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ABSTRACT 

We adopt a multimodal approach to investigating team 
interactions in the context of remote collaborative 
problem solving (CPS). Our goal is to understand 
multimodal patterns that emerge and their relation with 
collaborative outcomes. We measured speech rate, body 
movement, and galvanic skin response from 101 triads 
(303 participants) who used video conferencing software 
to collaboratively solve challenging levels in an 
educational physics game. We use multi-dimensional 
recurrence quantification analysis (MdRQA) to quantify 
patterns of team-level regularity, or repeated patterns of 
activity in these three modalities. We found that teams 
exhibit significant regularity above chance baselines. 
Regularity was unaffected by task factors. but had a 
quadratic relationship with session time in that it initially 
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increased but then decreased as the session progressed. 
Importantly, teams that produce more varied behavioral 
patterns (irregularity) reported higher emotional valence 
and performed better on a subset of the problem solving 
tasks. Regularity did not predict arousal or subjective 
perceptions of the collaboration. We discuss implications 
of our findings for the design of systems that aim to 
improve collaborative outcomes by monitoring the 
ongoing collaboration and intervening accordingly. 
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1 Introduction 

Imagine you are a software developer. You wake up and 
coordinate with your partner to get the kids to school on 
time without being late for work. At the office, you work 
with your team of developers to fix bugs in a new product,  
and then collectively decide what to get for lunch. After 
lunch, you have a Skype meeting with the marketing 
department to discuss the product launch campaign. You 
head to the park after work for a game of basketball with 
your friends before getting home and planning out the 
family’s schedule for the rest of the week. Throughout the 
day you spontaneously collaborate with various people to 
get things done.  

Be it in school, work, family, or other social groups, we 
are constantly engaging in interaction and coordination 
with people around us to accomplish a variety of tasks 
involving others [68, 69]. Indeed, human-human 
interaction is the vehicle by which teams work to achieve 
a shared goal that may not be possible by working alone 
[16, 23]. A marketing team working on an ad concept and 
a group of friends playing basketball both require 
individuals to contribute their knowledge and skills to 
achieve the goals of the group through meaningful 
interaction. 

Although multiparty interaction is ubiquitous in 
everyday life, people often fail to navigate such 
interactions efficiently. Successful communication relies 
on socio-cognitive-affective processes such as 
conversational grounding, turn-taking, emotion co-
regulation, and joint attention, to name a few [8, 27, 39, 
48, 51, 59]. Disruption of these processes often occurs, 
resulting in loss of coordination within a group [31, 63]. 
Additional factors that undermine a group’s effectiveness, 
including social loafing, where people tend to put less 
effort into a task when working in groups, and group 
think, where groups make suboptimal decisions due to 
diminished individual responsibility or social pressures [4, 
57]. There have been efforts to support multiparty 
interaction, for example, by increasing individual 
accountability [67, 90]. However, there is little research on 
how productive and unproductive group processes can be 
computationally assessed, interpreted, and intervened 
upon. We address gap by uncovering the multimodal 
dynamics of multiparty interaction in the context of 
collaborative problem solving (CPS) and understanding 
how these dynamics predict outcomes.  

Multimodal signals in collaborative problem solving 

Problem solving is defined as cognitive processing 
required to understand and resolve a problem when the 
solution is not obvious [69]. Collaborative problem solving 
occurs when two or more people engage in a coordinated 
attempt to share their skills and knowledge in order to 
construct and maintain a joint solution to a problem [74]. 

Effective CPS is dependent on a team’s ability to establish 
common ground [74], jointly develop a solution that 
accommodates multiple perspectives [74], and monitor 
progress toward the goal [29, 75]. Given that CPS skills 
are essential in the 21st century globalized workforce, 
researchers [15, 68, 69, 76] are addressing this need by 
emphasizing CPS in educational curricula [12, 19, 36, 38, 
43, 68, 69]. For example, the Program for International 
Assessment (PISA) made CPS assessment one of their 
focal areas in 2015, where students from over 70 countries 
were assessed on their CPS skills [69]. 

