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ARTICLE INFO ABSTRACT
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Background: Intra-group discussions during actual TBL sessions play a huge role in knowledge consolidation and
learning but are often understudied.

Aims: Using a pre-registered study framework, we examined if participation equity (H1), reciprocal interaction
(H2), information density (H3), mutual understanding (H4), and emotional rapport (H5) affected how much
students learn from their intra-group team-based learning discussions and how they rated their team’s
discussions.

Sample: Participants were 165 undergraduate students assigned to 28 teams.

Methods: Using linguistic, conversational, and socio-affective features extracted from recordings of Year 1 and 2
medical students engaging in team-based learning, each construct was conceptualised at the level of the group
and the individual. We used linear mixed-effects models and competing models approach to establish which of
our metrics best account for the observed variance in individual learning gains and perceived collaboration
quality. The analysis plan was preregistered, including correction for multiple comparisons.

Results: None of our individual-level or group-level metrics significantly predicted individual learning gains. One
of the group-level metrics significantly predicted perceived collaboration quality: reciprocal interaction. Our
exploratory analysis found that individual baseline score of the best performer in the team positively predicted
individual learning gains for others in their team, regardless of other interaction metrics.

Conclusion: While students perceived the highest collaboration quality when turn-taking in their team was evenly
distributed, the strongest predicter of learning gains for a student was the knowledge level of their top-scoring
team-mate. This finding has implications for classroom equity, group formation and activity planning.

1. Introduction teams (Rajalingam et al., 2018), with some educators advocating for

group sizes of four to six (Michaelsen et al., 2007; Parmelee et al., 2012).

Collaboration is common and integrated into educational and work
practices at all levels. As the use of collaborative practices in work and
education have increased rapidly, it has become imperative to under-
stand co-located collaborative experiences as well as its underlying
processes. Despite extensive research on dyads, triads, and remote
collaboration, realistic collaborative learning typically involves larger

Furthermore, in many learning analytics studies, learners are observed
outside of authentic classroom settings (Yan et al., 2023), and in such
environments, collaborative behaviours of learners may well differ from
the published literature.

One instance of large-group collaborative learning is team-based
learning, which emphasises individual accountability and student
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knowledge application through intra-group and inter-group discussions
of problems designed to foster complex thinking and reasoning
(Parmelee et al., 2012). The team-based learning process comprises
three stages and begins with an individual preparation stage where
students engage with learning resources prior to class. The subsequent
stages occur in class where students are assigned to teams of five to
seven (Parmelee et al., 2012; Rajalingam et al., 2018). During the second
stage, the class session begins with students individually answering a set
of closed-book multiple-choice questions (MCQs). These MCQs are
designed to test whether the students have completed the pre-lesson
study materials and give an overview on the foundational concepts of
each lesson (Rajalingam et al., 2018). Students then repeat the same
closed book MCQs in their assigned teams. During the intra-group dis-
cussion, students exchange knowledge and clarify questions and mis-
conceptions (Parmelee et al., 2012; Rajalingam et al., 2018). The team
submits one answer together and are permitted multiple attempts per
question until correct. In the final stage, teams work on open-ended
problem cases and participate in expert-facilitated class-wide
inter-group discussions on the problem cases.

Observations of intra-team discussions during the second stage
revealed variability in teams’ capacity to provide clear and meaningful
justifications, as well as arrive at accurate answers (Koh et al., 2020;
Leupen et al., 2020). Yet, this critical aspect of team-based learning
remains understudied. To understand the impact of authentic team dy-
namics during intragroup discussions on learning and teamwork per-
ceptions, we conducted an examination of intra-group discussions
among team-based learning teams of five to six students. Notably, this
research was conducted in an ecological setting, where students were
recruited from a medical school which uses team-based learning as its
primary pedagogical approach during the first two years of the under-
graduate medical program. Teams were recorded in real-time during
actual classes, capturing their natural interactions and collaborative
dynamics.

Following a pre-registered study protocol (Chua & Styles, 2023;
https://osf.io/jb5a6), we examined if participation equity, reciprocal
interaction, mutual understanding, information density and emotional
rapport affected how much students learn from their intra-group dis-
cussions and how they rated their team’s discussions. We capitalised on
the multimodal nature of speech (Di Mitri et al., 2018; Chua, Dauwels, &
Tan, 2019; Praharaj et al., 2021) by extracting a rich set of linguistic,
conversational, and socio-affective features to examine our constructs of
interest. Each construct was conceptualised at the level of the group and
the individual, allowing us to investigate behaviours from a “person--
plus-surround” perspective (Perkins, 1993). Using this strategy, we
sought to understand how individual students benefit from different
combinations of their own characteristics and the characteristics of their
team-mates during authentic collaboration. In the following sections, we
provide the theoretical framework for each construct, accompanied by
hypotheses of each construct.

1.1. Participation equity

Given the zero-sum game of conversation, achieving participation
equity (Cohen, 1994) — where all members have equal opportunities to
contribute to and build upon the shared epistemic space - is crucial.
Perceived imbalance in individual efforts negatively impact team
cohesiveness, satisfaction and performance (Salomon & Globerson,
1989; Jassawalla et al., 2008; Teng and Luo, 2015). For example, triads
with uneven speaking time distribution, where one member dominates
the conversation, tend to be less effective than those with more even
participation (Kapur, 2008; Borge & Carroll, 2014; Woolley et al., 2010).

In several learning analytics studies, participation equity is often
defined as the variation in outputs among team members, with higher
values reflecting less equitable distribution. Variances in individual
speaking time (Bachour et al., 2010; Bergstrom & Karahalios, 2007;
Borge & Carroll, 2014; Dowell et al., 2019; MacNeil et al., 2019; Shah
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et al., 2014; Woolley et al., 2010), utterance lengths (Lai et al., 2013),
number of words produced (Vogel et al., 2023), speech rates
(Koutsombogera et al., 2018), number of ideas produced by each team
member (Tausch et al.,, 2014) or time spent interacting with
task-relevant objects or shared devices (DiMicco et al., 2004; Marshall
et al., 2008; Cukurova et al., 2020) have been operationalised as mea-
sures of balanced participation.

Despite the growing interest in encouraging and detecting partici-
pation equity, findings indicate that inequities in participation naturally
emerge in ecological settings as individuals position themselves based
on perceived competencies, expertise, or roles (Shah et al., 2014).
Moreover, as team size increases, competition for participation and
coordination costs increase (Holler et al., 2021). Consequently, optimal
strategies for participation in larger groups may differ. For instance, it
can be effective to designate experts to lead the discussion and achieve
superior task outcomes (Cohen & Lotan, 2014; Lewis & Shah, 2015).
Conversely, a team member may contribute sparingly but enhance the
collaboration greatly by interjecting at right times (Strijbos & De Laat,
2010).

Given the critical role of participation in collaboration, we propose
the following hypotheses (Hla and H1b) to explore the impact of
participation equity on multi-party collaborative outcomes.

H1. Participation equity (as a relative proportion of the group’s talk
time) predicts both individual learning gains and perceived collabora-
tion quality, in the following ways:

Hla. The more balanced participation is, the greater the individual
learning gains will be. Individuals who participate more equally (or are
working in teams with others who do so) will receive greater learning
gains.

H1b. The more balanced participation is, the higher the perceived
collaboration quality of team discussion will be. Individuals who
participate more equally (or are working in teams with others who do
so) will rate the collaboration quality of the team discussion higher.

1.2. Reciprocal interaction

Vygotsky’s theory (1978) underpins collaborative learning, empha-
sising mutual engagement and knowledge sharing. Teams that engage in
reciprocal interactions, where members frequently respond to one
another, tend to achieve better collaborative outcomes. Frequent
responding in online collaborative learning is linked to greater indi-
vidual learning gains (Dowell et al., 2019), higher-quality collaborative
products (Woolley et al., 2010; Zhou et al., 2020), and improved
collaboration quality (Stewart et al., 2021). Within co-located collabo-
rative learning scenarios, reciprocal interaction is often operationalised
as speech overlaps (Bassiou et al., 2016; Zhou et al., 2014; Zhao et al.,
2022; Kim et al., 2015), and interrupts (Oviatt et al., 2015) between
students, and have been found to positively correlate with collaboration
task success.

