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Abstract: The use of interactive tools, such as voice assis-
tants and social robots, holds promise as coaching aids
during public speaking rehearsals. To create a coach that
is both effective and likable, it is important to understand
how people perceive these agents when they observe
them during actual presentation sessions. Specifically, it
is important to assess people’s perceptions of the agents’
physical embodiment and nonverbal social behaviour, taking
into account both listening and feedback periods. To this end,
we conducted an online study with 168 participants who
watched videos of agents acting as public speaking coaches.
The study had three conditions: two with a humanoid social
robot in either (1) active listening mode, using nonverbal
backchannelling, (2) passive listening mode, and (3) a voice
assistant agent. The results showed that the social robot in
both conditions was perceived more positively in terms of its
human-like attributes, and likability than the voice assistant
agent. The active listener robot was perceived as more satis-
fying, more engaging, more natural, and warmer than the
voice assistant agent, but this difference was not seen
between the passive listener robot and the voice assistant
agent. Additionally, the active listener robot was found to be
more natural than the passive listening robot. However,
there were no significant differences in perceived intelli-
gence, competence, discomfort, and helpfulness between
the three agents. Finally, participants’ gender and person-
ality traits were found to affect their evaluations of the
agents. The study offered insights into general attitudes
towards using social robots and voice assistants as public

speaking coaches, which can guide the future design and use
of these agents as coaches.

Keywords: human–robot interaction, public speaking training,
social robots, voice assistant agents, non-verbal social beha-
viour, backchannels

1 Introduction

Our long-term goal is to develop a social robot as a public
speaking coach. To achieve this goal, it is important to
understand the influence of the agent’s embodiment and
non-verbal behaviour, and how this impacts participants’
perception of the agent.

Public speaking is an invaluable skill that is essential
for academic success and career advancement, specifically
when requiring a client-facing role [1–3]. Studies have
highlighted the value of communication skills, and oral
presentation skills in graduate studies and their role in
the workplace [3,4]. For example, a study that targeted
engineering students identified the need to include work-
force communication skills in engineering education to
support students’ career success [5].

Delivering an effective presentation requires practice
and rehearsals [6,7]. Although rehearsal is crucial, according
to survey studies, it is frequently disregarded [7]. During
rehearsals, the feedback given by a tutor or coach plays
an important role in enhancing the development of public
speaking skills [8]. Although individuals may hire a public
speaking coach to improve their public speaking skills, there
are several reasons why someone may have difficulty prac-
tising with an individual (a human coach) who can provide
feedback on their presentation delivery skills. Gaining
access to or affording a human coach, and dealing with
time constraints associated with presentation deadlines or
human coaches can pose challenges for individuals. More-
over, practicing in front of a human can be difficult for
individuals with public speaking anxiety, which has been
shown to be one of the most prevalent forms of social
anxiety [6,9]. The development of interactive technologies,
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such as robots and voice assistant agents as public speaking
coaches can be a valuable addition to existing support sys-
tems and can aid individuals who do not have access to or
may not feel comfortable with a human coach, especially
during the early stages of acquiring fundamental skills.

Social robots have been used in educational settings
because they can behave within the expected behavioural
norms, and they possess a visual appearance and social
capabilities, as well as technical capabilities (motion sen-
sing, voice recognition, and face tracking) that make them
suitable for such applications [10]. They have been used in
the role of teaching assistants, tutors, and peers [11–13].
One of the most widely used social robots in education
is Nao, and recently the Pepper robot [13], developed
by SoftBank Robotics (https://www.softbankrobotics.com/).
Both robots have a friendly, cartoon-like, non-threatening
appearance that helps avoiding the “uncanny valley” pro-
blem [14]. In addition to social robots, voice assistants have
been used in educational settings, especially in the realm of
language learning, due to their ability to speak and under-
stand multiple languages [15,16].

A number of studies have demonstrated the effective-
ness of interactive systems in providing feedback on the
presenter’s verbal and/or nonverbal communication skills
[2,6, 17–21]. Several studies have primarily focused on eval-
uating the efficiency of a system in delivering feedback and
how this can enhance public speaking training, with a
focus on the feedback mechanism and timing of feedback
delivery [17–20]. Intelligent interfaces, such as Google Glass
[17], user interfaces that offer real-time visual feedback [19],
or designs that combine various technologies to deliver
multi-modal feedback, such as combining visual and haptic
feedback [20], software embedded in Microsoft PowerPoint
[18], and mobile applications [22] have been explored as
approaches for providing feedback during public speaking
training.

A study made use of conversational agents, such as
smart speakers, to engage participants in cognitive recon-
struction exercises to alleviate anxiety associated with
public speaking [2]. These studies focused mainly on eval-
uating the effectiveness of training systems and did not
include comparing different types of agents with varying
behaviour or appearance.

Previous research has compared the use of a social
robot and a voice assistant agent as game peers to evaluate
their respective effects on users’ entertainment experi-
ences [23]. Moore and Urakami utilized three voice user
interfaces (VUIs) – a voice-only system, a smart speaker,
and a social robot – to investigate their distracting impact
on users’ cognitive performance, and defined their respec-
tive advantages and disadvantages [24]. The voice-only VUI

had the least amount of distraction. The physical embodied
VUI (smart speaker) was perceived as the calmest due to its
minimalist design, and users’ ability to associate the voice
with a specific source, thus resulting in a comfortable user
experience. The social embodied VUI (social robot) was
found to be the most likable of the three VUIs [24].

Looije et al. conducted a study to compare the persua-
sive ability as being both empathetic and trustworthy
between a physical robot, a virtual robot, and a text inter-
face while assisting older adults with their health self-man-
agement program [25]. Two modes of social and non-social
behaviour were implemented for the virtual and physical
robots. The social character exhibits behaviours related to
three empathy skills, which are being complimentary, atten-
tive, and compassionate using three social cues: looking,
understanding, and listening. The non-social character exhi-
bits only the behaviour related to the complimentary skill.
Based on the results, the social characters were found to
be more empathetic than the text interface. On the contrary,
non-social characters were perceived as less trustworthy
and less appreciated than the text interface [25]. Also,
participants perceived the non-social physical robot as
annoying [25].

The incorporation of anthropomorphism and non-
verbal social behaviour may not always be needed for
agents [26]. Instead, the design of an agent’s characteristics
and behaviours should account for the agent’s role and
user expectations, resulting in a trade-off between an
agent’s sociability and its task performance [26].

As such, it is crucial to investigate how participants
would perceive and evaluate different agents with varying
degrees of social embodiment, anthropomorphism, and
social non-verbal behaviour when functioning as public
speaking coaches.

In addition to the type of agent, we investigate the
impact of non-verbal backchannelling, as a proxy for active
listening, on people’s perception of a coach. Backchannels
are verbal or non-verbal signals sent by a listener to a
speaker in order to convey understanding, attention, agree-
ment, and willingness to continue the conversation (e.g.
nodding or “hmm” utterances) [27]. Smith et al. [28] high-
lighted the importance of backchannels in human–agent
interactions. Bodie et al. showed that in a self-disclosure
session between two humans, behaviours associated with
active listening, both verbal and nonverbal, indicated higher
emotional awareness and resulted in a better emotional
recovery [29]. In a self-disclosure scenario, Eyssel et al. [30]
suggested that the degree of engagement in the conversation
by a robot (as a passive or active listener) may influence
perceived human–robot interaction more than the verbal
content exchanged between the robot and the human [30].
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Previous research has utilized virtual audiences and conver-
sational agents in public rehearsal training sessions to pro-
vide listening feedback on participants’ presentations [21,31].
We anticipate that investigating the adoption of active lis-
tening behaviour in an agent as a coach, using backchannel-
ling, can contribute to the creation of future intelligent agents
as coaches that can, to some extent, foster the presenter’s
sense of being heard and cared for.

Therefore, to understand the factors that can facilitate
the accomplishment of an agent as a public speaking coach,
we compared three interactive agents. Two of the agents
were depicted as social robots that were either active lis-
tening or passive listening, with and without non-verbal
backchannelling, whereby backchannelling was displayed
through head nods during the presentation. In the feed-
back phase, the robot, in both conditions, expressed the
same gestures and arm movements. The third agent was
a voice assistant agent (a smart speaker) that did not dis-
play any backchannelling during the listening phase and
provided the same verbal feedback after the presentation.1

The remainder of the article is organized as follows:
Section 2 states our research questions along with our
hypotheses. Section 3 provides a background overview
related to our research. Section 4 explains the methods
and procedures of our study. Section 5 outlines the results
of the analyses, followed by a discussion of results in Sec-
tion 6. Section 7 presents limitations and future work.
Finally, Section 8 summarizes our findings.

2 Research questions and
hypotheses

This study aims to answer the following Research Questions
(RQs):

RQ1 How do participants evaluate a social robot and a
voice assistant in terms of

RQ1-1 agent behaviour as a public speaking coach
RQ1-2 perceived human nature
RQ1-3 perceived social attributes

RQ1-4 perceived intelligence
RQ1-5 perceived likeability

RQ2 How does non-verbal backchannelling, expressed
through head nods in the robot while listen-
ing to the presentation, affect participants’ evalua-
tions of

RQ2-1 robot behaviour as a public speaking coach
RQ2-2 perceived human nature
RQ2-3 perceived social attributes
RQ2-4 perceived intelligence
RQ2-5 perceived likeability

RQ3 How do participants’ personality traits affect their
evaluations and ratings of a social agent as a coach?

