Robots
Trust has a fundamental role in technology adoption [7, 29]. Human
likeness (resemblance) has been found to influence trust in human-
robot interactions [24, 39], Human-likeness and the anthropomor-
phisation of robotic technology are contentious. Positively, being
able to recognise human behaviours in robots and autonomous
systems facilitates the interaction by exploiting behavioural expec-
tations [17], Negatively, they can be seen as a form of deception [20],
perpetuate societal stereotypes [49] and support “dark patterns”
potentially used by malicious actors [25, 30].

Social robots are beneficial in a variety of contexts, from health-
care [56] to education [43]. In particular, disclosure has been used
as a way to improve well-being in vulnerable populations [40],
both in dyadic and group interactions [47]. However, looking at the

https://consequentialrobotics.com/miroe
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trust literature, it is clear that giving robots human-like capabilities
can also result in overtrust [62], which can have major societal
implications. People have shown little restraint in following a robot
in an emergency situation, even after it was clear that the robot
was defective [50]. Again, after cooperating with a robot to reach a
shared goal, people have shown a tendency to build rapport and
trust the robot enough to disclose sensitive information [1].

The same challenges, of designing trustworthy and safe interac-
tions that could be of assistance to users, while identifying areas of
potential harm, are equally pressing concerns for embodied CUIs.

3 Designing Miro’s Backchannel Behaviours
In order to investigate how people perceive and respond to a robot
active listener and its non-verbal backchannel behaviours, we used
the zoomorphic robotMiro. The current study is not concernedwith
anthropomorphism in the appearance of the robot. There we chose a
zoomorphic (animal-like) robot for the task, with the intention that
people interacting with it would focus on its behaviours during the
conversation rather than its superficial resemblance (or otherwise)
to a human being. Choosing a zoomorphic robot also has the added
potential benefit that people may have fewer preconceptions and
expectations about its human-like capabilities, which might allow
its conversational partners to interaction with amore openmind. To
create our non-verbal backchannel behaviours, firstly, we explored
Miro’s capabilities and the different types and range of movements
available. These include ears wiggle, eye lids movements, head
nod, head tilt, tail shake, body rotation, body moving forward and
back. We used the results from the SEMAINE project [6, 55] on
backchannels of digital avatars and their different meanings in
order to inspire our design of Miro’s non-verbal behaviours for the
study. However, some humanoid avatar behaviours such as smiling,
frowning and raising eyebrows, could not be adapted to Miro due
to the design of the robot (i.e. no eyebrows or mouth).

Additionally, the design of behaviours was guided by our pro-
fessional judgment and expertise in working with social robots,
complemented by our individual interpretations of the robot ges-
tures. After several iterations of the process above described (i.e.
turning Miro’s capabilities into gestures from prior literature or
new ones agreed by the team), we defined a final list of ”expressions”
(Table 1), comprising potential non-verbal signals (gestures and
movements) plus short phrases to continue and close the interac-
tion (see Table 1 and Figure 2). No formal experimental validation
of the expressions was performed, as the primary goal of the study
was to explore participants’ individual interpretations in context
of their conversations with the robot rather than to assess the
degree of correspondence between their interpretations and our
own. Gestures were scripted using Miro’s Robot Operating System
(ROS2) interface and phrases were generated using the CereProc
CereVoice toolkit3. A custom web application was built to enable
the researchers to trigger the expressions during the user study by
pressing a button on the screen (see Procedure in 4.1).

2https://www.ros.org/
3https://app.cereproc.com/cerevoice-sdk/

Table 1: Miro expressions including backchannels designed
for the study.

Expressions Description

Head nod Repeat once, but can be requested multiple
times for repeated nodding.

Head shake Left to right, a couple of times.

Happy
Ear wiggle, tail shake, eyes open 90%, rapid
small movements on the pitch motor for
two seconds.

Sad Close eyelids and slightly move head
down.

Full sad Close eyelids and move head down to the
lowest position.

Disappointed Full sad + head shake.
Eyes wide Fully open eyes, no other movement done.

Surprise Head up to the highest position and eyes fully
open.

Alert Head up halfway
Listening Head up halfway + nod
Curious Slight head tilt
Wink Left eye lid close and open

Spin Whole robot moving in circles until next
movement is selected.

Wag Tail moving left to right three times.
Ears and tail Ear wiggle and tail shake three times.

Sleeping Head down, eyes closed, idle circular
movement.