Turn-taking patterns in collaborative discourse can indicate infor-
mation flows and knowledge asymmetries amongst team members
(Damon & Phelps, 1989; Gibson et al., 2019; Popov et al., 2017). In
comparison to dyadic interactions, multi-party turn-taking patterns can
be more complex due to the growing number of possible turn transitions
and knowledge asymmetries among team members, leading to varying
degrees of reciprocal interaction. Multi-party intra-group discussions
may alternate between periods of different students dominating the
conversational floor and intense discussion involving multiple speakers
(Haller et al., 2000; Gibson et al., 2019). Consequently, recent studies
have adopted Shannon’s informational entropy (Shannon, 1948) to
measure variability in turn transitions during multi-party conversations
(e.g., Lai et al., 2013; Wiltshire et al., 2021; Trujillo, 2024). Teams that
have more distributed patterns of turn-taking across team members tend
to be more satisfied with their teams (Koutsombogera & Vogel, 2019; Lai
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et al., 2013) and perform better (Haan et al., 2021).

Given the reciprocal nature of turn-taking, it is also important to
understand where a student may benefit not from just engaging
intensely with their team members but also by virtue of being in a team
with intense reciprocal interactions. The critical role of reciprocal
interaction in fostering effective collaboration underpins our hypotheses
H2a and H2b, stated as follows.

H2. Reciprocal interaction in the team discussion will predict both
individual learning gains and perceived collaboration quality, in the
following ways:

H2a. The more reciprocal interactions occur during team discussion,
the greater the learning gains observed.

H2b. The more reciprocal interactions occur during team discussion,
the higher an individual will rate the collaboration quality of the team
discussion.

1.3. Information density

When individuals collaborate, they balance the act of providing
relevant yet sufficiently novel information during the team discussion.
Collaborative discourse studies highlight that successful teams consist of
team members who enhance previous contributions by providing new
and diverse information (Kauffeld et al., 2018; Andrews-Todd & For-
syth, 2020) and focus more of their discussions on unique and comple-
mentary information among team members (Lu et al., 2012; Stasser &
Titus, 2003). Given that it can be hard to manipulate the amount of
information available to each student in authentic learning settings, the
construction of collaborative learning groups tends to prioritise putting
together members that optimise informational density through diversity
in prior knowledge and individual preparation (Lou et al., 1996;
Michaelsen et al., 2007; Parmelee et al., 2012; Zhang et al., 2016).

While information density may have positive effects on learning
gains and team performance, perceived satisfaction of working in groups
with differing levels of knowledge tend to be mixed (Haller et al., 2000).
Studies on information density measured through lexical diversity
reveal conflicting findings. While Reilly & Schneider (2019) found that
dyads who exchanged contributions that are more lexically diverse had
greater learning gains but lower collaboration quality ratings, Sinclar
and Schneider (2021) found a positive relationship between lexical di-
versity and collaboration quality.

In all, these findings suggest that information density may have
opposite effects on learning gains versus perceived collaboration qual-
ity. Thus, we formulate the following hypotheses H3a and H3b.

H3. Information density of verbal contributions exchanged in a team
discussion will predict individual learning gains and perceived interac-
tion quality, in the following ways:

H3a. The higher the information density of verbal contributions in the
team discussion, the more learning gains the student will receive.

H3b. The higher the information density of verbal contributions in the
team discussion, the lower the student will rate the collaboration quality
of the team discussion.

1.4. Mutual understanding

For successful collaboration, sharing and maintaining a common
ground plays a very important role (Roschelle & Teasley, 1995; Dillen-
bourg, 1999; Barron, 2003). Common ground is often conceptualised as
the mutually shared knowledge, values, beliefs, and assumptions in a
conversation within interlocutors (Clark & Brennan, 1991). Accounts of
joint meaning-making suggest that mutual understanding is established
through behavioural alignment (Pickering & Garrod, 2004; Rasenberg
et al., 2020). Behavioural alignment refers to a large umbrella of phe-
nomena related to behaviour matching (Rasenberg et al., 2020; Burgoon
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et al., 2017) and can be observable in linguistic acts (Pickering & Gar-
rod, 2004), bodily gestures (Louwerse et al., 2012), and eye gaze
(Wohltjen & Wheatley, 2021).

Given the diverse foci in existing literature, we narrow our focus to a
specific linguistic mechanism of alignment, i.e., lexical entrainment,
also known as lexical alignment. Lexical alignment is the process in
which interlocutors re-use each other’s words when speaking and has
been argued to facilitate synchrony in interlocutors’ mental models
(Dale et al., 2013; Pickering & Garrod, 2004). Studies examining effects
of lexical alignment on collaborative task performance reveal contrast-
ing effects. Word re-use negatively predicted collaborative task perfor-
mance (Heuer et al.,, 2020; Xu & Reitter, 2017) and observers’
perceptions of team competence (Reverdy et al., 2020), while re-use of
task-relevant words positively predicted task performance (Fusaroli
et al., 2014; Fusaroli & Tylén, 2016). Studies examining collaboration
quality reveal similar contrasting effects. Re-use of function words
promotes trust (Gonzales et al., 2010) and perceived social support
within the team (Heuer et al., 2020), but only among teams lacking a
history of collaboration or high trust (Carmody et al., 2017). Altogether,
these studies suggest that lexical alignment bears affective and cognitive
functions in collaboration, where its cognitive function is to facilitate
mutual understanding for goal achievement and its affective function is
to facilitate social cohesion (Giles & Gasiorek, 2013; Burgoon et al.,
2017).

The work on lexical alignment, at large, has been performed on
dyads (see Pickering & Garrod, 2021 for a review), and studies on the
effects and mechanisms of lexical alignment in larger groups are limited.
A recent study (Duran et al., 2024) found that the degree of turn-by-turn
lexical alignment within triads working on a physics task did not predict
solution quality. Given the scarcity of research on lexical alignment
beyond dyadic interactions, we investigate the impact of lexical align-
ment on multi-party collaborative outcomes with the following
hypotheses.

H4. Establishing mutual understanding with team members through
lexical alignment during the team discussion will predict both individual
learning gains and perceived interaction quality, in the following ways:

H4a. The more lexical alignment is observed during team discussion,
the more learning gains the individual will receive.

H4b. The more lexical alignment is observed during team discussion,
the higher the individual will rate the collaboration quality of the team
discussion.

1.5. Emotional rapport

Several frameworks used for analysing collaborative discourse
emphasise the importance of establishing a positive socio-emotional
climate and emotional rapport during collaboration (Kauffeld et al.,
2018; Bakhtiar et al., 2018). Individuals and groups may enact various
strategies, such as using humour, acknowledging one another’s contri-
butions, giving positive verbal encouragement, to regulate emotions,
establish emotional rapport and maintain a positive socio-emotional
climate (Linnenbrink-Garcia et al., 2011; Bakhtiar et al., 2018; Kauf-
feld et al., 2018). Collaborative learning studies have generally found
the role of humour to be positive, improving engagement (Kim & Ho,
2018), fostering a sense of rapport and shared identity (Berge & Dan-
ielsson, 2013), and alleviating negative emotions associated with failure
and frustration (Linnenbrink-Garcia et al., 2011; Lamminpaa & Vester-
inen, 2018).

In the current investigation, we focus on the role of joint laughter as a
strategy for establishing emotional rapport during collaborative
learning for the following reasons. First, unsurprisingly, laughter often
indicates the presence of humour or enjoyment (Bachorowski & Owren,
2001; Platt et al., 2013). Second, shared laughter has been con-
ceptualised as an intentional product of coordination and joint attention
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during conversations (Kangasharju & Nikko, 2009; Holt, 2010). The
uptake of shared laughter between interlocutors can be similar to the
ceding and receiving of speech turns, indicative of a form of conversa-
tional coordination, resulting in shared positive affect and possibly
fostering supportive team communication patterns (Goodwin & Good-
win, 2012; Strid & Cekaite, 2021). In all, shared laughter not only in-
dicates a shared positive emotion, but may also indicate joint attention.