Based on the aforementioned RQs, we investigate the
following hypotheses:

H1 Participants will evaluate the social robot more posi-
tively than the voice assistant agent in terms of its

H1-1 behavioural measures as a public speaking coach
H1-2 human nature aspects
H1-3 social attributes
H1-4 perceived intelligence
H1-5 perceived likeability

H2 Participants perceive the active listener robot that
uses non-verbal backchannelling more positively than
the passive listener robot in terms of its

H2-1 behavioural measures
H2-2 human nature aspects
H2-3 social attributes
H2-4 perceived intelligence
H2-5 perceived likeability

H3 We hypothesize that the personality traits have cor-
relations with how people rate the agent.

H1 was based on previous research on the influence of
human likeness of an agent [6,26,32]. H2 was based on the
effect of backchannelling on user’s having more positive
interaction experience with an agent [21,33,34]. H3 was
based on a previous study on interpersonal similarity and
interpersonal attraction, and strong correlations were
shown between the Big-Five personality traits and the God-
speed questionnaire [35].



1 Note, we did not include a condition with a human coach since our
long-term goal is to develop an assistive tool for university students to
improve access to a public speaking coach. Moreover, if we had
chosen a control condition with a human, then specific details such
as age, gender, etc., would have influenced the results due to implicit
biases.
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3 Background

3.1 Public speaking training

Previous studies have developed mobile apps, intelligent
interfaces, and virtual conversational agents to help users
with practicing public speaking skills and receiving feed-
back on their verbal and/or non-verbal behaviour during pre-
sentations [17,18,20]. However, most of these studies have
focused on how the systems provide feedback, rather than
on comparing different types of agents, and how the agents
listen to the presentations – which is the focus of our study.

Presentation trainer (PT) is a multimodal tool which
uses Microsoft Kinect sensor V2 to track presenters’ body
joints and use of filler sounds through its speech recogni-
tion tools. It also tracks the presenter’s voice volume and
pauses to provide multimodal real-time feedback using a
graphical user interface and a haptic wristband [20]. PT
was perceived to be a better method of learning presenta-
tion skills than traditional classroom settings. The feedback
provided by PT was found to have a significant effect on
learning non-verbal skills in presentations (posture, ges-
ticulation, voice volume, use of pauses, making use of pho-
netic pauses, and not shifting weight from one foot to
another) [20].

PitchPerfect is a system which was embedded in Microsoft
Powerpoint and focused on content coverage and timemanage-
ment [18]. In addition to improving presentation quality, Pitch-
Perfect supported learning content, managing time, and
boosting confidence when giving presentations [18].

Tanveer et al. [17] developed a Google Glass-based inter-
face to monitor participants’ speaking rate and volume
during presentation practices. They found a sparse feedback
strategy to be more satisfying and less distracting than a
continuous feedback stream [17].

Wang et al. [2] used Amazon Alexa to help participants
with reducing their public speaking anxiety through
guided cognitive reconstruction exercises. In this study,
the agent’s level of sociability was manipulated. It was
shown that the agent’s sociability positively affected parti-
cipants’ satisfaction and willingness to use the tutor again
[2]. Also, the higher levels of sociability were associated
with a greater sense of interpersonal closeness, and it
reduced pre-speech anxiety [2].

In educational settings, social robots can serve as class-
room teachers, peers, and telepresence instructors [36,37].
In this study, in addition to a voice assistant agent, we
employ a social robot as a public speaking coach. Hence,
this study centres on the design implications of two distinct
physically embodied agents. Rather than evaluating the

effectiveness of the interactive agents in enhancing presen-
tation performance, the study evaluates people’s attitudes
and perceptions towards those agents as potential public
speaking coaches.

3.2 Agent comparison

Several studies compared the effect of different types of
agents and/or interfaces on participants’ perceptions of
the agent in different contexts/tasks.

Voice is a fundamental human communication
method, which is important in socially interactive agents
to improve interface likability and users’ impressions
[37,38]. Listeners naturally respond to speech, irrespective
of its source. They interpret technology-based voices and
decide on appropriate behaviour using the same mental
rules employed in human interactions [36–39]. Voice as a
social signal can encourage people to believe that a
machine has multiple distinct personalities [40]. However,
non-verbal behaviour is a key factor in social coordination
and signalling [40]. A human-like agent is said to lead
humans to expect a greater degree of social interaction
[26]. Social robots were developed to interact with humans
in a “natural” manner, often inspired by how humans
interact with other humans. Frequently, anthropomorphic
features were used in social robots to increase their per-
ception as a “social entity.” The ability of social robots to
express non-verbal social behaviour was shown to facili-
tate pragmatic communication [26].

Luria et al. [32] compared a social robot [41] with three
different interfaces for smart home control: a voice-con-
trolled, a wall-mounted, and a mobile application. Using a
microscope metaphor, they designed a social robot named
Vyo based on strategies of being engaging, unobtrusive,
device-like, respectful, and reassuring. As a result of an
exploratory study, the advantages of the robot were found
to be higher levels of enjoyment, and engagement, as well
as higher situation awareness. However, the voice inter-
face offered the advantage of being hands-free and ubiqui-
tous [32].

Moore and Urakami [24] evaluated voice user inter-
faces (VUIs) through four cognitive tasks to assess their
respective distracting effects, perceived social presence
and perceived calm. A voice user interface uses voice as
the main medium of interaction. Three VUIs were compared
including a voice-only system (a hidden JBL Bluetooth
speaker), a physical embodied system without anthropo-
morphic features (the Amazon Echo Dot smart speaker),
and a social embodied system (the social Cozmo robot).

4  Delara Forghani et al.



During the cognitive tasks, researchers measured cognitive
speed, working memory, visual memory, as well as process
inhibition. Based on the results, the voice-only system had
the least distracting effect on cognitive speed while having a
slight negative impact on visual memory. The physical
embodied system, followed by the social embodied system,
caused the most distractions [24]. The most likeable VUI was
the social embodied one, followed by the physical embodied
VUI, and the least liked was the voice-only VUI [24]. The
physical embodied VUI scored higher for perceived calm
compared with the social embodied VUI. According to
the authors, this may indicate that participants may feel
more comfortable if designs are simplified to essential
features [24].

Similarly, Kontogiorgos et al. examined humans’ responses
to different agents during guided cooking tasks [26]. Three
devices were used: a smart speaker, a robotic head resembling
a human face that interacted solely through speech, and the
same robotic head that also interacted through gaze and head
movements. The findings of the study suggest that it is not
always beneficial for agents to adopt anthropomorphic charac-
teristics and communicate using non-verbal cues [26].

Laban et al. demonstrated that in a disclosure setting
with a human, a social robot, and a voice assistant, the
agent’s embodiment is more important than the topic of
disclosure [42]. According to their findings, agents’ embo-
diment influenced how people would perceive disclosures,
howmuch information they disclosed, and how they would
communicate their disclosures [42]. The number of words
participants used when speaking to the human and their
disclosure duration was significantly more than when
speaking to the social robot or the voice assistant. Thus,
when it comes to disclosure, people would prefer a human
embodiment since they are more familiar with it, and it
enables maximum disclosure [42]. While people perceived
the differences between the two artificial agents (the social
robot, and the voice assistant agent), the amount of infor-
mation they disclosed, as well as the perception of the
quality and quantity of their disclosures were not affected
by the embodiment of the agents [42]. Similarly, Barfield
showed a clear inclination among participants to share per-
sonal information with a human counsellor, irrespective of
the nature of the information. However, when considering
the content of self-disclosure, the data also revealed that
participants were willing, to some degree, to disclose per-
sonal information to a robot with a friendly appearance or a
female android, more so than to a robot perceived as lacking
emotional responsiveness [43].

In the context of public speaking, Trinh et al. intro-
duced RoboCOP as a coach to give verbal feedback in a
presentation practice session on slides and the overall

performance of the presenter [6]. In a within-participants
design, they used an anthropomorphic robotic head [44] to
provide spoken feedback on three aspects of a presenta-
tion: content coverage, connecting to the audience, and
speech quality (e.g. speaking rate, filler rate, and pitch
variety). The robot was compared with visual-only feedback
using a graphical user interface, and voice-only feedback
without any interactive tool [6]. Results showed improve-
ments in the presentation experience with the robot in com-
parison to the visual-only and voice-only feedback [6].
Participants who were afraid of public speaking found
RoboCOP to be more comfortable than practising in front
of a live audience [6].

Note, the study employed an anthropomorphic robot
head that lacked the ability to make gestures during inter-
actions. Also, voice-based feedback was provided without
explicitly identifying a device as the source of the voice [6].
However, according to Lee et al., users who are unfamiliar
with this type of interaction may experience discomfort and
privacy concerns in the absence of a physical body [45].

3.3 Backchannels

Backchannels are verbal or non-verbal conduits for brief
cues emitted by a listener without interrupting the turn of
the speaker and indicate attentiveness and listenership to
the speaker [46]. According to Flint [47], backchannels are
not intended to answer questions, interrupt the speaker, or
elicit a particular reaction in the speaker. They are nor-
mally used to show agreement [48], involvement [49], sur-
prise [50], and understanding [51]. Dennis and Kinney [52]
mentioned that backchannelling can perform four cogni-
tive functions, including signalling understanding, signal-
ling confusion, providing clarification for a message, and
completion of the sentence. Nonverbal backchannels are
mostly characterized by body language [47] notably nods,
shoulder shrugs [53], smiles [54], and gaze [55]. Cathcart
et al. [56] found that backchannels are usually preceded by
a short pause in the speaker’s utterance.

