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ABSTRACT
Video meetings are notorious for difficulties with conversational
turn-taking, which has impacts on inclusion and outcomes. We
present a scalable automatic process to categorize turn-taking pat-
terns in remote meetings based on eyes-off analysis of meeting
transcripts. Drawing on a series of remote meetings (10 series, 34
total meetings) recorded in July-August 2021 by employees of a
global technology company, we identified and parametrized pat-
terns of cooperative and competitive overlaps of turns. The results
show initial success characterizing people’s behaviours as either
likely to continue or cede turns based on either the amount of over-
lap that they produce during other’s turns or the amount of overlap
they experience in their own turns. With further development and
validation, this method could be used to measure inclusion in re-
mote and hybrid meetings.
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1 INTRODUCTION
Video meetings have longstanding challenges and opportunities
for inclusion, many of which were exacerbated or highlighted
during the COVID-19 pandemic [3]. One fundamental challenge
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is that cooperative competitive overlaps in conversational turn-
taking, which are natural to dynamic conversations, are distorted
by videoconferencing’s asymmetrical perspectives [26] and aggra-
vated by network jitter and latency [16, 17, 38]. Endless droning
by one participant who refuses to yield the conversational floor,
repeated false-starts, and missed opportunities to take the floor
are all common spectres haunting video meetings [8, 9]. Meeting
analytics may assist organisations improve meeting practices by
providing insights on turn-taking behaviour. While technology will
improve, at least a subset of problems arising turn-taking occur
because people are socially blind to what is happening regard-
less of the technology. The challenge, then, is identifying these
problems. Given that all widely used videoconferencing tools gen-
erate transcripts, we propose an automated method for using tran-
scripts to detect cooperative competitive overlaps that is scalable
and privacy compliant within any organisation that uses video-
conferencing tools. As such, our research question was: How can
cooperative competitive overlaps be automatically identified based
on eyes-off processing of meeting transcripts? The findings sug-
gest that the identification of cooperative competitive overlaps
might be leveraged to identify behavioural profiles of meeting par-
ticipants, taking steps towards addressing inclusivity in remote
meetings.

We begin our report with a background on conversational turn-
taking and cooperative/competitive overlaps, and prior work on
quantitative analysis and meeting analytics. We then explain our
methods, including recruitment and privacy, and detailing the cap-
ture, identification, parametrization, and visualization of overlap
patterns. We report an initial set of results from a series of re-
mote meetings (N series∼10; N meetings ∼34) recorded during
July-August 2021 in a global technology company. The results
provide a mapping of the impact of repeated competitive over-
laps (attempts to take a turn) that are rejected, and competitive
overtakes (changes of speakers that happen with an overlap). We
discuss the outcomes of the results with respect to potential met-
rics for inclusive and dominating behaviour in meetings, and how
this may enable group and individual behavioural profiles for
meetings.

2 PRIORWORK
2.1 Overlaps in conversational turn-taking
Speech overlaps are central to dynamic conversational turn-taking
(Schegloff, E.A., 2000; Jefferson, G., 1986) [16, 36]. Simultaneous
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speech is frequently observed in multi-party conversations and
meetings in particular; with studies reporting that 30–50% of all
turn exchanges in multi-party meetings contain some overlap [7,
11, 15]. Some instances of overlaps are cooperative while others are
competitive [36].

Cooperative overlaps such as the ‘continuers’ (Schegloff, E.A.,
2000) [36] or ‘backchannels’ e.g. ‘uh huh’, ‘wow’, “mm”, “yeah” -
provide attention, understanding, or agreement, rather than sub-
stantive content (Yngve, V., 1970 ; Sidnell, J., 2006) [36, 39, 45].
Other types of cooperative overlaps such as acknowledgement
tokens e.g. ‘yeah’, ‘right’ or ‘okay’ (Jefferson, G., 1986) [16] can
enhance turn stability, e.g. endorsing the current speaker by agree-
ing with them. Competitive overlaps are those in which listeners
use various ways of taking the floor from current speakers [20].
There are different degrees to which non-speakers may infringe
upon the rights of the current speaker to be heard e.g. rapport
interruptions, process control interruptions; content control in-
terruptions (Schegloff, E.A., 2000) [36]. Power interruptions are
hostile attempts to take over the floor (where ‘hostile’ ranges from
blithely unaware of disruption to deliberate disruption). These com-
petitive overlaps on may inhibit conversational equity e.g. when a
new speaker’s overlapping leads to a current speaker cutting off
their turn in progress [42]. Repeated overlaps during a turn may
be cooperative, e.g. expressing encouragement, or competitive, e.g.
insistently bidding for a turn. This relationship makes it crucial to
model cooperative and competitive overlap together rather that
separately.