While studies have established the positive effects of reciprocal
laughter on group affiliation and cohesion (e.g., Berge & Danielsson,
2013; Berge, 2017; Ponton et al., 2018), there is an observable lack of
consensus on the effects of reciprocal laughter on task performance, with
studies showing both positive (Gao et al., 2023) and negative (Wang
et al.,, 2016) effects. To investigate the effects of emotional rapport
through shared laugher more closely in an authentic multi-party
collaboration context, we had the following hypotheses.

H5. Emotional rapport may predict individual learning gains and will
predict perceived collaboration quality, in the following ways:

H5a. As laughter may have mixed outcomes on task performance, we
predict that emotional rapport will affect learning gains, but the direc-
tion of the effect may be positive or negative.

H5b. The more emotional rapport is observed during team discussions,
individuals will perceive higher collaboration quality from the team
discussion.

1.6. Research objectives

For the purpose of establishing whether any of the constructs pre-
dicted our target outcomes, we considered each construct as separate
groups of hypotheses (H1 to H5). Fig. 1 outlines the overall methodology
of the study, including control and outcome variables. The predicted
relationships and the analysis plan were pre-registered prior to data
linkage (Chua & Styles, 2023; https://osf.io/jb5a6). The conceptual
structure for testing each construct follows the same logic. Each
construct was investigated using a measure that describes individual
behaviour, i.e., the individual-level metric, and an alternative measure
that relates the team members’ behaviours on that construct while dis-
counting the individual student, i.e., the group-level metric. Table 1
summarises the five constructs, their metrics, and our hypotheses.

2. Method
2.1. Learning context

This project builds upon a dataset of audio-video recordings of stu-
dents engaging in team-based learning at the Lee Kong Chian School of
Medicine in Nanyang Technological University. Before the team-based
learning session, the students individually studied assigned materials
outside of class. The class session began with students individually
completing a closed-book multiple-choice quiz delivered via a learning
management system. Students did not receive feedback on their
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responses. Following the individual task, the team discussion portion of
the class session commenced. During this time, each team answered the
same quiz with a new feedback system. Each response triggered feed-
back which allowed revision for incorrect answers until only a binary
choice remained. The intra-group discussion for the quiz was recorded.

Each TBL class session featured a distinct quiz focused on medical
topics, including histology, immunology, and gastrointestinal system.
The number of questions per quiz varied across sessions (Median = 26,
Range = 19-48). Each quiz was designed to assess foundational
knowledge relevant to the session’s topic and was calibrated to be
moderately challenging, encouraging students to engage in peer dis-
cussion, clarify misconceptions, and deepen their understanding of core
concepts (Parmelee et al., 2012; Rajalingam et al., 2018).

At the end of the team discussion, students provided demographic
information and used Teamwork Quality Survey (Weimar et al., 2017) to
rate the team discussion they just completed. The study was reviewed
and approved by the host university (IRB-2017-07-038). All recordings
were conducted by the first author with the help of two research
assistants.

2.2. Recording set up

Fig. 2 shows a simulated example of the audio and video camera set
up. A 360-degree panoramic camera was set up in the middle of the table
to collect individual facial recordings, and a lapel microphone was
attached to each student to collect audio recordings. Additional details
on the set up and recording parameters are outlined in the online Sup-
plemental S1.

2.3. Participants

The participants were Year 1 and 2 medical students from Nanyang
Technological University. They were recruited through email blasts sent
to the student cohort by the course facilitator. All teams who signed up
were recorded, with no exclusions. Each participant was reimbursed $20
for their time.

A total of 32 sessions were recorded from teams of five to six students
(N = 189 students). Two of these sessions (N = 12 students) were pilot
sessions used for the development of transcription protocols and study
metrics and were excluded for analysis (Chua & Styles, 2023; Chua et al.,
2019). Pilot sessions were conducted in a quiet room, with only one
team recorded at a time. The room was designed to closely resemble the
learning studio in which the actual TBL sessions were held (Fig. 2). The
remaining 30 sessions were obtained during regular TBL classes con-
ducted between September 3, 2019 to October 11, 2019 across 12 class
sessions. These sessions took place in the learning studio, which
accommodated up to 25 teams, each consisting of five to six students.
Depending on participant availability, between one and three teams
were recorded per class session.

Of the 30 sessions, one session was from a team (N = 6 students) who
re-participated in the study and was excluded from analysis. One session

[ Intra-team discussions during TBL]

[ Particpation Equity ] [ Reciprocal Interaction ] [ Information Density ] [ Mutual Understanding ][ Emotional Rapport ]

H2

H4

/

H1\ \

Control Variables

Team familiarity

Team gender balance

/HS

Collaboration Outcomes

Perceived Collaboration Quality

Fig. 1. Overview of methodology for investigating multiple constructs in this study.
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Table 1

Table of Preregistered Hypotheses (H1 to H5), Constructs and Measures.

Learning and Instruction 100 (2025) 102215

Construct Measure Individual measure Group measure Direction of
Relationship
H1: Participation equity Hla Learning gains Individual absolute balanced participation Group absolute balanced participation +
index index
H1b Perceived collaboration Individual absolute balanced participation Group absolute balanced participation +
quality index index
H2: Reciprocal H2a Learning gains Individual turn-taking entropy Group turn-taking entropy +
Interaction H2b Perceived collaboration Individual turn-taking entropy Group turn-taking entropy +
quality
H3: Information Density H3a Learning gains Individual lexical diversity Group lexical diversity +
H3b Perceived collaboration Individual lexical diversity Group lexical diversity
quality
H4: Mutual H4a Learning gains Individual lexical alignment level Group lexical alignment level +
Understanding H4b Perceived collaboration Individual lexical alignment level Group lexical alignment level +
quality
H5: Emotional Rapport H5a Learning gains Individual co-laughing rate Group co-laughing rate +or-
H5b Perceived collaboration Individual co-laughing rate Group co-laughing rate +

quality

Fig. 2. Simulation of recording set-up.

360 camera to capture
individual student faces

Lapel microphones to
record individual student
audio

Note: This photo was taken in a pilot study where one group was recorded in a controlled environment. Cameras on tripods were not included where recordings were

performed in-class.

(N = 6 students) was excluded due to equipment failure resulting in
audio data loss. In total, 28 sessions from 28 unique teams of 165 stu-
dents (Female: N = 58; Male: N = 107), were included for analysis.

2.4. Audio data pre-processing and transcription

The intra-group discussions varied in length as they were recorded
over different class sessions (Median = 11.2 min, Range = 6-42.1 min).
The entire audio dataset was 17.82 GB. All intra-group discussions for
the closed-book quiz were recorded and transcribed offline using a time-
aligned transcription protocol. Current automatic speech recognition
(ASR) systems struggle with various challenges, including multi-party
conversations in noisy environments with overlapping speech
(Watanabe et al., 2020), Southeast Asian accents (Chan et al., 2022),
language mixing (Styles et al., 2023) and accurately capturing short
words or discourse particles (Russell et al., 2024; Styles et al., 2023).
Given that our dataset contains these features, we chose manual tran-
scription, prioritising the reliability and validity of our findings, with the
understanding that our findings would remain relevant in the context of
future ASR advancements. A total of 9781 utterances were transcribed
from 165 students in the dataset.

We only relied on the modality of audio to extract behaviours

relevant to the five constructs outlined. As other studies have outlined
(e.g., Spikol et al., 2017a, 2017b; Subburaj et al., 2020; Cukurova et al.,
2020), there are potential interaction traces that can be extracted from
the video modality. However, in our case, upon inspection of the video
recordings, the faces of the students were sometimes blocked by their
laptops and tablets. This is because the lesson plan was managed and
administered via a learning management system and these devices were
required for students to complete the lesson. As such, video data was not
analysed in this paper and only used for providing additional context for
transcription of audio recordings.