Gratch et al. [33] generated listening behaviour in a
virtual agent based on the inputs received from a speaker,
such as their head movements, gaze directions, and acoustic
features. They found that the virtual agent that provided
positive listening feedback (such as head nods) could pro-
vide more engagement and foster a stronger rapport than a
human listener.

Sidner et al. [34] defined engagement as the process by
which individuals involved in an interaction initiate, main-
tain, and terminate their perceived connection with each

Evaluating people’s perceptions of an agent as a public speaking coach  5



other. They showed that using backchannelling behaviour
in a robot made the interaction more engaging for partici-
pants in a collaborative task with the robot [34]. Jung et al.
[57] evaluated the role of backchannelling and task com-
plexity in human–robot teamwork for an Urban Search
and Rescue (USAR) task. For this study, two upper-torso
humanoid robots were used, Nexi and Maddox. In the
backchannelling condition, the robot would turn towards
the participant and nod in parallel with the participant’s
utterance in a smooth, quick motion. Based on the results
of a between-participants study design with 96 partici-
pants, backchannelling during the complex task improved
team performance and increased the perception of engage-
ment in the robot. However, it led to a reduction in the
perceived competence of the robot [57].

Head nods as a non-verbal backchannel convey atten-
tion and agreement; however, certain features such as
their amplitude, frequency and pace may result in dif-
ferent interpretations and meanings [58,59]. Bousmalis
[58] surveyed head nods as almost-universal signals of
agreement, although they can have different meanings
and functions depending on their amplitude, number of
cycles, and duration, as well as the context in which they
occur [58]. For instance, nods of greater amplitude and
greater frequency indicated affirmation, while smaller
ones indicated active participation in the conversa-
tion [60,61].

Oertel et al. [59] reported head nods generally con-
veyed more attentiveness than audio backchannels. By
using a corpus of recorded human–human interactions,
they identified 77 different head nods based on their dura-
tion, the number of oscillations, frequency, amplitude,
maximum upward/downward speed oscillations, etc. [59].
Furthermore, different nodding forms could be perceived
as more or less attentive and combining multiple modal-
ities increased perceived attentiveness [59].

Recently, backchannel generation models have been
tested to predict the timing of backchannels to increase
the flow of the conversation with an agent [62–64].

Park et al. studied a rule-based backchannelling model
in a storytelling scenario involving 4–6-year-old children
[64]. Their backchannel opportunity prediction (BOP) model
detects four speaker cues and generates backchannels. By
using the BOP model robot, they found an increase in per-
ceived attentiveness. Also, children preferred to tell stories
to the BOP model robot [64].

Murali et al. [21] designed a virtual agent to support a
student in oral presentations by expressing attentive lis-
tening through head nods, smiling, and raising eyebrows
when the presenter looked at it and showing an “OK” ges-
ture whenever the presenter moved to the next slide. Both

self-reports and physiological measures (heart rate (HR) and
heart rate variability (HRV)) revealed significant reductions
in public speaking anxiety among participants compared to
a control condition with only a text display [21].

The aforementioned studies showed how backchannel
cues can be used by social agents and how they are inter-
preted by people interacting with the agents. Nevertheless,
in the context of public speaking, the perceptions of non-
verbal backchannelling indicating active listening have, to
the best of our knowledge, not been studied. The present
study investigates how participants assess the robot coach
responding through head nods during the presentation as a
proxy for active listening, compared to a robot that does not
use backchannelling and a voice assistant agent without
specific non-verbal behaviour.

4 Method

We conducted an online video study using AmazonMechanical
Turk (MTurk). We used an online tool developed using HTML,
JavaScript, SQL, and the Go programming languages that was
used and tested in previous online studies in our laboratory,
and modified for the purpose and contents of our study. To
address our research questions, we compared three experi-
mental conditions with different agents as public speaking coa-
ches. In one, we used a voice assistant agent and in the other
two we used a social robot. (a) VoiceAgent: The Google Nest
Mini was used and gave verbal feedback after the presentation
(Google Nest mini, https://store.google.com/product/google_nest_
mini?hl=en-US&pli=1), (b) ActiveListenRobot: the Pepper robot
was used, which showed non-verbal backchannelling during
the presentation and gave verbal feedback accompanied by
hand gestures after the presentation during the feedback phase
(c) PassiveListenRobot: the Pepper robot was stationary during
the presentation and provided verbal feedback accompanied by
gestures after the presentation during the feedback phase. The
experiment had a between-participant design and participants
were randomly assigned to one of the three conditions.

4.1 Procedures and measures

After reading and consenting to the study information
form, participants proceeded to follow these steps:

Step 1 – Demographics and pre-experimental ques-
tionnaires: Participants were asked about their age and
gender. In addition, we inquired about any past attendance
of public speaking classes and workshops, as well as their
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perceived need to attend such events. Finally, participants
were asked about their Big 5 personality traits [65]. Answering
all demographic questions was optional for participants as
required by our Human Research Ethics Board.

Step 2 – Watching the video: Participants were given
instructions on watching a video and answering some
questions about it. The video showed a person presenting
on “History of Canada Day.” The content was taken from
the official website of the Government of Canada (cana-
da.ca). The presenter presented for approximately 1 min
and 30 s (note: the agent showed different behaviours
during this period according to the experimental condi-
tion, which will be described in Section 4.2). During the
presentation, slides related to the presentation content
appeared in the upper left corner of the video and were
changed appropriately as the student spoke (Figure 1). As
soon as the student finished their presentation, the agent
provided feedback to the student for approximately 2 min.

The agent (as the coach) began the feedback by expres-
sing appreciation for the presentation and how interesting
it was. Feedback focused primarily on vocal modulation
skills and acoustic features of the presentation (e.g., speech
rate, volume, pitch variety, rising intonations during sen-
tences, and falling intonations at the end of sentences). The

agent pointed out positive aspects of the presentation (e.g.
“You demonstrated a good speech rate in your presenta-
tion! I liked the pitch variety in your speech!”) followed by
suggestions for improving the speech (e.g. “Please avoid
using fillers! Try not to use pauses too often or for too
long! Try not to speak too fast or too slow!”). Finally, the
agent expressed appreciation for the presenter’s efforts.

Once the agent’s feedback was finished, the video
came to an end. After that, participants could choose to
either replay the video or proceed to answer the questions.
To ensure that participants did not engage in concurrent
tasks while the video was being played, the video playback
was coded to freeze if the current window or tab was
minimized or changed, and to resume playing as soon as
the window or tab was refocused.

The presenter’s and agent’s audios, the presentation
content, and the feedback content were identical in all
conditions. They were pre-recorded once and used while
recording the video. For the agent’s voice, we utilized the
Pepper robot’s voice. We modified Pepper’s pitch and fre-
quency to make it sound more like an adult voice as it is
originally designed to sound childlike.

The camera used to capture the video was positioned at
the same location, behind the presenter’s head as depicted
in Figure 1, throughout all experimental conditions, to
ensure that the presenter and their age etc. remained uni-
dentified to avoid any potential biases.

Step 3 – Post-experimental questionnaires: To assess
participants’ perceptions of the agents as coaches, we used
several questionnaires, some of which were adapted from
standard questionnaires used in human–robot interaction
(HRI) studies. Below is a detailed description of each of the
questionnaires used in the study. Our aim was to evaluate
users’ interaction experiences with the social robot and the
voice assistant agent in different experimental conditions.
Specifically, we assessed whether the agents could perform
effectively as public speaking coaches (Questionnaire 1), how
human-like and machine-like they behaved (Questionnaire 2),
what social attributes can be attributed to them (Questionnaire
3), and the level of intelligence and likability they were per-
ceived to have (Questionnaire 4). The questionnaires were pre-
sented with either their defined standard scale (Questionnaires
3 and 4) or a continuous scale ranging from 0 to 1,000 for those
that did not have a defined standard scale (Questionnaires 1
and 2). This approach was taken because studies have shown
that continuous scales have benefits over Likert-point scales in
web-based research and online survey studies [66–68].

Questionnaire 1 – agent behaviour: Here, we specifi-
cally targeted participants’ attitudes about the agents as
public speaking coaches and their behaviour while inter-
acting with the student. The questionnaire consisted of 11

Figure 1: Picture of the experimental setup with (a) the social robot, and
(b) the voice assistant agent.

Evaluating people’s perceptions of an agent as a public speaking coach  7



questions which are listed in Table 1. Answers were pro-
vided on a continuous scale (with input data collected ran-
ging from 0 to 1,000)2.

Questionnaire 2 – human nature (HN) attributes:
Haslam et al. [69] suggested that there are two distinct per-
ceptions of humanness: Human Nature (HN) and Human
Uniqueness (HU). There are specific attributes associated
with each of them, and the absence of those attributes indi-
cates dehumanization or denial of humanness. Human
uniqueness attributes distinguish humans from non-human
animals and describe what makes us human. They are civility,
refinement, moral sensibility, higher cognition, and maturity.
The human nature attributes are emotionality, warmth, open-
ness, agency (liveliness), and depth. The human nature fea-
tures do not distinguish humans from non-human animals,
rather they are essential to humans, that is when something is
denied in human nature, it appears machine-like [69]. These
items have been previously used to assess people’s perception
of HN and HU attributes of a virtual agent [70]. We used the
same questions as in [70] for evaluating the HN dimensions of
the agents in this article and asked participants to rate the
agent as a coach on four dimensions of HN, i.e., emotionality,
warmth, openness, and agency (liveliness). Similar to the pre-
vious questionnaire, answers were given on a continuous
scale (the values obtained ranged from 0 to 1,000).