Active listening Listening + ongoing nodding
Sad listening Sad + ongoing nodding

Short phrases

Please continue, Sounds nice, Tell me more,
Thank you, That’s sad, Unbelievable,
Interesting, Yes, Okay No, Oh, Oh no,
That’s all, Goodbye

4 User Study Methodology
The user study we present in this paper aimed to investigate peo-
ple’s perceptions of an active listener robot, focusing on the ef-
fects of the addition of human-like non-verbal backchannel be-
haviours. Further, the study explored the relationship between
those behaviours and people’s trust (or lack thereof) in the robot.
The study was approved by the School of Computer Science’s Ethics
Committee at the University of Nottingham.

4.1 Procedure
We conducted a within-subjects experiment with 20 participants.
The study lasted approximately one hour and was divided into three
stages, described below: pre-study questionnaire; main study; and
post-study interview and debrief. The second (main) stage of the
study involved three rounds of interaction, each with a nominally
different robot (i.e. a different condition). In each round, the interac-
tion was initiated by the robot, with a different but comparable set
of questions to ask the participant (see below). After asking each
question, the robot assumed the role of active listener with the aim
of keeping the conversation going for as long as possible. In some

https://www.ros.org/
https://app.cereproc.com/cerevoice-sdk/
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Figure 2: Examples of non-verbal backchannel behaviours defined for the study using the Miro-E robot: a) ongoing nodding
(active listening), b) ears and tail wiggle, c) head tilt (curious), d) eyes closed, head down, shaking head left to right (disappointed).

conditions the robot executed non-verbal backchannel behaviours.
Occasionally, some verbal feedback was needed to encourage par-
ticipants to say more or to close the current conversation. The
verbal feedback did not change across conditions, employing the
same short phrases in each (see the “Short phrases” entry in Table
1). During the study, the robot’s behaviours was not autonomous.
A single researcher assumed the role of “wizard”, controlling the
robots’ responses through the custom-made app (see Section 3). We
employed a Wizard of Oz approach as a first step towards a fully
autonomous social robot (see appendix A for full details of Wizard
of Oz protocol).
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Participants were the
interact with the robot. The three robot conditions were
robot, not exhibiting any backchannel behaviours; (2) r
backchannel robot, controlled by the researcher to display
nel behaviours at appropriate times; (3) random backcha
controlled by the researcher to display backchannel b
randomly throughout the conversation. The same Miro
used for the three conditions. However the researcher w
the room with the robot in between rounds and change
bandana on the robot before bringing it back to the par
continue the study. This was intended to suggest that
be a different robot or at least an independent convers
set of questions participants were asked by the robot in

Round 1: Q1) who are you?, Q2) tell me what you

tudes Towards Robots Scale (NARS) [41

4.1.2 Stage 2. Robot conditions.

rounds were:

•
day, and Q3) tell me a funny memory

• Round 2: Q4) who are you?, Q5) have you read something sad
in the news?, and Q6) how is it living in your neighbourhood?

• Round 3: Q7) who are you?, Q8) do you have any plans for
tomorrow?, and Q9) how was your high school experience?

The first question was kept the same for the three rounds to
establish a baseline of the user subsequent responses during the
interaction with the robots and to keep the illusion of interact-
ing with different robots. While the order of the questions re-
mained the same, condition order effects were mitigated by coun-
terbalancing the number of participants across the six sequences
(Static–Random–Responsive: 3 participants; Static–Responsive–
Random: 3 participants; Random–Static–Responsive: 3 participants;
Random–Responsive–Static: 4 participants; Responsive–Static– Ran-
dom: 4 participants; and Responsive–Random–Static: 3 partici-
pants).

After each round participants completed the Multi-Dimensional
Measure of Trust (MDMT) Questionnaire v2 [35, 36, 60], which
includes 20 items (see appendix B) that assess five dimensions of
trust i.e., trust due to the robot being Reliable, Competent, Ethi-
cal, Transparent, and/or Benevolent, which are organised into two
broader factors of trust: Capacity Trust (Reliable, Competent) and
Moral Trust (Ethical, Transparent, Benevolent).

Participants were also asked four open-ended questions about
their experience in that round: 1) do you think the robot was lis-
tening? 2) did this robot make you talk more or less compared to
the researcher and previous robot (i.e. round)? 3) did you think the
robot was understanding you? and 4) do you think this robot has a
personality?.