Despite this emphasis on assessing CPS skills, we know 
very little about how to promote or support effective CPS. 
This is a major challenge since teams often perform worse 
than they potentially could, a phenomenon known as 
“process loss” [22, 23, 72]. Process loss is exacerbated 
during remote interactions as basic social signals like 
speech, breathing, gesturing, and other subtle movements 
are dampened due to limitations with camera resolution, 
bandwidth, audio feedback, and delayed sound 
transmissions [80]. Degradation in these lower-level cues 
reduces a team member’s ability to perceive, integrate, 
and extrapolate meaning from the interaction, resulting in 
lower coordination, cohesion, trust, and performance 
among team members [1, 80]. Thus, it is crucial to study 
the behavioral dynamics of remote CPS interactions to 
better understand factors that contribute to team 
performance. This understanding can then help develop 
computerized supports to facilitate collaboration and its 
outcomes. 

Importantly, a multimodal approach might be 
necessary because different modalities index different 
aspects of the group interaction. High-level language (e.g., 
specific suggestions) communicate the content of the 
collaboration [29], while lower-level language products 
like speech rate index turn-taking dynamics [34]. Social 
cues and emotional aspects of the collaboration are 
conveyed through acoustic-prosodic information [28] 
(e.g., pitch) and facial expressions [26]. Head movements 
have unique signaling capacities in communication as 
they are highly visible and involved in conversational 
feedback (e.g., acknowledgment uptakes) and used to 
underscore semantic content [47]. Physiological signals 
(e.g., heart rate, galvanic skin response) index internal 
states like autonomic arousal [25], and have been linked to 
emotion co-regulation [40, 50] and improved performance 
in simple problem solving tasks [32, 41, 42]. 

A multimodal dynamical systems approach to 
understanding CPS 

We adopt a multimodal approach to model the various 
modalities involved in CPS [33, 66, 94]. We ground our 
approach in nonlinear dynamical systems theory, which 
emphasizes interactive relationships that result in 
nonlinear shifts in behavior over time [24, 58]. Such 
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patterns are typical to CPS, where teams exhibit 
qualitatively distinct behaviors, for example, as they move 
from discussing possible strategies to solving a problem, 
to executing a select strategy, to evaluating its effects. In 
line with this perspective, we utilize an analytical method 
from nonlinear dynamical systems theory called 
recurrence quantification analysis (RQA) [70] to quantify 
behavioral patterns which emerge during the 
collaboration [18].  

The basic idea of RQA is to identify the extent to which 
a dynamical system exhibits recurrent or repeated states 
of activity, which can provide critical insights into the 
structural and temporal organization of the system. RQA 
captures points during which a state is revisited, as well as 
sequences of states that are repeated. It can  be used to 
examine recurrence within one signal or among multiple 
signals, where it measures coordination [18, 70, 83]. RQA 
has many advantages over traditional time series analysis 
techniques because it can be applied to signals of any 
length and has no assumptions of linearity or stationarity 
[84]. 

RQA has traditionally been used to quantify recurrent 
patterns within one signal (e.g., [89, 93]) or to study 
alignment between two signals (cross-RQA (e.g., [18, 40, 
46, 50, 71, 73, 83]). Here, we use multidimensional RQA 
(MdRQA) [92], a newer extension of RQA, to examine 
patterns across multiple signals from multiple people and 
modalities. MdRQA quantifies the degree to which the 
collective organization of the signals exhibits regular 
patterns of behavior, which reflect periods when the 
system is in the same repeated “state,” though the 
individual channels may not be in alignment [3]. For 
example, one repeated state might include high 
physiological arousal but low speech rate and negligible 
bodily movement (potentially signaling tension), whereas 
another might include high physiological arousal with 
rapid speech and frantic movement (potentially signaling 
excitement). Here, we use MdRQA to examine the 
multimodal dynamics of multiparty interaction amongst 
triads engaged in a remote CPS task. 

Related work 

We review literature pertaining to models of effective 
collaboration, interpersonal synchrony and coordination, 
and recent studies that have used MdRQA to investigate 
team dynamics. With respect to the first, prior work has 
investigated how team composition (e.g., group size [55, 
56], ability/motivation cohesiveness [27, 37, 52]) and 
features of the task (e.g., problem structure [54, 81]) 
predict team performance. Taking a social psychology 
approach, these studies primarily focus on group and task 
features that exist before the interaction rather than the 
dynamics of the interaction itself. Subsequently, 
computational approaches have been applied to predict 

stable individual traits related to teamwork, such as 
personality [4], leadership and dominance [11, 45, 78], and 
interpersonal skills (empathy, communication) [44, 65]. 
Again, the focus is on predicting attributes of individuals 
from their behavioral patterns. 