Questionnaire 3 – the robotic social attributes scale
(RoSAS): RoSAS is a standardized HRI metric that was
developed based on the Godspeed questionnaires [71] and
social psychological research on social perceptions of robots
[72]. It encompasses three social dimensions, namely, warmth3,
competence, and discomfort, measured by 18 attributes. A

significant advantage of RoSAS is that it is designed for a
wide range of robots. Also, it is not intended to replace any
previous HRI measurements, such as Godspeed [72], since
many items are counted in Godspeed that are not included
in RoSAS [72]. In this study, RoSAS was used to measure parti-
cipants’ perceptions of the agent as a coach on these social
attributes, i.e. warmth, competence, and discomfort.

RoSAS does not suggest a specific scale; however, the
authors recommended having a neutral value, such as an
uneven number of possible responses to Likert-type items.
In this study, we used a seven-point Likert scale. Studies
[73,74] also utilized RoSAS to assess how participants per-
ceived the robot’s social behaviour in terms of warmth,
competence, and discomfort.

Questionnaire 4 – perceived intelligence and like-
ability (Godspeed): The Godspeed questionnaire assesses
anthropomorphism, likeability, animacy, perceived intelli-
gence, and perceived safety [71]. It can be used as a com-
plement to RoSAS when specific aspects cannot be fully
measured by RoSAS [71,72]. In this study, we only measured
perceived intelligence and likeability of agents. Safety, anthro-
pomorphism, and animacy aspects were not related to our
research questions and thus considered not relevant for this
study. Note, in one of our conditions, the agent was a voice
assistant that did not move in a goal-directed manner and did
not have anthropomorphic features. Furthermore, previous
research on the perception of animacy suggested that ani-
macy is influenced by physical interactionswith robots rather
than observing/watching HRI scenarios [75]. Consequently,

Table 1: Questions designed to assess participants’ perceptions of the agent’s behaviour as a public speaking coach. Answers were given on a
continuous scale. Wording used in at the both ends of the scales are shown in the table

Num Question items Scale labels

1 I found the agent as a public speaking coach: (Not satisfying at all – very satisfying)
2 I found the interaction with the agent as a public speaking coach: (Not engaging at all – very engaging)
3 I found the behaviour of the agent as a public speaking coach: (Not natural at all – very natural)
4 I found the agent as a public speaking coach: (Not attentive at all – very attentive)
5 I found the agent as a public speaking coach: (Not competent at all – very competent)
6 I found the agent as a public speaking coach: (Not humane at all – very humane)
7 How would you rate the coach’s feedback? (Not trustworthy at all, very trustworthy)
8 How well did you find the feedback provided by the coach? (Very difficult to understand, Very easy to understand)
9 How helpful did you find this coach for students to improve their presentation

skills?
(Very unhelpful, very helpful)

10 How likely are you to rehearse with this coach for future presentations? (Not at all, Very much)
11 How well do you think the coach can build rapport with a human partner? (Not at all, very much)



2 Since we did not find a standard questionnaire that addressed these
items exactly, we created this questionnaire ourselves.



3 In RoSAS, warmth is indirectly assessed based on six attributes
(organic, sociable, emotional, compassionate, happy, feeling); how-
ever in HN, see above, warmth is directly rated on a pre-determined
scale.

8  Delara Forghani et al.



we considered only the subscales for perceived intelligence
and likeability.

To make the questionnaires more readable, each of
the questionnaires described earlier was placed on a sepa-
rate page in the online interface and participants com-
pleted each questionnaire before moving on to the next.
At the end of each questionnaire, an attention check was
included (e.g., “The presentation topic was about a city in
Canada: True – False”). All attention checks were True-
False questions. Participants’ remunerations were not
affected by their performance in the attention checks.
However, in our analysis, we excluded data from those
who hadmore than two incorrect answers out of five atten-
tion checks.

4.2 Experimental conditions

For the two robot conditions, the Pepper robot was placed
in front of the student while orienting its head and torso
towards the student (Figure 1(a)). For the voice assistant
condition, a Google Nest Mini was placed on a table in front
of the student (Figure 1(b)). As discussed before, we con-
trolled for different factors that could influence partici-
pants’ perceptions of the agents, such as using identical
audio in all three conditions and positioning the camera
in a way so that the “student presenter” in the the video
was not identifiable.

While the verbal behaviour of the agents were iden-
tical, depending on the experimental condition, the non-
verbal behaviour of the agents varied as follows:

Condition 1 – ActiveListenRobot: During the presenta-
tion, the Pepper robot employed non-verbal backchannel-
ling as a means of demonstrating active listening by head
nodding. During the creation of the video, using theWizard
of Oz method, one of the researchers moderated the timing
of the head nods of the Pepper robot. The researcher used
the end of utterances and small pauses during the presen-
ter’s speech as a basis for making the robot nod. Note that
the study did not examine how the timing of the nods
might have been perceived, and they were only added
based on researchers’ discretion.

According to Oertel et al. [59], different amplitudes and
frequencies can reflect different meanings for head nods.
To reduce the chance that a specific amplitude or fre-
quency may affect the outcome, we applied two modes of
nodding in a random order as backchannelling in the
robot. One type involved a slow vertical movement of the
robot’s head, while another involved two sequential ver-
tical movements with a relatively faster speed and smaller
amplitude of the robot’s head joint.

In the video, after the presentation and during the feed-
back phase, the robot used non-verbal gestures (identical for
the two robot conditions). We designed the gestures and arm
movements of the Pepper robot using the [Choregraphe]
(http://doc.aldebaran.com/2-5/software/choregraphe/index.
html) software and adjusted their timing in accordance with
the verbal content. The gestures were added to make use of
the expressive capabilities of the robot using its actuators and
to distinguish between the physical embodiment of the voice
assistant agent and the social robot.

Condition 2 – PassiveListenRobot: During the presen-
tation, the Pepper robot maintained a fixed head position,
stayed still, and did not show any backchannelling beha-
viour. The robot’s position and orientation with regards to
the “student presenter” were the same as in Condition 1.

After the presentation and during the feedback phase,
hand gestures, arm movements, and their timings were
identical to Condition 1.

Condition 3 – VoiceAgent: The participants saw a
Google Nest Mini device placed on a table in front of the
student. During the presentation, Google Nest was silent and
in listening mode. Google Nest turns on four lights when it is
in listening mode. After the presentation, these lights were
turned off and Google Nest began providing the same verbal
feedback as in the previous two conditions. The lights were
kept to make the interactions with the voice assistant similar
to the common behaviour of Google Nest (which could affect
those who were familiar with the device). In the video, the
lights were not too bright to cause unnecessary distractions
(Figure 2), but we hoped that they were noticeable to those
who might have paid attention.

4.3 Participants

A total number of 184 participants were recruited using the
MTurk platform. A power analysis for our setup with the
effect size of 0.25, the significance level of =α 0.05 and the
statistical power of ( =β 0.95) suggested the sample size of
132. As part of our inclusion criteria for MTurk workers, we
only recruited from Canada and the United States and con-
sidered an approval rate of at least 80% based on at least 50
HITs. There were 130 participants from Canada and 54
participants from the United States. Among 184 partici-
pants, 16 records were discarded due to having more
than two failed attention checks out of five. As a result,
there were a total of 168 participants, 38 of whom were
from the United States, and 130 from Canada (66 self-iden-
tified as female, 100 as male, and 2 preferred not to share;
age range: 19–67 years). There were 58 participants in the
ActiveListenRobot condition (28 self-identified as female, 28
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as male, and 2 did not share; age range: 20–67 years, mean
age: 36.24), 56 participants in the PassiveListenRobot condi-
tion (18 self-identified as female, 38 as male; age range: 23–67
years, mean age: 35.32), and 54 in the VoiceAgent condition
(20 self-identified as female, 34 as male; age range: 21–59
years old, mean age: 35.20). Figure 3 shows the age distribu-
tions of the participants in the three experimental
conditions.

The study was expected to take around 20 min and
participants received 4 USD for completing the study.

Participants were restricted to using one of three
browsers (Chrome, Safari, or Firefox) that had been
thoroughly tested with our interface. Furthermore, we
restricted participants to using laptops or desktop com-
puters to interact with the system, since we wanted them
to pay attention to videos and questions on larger screens
rather than on small smartphone screens. All elements on

each page were always adapted to the size of the partici-
pant’s screen.

Table 2 indicates the number of participants in each
condition who had attended previous classes on public
speaking. It also indicates whether they felt the need to
attend public speaking classes or workshops. The remaining
participants chose not to disclose any information.