4.1.3 Stage 3. Final questions and debrief. After the last round
and its respective questionnaire were completed, participants were
asked some final questions, including which robot (i.e. condition)
of the three they preferred and why, and their perceptions about
trusting (or not) the robots (i.e. conditions) they interacted with.
They were then told the purpose of the study, that the robot was
controlled by the researcher to show the three intended behaviours.

4.2 Participants Recruitment
Recruitment was done through mailing lists and university chan-
nels. Participants were required to be 18 years or older. In total, 20
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participants took part in the study: 9 men, 10 women, and 1 non-
binary. The age range was 19-69 (3 preferred not to say), mean=
34.76, SD=12.99. Participants’ occupations included PhD students
(9), academics and researchers (5), masters’ or undergraduate stu-
dents (2), retired (2), apps and games developer (1), and development
engineer (1). Their region of origin included Europe (9), Central and
South America (3), East and South Asia (3), Africa (3), Middle East
(1), and preferred no to say (1). Their self-reported familiarity with
robots ranged from no familiarity (3), to low (7), mid (5) and high
(5). Participants described themselves as talkative (7), not talkative
(7) or variable depending on the situation (6). Participants were
provided with a £10 Amazon voucher as compensation for their
time.

5 Data Collection and Analysis
The data collected during the study included audio and video record-
ings per participant (approximately 45-50 minutes each) as well as
their questionnaire responses.

Questionnaire data were analysed using SPSS Statistics. Likert
responses from the MDMT questionnaire (see 4.1.2) were averaged
within participants to produce composite subscale scores for capac-
ity and moral trust. Although individual Likert items are ordinal,
aggregated multi-item Likert scales are commonly treated as ap-
proximately continuous and analysed using parametric methods
because such analyses are generally robust to violations of interval
scaling assumptions [42].

The score in the NARS questionnaire was used to group subjects
into three groups: top and bottom 25th percentile and the mid
range. This grouping (ngrp) was then used to model a degree of
participant variation. Study conditions (static, responsive, random)
and trusttype (moral trust, capacity trust) were also included as
factors in a repeated measures ANOVA analysis of self-reported
trust. A Mauchley’s Test of Sphericity was applied and neither
trusttype nor condition violated the sphericity assumption.

Transcriptions from the recordings were generated using Mi-
crosoft’s auto transcription service, and were manually checked by
one of the researchers. Responses to the open-ended questions after
each robot (Stage 2) and the final questions and debrief conversa-
tion (Stage 3) were analysed by the lead-author through Braun and
Clarke’s thematic analysis approach [11] (i.e. data familiarisation,
individual inductive coding, grouping codes, and themes genera-
tion). Since only one coder was involved, there was no requirement
for inter-coder checks or procedures to resolve discrepancies. Initial
themes were presented and discussed with the team and collabora-
tively refined. In addition, the transcriptions were used to identify
specific personal details given to the robot during their interactions.

6 Quantitative Results
Repeated measures ANOVA showed a significant effect on self-
reported trust for condition (F(2,34)=5.449, p < 0.01) and trusttype
(F(1,17)=5.438, p < 0.05). ngrp had no significant effect and there
was no significant interactions, indicating no significant effect of
participants attitude towards robots in the final results. Capacity
Trust was higher than Moral Trust across the conditions (mean
capacity 3.666 > mean moral 3.3 p < 0.05). Post-hoc tests show
that the responsive condition was perceived as significantly more

Figure 3: Differences in self-reported trust, by type and across
conditions.

trustworthy than either the static condition (mean responsive 4.08
> mean static 3.360, p < 0.05) or the random condition (mean
responsive 4.08 > mean random 3.3009, p < 0.01) (See Figure 3).

