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Abstract

Creating conversational agents that can both understand and respond appropriately to users’ engagement remains a
major challenge, as conversation is one of the most universal yet complex human behaviors. Modeling conversational
engagement requires a fine-grained understanding of how engagement unfolds dynamically in interaction. This paper
introduces a novel turn-based annotation scheme for conversational engagement, together with the CONVERSE
dataset that contains annotations of 25 hours of unscripted human—human and human-robot conversations with
48 native Swedish speakers. This dataset uniquely utilizes such an annotation scheme for both human and robot
agents within the same study, allowing for direct comparison. Notably, this dataset builds upon our previous
multimodal corpus, which includes brain imaging (fMRI), eye-tracking, and speech data, as well as personality and
stance measures. This dataset opens a new perspective on conversational engagement through these behavioral
annotations and the existing neural data at the intersection of multimodal machine learning, human-robot interaction,

and cognitive neuroscience.
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1. Introduction

Conversation is one of the most natural yet cogni-
tively complex social behaviors humans engage in.
It requires constant coordination of attention, emo-
tion, and intention between partners, processes
that humans manage seamlessly but that compu-
tational models still struggle to capture and repro-
duce. As these models increasingly underpin con-
versational agents and tools for studying interac-
tion, understanding how engagement unfolds in
dialogue should be considered a central challenge.
These agents, therefore, must be engaging for the
user and engaged with the user. Thus, modeling
engagement has been a common aim in human-
agent interaction (Sidner et al., 2005). This line
of research draws inspiration from human-human
interactions in daily life, as we are typically able to
effortlessly and automatically monitor our own and
the other’s level of engagement to achieve the com-
municative goal efficiently as part of our pragmatic
skillset (Prutting and Kittchner, 1987). However, de-
spite the ubiquitous use of the term, perhaps due
to the inherent complexity and subjectivity of this
process in humans, the field is lacking a unified def-
inition of engagement - an issue raised in multiple
previous works (see Oertel et al. (2020); Pellet-
Rostaing et al. (2023); Sorrentino et al. (2024)).
These reviews show that the same term is used to
refer to everything from the process of establishing
a connection or maintaining it; to the procedural
or social aspect of the interaction (task vs social
engagement). When modeling engagement, au-

tomation relies on ground truth commonly provided
by annotating engagement in an interaction. As a
consequence of the vagueness of the term, vari-
ous annotation methods have also been proposed,
varying in the annotation scale (e.g. binary vs grad-
ual), the unit of annotation (e.g. whole interaction,
time window, action, turn, single utterance), and
the relevant features guiding the annotations.

To reduce the ambiguity, here, we focus on con-
versational engagement as a particular instance
of this concept. This highlights it as a concept
that arises in a reciprocal, jointly managed verbal
interaction in the absence of preallocated roles
(Schegloff, 2007). We thus adopt the conversa-
tional engagement definition from recent work by
Pellet-Rostaing et al. (2023): "a state of attentional
and emotional investment in contributing to the con-
versation by processing partner’'s multimodal be-
haviors and grounding new information".

In this paper, we provide a novel annotation
scheme and a dataset of turn-by-turn conversa-
tional engagement annotations. The aim of the
dataset is to provide a new perspective on conver-
sational engagement modeling, by coupling annota-
tions serving as ground truth with multimodal data,
including audio, eye tracking, speech embeddings,
and uniquely, brain imaging. The original dataset
that was annotated in this work includes functional
MRI data of participants engaging in unrestricted
conversations (Torubarova et al., 2025).

The contributions of the current paper are the
following: 1) a novel fine-grained conversational en-
gagement annotation scheme; 2) an open-source
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dataset of conversational engagement annotations
of 25 hours of conversation (14 hours of human-
human and 9.5 hours of human-robot data); 3) ini-
tial analysis of the annotations.