So, overlapping speech is not necessarily the sign of a dysfunc-
tional conversation—this very much depends on what function the
overlaps serve, and both the sequential turn context and the social
context in which they occur [2]. A crucial aspect of context for
video meetings is that meeting function and attendee roles change
over the many meetings in which people are involved. Some be-
haviours may be common to an individual in all meetings, but
others may only occur in certain contexts. Videoconferencing’s
added contextual wrinkle is that latency disrupts both collaborative
and competitive overlaps. Seuren et. al (2021) [38], building on pre-
vious work by [31], show that participants are generally not aware
of latency itself, but treat its effects as meaningful, and frustration
is common.

2.2 Quantitative Analysis of Turn-Taking
There have been many attempts to quantify turn-taking in order
to investigate norms of distribution [6, 10, 22, 23]. In terms of raw
quantification, there has been significant effort to operationalise the
many sociolinguistic theories and definitions to clarify what is and
isn’t a turn by turning to acoustic measures such as 500ms or more
uninterrupted talk spurts [6, 9, 10, 18, 22], and later also classifying
VSUs (Very Short Utterances) [1], such as backchannels [13]. One
step further, work has explored how to predict turn-taking. Levin-
son et al. (2015) [23] studied the timing of gaps and overlaps, the
distribution of overlap durations, and where they start relative to
interlocutors’ turns. Their findings support that a participant in any
given conversation predicts the end of the current speaker’s turn to
prepare their response in advance. Laskowsky’s (2010) [22] model

of turn-taking in multi-party conversation builds upon the auto-
matic processing of conversations with a framework for computing
turn-taking perplexity. Koiso et al. (2010) [19] using a prerecorded
dataset, identified cues in overlapped utterances that elicit early
initiation of a next turn and proposed a model for predicting a
turn’s completion in an incremental manner. Lala et al. (2018) [21]
compare and evaluate deep learning models to predict turn-taking
behaviour, working towards a generalised model that predicts turn-
taking trained on speech and acoustic features. The final step after
understanding turn distribution and prediction is to associate these
with behaviours. Research on this includes Lindley et al [24, 25],
who identified measures for the experience of participating in a
multi-party dialog. These measures include conversational equal-
ity and freedom, conversational fluency, turn overlap, mean turn
duration and turn synchronisation [24, 25]. Post-videoconference
meeting inclusion dashboards that use such measures are currently
trending in HCI research [34, 35] and commercially, such as Read.ai
[31].

As noted above, most prior work focuses on audio conversations,
builds upon speech and audio datasets [19, 21] or reflects on con-
trolled experiments in a limited number of meetings [24, 25]. Recent
work touches upon latency and the potentials of aggregated data to
study turn-taking behaviour in remote meetings [16, 17, 37, 38, 40];
but often do not consider privacy constraints in collecting and using
this data [4, 43, 44]. We contribute to prior work by presenting a
GDPR-compliant method to detect cooperative competitive over-
laps by automatically processing meeting transcripts as the input
dataset instead of speech and audio corpora.

3 METHODS
Microsoft Teams videoconferencing was used for conducting the
meetings, with automatic transcription provided via Microsoft’s
speech-to-text service [27]. Teams transcripts are generated real
time with time-segmented and time-stamped speaker-attributed
conversations. These transcripts are downloadable in VTT (time-
aligned) format. A custom application was developed to process
these transcripts and store extracted data in a secure GDPR-
compliant database (see details in appendix 3.1). The application
automatically de-identified participants’ personal data, assigned
unique IDs to meetings, and extracted selected participationmetrics.
It was possible to track a person’s ID within a series of meetings
but not identify them. This data was then exported and analysed for
turn-taking patterns. Meeting metrics were then used for visual and
statistical analysis: a) Seconds of talking per participant (each turn),
b) Times talking (sum of turns), c) Start of talking per participant
(milliseconds), d) Length of each talking interval (milliseconds), e)
number of words spoken in each turn (word count).