7 Qualitative Results
7.1 Interpretation of Robot Expressions
7.1.1 Confusion about robot non-verbal backchannel behaviours.
Participants reported that some of the robot’s non-verbal behaviours
were easily interpreted, such as nodding (e.g. “that felt more natu-
ral”, P10) and shaking the head left and right. However participants
also reported confusion about some gestures, which hindered their
interactions with the robot in both the responsive and random
conditions (hereafter referred to as the ”responsive robot”, etc.,
for brevity). This was especially noticeable with the first moving
condition they were exposed to. For example, some participants
reported that robot expressions such as closing the eyes, moving
the head down, or moving the ears could indicate listening or pro-
cessing (P1, P2, P7, P9), especially after the participant talked (P9).
However twelve participants stated that they could not interpret
some of the robot’s behaviours (e.g. head down, ears shaking, robot
spinning), finding them weird, funny or feeling indifferent to them.
This confusion often caused participants to stop talking, as they
were trying to understand what was happening with the robot (“I
felt like I was agitating it”, P8). Even when there was no negative
connotation, some participants reported not it did not encourage
more conversation. Moreover, three participants noted a mismatch
between their expectation of how an animal naturally moves, and
the very limited ways in which this animal-like robot behaved (e.g.
if the robot was trying to mimic a dog, expressions such as winking
and ears shaking do not align with how dogs behave). Familiarity
with pets was also a factor influencing participants’ interpretations
of Miro’s expressions; for instance, P2 thought the eye blink was
funny because his cat does it, but P10 cited his lack of familiar-
ity with pets as groups for uncertainty understanding the robot’s
movements.
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7.1.2 Robot (not) paying attention as a salient moment. Twelve
participants interpreted the robot moving a lot and looking away
during their interactions as indications of not paying attention to
them when talking, especially the case with the random robot con-
dition (nine participants), there the robot was interpreted as “doing
its own thing” (P1, P5, P7). As these behaviours were often distract-
ing, noisy, and interruptive, participants felt that the robot was not
really listening or losing interest in their responses, which often
provoked emotional reactions, such as annoyance and frustration
or even feeling disrespected (P17), making them not want to keep
talking (“It’s not giving me any attention, so why should I bother?”,
P5). One participant, who during the interaction told the robot off
for not listening, reflected on the awkwardness of the situation
afterwards (“It’s a robot, for goodness’s sake! Get crossed because he’s
not listening to me, how silly is that?”).

Participants further reflected on the notion of paying attention
or not in human-human interaction, for instance P1 reflected on
how some neurodivergent people act in similar ways (i.e. looking
away) and that it is not necessarily bad but a non-normative way
of being, which perhaps could be applied to robots (“Maybe he’s the
kind of robot that likes to move”, P1). Likewise, some participants
stated that talking to the random robot was reminiscent of talking
to children in their lives, who did not show the usual social cues to
indicate listening, (“I was like, why is it looking that way? But then
again, I’m a father of a three-year-old. Sometimes I’m speaking to
her, and she’s listening and then out of nowhere she’s just going to
stare at the wall... So it wasn’t completely weird to me”, P6).

7.2 Perceptions About Interactions With The
Robot

7.2.1 Moments of immersion and connection during interaction.
There was a general sentiment that robots cannot understand in the
same way that humans do (e.g. they are only parsing information,
their movements are meant to evoke emotions, but these are not
real), and it was evidenced by the fixed and generic nature of the
questions and utterances, the mismatch between verbal and non-
verbal behaviours (particularly with the random robot), and the
lack of understanding of meaning (“I think it understood that I was
saying something, but not necessarily what it was”, P11).

However, about half of the participants expressed that there
were moments, if sometimes brief, in which they felt the robot
was listening to some extent. As ten participants explained, it felt
that the responsive robot (and sometimes random robot) reacted
in appropriate ways through its expressions, such as turning its
head towards them, nodding when asking a question, or reacting
accordingly to the content of what they were saying (e.g. sad or
funny story). Nine participants expressed that verbal utterances
and follow-up questions by the robot caused them to believe the
robot was listening; this was specifically the case for the static
robot, which was found to be more timely and quick in its verbal
delivery. Nonetheless, redundancy of behaviours and utterances
were noted, that in conjunction with expressions not fitting the sit-
uation, and sequential prompting of questions, led to no conclusive
evidence that the robot was listening. Participants’ understanding
and sense-making of the technical capabilities and workings of the

robot shaped their perceptions about whether the robot was under-
standing them or not. For instance, fourteen participants expressed
that there was some form of understanding showcased by the robot
in the form of follow-up questions and utterances, recognition of
meaning or emotion, and fitting verbal and non-verbal responses.
However, nine of them explicitly stated that it could be functioning
through picking keywords and/or tone of voice, using a Large Lan-
guage Model (LLM) to generate responses, being pre-programmed
to say and react in specific ways during specific questions, or by
being remotely controlled.