2. Background

Different approaches to annotating engagement
have been attempted, using various units of obser-
vation and various scales (a detailed recent review
is provided in Pellet-Rostaing et al. (2023)). Be-
sides, most existing datasets that include engage-
ment data have focused either on solely human-
human (e.g. Ringeval et al. (2013); Cafaro et al.
(2017); Reverdy et al. (2022); Borghesi et al. (2022);
Pellet-Rostaing et al. (2023)) or human-agent data
(e.g. McKeown et al. (2011); Ben-Youssef et al.
(2017); Kesim et al. (2023); Lee et al. (2025)). Few
datasets comprise data from both human-human
(HHI) and human-robot (HRI) interaction in one
study, which was one of our main interests. Ste-
fanov and Beskow (2016) provides an audio-visual
multiparty dataset with different combinations of hu-
man and robot partners, focused on visual attention
in the interaction. This dataset, however, is focused
on task-based object manipulation rather than con-
versation. Celiktutan et al. (2017) provides person-
ality and engagement annotation data from human-
human and human-robot conversations. In this
dataset, however, engagement was self-annotated
by experiment participants post-study as a single
value for the whole interaction. None of the exist-
ing engagement datasets satisfy all of the following
features: 1) uses both human-human and human-
agent data from unscripted conversations; 2) pro-
vides conversational engagement annotations at a
linguistically motivated scale; 3) uses a fine-grained
annotation scheme.

Pellet-Rostaing et al. (2023) provided a 5-level
annotation scheme, taking a conversational turn
as a unit of annotation, due to its naturally emerg-
ing boundaries (Sacks et al., 1974). Using this
scheme, they annotated an audio-visual 8-hour
human-human conversational corpus with the pur-
pose of implementing multimodal engagement de-
tection. A set of multimodal behavioral cues, involv-
ing prosodic, morpho-syntactic and mimo-gestural
information, was found to be the most informative
set of features. When focusing on conversational
scenarios, multiple works have investigated how
other modalities contribute to modeling engage-
ment, assuming linguistic information as the bare
minimum of verbal interaction. The visual modal-
ity, e.9. eye movements, posture, facial expres-
sions, and other behavioral cues have shown suc-
cessful contribution to automatic engagement de-
tection (Ishii et al., 2013; Huang et al., 2016; Sun
etal., 2017; Dermouche and Pelachaud, 2018; Ben-

Youssef et al., 2019). Several studies suggested
employing physiological data for engagement mod-
eling, due to its known correlation with cognitive
processes (Sarkar and Etemad, 2020; Singh et al.,
2024). This data thus might better reflect a person’s
internal state (such as engagement) compared to
visual data. The current dataset includes engage-
ment annotations of conversations coupled with
functional MRI (fMRI) data. This non-invasive brain
imaging method allows for continuous recording of
the participant’s brain activity during a task, such
as conversation. In an fMRI setup, a participant is
lying in the fMRI scanner while perceiving experi-
mental stimuli (e.g. visual, auditory, or olfactory).
This method inherently limits participant’s freedom
of movement (see Limitations), but does not require
invasive sensors that would interfere with cognitive
processes. Both affective and linguistic processes
have been widely studied with fMRI, which makes it
an excellent novel modality to investigate complex
internal state such as engagement. Only one previ-
ous dataset includes fMRI data for human-human
and human-robot conversations (Rauchbauer et al.,
2020), however the interactions in this dataset are
too short (1 minute) to establish engagement varia-
tion. The MRI setup, while adding a valuable novel
modality, comes with additional challenges and lim-
itations. Often, data for annotation comes from
an excellently controlled experimental environment
with highly sensitive microphones and several cam-
era angles. Given the contribution showed by the
visual modality, most if not all of the multimodal
engagement annotations to a large extent rely on
visual data. For instance, in the audio-visual study
by Dermouche and Pelachaud (2018), speech was
even filtered to be rendered incomprehensible while
preserving prosodic features. The specifics of the
MRI setup for this dataset created particular chal-
lenges for engagement annotations: as such, ob-
taining visual data was not possible, and audio
data was noisy due to the MRI scanner background
noise. Thus, while the annotators were on the one
hand more limited in the cues they could rely on,
they focused on the other hand on the details of
participants’ speech that expressed their internal
state.

3. Method

3.1.