In the HCI domain, research has prototyped systems 
that deliver automated feedback based on interaction 
performance [49, 77, 88]. For example, following a group 
task in a video conferencing environment, the 
Collaboration Coach (CoCo) [77] provides participants 
with information on their own turn-taking, affect, and 
participation during the task. This type of feedback has 
been shown to improve collaborative outcomes, such as 
task performance [88] or individual participation [49, 77].  

More recent research has shifted to examining dynamic 
processes underlying collaborations. In this domain, 
studies on multiparty interaction have attempted to 
predict group performance using machine learning. For 
example, Avci and Aran [6] used modified Hidden Markov 
Models [9] to predict group performance from speech cues 
(turn-taking, interruptions, etc.) and head and body 
movement features. Murray & Oertel [62] followed up on 
this work using a transfer learning approach with Random 
Forest classifiers. They extracted acoustic features from 
audio recordings and linguistic features from audio, to 
predict task performance with a mean-squared error of 
64.4 (baseline = 79.3). 

Rather than predicting phenomena related to group 
interaction (e.g., task performance [6, 62] or empathy 
[44]), the extensive literature on coordination aims to 
describe patterns of the interaction itself. This work 
quantifies the alignment of signals between interacting 
individuals [20, 33, 66], with an emphasis on verbal [94], 
physiological [66], and behavioral (e.g., movement [79] 
and eye gaze [72]) signals. For example, Von Zimmerman 
and Richardson [94] showed how verbal coordination can 
strengthen large group affiliation and performance. 
Similarly, motor coordination has been shown to 
positively influence perception of affiliation [53]. Eye gaze 
coordination (a proxy for joint attention) has been shown 
to increase when common ground is established prior to 
the conversation and is linked to better outcomes [72]. 

In a somewhat different vein, some research has 
developed computational models to predict individual 
behaviors of one team member from behaviors of others 
in the team, arguing that this provides a more direct and 
generalizable measure of coordination compared to 
traditional analytical approaches. In particular, Grafsgaard 
et al. [35] trained long-short term memory (LSTM) 
networks to predict facial expressions and body and 
gestural movement in heterosexual romantic couples, 
using behavioral inputs from one partner to predict those 
of the other. Applying a similar approach to triadic CPS 
interaction, Stewart et al. [87] trained LSTMs to predict 
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speech rate of one teammate from speech rate and 
acoustic-prosodic features of two others and from team-
level task context features. They could predict speech rate 
up to six seconds in advance, arguing that the modes are 
able to capture co-regulation in turn-taking dynamics. 

Most recently, researchers have looked beyond 
coordination patterns, to quantify regularity, or recurrent 
patterns of activity across team members [64, 89, 93]. 
More closely related to our work, Vrzakova et al. [91] 
investigated patterns of team-level regularity in triads 
engaging in a remote, collaborative programming task. 
They used MdRQA to quantify recurrent (repeated) 
patterns amongst three individuals’ eye-gaze in tandem 
with changes on a shared user interface. They found that 
regularity (i.e., recurrence) in these four signals positively 
predicted expert-codes of team negotiation and 
coordination, which is defined as the process of 
collaboratively settling on a solution and executing it. 

Similarly, Amon et al. [3] applied MdRQA on an 
expanded version of the same data set to examine 
regularity in eight channels: speech rate for three 
individuals, body movement for three individuals, and 
activity in two areas of interest on a shared user interface. 
They found that regularity within short time periods (i.e., 
one to two seconds) was significantly higher than shuffled 
baselines but did not systematically change over the 
course of the 20-minute collaboration. Most importantly, 
they found an inverse relationship between regularity and 
expert codes of negotiation and coordination and 
construction of shared knowledge (the process of 
expressing ideas and understanding other’s ideas). That is 
to say, novel behaviors (lower regularity), predicted 
behaviors associated with successful collaborations.  