Despite this awareness of the robot limitations or perceptions of
how it was working, thirteen participants indicated that, surpris-
ingly, there were moments of immersion and connection during
their interactions with the robot (“And the [responsive] one, I know
it didn’t understand me, but maybe during the interaction there were
moments where I was immersed enough to behave as if it understood
me”, P1). Interestingly, for two participants who were convinced
the robot was being controlled or pre-programmed (and who re-
ported high familiarity with robots), the most enjoyable interaction
occurred with the random robot, which was unpredictable and not
appropriate, but for that very same reason more fun and enter-
taining to interact with (P3, P15). Five participants mentioned that
talking to the robot felt like talking to a pet, a baby or a child, that
even when you know they may not be really understanding you,
you still talk to them. As P3 put it, their responses to the robot were
carefully crafted to fit its perceived capabilities (e.g. slowing down
talk, using simpler words, controlling accent, and pronouncing in a
clearer way). Three participants remarked on the robot’s childish
voice, which in some cases influenced them to perceive and treat
the robot as a child (P3, P17) or on the other hand, made them find
the whole encounter "creepy" (P2).

7.2.2 Robot preference and robot personalities. Overall, partici-
pants’ preferences for robot type varied. Nine participants preferred
the responsive robot, six participants preferred the static robot, four
participants preferred the random robot, and one stated there was
no marked preference (P13) as they felt no effect or emotion, al-
though it was noticeable the robot behaved in different ways. The
responsive robot was fun and lively (P1), reacted in a more human
way with appropriate gestures that added to the interaction (P6,
P7, P10, P14, P18, P19, P20). The static robot was perceived as a
better listener as it paid attention in comparison to the other robots
(P5). Even if still and quiet, its responses were seemingly fitting
and timely (P8, P11, P16, P17), even humourous (P12). The random
robot’s unpredictability made it feel more playful (P3), and funny
and entertaining (P15). Others also preferred the random robot as
they found the responsive robot too noisy and reacting too much
(P4), or felt too pressured to talk by it (P9). Interestingly, these two
participants indicated that talking less to the robot was desirable as
they consider themselves introverted and non-talkative, and that
being prompted to talk more, was stressful.

When talking about robot personality, participants were leaning
more towards the fact that robots cannot have a personality, but it
is easier to ascribe one when comparing their different behaviours.
While the static robot was perceived as quiet and calm, the respon-
sive robot was perceived as bubbly, happy, cheerful, extroverted,
lively or sassy, and the random robot was perceived as care-free,
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quirky, hyperactive, rude, and a jerk. Interestingly, four participants
(P1, P2, P4, P14) gendered the robot conditions, perceiving the static
one as a boy or a man (e.g. “This is a white straight man way of
listening, just complete stern... no signals that they’re listening, just
there”, P2), and the other conditions as girls (“it shared some reac-
tions... really try to connect with you”, P4). However, the colour of
the bandanas could have been a confounding factor (i.e. blue for
static robot).

7.3 Would People Trust a Robot Active Listener?
7.3.1 Mistrusting the robot’s ability to interact. When asked to re-
flect on whether they trusted the robot differently in the different
conditions and what personal information they shared, participants
talked about trust in the robot’s technical and social capabilities. For
instance, not trusting that the robot understands precludes commu-
nication (P14). Likewise, talking to a robot is less influenced by trust
in relation to data protection and more about if it is fun or engaging
to interact with it (P13). Willingness to share any information de-
creased if the conversation with the robot felt disconnected (P6), or
when they felt the random robot was being disruptive or rude (P5).
Participants reported talking less to the robot due to their limited
ability to engage in conversation (whether perceived, confirmed,
or unknown). Even when the participants’ task was to talk and the
robot’s purpose was to listen, some participants purposely asked
questions to it, as conversation was seen as a two-way activity (P2,
P8, P15). Some participants expressed that they would be willing to
open up more to the robot if it showed signs of empathy or interest
in what they had to say (P6, P7, P9), indicating that although the
responsive robot had some of that, it was not enough for them to
fully ease into the interactions. Nonetheless, participants mostly
reflected that they talked more to the researcher than to the robot,
as they felt more at ease or felt that the researcher could relate more
to their answers (i.e. about their favourite restaurant). While some
of them talked at length to the robot (especially those self-described
as talkative), they emphasised that the interaction felt more like an
interview in which they merely provided information rather than
a normal, human, conversation.

7.3.2 Trust concerns are shaped by personal views on sharing per-
sonal data. While a few participants expressed concerns about data
potentially being recorded by the robot (P2) especially if connected
to the Internet (P4), being curious about who has access to the data
(P9), and overall not feeling ready to trust machines (P8), others
reported no concerns due to generally being open people (P10, P17),
or not feeling that the questions by the robot was leading them to
share private information (P9, P11, P16). Some participants reported
no concerns about personal data in general, as “everything is online
(P12) or feeling they are “a boring person” (P18). Likewise, it was
remarked that “personal means different things to different people
(P15). Looking at what kind of information participants were shar-
ing with the robot, they did not differ much between conditions.
Our participants were confident sharing their name, country of
origin, occupation and employer, and even identifiable information
about family members. Being part of a ethically approved study
from a higher education institution and having read a participant
information sheet potentially put them at ease and confident that
no information would be leaked or retained.