2.5. Measures

2.5.1. Outcome variables

Proportional individual learning gains. The individual and team
answers to the multiple-choice quiz were captured by the learning
management system that administered the questions. In our dataset,
student teams were recorded in different weeks where instructors set
different number of questions each week. Thus, to measure individual
learning gains fairly across weeks, we used proportional learning gains
(Hake, 2002), which we computed from the maximum possible score,
the individual baseline score, and the team score, as outlined in
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Equation 1.1

team score — individual baseline score
maximum possible score — individual baseline score

(1.1)

The maximum points possible for each question is computed as the
number of options for each question minus one. For a question with five
options, a maximum of four points can be awarded. The maximum
possible score for the quiz is computed as the total number of questions
in the quiz multiplied by maximum points possible for each question. As
students can only attempt each question once during the individual
portion of the class, the individual baseline score is computed as the
number of correct answers given individually multiplied by maximum
points possible for each question. During the intra-group discussion,
teams are allowed to attempt the questions multiple times, and a point is
deducted for each wrong attempt until no points are awarded if the team
has attempted all options except the correct one. Thus, the team score is
computed as the sum of points awarded for each correct group answer
by the end of team discussion. The denominator indicates the maximum
possible improvement the student could gain from the team discussion.

For students with a maximum individual baseline score, the de-
nominator is the maximum possible score to account for potential loss
where the team score is lower than the individual baseline score, as seen
in Equation 1.2

team score — individual baseline score

- - 1.2)
maximum possible score

Detailed worked examples are provided in the Supplement S2 to
illustrate the computation of proportional individual learning gains.

Perceived Collaboration Quality. Perceived collaboration quality
was measured using the Teamwork Quality Survey (Weimar et al., 2017)
administered at the end of the team discussion. We did not use Evalu-
ation of Team Performance as the students have the actual scores and
feedback of their team’s performance during the team discussion.
Following Weimar et al. (2017), we summed the scores of Communi-
cation, Mutual Support, Cohesion, Trust, Shared Values, Coordination of
Expertise to create the Perceived Collaboration Quality score for each
student.

2.5.2. Control variables

Team size and the week of semester was documented at the time of
recording.

Gender Balance in Team. Team gender composition was deter-
mined using the self-reported gender information provided by the stu-
dents. A team was considered Male-Dominant if it had four or more male
students, and Female-Dominant if it had four or more female students.
Teams with an equal or near-equal gender distribution (e.g., 3:3 in teams
of 6 or 3:2 in teams of 5) were classified as Balanced.

Team familiarity. Team familiarity was defined as the number of
weeks the team has worked together since the start of the semester (T0).
Teams recorded during the first week of the semester were coded as 0,
the following week as 1, and so on.

2.5.3. Predictor variables

The individual-level and group-level metrics of all five constructs
were derived from the transcripts.

Participation Equity (H1). Participation equity was measured using
each student’s speaking duration during the team discussion, defined
from the start of quiz attempts to the submission of the final attempt,
excluding off task talk. Individual speaking duration included overlaps
with other team members, and total team discussion duration was the
sum of all individuals’ speaking durations, excluding pauses between
speakers. Proportion of speaking time per student was individual
speaking duration divided by total team discussion duration. Table 2
shows a worked example of the individual and group-level metrics
computed for a group of five students. Interested readers are directed to
Supplement S3 for more worked examples of these metrics.
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Table 2
Example of individual and group metrics of participation equity (H1) in a group
of 5 students.

Team Equal- Student  Actual ﬁ) Al Total team f)gmup_
discussion share student discussion
time (min) duration talk time time minus
(min) (min) student
(min)
50 10 Al 0 1 50 1.6
10 Bl 5 0.5 45 2.22
10 Cl 10 0 40 3
10 D1 20 1 30 2.67
10 El 15 0.5 35 2.86

ﬁ’ Al: Individual absolute balanced participation index, 13gmup,A: Group absolute
balanced participation index.

Individual-level metric (H1): Individual absolute balanced partic-

ipation index (|i>A|). We used the absolute term of the balanced
participation index from Dowell and colleagues (2019) to allow for
comparison between groups of different sizes in our dataset, as shown in
Equation 1.3.

[Py |=InP-(A) -1 13)
Where.

e P, is the proportion of speaking time of the student.
e n is the number of members in the team.

The individual absolute balanced participation index quantifies how
balanced the individual’s speaking duration is compared to what would
be considered equal in a group of their size, irrespective whether
participation is above or below what is considered equal. Specifically, an
individual that speaks one unit more than the balanced amount has the
same individual absolute balanced participation index of 1 as someone
who speaks one unit less than the balanced amount. The higher the in-
dividual absolute balanced participation index, the more imbalanced the
participation from the individual.

Group-level metric (H1): Group absolute balanced participation

index (ﬁgmup_A). For each student, the group absolute balanced partic-
ipation index is computed as the sum of individual absolute balanced
participation indexes of all other students excluding the current student
of interest, as shown in Equation 1.4.

n—-1

L ln-1)P, —1 (1.4)

Consider the case of Student Al (Table 2). To yield their group ab-
solute participation index: we first calculated the total duration of team
discussion excluding Student A. For each of the remaining team mem-
bers, we computed their proportion of speaking time, using the adjusted
total discussion duration as the denominator. Individual absolute
balanced participation indexes for each of the remaining students were
computed. These individual indexes were then summed to form the
group absolute participation index for Student A. Similar to the
individual-level metric, the higher the group absolute balanced partic-
ipation index, the more imbalanced the group participation is across all
other team members excluding the current student of interest.

Reciprocal Interaction (H2). The individual-level and group-level
metrics of reciprocal interaction were derived from the students’ turn-
taking behaviours during team discussion.

Turns. To quantify turn-taking behaviours in a multi-party interac-
tion, we outlined rules for multi-party turn taking. Following Duncan’s
(1972) criteria, utterances must be involved in a changeover of speakers
(i.e., floor transfers) to be considered a turn. Not all utterances are
involved in a turnover of the conversational floor. Vocal behaviours such
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as backchanneling and false starts were not considered turns and were
excluded for analysis in this study. These rules were implemented via
custom Python scripts. A detailed description of our turn-taking model is
enclosed in Supplement S4.

Entropy-based measures. For each student, we used two entropy-
based measures, reply entropy and response entropy. The entropy
measures assessed the variability in the students’ turn transitions when
receiving responses (response entropy) and giving replies (reply en-
tropy). Response entropy (H (Xp |A)) is calculated using the conditional
probabilities of a student receiving responses from team members each
time they speak. Higher response entropy indicates a more balanced
distribution of responses across all team members. Thus, maximum
possible response entropy (Hmax (X5 | A)) is observed when responses to a
student are evenly distributed among all peers. Conversely, reply en-
tropy (H (A |Xp)) is calculated using the conditional probabilities of a
student replying to each team member. Higher reply entropy indicates a
more balanced distribution of the student’s replies to all team members.
Thus, maximum possible reply entropy (Hmq (A | Xp)) is observed when
the student replies equally to all other team members. The individual-
level and group-level metrics of reciprocal interaction were computed
based on the reply and response entropies of each student as described in
Equations 2.1 and 2.2.

Individual-level metric (12): Individual turn-taking entropy [H
(Xa)]. For each student, individual turn-taking entropy H(Xa) was
calculated as the sum of their response entropy and reply entropy as
shown in Equation 2.1.

H (X |A)
Hpox(Xp | A)

H (A [X)

H(XA) - Hmax(A ‘ Xb)

(2.1)

Where:

e H (X} |A) is the observed entropy based on the actual proportions of
responses the student (A) received from every other team member (Xp),
i.e., observed response entropy;

e Hpax(Xp | A) is the maximum possible entropy if the student
received responses from every other team member in equal proportions;

o H (A | Xp) is the observed entropy based on the actual proportions
of replies the student initiated towards every other team member, i.e.,
observed reply entropy;

e Hpax(A | Xp) is the maximum possible entropy if the student
initiated replies to every other team member in equal proportions.