Data was visualized as a timeline graph (see appendix 3.2), with
each timestamped speech segment plotted along the X axis in mil-
liseconds. Initially, overlap patterns were visually identified using
these graphs, and validated using eyes-on transcripts using a few
of the author team’s internal meetings. Additional operationalisa-
tion parameters of the visual patterns were further derived from
descriptive statistics of turn-length distributions. A subset of coop-
erative & competitive overlap patterns was selected for automatic
identification in the sum of data.
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3.1 Participants and meetings
We recruited n∼52 participants for the study. This was a conve-
nience sample of three project groups in a global technology com-
pany, with varied numbers of people in the regular meetings. Meet-
ing attendees and owners all consented to their regular meetings
being transcribed and used for research purposes. They met in regu-
lar project/status meetings across the organization. The researchers
had no access to the transcript content, and all original files were
deleted after their processing was complete, protecting the privacy
and confidentiality of the groups involved. An IRB (ID: 10116) board
authorized the processes and conduct of the study.

3.2 Latency
Measuring turn-taking in videoconferencing is difficult because of
the idiosyncratic effects of network conditions. As noted above,
latency and jitter [16, 17] are potentially quite disruptive to turn-
taking in videoconferencing [38, 40]. Truly millisecond precision
in the timing and duration of turns and overlaps between speak-
ers would require audio recording at all endpoints and a complex
formula for differences between endpoints and the cloud. The Mi-
crosoft Teams service produces a unified time-segmented transcript
that reflects the cloud-mixed received audio rather than true end-
point audio, which makes measuring latency difficult. As such, we
sought a way to reduce effort but enable consistent analysis. In
a quick experiment, the authors clapped at successive times in
rotation while recording themselves on phones and in Microsoft
Teams. We compared the synchronized clips in Adobe Premiere
and estimated a ∼0.24s return delay. This made us reconsider the
character of the overlaps smaller than 0.24s, because transcribed
as an overlap might be perceived as a gap by some speakers, and
vice versa. Therefore we excluded overlaps and gaps below 0.24s
from our analysis; equal to 9% of all data. While acknowledging the
constraints this imposes on accuracy, it saves much effort and time,
and its consistency allows us to treat a certain size of overlaps as
indetermined. Taking this error margin taken into consideration
provides a common basis for analysis.

4 RESULTS
4.1 Visual Pattern Identification
Our first step was to analyse overlaps in some of own meetings,
using Conversation Analytic methods from the work above (e.g.
Schegloff, E.A., 2000) [36] and then visualize them in a manner
similar to PauseCode [1], one example of which is shown in 1. Ad-
ditionally, we documented patterns of conversational continuity,
such as the repeated interchange of turns observed in the begin-
ning or the end of the meeting, to characterize meeting types, and
potential participant roles. We then conducted a quantitative anal-
ysis to assist with parametrizing the visually observed pattern. We
plotted the duration distribution of all continuous speech utter-
ances in the meeting to characterize the average size and distri-
bution of each turn as transcribed. Median of turns was placed
at ∼2.4s (Median=2.38s, Mean=4.37s, Sd=5.146) indicating a fast-
pasted conversation. Microsoft Teams software transcribed many
short utterances (Mode=0.39s, 0.50s, 0.53s, 0.54s, 0.59s). We plot-
ted the distribution of short utterances <2s to better understand

their size and variation; this gave a Mean=0.92s and Median=0.77s,
comprised by 1 (52%) and 2(17%) words (see appendix 4.1, 4.2).

Based on this analysis, Table 1 shows the identified overlap pat-
tern categories. We highlighted the short overlaps (Mean=0.92s,
Median=0.77s) occurring repeatedly within turns and in the begin-
ning of an overtake (change of turn) as the most promising patterns
for further investigation. Eyes-off analysis makes it hard to tell
which patterns are purely competitive or cooperative, but some
assumptions can be made. Pattern 6, a repeated overlap, may be a
competitive attempt to take a turn or a cooperative backchannel.
Similarly Pattern 7 may be a cooperative backchannel near the
anticipated end of turn, or an intentional competitive interruption
that results in a short pause that makes time for an overtake. Pat-
tern 2 is likely cooperative due to the pauses (either a short pause
at transition relevance place or the end of a turn) which provide
time for an overtake. Patterns 3 and 8 are likely cooperative given
the short length of the speech and overlap, their position in the
beginning of a turn, and given that they are not repeated within
short intervals. Patterns 4 and 10, on the other hand, are competi-
tive, because a long overlap in the beginning of a turn is a strong
indicator of competition for a turn. Patterns 1 and 9 present turn-
taking patterns in different phases of the meeting. Pattern 1 shows
short turns and long pauses between the turns with no overlaps,
often observed at the beginning or the end of the meeting, and
often the first speaker is the owner or moderator of the meeting.
Pattern 9 also presents short alternating turns, but with overlaps
and shorter pauses between turns. This faster pace and potentially
competitive talk was observed during the middle or towards the
end of the meeting.