The contradictory findings in these two studies is 
attributable to differences in modality. Whereas regularity 
in Vrzakova et al. [91] essentially indexed joint attention 
in tandem with a shared display, a desirable process, 
regularity in the Amon et al. [3] study was related to an 
overall reduction in behaviors, which is ostensibly 
undesirable. Neither of these previous studies were able to 
reliably link regularity with CPS outcomes.  

Current study, research questions, and novelty 

Research on multiparty interaction, including the CPS 
literature, has typically focused on modeling traits of the 
interacting individuals (e.g., personality [2, 6]), processes 
involved in the interaction (e.g., turn-taking [44]), or the 
outcomes of  the interaction (e.g., task performance [6, 
62]).  Our work is novel in that it instead focuses on 
multimodal interaction patterns emergent in team 
interactions, identifying factors that might influence these 
patterns, and investigating the extent to which the 
patterns index collaborative outcomes. Further, we focus 
on analyzing the team as a whole, which is a departure 
from previous research that focuses on individual team 

members or alignment between team members. Although 
automated feedback systems are a potential application of 
our work, the present study focuses on the more 
preliminary step of understanding team-level multimodal 
dynamics. 

We collected a large data set of 101 triads (303 
participants) who used video conferencing software to 
collaboratively solve challenging levels in an educational 
physics game. We then use multidimensional recurrence 
quantification analysis [92] (MdRQA) to jointly model 
three team-level signals: speech rate to index verbal 
contribution, body movement features to index nonverbal 
communication, and galvanic skin response as a measure 
of autonomic arousal. We selected these three modalities 
as they have been linked to coordination amongst 
interacting individuals [35, 66, 94] and are known to index 
key CPS processes including active participation [48], 
turn-taking dynamics [48], shared attention [5], and 
emotional co-regulation [17]. Our key measure is 
multimodal regularity which reflects the extent to which 
the team’s behavior/physiology exhibits recurrent (or 
repeat) versus irregular (potentially novel) behaviors, 
which is a measure derived from dynamical systems 
theory (see Section 1.2).  

We address five research questions. First, do teams 
exhibit systematic patterns of multimodal regularity (RQ1)? 
A positive finding here would reflect an underlying 
systematicity in teams’ behavioral/physiological patterns, 
providing a basis for our remaining questions. Next, we 
examine how overall activity in individual modalities 
corresponds to multimodal regularity by asking how do 
individual measures constitute team-level regularity (RQ2)? 
For example, does higher recurrence correspond to 
increased speech rate, less body movement, and elevated 
galvanic skin response (GSR) signals, or some other 
organization of these component modalities? Next, 
research has found that changes in context affect 
multiparty interactions [54, 81] so we investigate how 
regularity varies as a function of task features (RQ3) by 
examining whether it is robust or malleable to differences 
in the task context. Further, we examine temporal patterns 
of regularity by addressing how does regularity change over 
time? (RQ4). It could be the case that teams establish 
stronger patterns of interaction as the collaboration 
progresses or, alternatively, time could play a negligible 
role in interactions as patterns could rapidly form and 
stabilize. Finally, we address the question of whether 
regularity predicts subjective and objective team outcomes 
net of overall levels of behavior (RQ5). 

Although using MdRQA in the context of multiparty 
interaction is relatively novel, this approach has been used 
in two studies discussed above [3, 91]. We distinguish our 
research from these in the following four ways. First, we 
incorporate galvanic skin response, a physiology signal 
that indexes autonomic arousal [21, 66] and has been 
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linked to emotional arousal [25, 61]. Measures of 
peripheral physiology have been extensively studied in 
the interpersonal coordination literature [66] and provide 
additional insight into the internal state of interacting 
individuals beyond outward behavioral measures used in 
these previous studies (e.g., eye gaze, speech rate, body 
movement). Second, previous work examined a single task 
context with one goal and a single team interaction. In our 
work, we manipulate the goals and context of the task and 
analyze two successive collaboration sessions with an eye 
towards quantifying the extent to which dynamics vary as 
a function of task context changes. Third, previous studies 
analyzed interactions of signals from individuals and not 
the team as a whole, thus they might not fully capture 
team-level dynamics as in the current study where we 
aggregate signals from individual team members to obtain 
a team-level representation. Finally, previous studies were 
insufficiently (statistically) powered (19 and 32 teams were 
analyzed) and found no significant link between regularity 
and task performance. With our larger dataset of 170 
collaborative sessions across 86 teams, we for the first 
time, demonstrate the relationship between regularity and 
CPS outcomes. In short, the present study examines how 
multimodal, team-level processes, both those internal and 
external to team members, interact to produce systematic 
behavior, and the extent to which this corresponds to 
team outcomes.  