4.4 Statistical analysis

We used Generalized Linear Models (GLMs) [76] consid-
ering a Gaussian family to investigate the significant effects
of experimental conditions and other factors, as well as to
account for the potential confounding factors (e.g., those
collected during the pre-experimental phase) on the depen-
dent variables measured through the questionnaires. Even
though some questionnaires possess an ordinal nature, the
response or dependent variables were derived by aver-
aging the scores of multiple question items in the question-
naire. As a result, we were able to treat them as continuous
variables, making them eligible to be used in a GLM. The
GLMs were simplified step-wise to use a subset of the total
factors to create a model that minimized Akaike Informa-
tion Criterion (AIC) [77]. Please note that we confirmed our
p-values with a more conservative Bonferroni–Holm post-
hoc analysis for controlling the family-wise error rate
(FWER) [78]. The Bonferroni-Holm correction decreases
the risk of finding significance by chance due to the mul-
tiple dependent measures associated with our Hypotheses
[79]. Most of the p-values were significant after correcting
for the FWER. For the few cases where the p-value
exceeded the significance threshold of =α 0.05 after the
Bonferroni-Holm adjustment, we reported both pre- and
post-adjustment p-values.

Figure 2: A display of the lights of the Google Nest in the video.
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Figure 3: The histogram plot depicts participants’ age distributions
across different conditions.

Table 2: Participants’ answers regarding previous public speaking
classes and workshop experiences. The first number indicates the
number of participants, and the second one indicates the percentage of
participants

Experimental
condition

Previous experience Sense of need

Yes (%) No (%) Yes (%) No (%)

VoiceAgent 16–29.63 36–66.66 20–37.04 34–62.96
PassiveListenRobot 14–25 40–71.43 23–41.07 32–57.14
ActiveListenRobot 18–31.03 37–63.79 25–43.10 34–58.62
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5 Results

This section explains the results of the analysis of partici-
pants’ responses to questionnaires, and we will address the
RQs while explaining the statistical analyses.

5.1 Behaviour evaluation of the agent as a
coach

Participants’ evaluations of the agents’ behaviours as coa-
ches (addressing RQ1-1 and RQ2-1) are shown in Figure 4
(the corresponding questions are shown in Table 1). Table 3
shows the results of a generalized linear model (GLM) pre-
dicting the ratings on each item according to the experi-
mental condition.

Participants rated the ActiveListenRobot as more satis-
fying ( = = <se t p42.47, 2.642, 0.05) than the VoiceAgent.
According to the results before applying the Bonferronit-
Holm correction, the ActiveListenRobot was perceived as more
satisfying than the PassiveListenRobot ( = =se t41.99, 2.041,

<p 0.05); however, the post hoc Bonferroni-Holm correc-
tion revealed the difference exceeded the significance
threshold of ( = =α p0.05, 0.08). Participants perceived
the ActiveListenRobot as more engaging ( = =se t43.41,

<p2.535, 0.05) than the VoiceAgent. In terms of

naturalness, participants perceived the ActiveListenRobot
as more natural than the VoiceAgent ( = =se t46.98,

<p3.535, 0.001). The post hoc Bonferroni-Holm correction
confirmed that the difference was significant ( <p 0.01).
Also, the ActiveListenRobot was perceived as more natural
than the PassiveListenRobot ( = =se t46.62, 2.466, <p 0.05)
(Table 3). Moreover, participants perceived the ActiveLis-
tenRobot as more humane than the VoiceAgent
( = = <se t p52.363, 1.986, 0.05). A Bonferroni-Holm post
hoc analysis revealed that perceived humaneness was
not significant in the ActiveListenRobot condition com-
pared to the VoiceAgent condition. Please note that we
reported the pre-adjustment p-value for humaneness in
Table 3.

We did not find any significant difference between the
three agents considering other items in the Questionnaire 1.

The results of the study provide partial support in
favour of H1-1 and H2-1. Specifically, participants rated the
ActiveListenRobot more positively than the VoiceAgent in
terms of participants’ feeling of satisfaction, agent’s engage-
ment, and agent’s naturalness, thereby supporting H1-1.
Participants also perceived the ActiveListenRobot as a
more natural coach than the PassiveListenRobot, thus
partially supporting H2-1.

As supported by the results shown in Tables 3 and 4,
and as a response to RQ3, we found a positive correlation
between the agreeableness personality trait with perceptions
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of naturalness ( = = <se t p18.501, 2.044, 0.05), humaneness
( = = <se t p19.816, 2.719, 0.01), attentiveness ( =se 13.14,

= <t p2.148, 0.05), and competence ( = =se t12.27, 2.084,

<p 0.05) in the agent as a coach. Participant’s willingness
to use the agent in the future ( = =se t19.76, 2.073, <p 0.05),
and the level of rapport they reported feeling with the agent
( = = <se t p19.04, 2.186, 0.05) had positive correlations
with their agreeableness personality trait.

The conscientiousness personality trait had a significant
negative effect on the perceptions of naturalness ( =se

= − <t p16.861, 3.478, 0.001) and humaneness ( =se 18.177,

= − <t p2.996, 0.01) of the agent as a coach. It was also
significantly and negatively correlated with participants’
satisfaction with the agent as a coach ( = =se t15.016,

− <p2.534, 0.05), their willingness to use it in the future
( = = − <se t p17.89, 2.801, 0.01), and the level of rapport
reported to feel with the agent ( = = − <se t p17.05, 3.233, 0.01).

Furthermore, participants’ emotional stability had
a positive correlation with perception of satisfac-
tion ( = = <se t p13.506, 2.648, 0.01).

The results regarding correlations between ratings
and Big Five personality traits do not depend on the experi-
mental conditions, as the two-way interaction between Big
Five personality traits and the experimental conditions
was not significant. These findings support H3.

Participants’ ages appears to have negative correlationswith
perceptions of naturalness ( = = − <se t p1.733, 2.134, 0.05).

We found correlations between participants’ genders
with experimental conditions. These results were based on
analyzing two-way interactions between the gender factor
and the experimental conditions factor, and are not shown
in a Table. Male participants found the VoiceAgent signifi-
cantly less engaging ( = = − <se t p43.41, 2.535, 0.05) than
the other two agents. Male participants’ willingness to use
the ActiveListenRobot was significantly higher compared
to the PassiveListenRobot ( = = <se t p105.33, 2.178, 0.05).
Also, participants who self-identified as male felt higher
rapport towards the ActiveListenRobot in comparison to
the PassiveListenRobot ( = = <se t p100.95, 2.802, 0.001).
Regardless of experimental conditions, male participants
tended to find the agent’s feedback significantly less trust-
worthy than those who self-identified as female ( =se

= − <t p30.59, 2.266, 0.05). Female participants found the
agents to be significantly more attentive ( = =se t30.30,

<p2.042, 0.05), and were willing to use it in the future sig-
nificantly more ( = = <se t p43.89, 2.330, 0.05). They also
reported significantly higher levels of rapport with the
agents( = = <se t p42.29, 2.052, 0.05).

5.2 Perception of human nature attributes
of the agents

We examined the four human nature (HN) attributes,
namely emotionality, warmth, openness, and agency (live-
liness) for each agent.

According to the results (addressing RQ2-1 and RQ2-2),
perceptions of HN attributes were significantly influenced
by the presence of the social robot (ActiveListenRobot and
PassiveListenRobot conditions). As shown in Table 5, and
Figure 5. In comparison to VoiceAgent, both ActiveListen-
Robot and PassiveListenRobot were rated significantly
higher in the four HN attributes. According to Table 5
compared to the VoiceAgent, the ActiveListenRobot and
PassiveListenRobot were rated higher on emotionality
(ActiveListenRobot: =se 46.19, =t 3.193, <p 0.01; Passive-
ListenRobot: =se 46.12, =t 2.308, <p 0.05), warmth
(ActiveListenRobot: =se 46.47, =t 3.701, <p 0.001; Passive-
ListenRobot: =se 46.39, =t 2.434, <p 0.05), openness
(ActiveListenRobot: =se 49.59, =t 2.939, <p 0.05; Passive-
ListenRobot: =se 49.51, =t 2.199, < =p .05), and agency
(ActiveListenRobot: = = <se t p44.15, 2.784, 0.05; Passive-
ListenRobot: =se 44.08, =t 2.283, <p 0.05). The post hoc
Bonferroni-Holm analyses confirmed these significant
effects.

The results support H1-2, i.e. that the social robots in
the ActiveListenRobot and PassiveListenRobot conditions
were perceived as being more human-like based on the
Human Nature attributes, compared to the voice assistant
agent (VoiceAgent). H2-2 was not supported as we did not
find a significant difference between ActiveListenRobot
and PassiveListenRobot on perceptions of HN attributes.

Regardless of the experimental condition, there was a
gender bias in perceptions of HN. Participants who self-
identified as male tended to perceive the agent signifi-
cantly less emotional ( =se 39.50, = −t 2.790, <p 0.01), less
warm ( =se 39.74, = −t 3.055, <p 0.01), and less open
( =se 43.24, = −t 3.051, <p 0.01), compared to participants
who self-identified as female.

In response to RQ3 and in support of H3, both agree-
ableness and conscientiousness show significant correla-
tions with perceptions of HN attributes, with agreeableness
having a positive correlation (emotionality: =se 17.60,

=t 3.321, <p 0.01, warmth: =se 17.70, =t 3.005, <p 0.01,
agency: =se 16.82, =t 2.888, <p 0.01) and conscientious-
ness having a negative correlation (emotionality:

=se 15.88, = −t 3.038, <p 0.01, warmth: =se 15.98, =t

−2.185, <p 0.05, agency: =se 15.18, = −t 1.979, <p 0.05).
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5.3 Perceived social attributes of the agent

In response to RQ3-1 and RQ3-2, we trained a GLM on the
ratings of the RoSAS questionnaire. Results are shown in
Figure 6 and Table 6.