The data for the current study comes from a dataset
collected by the current authors' (Torubarova et al.,
2025). In this dataset, 50 participants engaged in
three unscripted 10-minute conversations with a
confederate in a between-subject design: 30 par-

Data

"https://openneuro.org/datasets/
ds004996
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ticipants conversed with a human agent (HHI con-
dition; mean age = 26.8, SD = 4.2, 15 female),
and 20 with a robot agent remotely operated by
the same confederate (HRI condition; mean age =
25.1, SD = 5.5, 10 female). All participants and the
confederate were native Swedish speakers.

The study used a social robot Furhat
(Al Moubayed et al.,, 2012) - a robotic head
with a back-projected face, capable of a wide
range of facial expressions and head movements.
The robot was operated via a teleoperation
interface, where the confederate was wearing a
VR headset equipped with several cameras and
an eye tracker, which captured the confederate’s
facial expressions, lip sync, eye movements, and
head movements, and displayed them on the
robot’s mask and moved the robot’s neck servos in
real time. To approximate the content and voice
quality in the two conditions, in both of them, the
confederate was talking to the participants using
her real voice.

The conversations were centered around ethical
dilemmas, chosen to establish a potentially engag-
ing 10-minute conversation. For each participant,
the topics were pseudo-randomly sampled from a
set of six, ensuring equal distribution: 1) Should
we have robot judges that use machine learning
to make decisions? 2) Would you take a DNA test
before a first date with a potential partner? 3) If we
invent a pill that stops aging, but only 5% of people
can use it, should it be allowed? 4) Would you put
a microchip in your arm with your personal data?
5) Should we have an app that allows parents and
children to track each other? 6) Should we have
a points system in society in which you can gain
or lose social benefits for following or breaking the
rules? The participants gave their opinion about
the idea presented in the dilemma before and after
conversation of a 5-point Likert scale, where 1 is
"completely disagree" and 5 is "completely agree”.
The confederate’s opinion on these topics was sta-
ble throughout the experiment, i.e. 1,5 - pro, 2, 3 -
neutral, 4, 6 - against.

To enable variation in conversational engage-
ment, it was manipulated via the confederate’s be-
havior across the three conversations with each
participant using the cues established in previous
studies: amount of backchannels, level of reactivity
when addressed or asked a question, and level
of proactivity in moving the conversation further.
The manipulation created three distinct confeder-
ate’s roles: Passive Listener, Active Listener and
Engaged Communicator (for simplicity, we will re-
fer to these conditions and low, medium, and high
engagement levels throughout the paper). Thus,
every participant experienced all three levels of en-
gagement with one of the agents and a random set
of three ethical dilemmas.

In the study, participants were lying in an fMRI
scanner recording their brain activity. They were
connected to the confederate located in a separate
room, via a bidirectional audio link (using noise-
cancelling earphones and a microphone) and a
unidirectional video link. A participant could see
the confederate on a screen, but not vice versa, due
to hardware limitations: the MRI head coil placed
over participant’s head does not allow to record
participant’s full face, but allows the participant to
have a non-obstructed view of the screen. Thus, to
focus on participants’ conversational engagement,
only audio recordings of the conversations were
used for annotation. Data from two participants in
the HHI condition were not annotated due to poor
audio quality, thus, data of 48 participants were
annotated and analyzed.

3.2. Data Preprocessing

Conversations were recorded via two separate
channels for the participant and the confederate.
Since the fMRI scanner created a lot of background
noise, the participant’s audio was denoised online
during the experiment to establish a natural con-
versation. Our dataset includes both the raw audio
and denoised audio using Adobe Enhance Speech
v22, which provided optimal speech quality for the
annotations. The audio from both interlocutors was
transcribed using Google Cloud Speech-to-Text?,
and the transcriptions were manually corrected by
two native Swedish transcribers. Each conversa-
tion was assigned a unique random ID to avoid
bias for the annotator, who was aware of the de-
sign of the study but did not know the confederate’s
level of engagement or participant ID in a given
conversation.