The higher the individual turn-taking entropy, the more distributed
the student’s interactions are among their team members, indicating a
higher level of reciprocal interaction exhibited by the student. To
illustrate, Table 3 shows the turn transitions and conditional probabil-
ities of a student with the lowest individual turn-taking entropy and a
student with the highest individual turn-taking entropy in the dataset.

Group-level metric (112): Group turn-taking entropy [H(Xgroup-a)1-
For each student in the team, we compute a group turn taking entropy
that excludes the contributions by the student. We first exclude all turns
by that student in the team discussion. The remaining turns amongst all
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other team members are used for the computation of group turn-taking
entropy for that individual. For each individual, group turn taking en-
tropy is computed using Equation 2.2.

H. _
H(Xgop-a) = g0 @.2)
H, (group—A)max

Where.

e Hgoupa is the observed group turn-taking entropy for all turns
occurring between each pair of speakers in the group, excluding the
current student;

® Higroup—A)max is the maximum possible group turn-taking entropy if all
turns between each pair of speakers in the group, excluding the
current student, occurred in equal proportions.

The higher the group turn-taking entropy of a student, the more
distributed the interactions are among all other team members, indi-
cating that the student is in a team with high reciprocal interaction.
Interested readers can refer to Supplement S5 for further technical de-
tails of the individual-level and group-level metrics of reciprocal
interaction.

Information Density (H3). To measure information density in the
team discussion for each student, we define an individual-level metric (i.
e., individual lexical diversity) from the words used by the student and a
group-level metric (i.e., group lexical diversity) from the words used by
everyone else in the team except the student. Lexical diversity is
measured using the hypergeometric distribution D (HD-D: McCarthy &
Jarvis, 2010). The HD-D estimates a student’s lexical diversity by
calculating the average contribution of each word type to the type-token
ratio in a random sample of 42 words from their speech. Using the hy-
pergeometric distribution, HD-D accounts for the varying likelihood of
sampling frequent versus rare words (e.g., “a” vs. “catastrophic”), with
frequent words contributing more to the ratio and resulting in lower
HD-D scores. A fixed sample size of 42 tokens, as recommended by
McCarthy & Jarvis (2010), is used to enable cross-study comparability.
HD-D is computed using the lexical diversity Python package (Kyle,
2023).

Individual-level metric (H3): Individual lexical diversity. For each
student, the individual lexical diversity is computed as the HD-D of all
words spoken by that student during the team discussion. A high score
on this metric would indicate that the student uses a large variety of
different words during the team discussion.

Group-level metric (H3): Group lexical diversity. For each student,
group lexical diversity of other team members is computed as the HD-D
of all words spoken by the group excluding the words spoken by that
student during the team discussion. A high score on this metric would
indicate that the student is in a group where the other team members are
using a large variety of different words.

Mutual Understanding (1H4). Mutual understanding is measured
via the level of lexical alignment between contiguous speech turns

Table 3
Turn transitions of students with low and high individual turn-taking entropy.
Student Individual turn-taking entropy Response from: No. of responses received Probability Replies to No. of replies given Probability
Al 1.2 Bl 4 0.4 B 3 0.33
C1 3 0.3 C 4 0.44
D1 3 0.3 D 2 0.22
El 0 0 E 0 0
F1 0 0 F 0 0
A2 1.78 B2 18 0.250 B2 16 0.216
Cl 15 0.208 C1 14 0.189
D1 11 0.153 D1 16 0.216
El 15 0.208 El 11 0.149
F1 13 0.181 F1 17 0.230

Note: Student A in group 1 has the lowest individual turn-taking entropy and Student A in Group 2 has the highest individual turn-taking entropy in the dataset.
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during the team discussion. We used the ALIGN Python package for
lexical alignment computation (Duran et al., 2019). Only pairs of suc-
cessive turns identified by our turn-taking model (Supplement S4), i.e.,
utterance-response pairs, were computed for lexical alignment. For each
utterance-response pair, all words in both turns were lemmatised (i.e.,
‘apples’ becomes ‘apple’). Each utterance-response pair was represented
as a pair of word vectors that accounts for the number of occurrences of
each lemma or token. The ALIGN package computes lexical alignment
scores based on cosine similarity between lemmas and tokens in
utterance-response pairs. The higher the number of same lemmas or
tokens present in the utterance-response pair, the higher the cosine
similarity of the utterance-response pair, and hence the higher the lex-
ical alignment scores. The lemma lexical alignment score and the token
lexical alignment score are averaged to create a single lexical alignment
score for each utterance-response pair.

Based on recommendations by Dideriksen and colleagues (2023),
only utterance-response pairs that showed alignment were used for
computing individual and group-level metrics in this study. For a more
detailed implementation of our lexical alignment computation, we point
interested readers to Supplement S6.

Individual-level metric (H4): Individual Overall Lexical Alignment
Level. For each student, we computed their individual lexical alignment
to others. This is defined as the average of lexical alignment scores of all
aligned utterance-response pairs containing the student responding to
someone. We also computed the individual lexical alignment from
others, defined as the average of lexical alignment scores of all aligned
utterance-response pairs containing the student receiving a reply from
someone. Thus, the individual overall lexical alignment level is
computed as the average of the student’s individual lexical alignment
level to others and their lexical alignment level from others. A high score
would indicate that the student is aligning to their team members to a
great extent.

Group-level metric (H4): Group Lexical Alignment Level. For each
student, the group lexical alignment level is computed as the average of
lexical alignment scores of all aligned utterance-response pairs in the
team discussion that does not include that student. A high score on this
metric would indicate that the student is in a group where other team
members are aligning to a great extent to one another, regardless of
whether they are aligning to the student.

Emotional Rapport (H5). Emotional rapport is measured via co-
occurrences of laughter during the team discussion, i.e., laughter that
occurs between two or more speakers during the team discussion.

Laughter coding. In the transcripts, the start and end times of indi-
vidual laughter segments were manually identified. Whenever possible,
laughter was separated from the main utterance. For instances where
laughter co-occurred with speech, the laughter boundary was marked as
beginning when the speech ceased. Transcribers consulted video re-
cordings to identify the speaker in cases where the source of laughter
was ambiguous.

Co-laughing. Adopting the perspective that initiation of laughter
from the first speaker and reciprocal laughter from another speaker is
reminiscent of turn-taking (Dupont et al., 2016), we define shared
laughter, i.e., co-laughing, with the following logic. For every instance
of an individual’s laugh, an instance of another individual laughing
occurring within 1500ms or less at the end of the speaker’s laugh is
marked as co-laughing. A sequence of co-laughing is defined as starting

StUdent ’ _

Student B (laughter)

Student C

Fig. 3. Visualisation of a Co-Laughing Sequence.

Note: Each horizontal bar represents the duration of laughter and is coloured
by the student. All laughs depicted were considered shared.
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when the first student begins laughing, continues when one or more
students laugh at the same time, or in quick succession after another in
the sequence (threshold = 1500ms), and concludes when the last stu-
dent in the sequence stops laughing. Fig. 3 shows an example of a
co-laughing sequence shared by three students. These rules were
implemented via custom Python scripts. To measure emotional rapport
in the team discussion, we define an individual-level metric (i.e., indi-
vidual co-laughing rate) and a group-level metric (i.e., group
co-laughing rate).

Individual-level metric (H5): individual co-laughing rate. The in-
dividual co-laughing rate is computed as the number of times a student
laughs with someone else in their group during the team discussion
divided by the total duration of the team discussion. A high score on this
metric would indicate that the student does a lot of co-laughing with
their teammates, as would be expected if the student has good rapport
with their teammates.

Group-level metric (H5): group co-laughing rate. For each student,
the group co-laughing rate is computed as the number of times their
team members laugh with each other without the student divided by the
total duration of the team discussion. A high score on this metric would
indicate that the student is in a group where the other team members do
a lot of co-laughing without them, as would be expected if the other
team members have good rapport with one another, regardless of
whether the student shares this rapport.