According to the results, the ActiveListenRobot ( =se

= <t p0.248, 2.796, 0.05) was perceived as warmer than
the VoiceAgent. The PassiveListenRobot was rated higher
on the warmth dimension than the VoiceAgent ( =se 0.247,

= <t p2.045, 0.05); however, a post hoc Bonferroni-Holm
correction revealed that perceived warmth between
the PassiveListenRobot and the VoiceAgent was not signif-
icant ( = = <se t p0.247, 2.045, 0.1) (please note that we
reported the pre-adjustment p-value for warmth in
Table 6). Please note that warmth is one of the HN attri-
butes that is explicitly measured as one of the four attri-
butes; however, in RoSAS warmth is a social dimension
that is calculated based on six attributes in the

questionnaire (organic, sociable, emotional, compassio-
nate, happy, feeling). We did not find a significant dif-
ference between the VoiceAgent and the social robot in
the other two conditions in terms of competence (Acti-
veListenRobot: =se 0.221, =t 0.792, =p 0.429; PassiveLis-
tenRobot =se 0.223, =t 0.649, =p 0.517) and discomfort
(ActiveListenRobot: = = =se t p0.195, 0.711, 0.478; Passi-
veListenRobot: s =e 0.197, =t 0.967, =p 0.335). Therefore,
the results partially support H1-3.

However, H2-3 was not supported as we did not find
any significant difference between the ActiveListenRobot
and PassiveListenRobot in terms of the social dimensions
of RoSAS.

Responding to RQ3, the two personality traits agree-
ableness and conscientiousness had significant effects on
participants’ assessments of the agent, partially supporting
H3-3. Agreeableness had a positive significant effect on
perceived social warmth ( =se 0.097, =t 3.387, <p 0.001),

Table 3: Generalized linear model predicting ratings of satisfaction, engagement, naturalness, and humaneness. Factors included in the model for
each dependent variable (each column) were selected based on the AIC. If a row is empty for a dependent variable, that means the factor was not
included in the final reduced GLM predicting that variable. The estimates were according to comparisons to the baseline level (VoiceAgent)

Covariate Satisfaction Engagement

Estimate SE t p Estimate SE t p

Condition
ActiveListenRobot 112.197 42.47 2.642 <0.05* 110.04 43.41 2.535 <0.05*

PassiveListenRobot 26.492 42.276 0.627 0.532 78.78 43.89 1.795 0.074
Age
Age ‒2.184 1.557 ‒1.403 0.162
Gender
Male ‒68.647 35.836 ‒1.916 0.057
TIPI
Agreeableness 23.18 15.77 1.470 0.143
Conscientiousness ‒38.048 15.016 ‒2.534 <0.05*

Emotional stability 35.771 13.506 2.648 <0.01**

Covariate Naturalness Humaneness

Estimate SE t p Estimate SE t p

Condition
ActiveListenRobot 166.080 46.98 3.535 <0.01** 103.999 52.363 1.986 <0.05*

PassiveListenRobot 51.135 46.867 1.091 0.277 46.471 53.065 0.876 0.382
Age
Age ‒3.697 1.733 ‒2.134 <0.05* ‒2.929 1.906 ‒1.537 0.126
Gender
Male ‒75.161 41.014 ‒1.833 0.069
TIPI
Extravertion 21.558 13.575 1.588 0.114
Agreeableness 37.818 18.501 2.044 <0.05* 53.885 19.816 2.719 <0.01**

Conscientiousness ‒58.65 16.861 ‒3.478 <0.001*** ‒54.461 18.177 ‒2.996 <0.01**

Emotional stability 27.792 15.302 1.816 0.071

* = <p 0.05; ** = <p 0.01; *** = <p 0.001.
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Table 4: The results of generalized linear models show that participants’ gender and TIPI personality dimensions are significantly correlated with
evaluations of agents’ attentiveness and competence, as well as the willingness of future use and feeling of rapport with the technology. Factors
included in the model for each dependent variable (each column) were selected based on the AIC

Covariate Attentiveness Competence

Estimate SE t p Estimate SE t p

Gender
Male ‒61.87 30.30 ‒2.042 <0.05* ‒55.43 28.30 ‒1.959 .052
TIPI
Agreeableness 28.22 13.14 2.148 <0.05* 25.58 12.27 2.084 <0.05*

Covariate Willingness Rapport

Estimate SE t p Estimate SE t p

Gender
Male ‒102.26 43.89 ‒2.330 <0.05* ‒86.80 42.29 ‒2.052 <0.05*

TIPI
Agreeableness 40.96 19.76 2.073 <0.05* 41.62 19.04 2.186 <0.05*

Conscientiousness ‒50.11 17.89 ‒2.801 <0.01** ‒55.12 17.05 ‒3.233 <0.01**

Openness to Experiences 28.64 16.63 1.722 0.087

* = <p 0.05; ** = <p 0.01; *** = <p 0.001.

Table 5: Generalized linear model predicting the agents’ human nature on four attributes (emotionality, warmth, openness, agency). Factors
included in the model for each dependent variable were selected based on the AIC. If a row is empty for a dependent variable, that means the factor
level did not exist in the final reduced GLM predicting that variable. The estimates were according to comparisons to the baseline level (VoiceAgent)

Covariate Emotionality Warmth

Estimate SE t p Estimate SE t p

Condition
ActiveListenRobot 147.49 46.19 3.193 <0.01** 172.01 46.47 3.701 <0.001***
PassiveListenRobot 106.43 46.12 2.308 <0.05* 112.91 46.39 2.434 <0.05*
Gender
Male ‒110.23 39.50 ‒2.790 <0.01** ‒121.42 39.74 ‒3.055 <0.01**

TIPI
Agreeableness 58.43 17.60 3.321 <0.01** 53.20 17.70 3.005 <0.01**

Conscientiousness ‒48.26 15.88 ‒3.038 <0.01** ‒34.91 15.98 ‒2.185 <0.05*

Covariate Openness Agency

Estimate SE t p Estimate SE t p

Condition
ActiveListenRobot 145.74 49.59 2.939 <0.05* 122.93 44.15 2.784 <0.05*

PassiveListenRobot 108.86 49.51 2.199 <0.05* 100.63 44.08 2.283 <0.05*

Gender
Male ‒131.91 43.24 ‒3.051 <0.01** ‒67.31 37.76 ‒1.783 0.076
TIPI
Agreeableness 34.69 19.43 1.785 0.076 48.57 16.82 2.888 <0.01**

Conscientiousness ‒28.26 17.82 ‒1.586 0.115 ‒30.04 15.18 ‒1.979 <0.05*

Emotional stability 29.45 16.01 1.840 0.068

* = <p 0.05; ** = <p 0.01; *** = <p 0.001.
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and on perceived social competence ( =se 0.077, =t 2.583,
<p 0.05). Conscientiousness had a significant negative effect on

perceived social warmth ( =se 0.089, = −t 3.541, <p 0.001).
Emotional stability had a significant negative effect on perceived
social discomfort ( = = − <se t p0.06, 3.315, 0.05).

Participants who identified as male rated on the agent’s
social warmth significantly lower than those who identified
as female ( =se 0.216, = −t 2.954, <p 0.01), and on perceived
social discomfort males scored significantly higher than
females ( =se 0.166, =t 2.083, <p 0.05).

5.4 Perceived intelligence and likeability of
the agent

The results on Godspeed perceived intelligence and Godspeed
likeability are shown in Figure 7.

Addressing RQ1-4, and RQ2-4, we could not support H1-4
andH2-4 our data did not show significant differences between
agents on the perceived intelligence. Having the VoiceAgent as
the baseline the predicted results of the GLM model for the
ActiveListenRobot were ( = = =se t p0.180, 1.093, 0.276), and
for the PassiveListenRobot were ( = =se t0.182, 0.844,

=p 0.4). According to Table 7, the ActiveListenRobot and Pas-
siveListenRobot were found significantly more likeable than
the VoiceAgent (ActiveListenRobot: = =s t0.176, 2.887,

<p 0.05; PassiveListenRobot: s = = <e t p0.178, 2.685, 0.05).
A post hoc Bonferroni-Holm correction confirmed these results.
Thus, H1-5 was supported, but H2-5 was not supported as there
was no significant difference found on likeability scores between
the ActiveListenRobot and the PassiveListenRobot.

Furthermore, in response to RQ3, participants with the
agreeableness personality trait had positive correlations
with likeability scores ( = = <se t p0.064, 2.142, 0.05).

6 Discussion

In this online study, participants were requested to eval-
uate three agents functioning as public speaking coaches.
To investigate how participants perceived different agents
as public speaking coaches, we analyzed two types of
agents that varied in their physical embodiment (a voice
assistant agent and a social robot). In addition, for one of
the agents (the social robot), we altered its non-verbal
behaviour by including head nods as a means of active
listening.