3.3. Turn Definition

To define a turn, we followed the definition in Pellet-
Rostaing et al. (2023): a turn consists of a se-
ries of consecutive intra-pausal units (/PUs, blocks
of speech surrounded by silence of at least 200
ms) from the same speaker until the next speaker
change (see Fig. 1). A turn ends when the current
speaker stops speaking and the other one picks up
the turn. In case of overlap, the turn is assigned to
both interlocutors. To define the IPUs, the start and
end timestamps of speech segments from both
interlocutors were automatically extracted using
Silero Voice Activity Detector (Silero Team, 2024)
with 200 ms minimum silence threshold. Both
recordings were aligned in time and IPUs were
merged into turns using pympi, a Python module

?https://podcast .adobe.com/en/enhance
Shttps://cloud.google.com/
speech-to-text
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SpeakerA | IPU IPU back-
channel
Speaker B IPU IPU IPU
Speaker A turn |
Speaker B turn

Figure 1: Example of a series of IPUs merged into
a single turn.

for processing ELAN files (Lubbers and Torreira,
2018).

Turn definition in Pellet-Rostaing et al. (2023)
attributed an IPU to the current speaker’s turn un-
less it constituted a feedback, or a backchannel,
since "backchanneling is by definition an activity
of a listener". In our data, backchannels were not
previously annotated and were instead tagged dur-
ing engagement annotation process. Thus, the
automatic turn parsing would occasionally merge a
backchannel IPU with the other IPUs constituting a
turn. For this reason, the boundaries of each turn
were manually checked by the annotator and cor-
rected if needed. In Pellet-Rostaing et al. (2023),
turns shorter than 1 second were removed from
the annotation process, but in our data, all turns no
matter their duration, were preserved.

3.4. Annotation Process

Two annotators were employed: the main annota-
tor worked on 100% of the data, and the second
annotator did 10% of the data to assess annotation
scheme reliability. Both were native Swedish speak-
ers with an experimental linguistic background. An-
notations were created in ELAN (Wittenburg et al.,
2006). For each conversation, an EAF file was
created containing both raw and denoised partici-
pant’s audio (raw audio was included in case noise
reduction made speech hard to comprehend), the
confederate’s audio, and speech transcriptions of
both interlocutors. Three additional tiers were cre-
ated: 1) an engagement annotation tier containing
time boundaries of each participant’s turn to be an-
notated; 2) an annotation confidence tier with the
same boundaries; 3) an empty backchannel tier.

For each conversation, the annotator’s task was
to annotate the level of conversational engagement
in each participant’s turn on a scale from 1 to 5,
following the annotation scheme in Pellet-Rostaing
et al. (2023):

* Level 1: strongly disengaged
* Level 2: disengaged

* Level 3: neutral

* Level 4: engaged

 Level 5: strongly engaged

For this rating, the annotator was asked to keep
in mind three guideline questions, as taken from
Pellet-Rostaing et al. (2023):

1. How willing is the participant to contribute to
the progress of the conversation?

2. How invested is the participant in what he/she
is saying?

3. How interested is he/she in the conversation?

If a turn consisted of only a backchannel (for
definition, see 3.5.2), the annotator was asked to
move this turn to the backchannel tier and not as-
sign an engagement score. The annotator was
also informed that occasionally, the turn boundaries
might erroneously include a backchannel. In this
case, the annotator was asked to correct the turn
boundaries (see 3.5.1). Only the main annotator
completed these tasks, and the second annotator
worked with already corrected data.

In addition, for each engagement annotation the
annotator was asked to rate his own confidence in
the given annotation on a scale from 1 (not confi-
dent at all) to 5 (completely confident).

During the annotation process, which spanned
two months, the main annotator formulated more
fine-grained criteria to support their annotation judg-
ments, as presented in section 3.6.

3.5. Annotator’s Guidelines

3.5.1. Correcting Turn Boundaries

The annotator manually checked automatic turn
boundaries and corrected them if necessary, fol-
lowing these guidelines:

1. Aturn starts when the participant starts speak-
ing, and it does not constitute a backchannel.

2. A turn ends if the participant stops speaking
and their partner starts speaking, and the part-
ner’s speech is not a backchannel.

3. Aturn ends if the participant responds to some-
thing their partner is saying. In these cases, a
turn ends and a separate turn begins shortly
thereafter.