We saw some of latency effects in our analysis. Often speech
segments appeared with a very minor overlap (∼0.2s) slightly de-
layed from the expected transition relevance place. Latency impacts
the reception of the other’s turn and increases the likelihood of
speaking with overlap due to delayed signal. A likely example can
be found in Figure 1, Pattern 7, where there is a slight delay in the
response of P0. Still, we don’t know if that is a delay generated
by the equalization of response times by the transcription service,
a delayed response due to latency that was then transcribed as
such, or a competitive overlap that was transcribed as such. This
provided a further reason for treating gaps/overlaps smaller than
0.24s as indeterminate in the current method.

We then expanded our visual analysis to eyes-off examples from
full data set. Figure 2 shows a visualization from one meeting in
which we identified the occurrence of Pattern 5: isolated overlap,
Pattern 6: repeated overlap (cooperative or potentially competitive),
7: discussion with overlaps (competitive), 4: overtake with overlap
(competitive) and 10: continuous overlap (competitive). We noted
observations in each of pattern instances, making further interpre-
tation of the turn-taking behaviour. In this meeting, we observed
that P3 was talking for long time, and P3 also started the meeting.
The assumption is that this person is giving a talk or a presentation,
which was confirmed afterwards with the meeting participants. We
observed that in meetings presentations, continuous uninterrupted
turns (>3s) are often observed throughout the whole meeting, with
no overlapping segments, occasional discussion segments (Pattern
9), and a fewer overtakes with overlap (Pattern 4). We observed
P3 being interrupted by P1 (Figure10) with small overlaps – but it



CHI ’22 Extended Abstracts, April 29–May 05, 2022, New Orleans, LA, USA Eleni Margariti et al.

Figure 1: Patterns 5: Isolated overlap; 4: Overtake with overlap; 6: repeated overlap; 7: overlap at the end of turn

was unclear if these were competitive or not. As we examined the
whole meeting, we observed that P3 was giving more room to P1 an
overtake than to P4; with an extreme competitive overlap pattern
(Pattern 10) observed between them. This example illustrates the
potential of this type of analysis to show recurring patterns of com-
petitive & cooperative overlaps, which may later allow profiling
turn-taking behaviours of meeting participants and relationships
between them (see appendix 4.4).

4.2 Automatic pattern identification
Excluding 9% of indeterminate data that fell within the 0.24s over-
lap/gap threshold, we conducted a descriptive statistical analysis of
turn duration, overlap and overtake (change of turn) duration and
distribution the remaining 91% of the full data set. The results of the
distribution of all speech utterances resemble the outcome values
of the initial experiment (Mean=5.14s, Median=2.57s, Sd=6.538s)
and speech utterances <2.4s (Mean=0.89s, Median=0.63s; 53% one
word, 16% two words). These results allowed us to further parame-
trize turn-taking analysis, using 3s (Median=2.57s) as the basis for

the turn size and establishing a sample size ∼0.9 (Mean=0.89s) for
investigating overlaps. We further plotted the distribution of de-
termined overlaps and gaps (>0.24s) for an example meeting series.
Gaps were represented with a negative value, while overlaps with a
positive value. The Mean = -1.45 suggests that there are more gaps
than overlaps between turns in the meeting series. We observed
some large negative values (e.g. long silences), which might have a
wide range of potential technical or social causes and be positive or
negative within the meeting context. The causes and results cannot
be disambiguated by turn-taking patterns alone and would require
some other contextual details. Additionally, we plotted the distribu-
tion of overtakes (e.g. change of interlocutor), and overtakes with
overlap (>0.24s). Using 3s as the average turn size, the percentage
of overtakes was 18%; overtakes with a determined overlap was
15% (see appendix 4.3).