2 Data Collection 

Participants 

Participants were 303 students (56% female, average age = 
22 years) from two large public universities. Students 
were 47% Caucasian, 28% Hispanic/Latino, 18% Asian, 2% 
Black or African American, 1% American Indian or Alaska 
Native, and 4% other. Students were assigned to 101 teams 
of three based on scheduling constraints. Thirty students 
from 18 teams (26%) indicated they knew at least one 
person from their team prior to participation. Participants 
were compensated monetarily ($50) or with course credit 
after completing both the at-home and in-lab portions of 
the study.  

Problem solving environment 

We used Physics Playground for our problem solving 
environment. This is a two dimensional educational game 
that aims to teach students basic Newtonian physics 
concepts (e.g., Newton’s laws, energy transfer, and torque) 
and has been found to be highly engaging [13, 60]. 
Everything in the game obeys the laws of physics. Game 
levels require participants to guide a green ball to a red 
balloon by drawing simple machines (i.e., ramps, levers, 
pendulums, and springboards) using the mouse. For 
example, Figure 1 depicts a team’s solution that involved 

drawing a lever that rotated around a fixed point and 
weighting down one end in order to roll the ball toward 
the balloon. Teams earned gold trophies for more concise 
solutions where fewer objects were drawn; otherwise, 
their solution earned a silver trophy. Players could restart, 
exit, or change levels at any time during gameplay. 
However, there were no hints or support mechanisms in 
the game with the exception of a tutorial on game 
mechanics. Each game level was rated by experts based on 
physics knowledge required to solve the level and 
difficulty of game mechanics. 

 

Figure 1: Screenshot of the task setup, showing a triad 
attempting to use a lever and weight to navigate the green 
ball to the red balloon. 

Procedure 

All procedures were approved by the institution’s 
Institutional Review Boards. Participants completed 
informed consent forms prior to the lab portion of the 
study. 

At-home procedure . Participants were emailed a survey 
to complete prior to the in-lab portion of the study. The 
survey was sent to them at least 24 hours in advance of 
their scheduled lab session. The online survey included 
demographic questionnaires assessing participants’ 
gender, age, and prior physics experience. Participants 
also completed a ten-item expert-created physics pre-test 
that assessed knowledge of energy transfer and properties 
of torque, which corresponded to the Physics Playground 
levels selected for the in-lab portion of the study. 

After completing the physics pre-test, participants were 
provided a short tutorial describing how to use the 
Physics Playground environment, including how to draw 
machines such as ramps and springboards. Participants 
then had up to 15 minutes to complete five expert-rated 
easy levels to familiarize themselves with the game. Other 
activities in the in-home survey not germane to the 
present study are not discussed. 

In-lab procedure . Upon arriving to the lab, participants 
were each assigned to one of three separate computer-
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enabled workstations either partitioned or in different 
rooms (depending on the school) with video conferencing 
capabilities and screen sharing through Zoom 
(https://zoom.us) (Figure 1). Each computer had a webcam 
with a headset microphone so students could see and hear 
each other. Audio was also recorded from this headset, 
and individual participants were video recorded using a 
second webcam. Physiological responses were recorded 
using the Shimmer 3 GSR+ to measure GSR at 51.2 Hz. 
The experimenter attached the GSR electrodes to the palm 
of each participant’s non-dominant hand and attached the 
receiver device on their non-dominant arm. An ear clip 
that measures photoplethysmography (PPG) was attached 
to the ear lobe on the same side of the body. These 
electrode placements followed the manufacturer’s 
recommendations. 

Teams completed the Physics Playground task in three 
15-minute blocks, including a warmup and two 
experimental blocks. Only a single randomly assigned 
team member could interact with the game, and this 
participant’s screen was shared using zoom’s screen 
sharing mechanism. A different team member was given 
control of the mouse and interface during each 15-minute 
block such that each participant controlled the interaction 
for exactly one block.  