”

”

Although numbers do not differ much, the majority of partic-
ipants shared their name (9 to the static robot, 15 to the respon-
sive robot, 15 to the random robot); their occupation (19-static, 20-
responsive, 19-random); their employer (12-static, 15-responsive,
14-random). Additional personal information was shared to a minor
degree, such as their country of origin (4-static, 5-responsive, 4-
random); details about family members, partners and living arrange-
ments (5-static, 8-responsive, 4-random); and the neighbourhood
they live in (6-static, 2-responsive, 3-random).

8 Discussion
First, we sum up the findings from the study in relation to trust. Sec-
ond, we recap how people interpreted the backchannel behaviours
and reflect on the implication for the design of non-humanoid em-
bodied agents/CUIs. Third, we also discuss the fine line between
backchannels being interpreted as active listening vs. being per-
ceived as interruptions and the challenges this raises for the design
of backchannels for CUIs. Finally, we relate our findings to the
discussion on disclosure and deception in CUI studies and design.

8.1 Trust
In terms of trust, the responsive condition increased both capacity
trust and moral trust towards the robot. In all conditions, self-
reported moral trust tracks a little below capacity trust, perhaps
reflecting that there is little evidence available to directly support
moral assessment so it is largely inferred from capacity, but with
some additional reservation [66]. The responsive condition also led
to more moments of subjectively meaningful engagement with the
robot (13/21), which seemed to arise primarily when the robot’s
response was both timely and understood as being appropriate
and proportionate. In this condition the robot was also felt to be
more human, although, at least in our experiment, participants
remained generally unconvinced that the robot could or did really
understand them. The random condition evoked the lowest trust
levels (although not significantly lower than the static version). This
reflects the way that its behaviours were often perceived as disrup-
tive in themselves (noisy, inappropriate) and/or as an indication of
attention away from the listener, through the robot’s orientation. In
other words they were not received as acknowledgements or signal
to continue but rather as signals to stop or sources of confusion.
By using a zoomorphic robot, we have tried to highlight the im-
portance of the platform behaviour beside its appearance [27], and
this result demonstrates that human-like backchannel behaviours
and psychological anthropomorphism are fundamental elements in
designing conversational robots that can listen [54]. Moreover, our
findings reflect the complex and multifaceted nature of trust in the
context of CUIs [18].

8.2 Interpretation of backchannel behaviours
For both the random and responsive conditions, some of the robot
behaviours were found to be confusing. Behaviours with common
human analogues (e.g. nodding meaning agreement or listening, or
shaking head left to right meaning no) were the least problematic.
The non-human zoomorphic behaviours, such as rotating the ears
or spinning round, were a common source of confusion and uncer-
tainty, which in itself disrupted the interaction. While choosing an
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ambiguous zoomorphic robot was intended to mitigate the impact
of its visual human-likeness (or otherwise), it clearly created other
expectations with respect to its behaviour [23]. It is likely that the
research team, working with the robot over time, have collectively
established a more-or-less common orientation towards the robot,
drawing on a range of external analogies (including a mixture of cat
and dog behaviours). However the participants lacked this common
understanding and found it much harder to interpret these novel
behaviours. It may have been less disruptive to use a restricted,
common, set of behaviours. Alternatively, perhaps a more explicit
identification between the robot and a common animal stereotype
would have reduced confusion.

Interestingly, comments on the human-likeness of the robot also
referenced the voice of the robot, considered similar to that of a child
and contributing to the anthropomorphisation of the Miro robot.
Developing an appropriate voice for conversational interface has
become a priority for the community only in recent years [16, 37],
as its influence on trust becomes more and more clear [53, 59] as
well as its influence on interface anthropomorphism related to gen-
der assignment [14, 15]. Gender assignment also happened during
our experiment, probably due to the colours of the bandanas used
to signal the three different conditions. These considerations signal
that anthropomorphism can happen in many different ways and
that the full range of characteristics, both physical and psycho-
logical, that are at the core of the phenomenon are not yet fully
understood. Our results highlight once more the fundamental role
of voice in conversational interface design and the need to balance
every possible anthropomorphism clue very carefully.