2.6. Analytical approach

As students are nested within their teams, we performed linear mixed
model analysis using the lme4 package (Bates et al., 2015) with R
version 4.2.2. As students within the same group would have more
similar scores than students from other groups (Cress, 2008; Janssen
et al., 2013), we allowed the intercept term to vary across groups (i.e.,
random intercept) to account for the nonindependence in our dataset.
Team familiarity and team gender balance were included as fixed effects
for control.

Each construct was tested separately (Fig. 1). Tables S7.1 to S7.5 in
Supplement S7 outlines the mixed-effects models and our covariate-only
models for each construct (H1 to H5). We first checked if there was a
significant main effect of the individual-level metric on the outcome
variable of individual learning gains. We then checked if there was a
significant main effect of the group-level metric on the outcome variable
of individual learning gains. If both metrics were significant predictors
and their correlation was smaller than 0.3, we combined them to predict
the outcomes. We repeated this entire process for the outcome variable
of perceived collaboration quality. To determine if individual- or group-
level metrics predicted the outcome variable above and beyond the
variance attributed to team familiarity, team gender balance and group
characteristics, we conducted likelihood ratio tests between predictor
models with significant main effects and a covariate-only model con-
taining only team familiarity and team gender balance. As each
construct might have involved a maximum of six models to be tested
(three each for learning gains and collaboration quality respectively),
alpha was controlled for the use of multiple models within each
construct (a = .0083, corrected for six models). Our planned and pre-
registered analyses (Chua & Styles, 2023) were well-powered at 0.95.
Further details on our analytical approach are documented in Supple-
ment S7.

As it may also be valuable for researchers reading our work to
determine which effects investigated in this study are small enough to be
practically irrelevant, we conducted equivalence testing. Further docu-
mentation of our equivalence testing approach is included in Supple-
ment S8.

3. Results

The correlations between outcome variables and all predictor
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variables (H1 to H5) and model outputs of all tested linear mixed models
are enclosed in Supplement S9.

3.1. HI: Participation Equity

3.1.1. Hla: Does participation equity predict individual learning gains?
Neither participation equity measured at the individual level (8 =

0.00236, t = 0.039, p = .969) nor at the group level (f = 0.0299, t =

0.868, p = .389) significantly predicted individual learning gains.

3.1.2. H1b: Does participation equity predict perceived collaboration
quality?

None of our individual-level (f = 1.51, t = 0.441, p = .660) or group-
level (8 = —2.48, t = —1.75, p = .0879) metrics significantly perceived
collaboration quality.

3.2. H2: Reciprocal interaction

As both individual-level and group-level metrics of reciprocal
interaction were highly correlated (tho =0.71, p < .001; Table S9.1), we
did not fit models with both predictors.

3.2.1. H2a: Does reciprocal interaction predict individual learning gains?

Students appeared to have lower learning gains when they had
higher individual turn-taking entropies (§ = —0.467, t = —2.21, p =
.0292), but this effect was not statistically significant at our
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preregistered alpha value of 0.0083. There was insufficient evidence to
support the hypothesis that individual learning gains differed as a
function of group turn-taking entropy (f = —0.168, t = —0.248, p =
.805).

3.2.2. H2b: Does reciprocal interaction predict perceived collaboration
quality?

Students appeared to have higher perceived collaboration quality
when they had higher individual turn-taking entropies (f = 19.5, t =
2.13, p = .0382). However, this effect was not statistically significant at
the preregistered alpha value of 0.0083. There was significant main
effect of group turn taking entropy (8 = 72.8, t = 2.85, p = .00729) on
perceived collaboration quality scores. As seen in Fig. 4, individuals in
groups that had higher turn-taking entropy rated their team discussion
as better.

The model with group-turn-taking entropy as an additional predictor
yielded a significantly better fit than the covariate-only model, y2(1) =
8.14, p = .00433, with lower AIC and BIC values as seen in Table 4.
However, our fitted model explained only a total of 7.5 % of the variance
observed (conditional R%). The fixed effects of our model explained 5.7
% of the variance observed (marginal R2). The covariates explained a
total of 0.8 % of variance observed (marginal R? of covariate model). As
such, group turn-taking entropy explained only 4.9 % of the variance
observed in our data.
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Fig. 4. Group turn-taking entropy and perceived collaboration quality scores.

Note: Scatterplot showing group turn-taking entropies (x-axis) and perceived collaboration quality scores (y-axis) for each student. The regression lines for predicting
perceived collaboration quality scores with group turn-taking entropies is fitted for each group, allowing each group to have their own intercept. The covariates team
familiarity and team gender balance are included in the model as well. Each dot represents one student and is coloured by the group the student is in. The regression

slopes are also coloured by group. Alpha of dots and lines is set to 0.5.
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Table 4
Covariate-only model and full model with group turn-taking entropy as an
additional predictor for perceived collaboration quality scores.

Covariate-only model Full model
(Intercept) 117.836%* 48.344
(3.929) (24.635)
Team Familiarity 0.620 0.704
(0.646) (0.572)
Team Gender Balance -0.227 —0.401
(2.403) (2.120)
Group Turn-Taking Entropy 72.770%*
(25.500)
SD (Observations) 11.875 11.872
Num.Obs. 165 165
R2 Marg. 0.008 0.057
R2 Cond. 0.075 0.075
AIC 1295.2 1281.6
BIC 1310.8 1300.3
1CC 0.1 0.0
RMSE 11.49 11.64

Note: *p < .05, **p < .0083.
3.3. H3: Information density

3.3.1. H3a: Does information density predict individual learning gains?

There was insufficient evidence to support the hypotheses that in-
dividual learning gains differed as a function of information density at
the individual level (8 = 0.130, t = 0.266, p = .791) or at the group level
(p =0.834, t = 0.552, p = .583).

3.3.2. H3b: Does information density predict perceived collaboration
quality?

Neither information density measured at the individual level (8 =
14.9,t=0.556, p = .579) or at the group level (f = 0.294, t = 0.005, p =
.996) significantly predicted perceived collaboration quality.

3.4. H4: Mutual understanding

3.4.1. H4a: Does mutual understanding predict individual learning gains?
Neither lexical alignment at the individual level (8 = 0.00236, t =

0.039, p = .969) or at the group level (§ = 0.0299, t = 0.868, p = .389)

significantly predicted individual learning gains in the current task.

3.4.2. HA4b: Does mutual understanding predict perceived collaboration
quality?

There was insufficient evidence to support the hypotheses that
perceived collaboration quality scores differed as a function of overall
alignment level at the individual level (8 = 12.5, t = —0.599, p = .550
and at the group level (§ = 16.5, t = 0.601, p = .551).

3.5. H5: Emotional rapport

3.5.1. H5a: Does emotional rapport predict individual learning gains?

There was insufficient evidence to support the hypotheses that in-
dividual learning gains differed as a function of co-laughing rate at the
individual level (# = 0.001, t = 0.013, p = .989), team familiarity (f =
—0.0191, t = —1.04, p = .309) or at the group level (3 = —0.0346, t =
—0.420, p = .675).

3.5.2. H5b: Does emotional rapport predict perceived collaboration
quality?

Shared laughter measured at the individual level (4 = 0.270, t =
0.102, p = .919) or at the group level (8 = —2.57, t = —0.660, p = .512)
did not significantly predicted perceived collaboration quality.
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3.6. Equivalence testing

Our equivalence tests revealed that of all predictors of interest in this
study, only the effect of participation equity (H1) measured at the group
level on learning gains is too small to be considered meaningful in our
study (Supplement S8).

3.7. Exploratory analysis

As shown in Fig. 5, we observed that teams with high scoring
members made higher gains, while teams with lower scoring members
made modest gains. To understand how students with different baseline
knowledge benefit from collaboration, we conducted an exploratory
investigation of all learners with the most to gain from collaboration.

3.7.1. Exploratory analysis methods

We performed the analysis on 128 students, excluding the highest
scoring students in each group. For each of the constructs: participation
equity, reciprocal interaction, mutual understanding, information den-
sity and emotional rapport, we followed the method described under
Analytical Approach (for more details see Supplement S10). However,
for all models, we added an additional fixed effect term of the individual
baseline proportion score from the highest performer in each group.