Participants first completed the 15-minute warmup as a 
team in order to familiarize them with their team 
members and the task environment. They were instructed 
verbally and with on-screen instructions to use the 15 
minutes to get to know their teammates and to play a few 
levels together. They were given five easy-to-medium 
levels corresponding to the energy transfer and torque 
physics concepts. Teams were given on-screen warnings 
when they had ten and five minutes left in each 15-minute 
block. 

After the warmup, screen sharing was disabled and 
participants were individually asked to rate their 
emotional valence (1 = very negative, 5 = very positive) and 
arousal (1 = very sleepy, 5 = very active) on five-point 
Likert scales. They also completed a six-item 
questionnaire assessing perceived quality of their team’s 
collaborative problem solving (e.g., “Our team freely 
shared our thoughts about the nature of the problem and 
possible solutions”). This was followed a three-item 
inclusiveness and team norms questionnaire (e.g., “Each 
person on my team had an equal say in the decisions 
made during gameplay”) (1 = disagree strongly, 7 = agree 
strongly) [30]. 

Next, teams collaborated during two experimental 
blocks with differing goals. In one goal manipulation, 
teams were instructed to “solve as many levels as 
possible.” In the other goal manipulation, teams were 
instructed to “get as many gold trophies as possible.” 
Teams were reminded that they earned a gold trophy by 
using fewer objects in their solution. Instructions with the 

goal condition were provided both verbally and on screen. 
The purpose of this manipulation was to examine the 
degree to which task constraints influenced teams' 
patterns of behavior. The physics concept was also 
manipulated during the experimental blocks with teams 
being presented with either seven energy transfer levels 
or six properties of torque levels to complete. All levels 
were of medium-to-hard difficulty. Goal manipulation and 
physics concept were counterbalanced across teams. For 
example, a team that started with energy transfer levels 
with the goal of obtaining as many gold trophies as 
possible in the first experimental block would then be 
instructed to solve as many levels as possible in the 
second block while being presented with torque levels. 
Another team would start with the energy transfer 
concept while tasked with solving as many levels as 
possible in the first experimental block, followed by the 
torque concept and trophies goal in the second 
experimental block. Teams were given 15 minutes for 
each experimental block and received the same on-screen 
warnings as the warmup when they had ten and five 
minutes left in the 15-minute block. They were also 
reminded of their goal condition (levels or golds) during 
this warning. After each experimental block, participants 
individually (i.e., without screen sharing) completed the 
same surveys that they completed after the warmup.  

Additionally, after both experimental blocks, 
participants individually completed a physics post-test, 
which was a parallel-form version of the pre-test. 
Assignment of test version (A or B) as pre- or post-test 
was counterbalanced across participants. Lastly, 
participants engaged in an unrelated collaborative task, 
which is excluded from the current analyses. They were 
then fully debriefed. 

Manipulation check . To ensure that the goal 
manipulations were sufficient, we asked each participant 
individually after each experimental block to report their 
primary goal for that block. Overall, 95% of responses 
were consistent with the intended manipulation, 
indicating that our manipulation was successfully 
perceived by the vast majority of teams. 

3 Data Processing 

Deriving time series 

Given that the warmup was focused on familiarizing 
teams with their team members and the task environment, 
we focused our analyses only on the two experimental 
blocks. First, we used the IBM Watson Speech to Text 
service [36] to generate transcriptions of individual audio 
recordings, from which we computed speech rate (words 
per second) for each second of the collaboration, yielding 
a 1Hz time series. If a word spanned multiple seconds, we 
assigned it to the second in which it started. 
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Figure 2: (a) Example time series for three participants undergoing (b) pre-processing and (c) team-level aggregation before 
the MdRQA. (d) Distance matrix computed from team-level time series transformed into (e) binarized recurrence matrix 
obtained after applying a radius, with black points representing recurrent points. Red boxes illustrate how windowed (10 
second) recurrence rates are obtained. 

Videos of the participants’ faces and upper bodies were 
recorded at a variable frame rate. We converted them to a 
constant frame rate of 10 fps using FFmpeg and computed 
face and upper movement from these videos using a 
validated motion estimation algorithm [15]. The algorithm 
computes the proportion of pixels in each frame that 
change from a continuously updated background image 
from the previous four frames. Estimates of face and 
upper movement were smoothed by averaging over five 
consecutive frames resulting in a 2 Hz time series.  