3.5.2. Backchannels Definition

The annotator manually tagged IPUs as backchan-
nels. Since there is no single definition of what clas-
sifies as a backchannel (Schegloff, 1982; Kjellmer,
2009), the annotator followed these guidelines,
comprising features of backchannels identified in
previous research:

1. Backchannels are utterances made to indicate
that a person is listening, and do not serve a
communicative function beyond giving feed-
back.

2. They are mostly short vocalizations. They do
not carry much, if any, semantic information.
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Managing

Disengaged Conversation Engaged
1 2 3 4 5
Fails to engage Struggles to engage  Seems to be poten- Engages so that con- Engages with
tially disengaging versation flows natu- vigor

Displays signs of
discomfort

Repeats a lot of
what has already
been said

Does not intro-
duce new ideas

Does not appear
to be listening

Displays a lot of
disfluencies

Takes long pauses

Moves the conversa-
tion forward, but not
much

Does not display ef-
fort

Asks the interlocutor

to help them by taking
the turn
Displays increased

amount of disfluen-
cies

Uses the turn barely
to support conversa-
tion structure

Uses the turn to
exchange information
necessary for conver-
sation

Asks for clarifications

Helps the interlocutor
to find words

Uses phatic expres-
sions

rally

If displays struggle,
not for lack of interest

Moves the conversa-
tion forward

Introduces new ideas

Asks interlocutor for
input out of interest in
what they have to say

Finds the topic inter-
esting

Shows excitement
or fascination

Frequently intro-
duces new ideas

Speaks  louder
than normal

Exchanges turns
quickly

Displays a high
speech rate

Table 1: Description and common indicators of 5 levels of speaker’s conversation engagement.

3. They do not serve the intent to interrupt a per-
son speaking or take over the turn.

It is not always obvious what is and isn’t a
backchannel. For example, a person might initiate
their turn by making a vocalization that is identi-
cal to a backchannel. In these cases, it was up to
the annotator’s judgment and intuition to determine
what was considered a backchannel.

3.6. Refined Conversation Engagement
Annotation Scheme

To extend the annotation guidelines in (Pellet-
Rostaing et al., 2023), the annotator comprised
descriptions of each level of engagement, along
with common indicators that usually occur at that
level (Table 1). Indicators are neither sufficient nor
necessary conditions for identifying any level of en-
gagement. An engagement level might not exhibit
all indicators simultaneously, and indicators from
different levels might co-occur. The indicators are
to guide the annotator’s judgment, not supplant it.

* Level 1: Strongly Disengaged

A speaker is strongly disengaged when they do not
contribute to the conversation in any substantial
way. Strong disengagement does not necessar-
ily indicate that the person is unwilling to engage,
but rather describes their lack of ability to do so.
However, if they are unwilling to contribute to the
conversation, they are almost certainly strongly dis-
engaged.

 Level 2: Disengaged

The speaker does partake in the conversation, but
to a very limited extent. They show difficulty con-
tributing to the conversation, in spite of a willing-
ness to do so. The effort put into the conversation
often seems forced. The speaker might employ
some strategy to aid the conversation in place of
a relaxed conversational flow, such as monologu-
ing by themselves or searching for new topics to
introduce.

+ Level 3: Managing Conversation

At this level, the speaker displays neither high nor
low engagement. It consists in large part of expres-
sions that benefit the conversation (e.g., ensuring
or establishing a common ground on the topic), but
do not contribute to the meaningful parts of it or
move it forward. Much of it consists of language
that serves a barely functional role: to establish
mutual understanding, to prevent misunderstand-
ings, or as conventional gestures made during con-
versation with little meaning otherwise (i.e, phatic
expressions). It also likely displays that the speaker
is potentially shifting from a higher level of engage-
ment to a lower one, e.g. if conversation enters
a phase in which the current topic at hand is ex-
hausted, but the interlocutors do not move on from
it immediately, in case one of the parties finds more
to say about it.