3.7.2. Exploratory analysis results

In the interest of brevity, we only discuss significant effects when
observed (all results enclosed in Supplement S10). We observed that the
individual baseline score of the best performer in the team positively
predicted individual learning gains for others in their group regardless
of other constructs investigated (e.g., # = 0.594, t = 2.53, p = .018), but
this effect was not significant at our pre-registered alpha value. As the
analytical approach resulted in a smaller sample size (N = 128), the
exploratory analysis was underpowered to detect our effect size of in-
terest (Figure S10.1 in Supplement S10. We caution that the effect
should be replicated in future studies before it is treated as a reliable
effect. Perceived collaboration quality scores differed as a function of
reciprocal interaction at the group level (8 = 94.5, t = 2.89, p = .00649).
The direction of this effect is positive, as previously observed.

4. Discussion

Previous studies on collaborative learning have established several
constructs believed to impact teamwork and learning outcomes. How-
ever, few studies have investigated these dynamics in ecological large
group teaching approaches. Thus, we investigated the impact of
participation equity (H1), reciprocal interaction (H2), mutual under-
standing (H3), information density (H4), and emotional rapport (H5) on
outcomes of learning gains and perceived teamwork quality within an
ecologically valid context of team-based learning and focused on an
understudied aspect of team-based learning: intra-team discussions.
Although this paper focuses on the analysis of audio recordings, we
harnessed multiple streams of data from speech and extracted linguistic,
conversational, and socio-affective features to examine our constructs of
interest. To our knowledge, our investigation is the first of its kind to
examine collaboration dynamics in large groups by separately consid-
ering the individual’s contributions and contributions from their other
team members within the same team discussion. The current investi-
gation can be best understood as an exploratory design that was pre-
registered.

None of our individual-level or group-level metrics significantly
predicted individual learning gains after correcting for multiple com-
parisons (H1-5a). When testing H2a, we observed that individual turn-
taking entropy had a negative relationship with learning gains at the
standard level of alpha, p < .05. In our equivalence tests, this contrast
could not be accepted as equivalent (Supplement S8), indicating there is
insufficient data to conclude whether the observed data is similar to or
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Fig. 5. Individual baseline scores and team scores.

Note: Scatterplots showing proportional individual baseline scores (y-axis) and proportional team scores for each student (x-axis). Each dot is coloured by the group
the student is in. Proportional individual baseline scores are computed as individual baseline scores divided by maximum possible score of the task. Proportional
team scores are computed as team scores divided by maximum possible score of the task. Alpha of dots is set to 0.5.

different from what would be observed by chance. It is possible the true
effect size of individual turn-taking is smaller than the minimum effect
size of interest, and our study is underpowered to detect a true effect. A
post-hoc power analysis suggests that future investigations would
require a minimum sample size of 341 to detect the observed effect size
of 0.0384 we found in this study (Figure S9.1 in Supplement S9). A
single year-level cohort in the current context of our study is around 150
students (Nanyang Technological University, 2024), and future re-
searchers should keep in mind that potential replication studies may
require recruitment from a larger participant pool (e.g.,
cross-institutional). Conversely, the measurement of individual
turn-taking entropy may not be ideal for measuring reciprocal interac-
tion, and alternative metrics may be more suitable to capture the
construct. In all, this effect should be treated with caution until repli-
cated reliably in future samples.

In terms of collaboration quality, only the group-level metric of
reciprocal interaction, group turn-taking entropy, positively predicted
perceived collaboration quality scores (H2b). The individual-level
metric of reciprocal interaction was not a significant main effect of
collaboration quality at our pre-registered alpha level of p < .0083. In
our study, the experience of being in a team with high reciprocity led
students to perceive their teams as more effective, irrespective of indi-
vidual engagement and individual learning gains. This finding partially
aligns with prior research, supporting evidence that balanced turn-
taking enhances team cohesion and belonging (Hu & Chen, 2021;
Koutsombogera & Vogel, 2019; Lai et al., 2013), but contrasts with
studies linking it to improved learning outcomes (Dowell et al., 2019;
Haan et al., 2021; Woolley et al., 2010). Educators implementing
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team-based learning in their classrooms should be aware that teams who
appear to have the best working dynamic may value their interactions
most but may not be the ones gaining the most from the task.

Finally, our exploratory analysis revealed that the highest perform-
ing individual affected the learning gains of the remaining team mem-
bers, indicating that the role of high performing individuals should be
considered more thoroughly when evaluating collaborative dynamics.
This finding provides tentative support for existing studies illustrating
that individuals benefit differentially in collaboration; specifically,
lower performing students benefit from collaborating someone who is
performing better than them (Deiglmayr & Schalk, 2015; Zambrano
et al., 2019).

5. Limitations

Given the absence of significant differences in collaborative behav-
iours between individuals with higher and lower learning gains, we note
important differences in the implementation of our studies that may
have contributed to this disparity. First, our sample was limited to
voluntary sign-ups, and there may have been self-selection biases in the
sample. Students who did not enjoy collaborating with their group, and
groups that did not enjoy working together may not have signed up for
the study. This self-selection model may have reduced the diversity of
teamwork dynamics, making it hard to investigate the full range of
collaborative behaviours and their outcomes on learning.

Second, the measure of learning gains provides a limited view on the
learning experienced by the student. The pedagogical model did not
include post-collaboration tests of recall to assess individual knowledge
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retention. We were also unable to discount practice effects, as students
worked on the same set of questions individually and then with their
team. Some studies use the end-of-semester score as an outcome mea-
sure (Zilvinskis, 2019). However, the team-based learning sessions
included in the current sample provided only a single snapshot of
team-working behaviours from one week of class. It is unclear whether
the learning gains from a single session would be applicable to the entire
curricular content. In all, these limitations were inherent to the
ecological context of our study, highlighting the trade-off between
ecological validity and research rigour.

Third, the structured nature of our task, which had a single correct
answer for each question in the quiz, may have limited collaborative
behaviours shown to be beneficial in less constrained contexts. In such
well-defined tasks, it can be more effective for teams to defer to the most
knowledgeable member (Webb, 1995; Dillenbourg, 1999), which may
account for our exploratory finding that teams with high-performing
individuals achieved greater gains. In contrast, open-ended or
information-distributed tasks benefit more from knowledge sharing and
negotiation among team members (Aronson, 1978; Barron, 2003;
Stasser & Titus, 2003). It is important to note that we are not implying
that team-based learning paradigms like the one used in our study are
ineffective for collaborative learning. Rather, the administered quizzes
consisted of questions with varying levels of difficulty, which likely re-
quires different trajectories of interaction at different times for suc-
cessful completion, as noted in previous studies (e.g., Haller et al., 2000;
Kutnick & Blatchford, 2014; Radebe & Mushayikwa, 2023). Hence, a
potential future direction is to delineate portions of the team discussion
where students are attempting a question multiple times and examine if
the collaborative behaviours of interest affected the performance of
different groups during completion of those questions.

Fourth, the multimodal proxies investigated in this study may not
have been ideal for measuring our constructs. We relied on a single
dimension to represent each construct. Take for example, emotional
rapport. Like the other constructs in our study, emotional rapport is a
complex, multidimensional construct involving various verbal and
nonverbal strategies, including humour, verbal encouragement, and
mutual acknowledgment (Linnenbrink-Garcia et al., 2011; Bakhtiar
etal., 2018). In the current investigation, we only used co-laughing as its
sole indicator. Although, shared laughter is recognised as an important
social cue contributing to emotional rapport (H5) and a positive
socio-emotional climate (Kauffeld et al., 2018; Bakhtiar et al., 2018),
relying solely on it may not fully capture the role of laughter in
ecological collaboration. Laughter may have functions beyond positive
affect (Dupont et al, 2016), e.g., to indicate topic change
(Koutsombogera & Vogel, 2022), end of a speech turn (Holt, 2010), or
reduce speaker’s embarrassment, discomfort, or anxiety (Jefferson,
1984; Wang et al., 2016). Studies interested in laughter as a proxy for
emotional rapport should complement laughter annotations with qual-
itative coding to uncover laughter’s nuanced functions in regulating
emotional rapport within collaborative settings.