GSR was recorded at 51.2 Hz., which is a relatively low 
frequency signal compared to some research-grade 
systems. Therefore, we focused our analyses on the 
slower-moving tonic components of the signal as this is 
preserved at lower sampling rates [14]. To extract this, 
GSR series were first smoothed using a cubic smoothing 
spline (smoothing parameter = 0.25) [86] followed by a 
second-order low-pass Butterworth filter with a cutoff 
frequency of 5 Hz to remove motion artifacts [82]. This is 

consistent with literature suggesting the tonic signal 
changes at a rate slower than 5 Hz [14, 70, 82]. 

Downsampling, standardization, and aggregation 

Our analyses required time series with equivalent 
sampling rates. Turns, defined as spoken utterances, were 
quite short (median of 1.4 seconds), so we chose a 1 Hz 
sampling rate for modeling to capture team dynamics at 
fine-grained intervals. Speech rate was initially measured 
at a 1 Hz frequency, thus did not require resampling. Body 
movement and GSR were down-sampled to 1 Hz with an 
order eight Chebyshev type I filter using the R function 
‘decimate’ in the ‘signal’ package [85]. To account for 
individual differences, speech rate, body movement, and 
GSR signals were z-score standardized for each 
participant. We then averaged the time series across 
participants in the team, resulting in one time series per 
modality per team, to analyze the team as a single unit. To 
account for differences in value ranges across modalities, 
we normalized the team-level time series to a range of 0 to 
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1. Figures  2a, 2b, and 2c illustrate the steps of data pre-
processing per modality.  

Data exclusion 

Occasionally the GSR signal would have missing data due 
to the lightweight sensor which could lose contact with 
the skin from too much movement. Some data loss is 
expected since movement was not restricted to preserve 
ecological validity of the task. Poor audio and video 
recordings also resulted in missing speech rate and body 
movement data. To account for this, we excluded 
participant signals that did not have a complete 15 
minutes of data at a constant sampling rate (i.e., chunks in 
the time series were missing). If more than one participant 
was missing data in a single modality, the entire team was 
excluded from analysis. For example, if participant A in a 
team had missing audio and video recording, but 
participants B and C had intact data, participant A’s 
speech rate and body movement data would be excluded 
from analysis. If participant B also had missing audio 
recording, the entire team would be excluded. We chose 
this exclusion criteria to maintain a large sample size 
without sacrificing data integrity as teams with excluded 
data retained at least 6 out of 9 valid participant-level time 
series. Overall, 83% of analyzed teams had complete data. 
To control for this difference, we grouped teams based on 
data completeness and z-scored recurrence rates per 
group.  

Teams that did not complete the at-home or in-lab 
surveys were excluded due to missing outcome measures. 
Of the original 101 teams, 14 were entirely excluded for 
missing data and two teams had one experimental block 
excluded for missing data. This resulted in a final analytic 
sample of 258 participants, or 86 teams, who completed a 
total of 170 experimental blocks. 

Measures 

Outcome measures . The individual-level perceived 
collaboration quality and team norm questionnaires [30] 
had a Cronbach’s alpha reliability of 0.84 and 0.91, 
respectively. Combining the scales corresponded to an 
alpha reliability of 0.93. Thus, we averaged item scores 
across the two questionnaires to obtain a single composite 
score of perceived collaboration quality per individual. We 
then averaged the composite score across team members, 
resulting in one aggregate score per team. Valence and 
arousal were also averaged across team members. 

We also computed a task performance score for each 
block by dividing the total number of trophies a team 
earned by the number of possible trophies (i.e., seven for 
energy transfer or six for torque). We simply added gold 
and silver trophies and did not distinguish between the 
two, as trophy type is related to the goal manipulation and 

not central to the present study. We also did not include 
post-test scores because they cannot be easily resolved at 
the team level as they are highly dependent on pre-test 
scores. 