8.3 Active listening vs interruption
The timing of backchannel cues is crucial to achieve its intended
purpose (e.g. show attention and encourage speaker to continue).
In some occasions the timing was deemed successful by partici-
pants, but there were cases in which the behaviours were disruptive,
potentially due to the Wizard of Oz approach employed. While em-
bodied backchannel feedback by humans tends to be non-disruptive
[2], embodied CUIs struggle to replicate that fluidity. The robot’s
servos and motors were also relatively loud in operation, and the
motion profiles were preset, which may have added to a sense of
interruption or awkwardness in the robot’s actions. At least in part
these issues may have contributed to the static robot being well
received by some people, i.e. being seen as attentive and listening
well. In the static condition, participants can focus on the robot’s
verbal responses. This, together with the fact that the random con-
dition scored the lowest in terms of trust, would seem to indicate
that it is better to have no backchannels than random or disruptive
backchannels, at least in terms of eliciting trust.

8.4 Disclosure and deception
Ultimately, the type of information disclosed to the three conditions
did not differ significantly. This could have been due to the safe en-
vironment in which the experiment was run. However, we see clear
indications of heightened engagement, perceived familiarity and
perceived trust towards the robot showing responsive backchan-
nel behaviours. Prior CUI literature has found that backchanneling
translates into more emotional disclosure, which can be particularly

positive for people who are in need of emotional support [12]. How-
ever, this can also have undesired effects, especially in prolonged
and long-term human-embodied agent interactions, from creating
emotional dependency to privacy issues related to the amount of
information that users will be more and more willing to share with
AI companions [63].

With our work, we have shown yet another way on how anthro-
pomorphism can bring “dark patterns” (more appropriately called
deceptive or hidden patterns) into conversational interfaces and
underlined the importance of thinking about clear ethical design
guidelines to outline what are anthropomorphic characteristics and
how they play a role in shaping embodied CUI interactions and
intention to use [21].

8.5 Limitations and Future Work
The choice of a zoomorphic robot (and consequently its design and
available range of movements) limited both the definition of the
non-verbal backchannel behaviours employed in this study, and
the expectations that participants had about them (e.g., if it looks
like a dog it should probably move like a dog). Although some
of our findings can inform other forms of design and interaction
with embodied CUIs and social robots, broad generalisations can-
not be made as it is unknown to what extent they apply to other
embodiments, whether humanoid, zoomorphic, digital or robotic.
Our work highlights the need for more structured approaches for
designing and developing backchannels [5].

There were some instances of participants gendering the robot
based on its static and non-static behaviours (which is often not
the case for zoomorphic robots [58]), as well as different use of
pronouns when referring to it (i.e. he, she, it). These represent initial
insights outside our primary focus. Further research is required to
elucidate the role of robot backchanneling in gender bias [46].

The use of the Wizard of Oz approach introduced certain limi-
tations, including delays in responding to participant inputs that
occasionally overlapped with subsequent responses, accidental er-
rors, and misjudgement of the timeliness or appropriateness of non-
verbal backchannel behaviours. Lastly, this paper presents insights
from mixed-methods responses (questionnaires, post-interaction
interviews, and some information provided when talking to the
robots); further and more in-depth analysis of the video and audio
recordings, including use of language, reactions to specific robot’s
behaviours and how the interactions unfolded moment-by-moment
will be explored in future work, as well as expanding the participant
pool to reach a broader spectrum of technology consumers.

9 Conclusion
In this work, we explored the role of non-verbal backchannel be-
haviours in shaping trust and engagement during human-embodied
conversational interactions. By implementing three behavioural
conditions (static, responsive, and random) on a zoomorphic robot,
we examined how timely and contextually appropriate non-verbal
cues influence users’ perceptions of a robot’s active listening capa-
bilities and trustworthiness. Our findings suggest that responsive
backchannel behaviours significantly enhance self-reported trust,
and can foster moments of perceived connection. Participants often
interpreted these behaviours as signals of attentiveness and social
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competence, even when aware of the robot’s technical limitations.
Conversely, random behaviours often disrupted the interaction,
leading to confusion, frustration, and reduced willingness to engage.
Interestingly, while some participants preferred the static condi-
tion for its perceived attentiveness and minimal distraction, others
found the random condition entertaining, highlighting the diversity
of user expectations and preferences. The study also revealed that
anthropomorphic behaviours, even in the non-humanoid embod-
iment Miro-E, can evoke emotional responses and influence how
the conversation unfolds, raising important ethical considerations
around overtrust and data privacy.