We further investigated a subset of the identified patterns (from
Table 1 ); selecting the ones that were more potentially relevant in
terms of assessing non-inclusive behaviour. These are Pattern 5 (sin-
gle overlap within a turn), Pattern 6 (repeated overlap within a turn),
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Table 1: Patterns

and Pattern 4 (overtakes with an overlap). We were primarily inter-
ested in mapping the turn-taking behaviour when these patterns
occur. As the visual identification of the selected patterns in the
sum of data would be time-inefficient, we developed an automatic
process. We parametrised turns as any speech segment greater
than 3s (when a person talks for equal or more than three sec-
onds). Overlaps were parametrized based on duration (any speech
segment smaller than 3s) and their relative position within a turn
(e.g. excluded those occurring at the end of a turn and continuing
for longer than the turn itself). Figure 3 visualises the turn-taking
behaviour of each meeting participant in the following cases:

• Participant Initiating Turns (Figure 3 A, B, C):
• How often they maintain or abandon their turn if there is
no overlap during their turn (Figure 3 A).

• How often they maintain or abandon their turn if there is a
single overlap during their turn (Figure 3 B).

• How often they maintain or abandon their turn if there are
repeated overlaps during their turn, initiated either by one
or more other participants (Figure 3 C). The person that

initiated most of the repeated overlaps is mentioned as the
main backchannel.

• Participant Initiating Overlaps (Figure 3 D, E, F):
• How often they overtake if they initiate one overlap during
a turn (Figure 3 D).

• How often they overtake if they initiate repeated overlaps
during a turn (Figure 3 E).

• How often overtake if they are the main backchannel
amongst others e.g. initiating more repeated overlaps during
a turn amongst others initiating overlaps (Figure 3 F).

As illustrated above, some participants are much more likely
to continue their turn when there is an overlap than others (com-
paring P3 and P4 in Figure 3 B). In the case of multiple overlaps
occurring (Figure 3 C), the same participants presented the oppo-
site behaviour, with P3 always abandoning turn, allowing main
backchannel or other backchannel to continue (2/3 of the cases);
whereas P4 tended to continue the turn (3/5) allowing 2/3 of the
time the main backchannel to take over. On the other side, when
participants initiate overlaps, we observe P3 initiating the greater
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Figure 2: Identifying patterns in a Meeting of a Meeting Series (ID=4)

Figure 3: Turn-taking behaviour in a Meeting Series (ID=4)

amount of both isolated and repeated overlaps during turns. P3 ap-
proximately took over half of the times when initiating one overlap,
and a bit less when initiating multiple overlaps. Lastly, P3 was able
to take over half of the times when they were the main backchannel
amongst many.

This type of automated and visual analysis can be meaningful
to compare different behaviours of meeting participants within
a meeting series, and may be the basis of developing profiles of
turn-taking behaviours. We calculated the probability distributions
(in percentages) in the sum of data examining the same cases and
patterns as above. Calculating the probability of continuing an ini-
tiated turn (Mean= 63.51%) versus allowing someone to take-over
when no overlap occurs (Mean= 31.2%), implies that for any person
in a multiparty conversation, initiating a turn is twice as likely to
continue their turn than to allow someone else to take over when no
overlap occurs during this turn. Similarly, if a single overlap occurs
during an initiated turn, the probability of continuing the turn or
giving it to the person initiating the overlap are almost similar, with
the second being slightly less likely (Mean = 34.98% and Mean=

31.30%). This illustrates that the impact of a single overlap is sig-
nificant. On the other hand, the probability of a person who did
not initiate any overlap to taking over is limited to Mean=7.4%.
The probability distributions are described in more detail in the
Supplemental Materials (see appendix 4.6).