6.1 Perceptions of agents as public speaking
coaches

We found that the active listener robot agent, i.e., a robot
showing backchannelling behaviour, was perceived as
more natural than the passive listener robot (i.e., a robot
without backchannelling behaviour) and the voice assis-
tant agent. The active listener robot was perceived as
more satisfying than the voice assistant agent, while the
results before Bonferroni-Holm correction indicated that
the active listener robot was perceived as more satisfying
than the passive listener robot as well. There was no dif-
ference between the passive listener robot and the voice
assistant agent regarding perceived satisfaction and natur-
alness. This finding supports the effectiveness of active
listening behaviour in the robot and is consistent with ear-
lier research, namely, “active engagement” that can lead to
an increase in relational satisfaction [80,81]. According to
Bodie [81] when one feel that they are being heard and
understood, they tend to be more content with their
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Figure 5: Human Nature scores of the agent in different conditions. The
dashed lines specify the neutral choice at the centre of the continuous
scale (ranging from 0 to 1,000). Error bars indicate 95% confidence
intervals.
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Figure 6: The scores for the three social dimensions (warmth, compe-
tence, discomfort) defined in RoSAS across the three experimental con-
ditions. The dashed line indicates the neutral choice at the center of the
seven-point Likert scale. The error bars indicate 95% confidence
intervals.
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relationships, and this can have a significant impact on
their physical health and well-being.

Several studies have proposed probabilistic and reinfor-
cement learning models to predict the appropriate timing for
generating backchannels during dyadic conversations
between humans and agents [82–84]. In our research, we
utilized a Wizard-of-Oz approach to initiate backchannels
without considering appropriate timing. Yet, we found that
simply the act of head nodding while listening, even given
that we did not pay attention to when the proper time is to
make the robot nod, can impact the perception of the robot’s
naturalness as a coach. A related study [85], investigated the
use of random verbal backchannels in a voice assistant agent
and found that this approach led to prolonged interactions
and greater user engagement.

Regarding agent engagement, participants perceived
the active listener robot as having a more engaging inter-
action with the student compared to the voice agent. However,
we found no significant difference in terms of engagement
between the active listener and the passive listener robots.
This result may be due to the novelty effect of the social robot,
but it cannot be solely attributed to novelty because there was
also no significant difference in the engagement factor between
the passive listener robot and the voice agent. This aligns with
our H1, however, it solely shows the advantages of the active
listener robot in comparison to the voice agent. Our results also
support previous research on active listening and engagement
in human–robot interactions [34]. June et al (2013) found that
incorporating backchannelling in robots resulted in an
improved perception of engagement in the robots [57].

Table 6: Generalized linear models predicting the RoSAS dimensions about the agent (Warmth, Competence, Discomfort). Factors included in the
model for each dependent variable were selected based on the AIC. If a row is empty for a dependent variable, that means the factor level did not
exist in the final reduced GLM predicting that variable. The estimates were according to comparisons to the baseline level (VoiceAgent)

Covariate Warmth Competence Discomfort

Estimate SE t p Estimate SE t p Estimate SE t p

Condition
ActiveListenRobot 0.692 0.248 2.796 <0.05*

PassiveListenRobot 0.505 0.247 2.045 <0.05*

Age
Age 0.013 0.007 1.779 0.077
Gender
Male ‒0.638 0.216 ‒2.954 <0.01** 0.346 0.166 2.083 <0.05*

TIPI
Extraversion 0.079 0.049 1.606 0.110
Agreeableness 0.328 0.097 3.387 <0.001*** 0.2 0.077 2.583 <0.05* ‒0.121 0.075 ‒1.625 0.106
Conscientiousness ‒0.315 0.089 ‒3.541 <0.001***

Emotional stability 0.155 0.08 1.943 0.054 ‒0.201 0.06 ‒3.315 <0.01**

* = <p 0.05; ** = <p 0.01; *** = <p 0.001.

0

1

2

3

4

5

Perceived Intelligence Likeability

S
co

re
s

Conditions

ActiveListenRobot
PassiveListenRobot
VoiceAgent

Figure 7: The average of the Godspeed scores on the dimensions of
perceived intelligence and likeability across all experimental conditions.
The dashed line indicates the neutral choice at the center of the five-
point Likert scale. The error bars indicate 95% confidence intervals.

Table 7: Generalized linear models predicting the Godspeed likeability.
Factors included in the model for each dependent variable were selected
based on the AIC. The estimates were according to comparisons to the
baseline (VoiceAgent)

Covariate Likeability

Estimate SE t p

Condition
ActiveListenRobot 0.508 0.176 2.887 <0.05*

PassiveListenRobot 0.477 0.178 2.685 <0.05*

Age
Age ‒0.011 0.006 ‒1.715 .088
TIPI
Agreeableness 0.138 0.064 2.142 <0.05*

* = <p 0.05; ** = <p 0.01; *** = <p 0.001.
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It is noteworthy that the active listener robot was per-
ceived as significantly more satisfying, engaging, natural,
and humane than the voice agent, while we did not find the
passive listener robot to differ significantly from the voice
agent on these measures. This is interesting because both the
active listener and passive listener robots used nonverbal social
cues in the form of hand gestures and arm movements while
giving feedback, but only the agent that displayed active lis-
tening behaviour was perceived significantly better than the
voice agent on the aforementioned metrics. The study did not
find any significant differences between the agents in terms of
other metrics that were more relevant to their task perfor-
mance as a coach, including helpfulness, attentiveness, compe-
tence, and trustworthiness. This is also in accordance with
participants’ agreement score for having the agents as a coach
which was relatively high in all conditions. (For more informa-
tion please refer to [86].) One possible explanationmight be that
the quality and accuracy of the agent’s feedback might have
had amore salient effect on peoples’ evaluations of it as a coach
than its social behaviour. Furthermore, the study did not find
any significant differences between the feeling of rapport
toward the agents and the participants’ self-reported intention
to use the agents in the future. This may be due to participants’
higher familiarity with smart speakers, their ease of use, and
their prevalence of them that causes them to be popular [87]. In
addition, it could be that individuals who were presented with
the voice assistant agent were unable to envision engaging with
a social robot or integrating social nonverbal signals into their
feedback. As a result, they deemed the voice-only feedback
received from the voice assistant agent to be sufficient.

6.2 Perceptions of the human nature and
social attributes of agents

Having a social robot as the coach in both ActiveListenRobot
and PassiveListenRobot conditions led to significantly higher
ratings of HN attributes [69] than the VoiceAgent condition.
Therefore, it seems that the type of the agent, specifically the
presence of anthropomorphic features and non-verbal social
behaviours during feedback, might have positively affected
the perception of HN attributes. Although we did not find
strong evidence supporting that active listening behaviour
affected the perception of the HN attributes, our implementa-
tions and the amount of non-verbal behaviour used in both
robotic conditions could have affected our results. In the study
by Kontogiorgos et al. [26], the anthropomorphic robotic head
was perceived as more co-present in the room compared to
the non-anthropomorphic voice assistant agent, even in the

absence of non-verbal behaviours such as gaze and headmove-
ments. Similarly, Looije et al. [25] compared anthropomorphic
and non-anthropomorphic agents and found that social char-
acters were perceived to be more empathetic compared to a
text interface, and elicitedmore conversational behaviour. Also,
in a game entertainment scenario, both animated and non-
animated Pepper robots were perceived to have higher
entertainment value and hedonic quality compared to a
voice assistant agent [23].

The results of the RoSAS questionnaire suggested that
across three dimensions – warmth, competence, and dis-
comfort – the active listener robot was perceived as more
socially “warm” than the voice agent. Note, before applying
the Bonferroni-Holm correction, the passive listener robot
was perceived as having more warmth than the voice assis-
tant agent; however, this was not confirmed by the
Bonferroni-Holm post hoc analysis. The higher perceptions
of warmth and friendliness in the active listener robot (and
maybe the passive listener robot) compared to the voice assis-
tant agent can be attributed to its social capacities. According
to Kontogiorgos [26], humans tend to have a cognitive pre-
ference for social activities when exposed to subtle social cues
and anthropomorphic features. Familiar channels of commu-
nication are particularly relevant for tasks that require face-
to-face collaboration [26]. In accordance with our findings,
[25] found that participants rated a robotic head with a
human-like face as more sociable than a voice assistant agent,
indicating that the presence of anthropomorphic features in
agents may evoke a sense of familiarity akin to natural
communication.

6.3 Perceived intelligence and likeability of
agents

The findings indicate that there were no significant differ-
ences among the agents in terms of perceived intelligence,
potentially due to the more prominent impact of the feed-
back phase, and its content, on participants’ perception of
the agent’s intelligence. One possible explanation for why
we did not observe significant differences in perceived
intelligence and other factors, such as attentiveness and
competence among the agents, could be that the effect of
verbal feedback may have overshadowed the impact of
listening behaviour and that participants mainly evaluated
the agents as coaches based on the provided feedback. It is
possible that participants in our study may have started to
forget about the phase when the robot was actively lis-
tening to the student and how it behaved during that
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time. This could be attributed to the fact that participants
were presented with surveys and questionnaires immedi-
ately after the video was completed, which brought them
closer to the moment when they observed the coach’s feed-
back. However, the results demonstrated that the active
listener and passive listener robots were more likable
than the voice agent, which is similar to a study carried
out by Moore and Urakami on different voice user inter-
faces and their distracting effects, which found that the
scores of likeability were higher for the social embodied
VUI (the social robot) than the physical embodied VUI (the
smart speaker) [24].