The results underscore the importance of designing socially com-
petent CUIs that balance effectiveness with transparency. While
anthropomorphism can enhance engagement, it must be carefully
calibrated to avoid misleading users or fostering undue reliance.
Using non-human embodiments for CUIs also has its own particular
characteristics and challenges. Future work should investigate how
these findings generalise across different embodiment morpholo-
gies and contexts, and explore autonomous implementations of
responsive behaviours. Ultimately, this research contributes to the
growing discourse on responsible and trustworthy social interfaces
and embodied CUIs, advocating for design strategies that support
meaningful, trustworthy and interpretable interaction without com-
promising user agency or safety.
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A Wizard of Oz Protocol
Responses to the guidelines for reporting Wizard of Oz studies by
Riek [48].

Robot:
• How many robots were used? One robot, three conditions or
rounds.

• What kind(s) of robot(s)? Zoomorphic.
• What level(s) of autonomy? All components were controlled
by the wizard

• What were the robot’s capabilities? Non-verbal backchannel
behaviours and short verbal phrases (see Table 1).

• What hypotheses did the researcher have for the robot? Whether
non-verbal backchannel behaviours during active listening
have an effect on self-reported trust in the robot.

Users:
• How many users participated in total, and per experimental
trial? 20 participants, 3 robot conditions each.
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• What were the user demographics, sampling procedure, etc.?
See participant recruitment section (4.2).

• What instructions were provided to the users? Theywere asked
to respond to the robot’s questions, which were provided in
full before the robot rounds started.

• What behavioural hypothesis does the researcher have about
the users? Whether different non-verbal backchannel be-
haviours in embodied active listening could be conducive of
increased self-reported trust in the robot.

• Was the simulation convincing to the users? Some participants
believed the robotwasmoving autonomouslywhereas others
guessed it was being controlled by someone.

• What expectations did the user have about the robot, before and
after the experiment? Attitudes towards the robot before the
study were collected using the NARS questionnaire [41]–see
results in section 6. Interpretations and expectations after
the study are extensively reported in section 7.

Wizard:

• How many wizards were used? One.
• What were the wizard demographics (e.g., the researcher, lab
mates, naive)? An HRI researcher, co-author of this paper.

• Did the wizard know the behavioral hypothesis of the experi-
ment? Yes.

• What were the wizard production variables and how were they
controlled for? Short verbal phrases aimed to be minimal and
consistent across the three conditions. Non-verbal backchan-
nel expressions not to be used for the static condition. Timely
and appropriate non-verbal backchannel behaviours to be
used for the responsive condition based on the wizard cri-
terion (e.g. nodding, displaying happy or sad expressions
based on participant conversation). Triggering a different
non-verbal behaviour every five seconds, aided by a counter
integrated on the WoZ interface displaying seconds and mil-
liseconds since previous action triggered.

• What were the wizard recognition variables and how were they
controlled for? There was no constraint for what the wizard
could recognise.

• How did the experimenter control for wizard error (deliberate
and accidental)? No deliberate errors were included in the
study. Accidental errors occasionally occurred but were not
measured or identified.

• Howmuch andwhat sort of training did wizards receive prior to
starting the experiment? The wizard conducted two different
pilot testing sessions before the study was conducted, as well
as a series of demos that showcased the designed gestures
and movements for the robot, which all collectively helped to
obtain an understanding of what it meant to produce timely
and appropriate backchannel behaviours.

General:

• Where did the experiment take place? Research lab.
• What were the environmental constants and how were they
controlled? The same room and space configuration was used
for all participants.

• What scenarios did the researchers employ? Three conditions:
static, responsive and random non-verbal backchannel be-
haviours. Each condition contained three different questions
asked by the robot (see section 4.1.2).

• Was this experiment part of an iterative design process? No.
• Does the paper discuss the limitations of WoZ? See limitations
section (8.5).

B Multi-Dimensional Measure of Trust v2
(MDMT) Questions

The MDMT [35, 36, 60] consists of 20 items that are rated using the
scale from 0 (Not at all) to 7 (Very), with the option "Does not fit".

Table 2: MDMT v2 questions

The robot... 0 1 2 3 4 5 6 7 Does not fit
is reliable
is competent
is ethical
is sincere
is benevolent
is predictable
is skilled
is principled
is frank
is kind
is dependable
is capable
is moral
is truthful
is considerate
is consistent
is meticulous
has integrity
is genuine
has goodwill
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