* Level 4: Engaged

The speaker is engaged in the conversation. It
flows mostly unhindered and seems mostly effort-
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less. The speaker contributes significantly to the
conversation, is attentive to their interlocutor, or has
much to say about the topic. The speaker might still
struggle, but not due to lack of interest: e.g. pause
to think or rephrase what they said several times,
stutter, or search for the right word or expression.

* Level 5: Strongly Engaged

The speaker makes a strong contribution to the
conversation and is an eager participant. They
engage with the conversation more than would be
expected, e.g. frequently jumping from topic to
topic before finishing the previous one. Turn taking
is rapid, and does not leave much if any silence
between the turns. The interlocutors might have
their speech overlap. The speaker might display a
strong emotion (most often enjoyment, but possibly
also frustration or anger), or speak louder than
usual.

4. Dataset Description

The resulting dataset includes turn-by-turn anno-
tations of conversational engagement from 28 par-
ticipants in the human-human group and 20 in the
human-robot group, corresponding to 840 and 570
minutes of dialogue, respectively (see Table 2).

Agent Condition Eng. Condition Turn Count
High 513
Medium 538
Human (N=28) Low 350
Total 1,401
High 426
Medium 437
Robot (N=20) Low 305
Total 1,188

Table 2: Distribution of annotated turns by agent
and engagement conditions.

The distribution of the number and duration of
turns in the dataset is presented in Figure 2, to-
gether with comparisons by agent condition (hu-
man/robot) and predefined engagement condition
(high/medium/low).

4.1. Inter-Annotator Agreement

To check for annotation scheme reliability, the sec-
ond annotator first annotated a 10% subset, con-
sisting of three random participants from HHI con-
dition and two from HRI condition, following the
original guidelines provided in section 3.4. Then
the two annotators had a two-hour meeting dis-
cussing the instances of disagreement (specifically,
the second annotator used the scheme more con-
servatively, skewing towards higher scores), and

Annotation Class % Agree- Cohen’s
ment kappa

Disengaged (1-2) 51.43

Managing Conversation (3) 76.19

Engaged (4-5) 73.44

Overall 65.19 0.441

Table 3: Inter-annotator agreement on a 10% sub-
set of the data, by annotation label.

the main annotator introduced the fine-grained an-
notation scheme. Then, they annotated two con-
versations together to practice using the annotation
scheme. Then the second annotator annotated
another 10% subset with a different set of partici-
pants, consisting of 270 turns, following the refined
guidelines provided in section 3.6. In this subset,
the main annotator used the labels 1 and 5 two
and nine times, respectively, while the second an-
notator used label 1 once and never used label
5. Given this rarity and inconsistent use of the ex-
tremes, to calculate inter-annotator agreement, we
collapsed levels 1+2 and 4+5. Moderate agree-
ment was established between the annotators with
Cohen’s kappa x = 0.441. The percentage agree-
ment across classes is presented in Table 3.

4.2. Annotations Distribution

The distribution of engagement annotation labels
is presented in Figure 3. Extreme labels (1 and
5) were rare, comprising 0—6% and 5-7% in the
human condition and 0-1% and 2-3% in the robot
condition, respectively. To investigate how the an-
notations correspond to predefined engagement
conditions, we fitted a cumulative link mixed-effects
model with agent condition (human/robot), engage-
ment condition (high/medium/low), plus random
intercepts for participant and dilemma, with coeffi-
cients on the log-odds scale. The estimates with
comparisons across conditions are presented in
Figure 4.

4.3. Backchannels Distribution

The dataset includes manually tagged participant’s
backchannels. While backchannels represent the
activity of a listener and engagement annotations in
this dataset represent the activity of a speaker, we
were interested in how these two roles in a conver-
sation might influence each other. The distribution
of backchannel count with comparisons across con-
ditions is presented in Figure 5.

4.4. Stance Adjustment Distribution

Previous analysis of the original dataset in
Torubarova et al. (2025) showed that participants
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Figure 2: Model-estimated turn statistics by agent (human/robot) and engagement (low/medium/high)
conditions. Error bars show 95% confidence intervals. Here and in Figures 4 and 5, colored stars show

within-condition comparisons, grey brackets show between-condition comparisons. Significance:

p < .0001, ** p < .01, n.s. p > .05.