6.4 Potential gender differences in
perception of agents

The outcomes of our analysis indicated a significant effect
of gender on the perceptions of the agent as a coach.
Participants who self-identified as female rated the agents
significantly more positively than those who self-identified
as male in terms of attentiveness and social warmth, as
well as on the HN attributes of the agents (emotionality,
warmth, openness). This is in accordance with previous
research on the gender difference in non-verbal commu-
nication, which suggested that females tend to utilize non-
verbal cues more than males and that females can judge
emotions and personalities based on nonverbal cues
more accurately than males [88]. Nevertheless, as per
Schermerhorn et al. [89], males typically perceive robots
as more human-like than females, which contradicts our
findings.

Males provided significantly lower ratings than
females for intention to use and feeling of rapport with
the agents. They also rated the feedback provided by the
agents as less trustworthy compared to females. These
results, particularly for the two conditions with a social
robot, contradict previous studies that have demonstrated
that males typically have a stronger preference for robots
than females [89,90]. Note that we only had participants
who identified themselves as male or female (with two
participants who preferred not to share their gender),
therefore, we could not compare these results for gender
identities other than male and female.

It should be noted that despite the differences in rat-
ings between genders, only males were actually more
inclined to use the active listener robot than the passive
listener robot and reported a greater sense of rapport
with it.

6.5 Participants’ personality traits and
differences in perceptions

A meta-analysis examining the impact of the Big Five per-
sonality traits on robot acceptance [91] showed that agree-
ableness and conscientiousness were the least frequently
assessed variables. Agreeableness pertains to the extent to
which an individual is warm and amiable [92]. Conscien-
tiousness, on the other hand, refers to the degree to which
a person is diligent, careful, and aware of their behaviour
and its consequences [93].

Our findings indicate that individuals with high levels
of agreeableness were significantly more inclined to utilize
the agents as coaches in the future and experienced a
greater sense of rapport with them. Furthermore, partici-
pants with high levels of agreeableness perceived the agent
as a natural coach and attributed HN attributes to it.
Agreeableness has been reported to have positive correla-
tions with robot acceptance in several studies [94,95].
According to Bernotat and Eyssel [96], the reason stems
from the fact that people who are more agreeable tend
to trust more. Trust can reduce perceived risk and increase
the acceptance of new technologies [97].

On the contrary, conscientiousness negatively correlated
with evaluations of the agents as coaches. Participants who
scored higher on conscientiousness perceived the agent as
less warm and less emotional. It was less likely that they
would use such a system in the future, and they felt less
rapport with the agent as a coach. Similarly, Looije et al.
found that the more conscientious a participant is, the less
they liked a social robot [25]. Kimoto et al. found negative
correlations between the conscientiousness personality trait
and robot acceptance [94]. Also, Syrdal et al. found that
people with high conscientiousness were less likely to allow
a robot to approach them closer [98].

Our findings support hypothesis H3, which predicted
that there is a relationship between the evaluations of the
agents and the Big Five personality traits.

6.6 Participants’ comments about the
agents

We also posed open-ended questions to participants
regarding their views on the extent to which the agents could
function as public speaking coaches, as well as whether they
preferred the same agent they had observed, a different type
of agent, or a human as a coach (see [99] for more details).
According to a thematic analysis (TA) [86] of the participants’
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responses, we found a high level of agreement on the use of
social robots and voice assistant agents as public speaking
coaches. The TA results suggested informative pros and
cons for each type of agent, which could be used to enhance
the design and implementation of social robots and other
agents as public speaking coaches. The thematic analysis
and details of the results go beyond the scope of this article
and are reported elsewhere [99].

6.7 Summary of findings

The main takeaways from this study are as follows:
• The active listener robot was perceived as more satis-
fying, natural, and engaging than the voice assistant
agent. This difference was not observed between the
passive listener robot and the voice assistant agent.

• The active listener robot was perceived as more natural
than the passive listener robot, but no more significant
differences were observed between the active listener
robot and the passive listener robot.

• Both the active listener robot and the passive listener
robot were perceived as more human-like than the voice
assistant agent.

• The active listener robot was perceived as warmer during
the interaction than the voice assistant agent, but no sig-
nificant difference was seen between the passive listener
robot and the voice assistant agent in this regard.

• Both the active listener robot and the passive listener
robot were more likeable than the voice assistant agent,
according to participants.

7 Limitations and future work

The experiment was conducted virtually, which came with
its set of advantages and disadvantages. By using Amazon
Mechanical Turk, we were able to recruit a large pool of
participants. The prevalence of online studies has increased
since the COVID-19 pandemic due to its safety in collecting
data in the field of HRI [100]. However, using crowdsourcing
platforms such as MTurk comes with limitations regarding
the quality control of responses. This is due to the population
of MTurk workers being composed of individuals with
diverse and unknown abilities, technical resources, personal
goals, the remote nature of participants’ involvement in the
study, etc. [101,102].

In our study, we took great care to adjust our virtual
interface in a way that it would minimize the potential

influence of confounding factors, such as agent’s voice
and feedback. We applied attention checks to identify
and exclude participants who did not seem to engage
with the task at hand.

Our study had some limitations that were noted by
participants. One such limitation was the quality of the
voice used by the agents, which some participants found
to be robotic and difficult to understand. Please note that
the Pepper robot’s voice was used in all conditions, and we
tried to test a range of pitches and frequencies within its
capabilities to make it as “adult” and “comprehensible” as
possible. In future studies, we could consider e.g. using a
recorded human voice or the voice of the Google Nest as
alternative approaches. In fact, using Pepper’s voice on
Google Nest could have affected the perception of the agent
by those who were familiar with Google Nest’s voice.
However, due to the trade-off and potential impacts of
having different voices (which can affect speech rate, pitch,
etc.), we decided to use the identical voice and recording
for all agents.

As previously mentioned, the feedback provided by
the robot may have taken precedence over the robot’s
behaviour during the listening phase. This could have
resulted in participants forgetting how the robot behaved
while the student was presenting, affecting comparisons
between the robot showing backchannelling and the one
that remained still during the presentation. In future stu-
dies, we could address this limitation by separating the
evaluation of the robot’s behaviour during the listening
phase from the feedback phase. This would allow us to
emphasize people’s judgment of the robot’s listening skills
and gain a more comprehensive understanding of how par-
ticipants perceive the robot throughout the entire interaction.

Online studies have in some cases been shown to pro-
duce results that are comparable to those obtained through
in-person studies [103,104]. However, our results may differ
from those obtained in a live human–robot interaction (HRI)
scenario. Participants who interact with a social agent in
person are able to pay attention to many more aspects
of the agent and recognize them better [105], particularly
when it comes to detecting backchannels and head nods,
which are more evident when participants are physically
co-present with the robot (e.g., can also be affected by the
noise from the robot’s actuators). In-person interaction allows
participants to experience the situation more vividly holisti-
cally, and they could be more likely to pay closer attention to
the agent’s behaviour and assess its capabilities. Therefore,
for future studies, we intend to investigate the effectiveness of
a similar scenario in an in-person interaction with the robot.

For the future implementation of an intelligent agent
as a coach, one suggestion noted by some participants was
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the format of the feedback provided by the robot. Some
participants indicated that they would have preferred to
receive written feedback in the form of notes as well,
which would have made it easier for them to track and
remember the information presented. In future studies,
one could consider providing both verbal and written feed-
back through an external monitor or screen or through
Pepper’s tablet to accommodate participants’ preferences.

A previous study [24] showed that a social embodied
agent was more distracting in a cognitive task than a phy-
sical embodied agent, and a voice-only system. However,
we did not focus our study on the distraction effect of the
agent as a coach. Nevertheless, whether a coaching agent
may distract participants in a public speaking task is a
critical issue that needs to be studied in more detail.

In addition, future research may use a different robot
and incorporate a variety of other non-verbal backchan-
nelling cues, including smiling, raising eyebrows, leaning
forward to indicate attention, as well as possibly incorpor-
ating verbal backchannels.

8 Conclusion

The main focus of our study was to explore people’s per-
ceptions of an agent’s physical embodiment and beha-
vioural capabilities as a public speaking coach, based on
feedback from a large range of participants of different
ages. Participants evaluated the agent’s performance
taking into account two phases, a listening and a feedback
phase. Rather than testing the effectiveness of one specific
agent, we compared people’s perceptions of different
agents as public speaking rehearsal coaches.

Our findings suggest that an agent’s embodiment had a
positive impact on the perception of human nature attri-
butes and likeability. However, we did not observe any
notable differences between the voice agent and the social
robot in terms of perceived intelligence. Perhaps the feed-
back phase and the content of the verbal feedback had a
more significant effect on perceptions of the agent’s intelli-
gence than the agent’s non-verbal behaviour.

Our study results also showed that social non-verbal
behaviour, particularly during listening, plays a significant
role in creating a natural interaction. However, it does
not necessarily affect how participants evaluate an
agent’s coaching ability throughout the rehearsal ses-
sion. Perhaps the effect of active listening was not as
salient as we originally expected, or it was “oversha-
dowed” by the robot’s extended verbal feedback.

In general, participants in our sample were receptive
to using interactive agents as public speaking coaches.
Specifically, individuals with higher levels of agreeableness
expressed more positive attitudes towards the agents, while
those with higher levels of conscientiousness expressed more
negative attitudes towards using socially interactive agents as
public speaking coaches.

The study provided information on general attitudes
toward using social robots and voice assistants as public
speaking coaches, which can inform future design and uti-
lization of such agents as coaches.
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