We further compared the probability that a person initiated a
single overlap during a turn will overtake. In most cases the current
turn continues (Mean= 36.81%). This is 12.76% higher than the
probability of the person who initiated this overlap to overtake
(Mean= 24.05%). The chance that a participant who does not generate
backchannel will overtake someone else’s turn is much lower than
the other two (Mean= 7.55%). We also examined the probability
that the person initiating repeated overlaps during a turn would
then overtake. This case includes a potential attempt to take turn,
and whether an overtake is achieved or not. The results illustrate
that when a person overlaps someone else multiple times, it is more
likely that an overtake will occur (Mean =19.57%) than the current
turn will continue (Mean=12.00%). At only Mean= 2.63% another
speaker takes over.
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5 FUTURE DIRECTIONS
The contribution of this work is to present an automated, scalable,
privacy preserving and specifically, GDPR compliant way of iden-
tifying cooperative and competitive overlaps and their impact on
turn-taking behaviour in remote meetings. This work provides the
basis for assessing meeting inclusion based on a combination of
metrics such as (a) the type, frequency and the amount of overtakes
with an overlap that occur, and (b) the frequency and characteris-
tics of overlaps from the same person during someone else’s turn
that did not result in an overtake (as these are potential attempts
to take turn that are rejected). A key element for future work is
the parametrization of turn-taking patterns and validation of the
cooperative or competitive character of these patterns with a much
larger data set. For instance, the repeated overlap pattern may have
a cooperative or competitive character depending on the amount
of repetition over a given turn, the size of the overlap, and the size
of intervals between these repetitive segments.

The above analysis points to the potential for developing pro-
files of both inclusive and non-inclusive meeting participation [5].
For instance, participants that repeatedly do not cede turn after
multiple overlaps occur and repeatedly overtake with overlap (Pat-
tern 4 from 1) are enacting competitive overlap behaviours. Such
competition may be factor in non-inclusive practices. However, this
should not be judged prematurely without further insight into the
meeting’s context (function, role of attendees) and potentially a
range of cultural indicators such as those proposed by Hofstede
and Hofstede (2005) [14]. A participant with the recurring pattern
above might have an acceptable social warrant for such behaviour
in a particular type of meeting. As such, rich metrics must draw on
and be validated against a range of contextual signals and extensive
real-world testing. Interesting extensions to profiling would be map-
ping relationships between participants based on their turn-taking
behaviour towards other participants; and study how turn-taking
behaviour of the same person is shaped within and between differ-
ent meeting series. Further, since conversation is a group process,
profiles should also extend to groups. It may well be that group con-
textual features have a significant impact on turn-taking, perhaps
more than individual profiles may suggest.

Of course, all individual or group profiling must be developed
with precautions and deep considerations about the ethical and
privacy implications it might have [4, 5, 24, 29, 30, 42]. Labelling
behaviours can prove to be harmful for individuals, and linking
behaviours such competitiveness or domination with race or gender
should be avoided [4]. Domination and competitiveness are often
integral parts of a multi-party communication, so these behaviours
should be highlighted when they repetitively cause harm, exclude,
or undermine others [12, 44, 45] or undermine group wellbeing
[4]. There is therefore much discussion required around how these
profiles will be developed in a manner that is both not biased and
helpful, and how the behaviour tracking information will be used
at an individual and organisational level [24, 30, 44].

The method presented was limited to remote meetings, but turn-
taking in hybrid meetings has significant additional complexities
[33, 34].With technologies enabling speaker attribution in the room,
it is possible to extend the above analysis to address turn-taking
in hybrid meetings. Through characterizing the contribution of

each person in a fully remote meeting series, it may be possible to
measure the impact of being remote or local in a hybrid meeting,
providing scope for understanding the effect of particular forms of
remoteness and configurations of hybrid meetings.

6 CONCLUSIONS
This work contributes a novel GDPR compliant process of auto-
matically identifying and categorizing cooperative & competitive
overlaps from meeting transcripts and identifying the impact of
these overlaps in turn-taking behaviour of participants. Results
showed the impact of overlaps on maintaining or abandoning a
turn is significant, and it varies depending on the number and repe-
tition of these overlaps. This work also sets the basis for developing
participation profiles and potentially assessing both inclusive and
non-inclusive behaviours based on meeting metrics. Future work in-
cludes predicting more turn-taking behaviour based on transcripts,
evaluating meeting inclusion from combined metrics, and exploring
individual and group participation profiles to assess turn-taking
behaviour in different types of meetings, and within both remote
and hybrid meetings.

7 LIMITATIONS
The method’s constraints have to do with the speech-to-text tech-
nology and the timing of the transcripts. We acknowledged many
of these constraints in the Methods section above. We also noted
above that this work shows promising initial results using a small
dataset, which need to be validated with a larger data sample. In
addition, though, it is also likely that application telemetry such
as mute/unmute, reactions, raise hands, and, in particular, the use
of the meeting’s text chat, which has been shown to have effects
on inclusion and accessibility [45], could provide a broader under-
standing of the range of turn-taking behaviour.
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