Finally, this study relied solely on audio data to extract collaborative
behaviours. Although video can provide additional interaction cues, in
our case, faces of the students were often obscured by laptops and tab-
lets. Given the necessity of such devices and the increasing ubiquity of
computer-mediated collaborative learning tasks in co-located educa-
tional settings, future studies may benefit from utilising built-in cameras
on students’ devices. Emerging studies suggest that high fidelity facial
features can be successfully extracted from videos recorded by Zoom for
understanding useful collaborative working behaviours (Zhou et al.,
2020; Subburaj et al., 2020). Video conferencing software such as Teams
and Zoom may also make it easier to sync and collect video recordings of
students’ faces in authentic learning settings.

In general, our results may reflect current limitations in using
multimodal proxies to model learning outcomes. To provide a blueprint
for future systematic inquiry into effective collaborative constructs, we
have transparently reported all effects and uncorrected p-values
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(Supplement S9). Equivalence tests were also conducted (Supplement
$8), indicating that of all our predictors of interest, only the effect of
participation equity measured at the group level on learning gains
should be treated as negligible. We hope this work informs the chal-
lenges in modelling collaborative learning from ecological settings and
guides further investigation.

6. Implications

Contrary to our expectations, our findings suggest that strategies
prioritising participation equity, while beneficial for dyads and small
groups, may not necessarily translate to larger co-located groups. These
findings resonate with prior research suggesting that natural inequities
in participation can arise during collaborative activities due to task
demands and student characteristics (Shah et al., 2014; Cohen & Lotan,
2014; Lewis & Shah, 2015). Future studies interested in participation
should explore contexts where participation equity is desirable and
those where it may not be necessary.

In the current investigation, we failed to observe significant effects of
verbal activity on learning gains. Silence is usually treated as a feature
for training models that predict negative collaborative behaviours (e.g.,
Cornide-Reyes et al., 2020; Vrzakov et al., 2020; Worsley et al., 2021),
but the dynamics of silence may vary for students in a multi-party
interaction especially when considering how silence may be distrib-
uted among members of a large group. According to previous studies,
the decision to be silent can be a culturally appropriate act of respect for
some groups of students (Remedios et al., 2012), a collaborative act of
active listening (Poland & Pederson, 1998), or a strategic deference to a
high-performing student in the team (Webb, 1995; Dillenbourg, 1999).
Given the large number of learning analytics tools that emphasise verbal
activity metrics, educators and learning analytic researchers should be
cautious in judging low verbal activity as a sign of non-productive
collaboration or disengagement. Educators considering implementa-
tion of such tools in their classrooms should be aware of potential biases
and how they might lead to disparate impacts on student subgroups (e.
g., based on cultural backgrounds and learning competencies) within
their classrooms.

Given that audio data is a modality frequently collected in multi-
modal learning analytics studies (Chua et al., 2019), we recommend
future research further explore other speech-based measures for
turn-taking dynamics. While the directionality of turn-taking is impor-
tant for understanding interpersonal coordination in collaboration, our
findings suggest that entropy-based measures alone may be limited in
capturing the complexity of these interactions. Alternative approaches,
such as network analysis, may offer a more nuanced view of how
turn-taking patterns relate to collaborative outcomes (Becheru et al.,
2018; Claros et al., 2015). Additionally, investigating individual pat-
terns, including the roles of silence and active listening, may reveal how
participants regulate floor control and learning opportunities (Wise
et al., 2012; Worsley et al., 2021). Moreover, burgeoning evidence
suggest that it may be important to distinguish between turns addressed
to the whole group or specific members (Gibson, 2003; Gibson et al.,
2019) and how they are received in multi-party collaboration. For
instance, students who tend to grab turns directed to another team
member specifically have been found to be academically weaker (Hu &
Chen, 2021). We posit that further investigation into such turn-taking
patterns, accompanied with information on students’ perceived com-
petencies, expertise, and prior knowledge, can complement existing
work on participation equity patterns and reciprocal interactions in
collaborative learning contexts.

While students who have the highest individual baseline scores may
not have been seen as experts in the group, in our task context, teams
with more knowledgeable individuals achieved higher learning gains.
We suggest that an equitable approach to group working is to ensure that
team memberships change throughout the semester, so that all students
have a chance to benefit from the highest performing students. In some
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circumstances, group composition could be integrated with pre-
discussion test scores to ensure that peer-learning opportunities are
optimised further based on prior knowledge for a specific task. Providing
students opportunities to work with different groups throughout the
semester prevents an entrenchment of students’ perceived status in their
group, potentially facilitating opportunities for different students to be a
higher performing student in their assigned group.

Taken together, our current findings corroborate recent challenges
faced by learning analytics tools when transitioning to novel settings
(Haim et al., 2023; Kitto et al., 2023; Martinez-Maldonado et al., 2021).
We suggest two recommendations to improve future implementation of
ecological learning analytics studies. First, addressing the ‘forking paths’
problem: researchers face multiple choices during data collection, pro-
cessing, and analysis, leading to unconstrained degrees of researcher
freedom (Chambers, 2017). During our literature review, we noted a
lack of guidelines in current literature for computing suitable multi-
modal proxies for each construct of interest. For instance, for mutual
understanding (H4), we found diverse ways of computing lexical
alignment in the literature. Different decisions may be made for type of
words considered for analysis (e.g., all words, task-relevant words,
function words, after removing high frequency words), scale at which
lexical alignment is computed (e.g., turn-by-turn, window-based, whole
conversation), or method for computing similarity (e.g., cosine simi-
larity, Jaccard distance). Such variations increase the likelihood of un-
intentional methodological variations, highlighting how different
researchers can develop distinct approaches in their investigations,
leading to divergent conclusions (Gelman & Loken, 2013). Our findings
support recent calls (Haim et al., 2023; Kitto et al., 2023) to standardise
and document all data pre-processing and analysis decisions.

Secondly, we suggest researchers differentiate between exploratory
and explanatory models when using behavioural features to predict
collaborative outcomes (Gelman & Loken, 2013). Some researchers have
suggested that learning analytic tools fail to replicate in other settings
due to overfitting of models (Haim et al., 2023; Kitto et al., 2023).
Problems in replicability may also be compounded by over-inflation of
significance estimates uncorrected for multiple analyses. We demon-
strate here that after correcting for multiple comparisons, we only found
the significant effect of group turn-taking entropy on perceived collab-
oration quality (H2b). We agree with other researchers advocating
pre-registration in this field (Ferguson & Clow, 2017; Haim et al., 2023;
Kitto et al., 2023; Motz et al., 2022). Even pre-registering exploratory
studies, as we have done here, can advance learning analytics, pro-
moting the culture of research collaboration (Nosek et al., 2018), and
avoiding the misinterpretation of exploratory results as confirmatory
(Chambers, 2017; Kerr, 1998). Researchers should use exploratory
findings to design follow-up confirmatory studies with pre-registered
protocols. In this way, learning analytics research can achieve greater
rigor and transparency, promoting the development of robust findings
for improving educational practices.

7. Conclusion

As it becomes easier to collect data streams from co-located learning,
it is important that we understand what types of behaviours are helpful
in understanding co-located collaboration, and how these behaviours
are related to meaningful constructs that facilitate collaboration. Our
results emphasise the infancy of deploying learning analytics that
leverage audio features in authentic learning settings. Reproducibility
and generalizability are critical in the models developed for learning
analytics. With greater attention to transparency in research design (i.e.,
reducing researcher degrees of freedom) and reporting (i.e., separating
exploratory from confirmatory analyses), future studies can enhance
systematic investigation into the constructs that facilitate multi-party
co-located collaboration and provide us with essential foundation for
robust automatic assessments.
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