Human

high | 10% 41% I 48%
med | 22% 32% | 46%
low | 38% 34% I 28%

L
100 50 0 50 100

Percentage
I 66%

med | 24% 25% I 51%

Robot
I

Engagement level

high 5% 29%

low | 35% 26% | 39%
100 50 é 50 100
Percentage
Label [l 1 ]2 ]300 4 M5
Figure 3: Engagement annotation distribution by
agent and engagement conditions.

were more likely to change their opinion on the
dilemma after a conversation with a human com-
pared to a robot. Here, we investigated whether
they were more likely to align or disagree with the
confederate in different conditions. We encoded
the confederate’s stance on each dilemma on a
5-point scale as 1 - against, 3 - neutral, 5 - pro, and
calculated whether the distance between partici-

*kkk

Predicted Mean Annotation (log—odds scale)
— N

o

|
-

low medium high
Engagement Level

condition human =@- robot

Figure 4: Predicted annotation by agent and en-
gagement conditions from a cumulative link mixed
model with post-hoc Tukey’s HSD. Points are esti-
mated marginal means on the latent log-odds scale
with 95% Cls. Significance: *** p < .001, ** p < .01,
n.s. p> .05

pant’s and confederate’s opinions changed after
having the conversation. One participant’s opin-
ion data was missing, thus 47 participants were
analyzed. The distribution of stance adjustment is
presented in Figure 6. For the cases when partici-
pants adjusted their stance, a mixed-effects logistic
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Figure 5: Average number of backchannels by
agent and engagement conditions, estimated using
a linear mixed-effects model with post-hoc Tukey’s
HSD. Error bars show 95% Cls. Significance: ****
p < .0001, *** p < .001, n.s. p > .05.
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100%
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Percentage of conversations
n [4))
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0%
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Engagement level

medium high

Opinion change disagree no_change align

Figure 6: Distribution of stance adjustment before
and after conversation with respect to the confeder-
ate’s stance, by agent and engagement conditions.

regression model showed significantly higher odds
for aligning with the confederate rather than dis-
agreeing (p = 0.003)

5. Conclusion and Future Directions

In this paper, we introduced CONVERSE, a dataset
of fine-grained conversational engagement anno-
tations applied to 25 hours of interaction from the
multimodal NeuroEngage corpus (Torubarova et al.,
2025). To the best of our knowledge, this is the
first dataset to annotate engagement on a turn level
in human-human and human-robot data within the

same study. Inclusion of both types of agents al-
lows for a direct comparison to uncover the cues
that build engagement with artificial agents, en-
abling the development of more socially aware
robots.

The dataset includes transcribed and annotated
conversational turns (in Swedish) and manually
tagged verbal backchannels. The current dataset
extends our previous multimodal corpus that in-
cludes brain imaging (fMRI) data alongside eye
tracking, audio and speech features, personality
and stance measures, offering the research com-
munity a novel resource for investigating engage-
ment from behavioral and neural perspectives.

Our refined, fine-grained annotation scheme pro-
vides a robust framework for analyzing conversa-
tional engagement at the turn-by-turn level, show-
ing moderate inter-annotator agreement (x = 0.44),
similar to previous datasets annotating complex af-
fective states (e.g. Ringeval et al. (2013); Poria et al.
(2018)), despite the challenging MRI setup and no
access to visual data. For this dataset, the extreme
engagement labels (1 and 5) were comparatively
rare, likely due to the absence of visual cues that
often signal extremes (e.g., smiles, gaze aversion,
nods, posture shifts). Despite these constraints
and our choice to elicit natural conversations rather
than provoke extreme states, annotators achieved
good agreement in neutral and high engagement
classes. The annotation scheme can be applied
to any conversational data, not limited to an MRI
setup, as it includes various linguistic indicators of
engagement, and can be further enhanced with
visual indicators. Our results show that reliable en-
gagement annotation is feasible from audio-only,
in-scanner conversations. We maintain the 5-level
scheme as the canonical release for fine-grained
analyses, and we provide a 3-level mapping for
robustness in low-data scenarios that are limited in
visual modality such as ours.

This dataset opens several exciting avenues
for researchers at the intersection of multimodal
machine learning, human-robot interaction, and
cognitive neuroscience. Our analysis, confirming
both the successful manipulation of participants’
engagement and differences in opinion change be-
tween partners, provides a rich foundation for this
work. For machine learning, CONVERSE provides
a unique opportunity to integrate brain imaging as
a new modality, allowing researchers to explore
how neural activity correlates with annotated en-
gagement to create models that understand the
internal cognitive signatures of engagement, not
just its external cues.

Future work will build on these foundations. First,
we will use the time-resolved engagement annota-
tions to clarify the role of specific brain networks,
such as the default mode network, to distinguish be-
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tween mind-wandering due to disengagement and
internal processing necessary for comprehension.
By correlating our turn-by-turn annotations with
neural data, we can build more sensitive models
of the brain networks that support engagement in
both speech production and comprehension. Sec-
ond, the multimodal nature of CONVERSE opens
the door for advanced cross-participant modeling,
using methods like multimodal transformers and
hyper-brain analyses to capture inter-brain cou-
pling. We anticipate this work will stimulate inter-
disciplinary research, bringing the field closer to
machines that not only recognize engagement be-
haviorally but also model it in ways informed by the
human brain.

Data Availability

The dataset is available at https://github.

com/tor-e—i/CONVERSE. It includes engage-
ment and backchannels annotations alongside con-
versational transcriptions and study metadata in
.csv and .json formats, detailed annotation instruc-
tions, the .eaf files used for annotation, and the
supporting code.

Limitations

As the dataset contains annotations of MRI-based
conversations, one must acknowledge the inherent
limitation this method poses on the naturalness of
the interaction. Due to hardware constraints, a so-
lution for recording participant’s face inside the MRI
scanner has not yet been found. Because of that,
the interaction was not fully reciprocal since the
confederate could not see participant’s face, and
the dataset does not include participant’s video.
Despite no reported discomfort by the participants,
it is important to keep in mind that MRI setup lim-
its participants’ movement, and background noise
might have forced participants to speak louder than
usual. The dataset offers both raw noisy and de-
noised audio. Although the audio was denoised
using a state-of-the-art speech enhancing model,
a certain level of artifacts is inevitable; thus this
audio might not be reliable for analyzing prosodic
features. The noisy raw audio, however, can be a
testing ground for relevant algorithms.

Turn-based annotations provide a linguistically
motivated scale. However, in the current dataset,
turn duration varied across conditions and could
have varied within a single conversation. Some
turns spanned a long time, and engagement may
vary within a single turn. Thus, further exploration
into the most suitable engagement annotation unit
is necessary.

The audio-only annotation setup resulted in spar-
sity at the annotation extremes (1, 5). While it re-

flects our design choice to favor ecological dialogue
rather than targeted induction of very low/high en-
gagement, this sparsity can reduce statistical power
for class-based metrics and inflate variance. Col-
lapsing to 3 levels improves reliability but sacrifices
granularity; researchers should choose the best
representation that matches their task.

Ethical Statement

This study builds on a previously collected dataset,
and no new data were collected. The original pro-
tocol received ethical approval, and all participants
provided informed consent prior to data collection,
being informed about the terms of data storage and
distribution. To protect personal data, we apply
GDPR-compliant safeguards.

Researching conversational engagement has
ethical significance beyond methodological issues.
Because conversation is fundamental to social con-
nection, empathy, and attentive interaction, study-
ing and modeling engagement has important soci-
etal implications, particularly for the development
of socially aware conversational agents. By under-
standing how engagement unfolds in both human
and human-robot interactions, this work contributes
to developing systems that can interact with users
more responsibly. We also recognize that tech-
nologies capable of modeling internal states like
engagement could be misused for manipulative or
deceptive purposes if not developed with robust eth-
ical safeguards. We acknowledge potential risks
(e.g., re-identification, stigmatizing inferences) and
limitations to discourage misuse, and we recom-
mend responsible use of this data in human—human
and human-robot studies.
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