Multimodal Recurrence Quantification Analysis 
(MdRQA) measures . Multi-dimensional recurrence 
quantification analysis (MdRQA) [92] takes a multi-
column matrix as input, with each column representing a 
single time series. MdRQA computes a distance matrix by 
calculating pairwise Euclidean distances between the 
multidimensional values at each time point. The diagonal 
of the distance matrix represents the line of identity (LOI), 
or the distance between each time point with itself (i.e., 
lag 0). Diagonals of the distance matrix parallel to the LOI 
represent distances between elements at various time lags, 
with diagonals further from the LOI occurring at greater 
lags.  

A radius is applied to transform the distance matrix 
into a binary recurrence matrix. Elements in the matrix 
whose value falls below the radius are considered 
recurrent points and assigned a value of one. Distances 
that are equal to or greater than the radius are assigned a 
value of zero, denoting no recurrence. We estimated the 
radius parameter with a grid search on a randomly-
sampled 25% of teams (both experimental blocks) to obtain 
a target average recurrence rate in the recommended 4% 
and 5% range [18]. This yielded a radius of 0.26. 

Recurrence rate is the percentage of recurrent points in 
the matrix and is taken as our primary measure of team-
level regularity. In our case, a recurrent point means that 
the team-level values of speech rate, body movement, and 
GSR at a given second return to a repeat state. In addition 
to identifying total recurrence across the task session, we 
also studied changes in recurrence over time within an 
experimental block by computing recurrence rate per 
minute or each 60-second square window along the LOI. 
Figures  2d and 2e illustrate the steps of calculating an 
MdRQA recurrence matrix and obtaining windowed 
recurrence rates. We did not consider additional measures 
that can be derived from the recurrence plot such as 
determinism and entropy because they were strongly 
correlated (rs between .51 and .90) with recurrence rate. 

Overall activity measures . We also computed average 
team activity for each modality. This was calculated by 
summing each participant’s time series per modality and 
then averaging across the three participants in the team. 
For speech rate, this translates to the average of the total 
words spoken by participants, or average team verbosity. 
Body movement and GSR were also summed within each 
participant and then averaged across team members. To 
account for differences in the range of each modality, we 
z-scored each measure across all teams. 
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4 Results 

Figure 3a shows a histogram of recurrence rates (RR) 
pooled across both blocks. Figure 3b, 3c, and 3d depict 
sample recurrence plots corresponding to low (RR = 
2.38%), average (RR = 4.65%), and high (RR = 9.80%) 
recurrence. Table 1 presents descriptive statistics of all 
key study variables. 

 

Figure 3: (a) Histogram of observed recurrence rates before 
z-scoring. Blue line indicates the mean recurrence rate 
across teams. (b) Recurrence plots for low RR team (RR = 
2.38%), (c) average RR team (RR = 4.65%), and high RR 
team (RR = 9.80%). Black points denote recurrent points. 

(RQ1) Do teams exhibit multimodal regularity? 

Our first research question pertained to whether teams 
exhibited systematic patterns in regularity. To address 
this, we compared observed MdRQA recurrence rates with 
shuffled baselines, obtained by randomly shuffling the 1s 
time points of each team’s multi-dimensional time-series 
such that concurrent values across channels remained 
together but the ordering of time points was randomized. 
Shuffled time series were then submitted to a MdRQA 
(with the same radius as the observed data) to derive a 
measure of baseline regularity. We computed recurrence 
rate for ten shuffled baseline time series and averaged 
across them. 

Since MdRQA computes pairwise distance between all 
points, shuffling does not affect the overall recurrence 
rate. However, local dependencies should be disrupted in 
the shuffled time series. To test this, we computed the 
proportion of recurrence points for both the original and 
the shuffled time series at consecutive lines parallel to the 
main diagonal, which represent successive lags of 1s, 2s, 
etc. We investigated lags of up to 10s to capture a range of 
possible local patterns and ignored lag 0s since it involves 
comparing each point to itself, which will always be 
recurrent. For systematicity to exist, observed recurrence 
rates should differ from baselines, suggesting that there is 
significant multimodal regularity (higher recurrence rates) 
or irregularity (lower recurrence rates). 

Figure 4a depicts average observed recurrence rates 
across teams at individual lags against the shuffled 
baselines. Two-tailed paired-sample t-tests comparing 
observed to baseline team recurrence rates (averaged over 
the two experimental blocks) indicated that the observed 
recurrence rates at lags 1 - 10 were significantly higher 
than baselines (ps < 0.001 with a Bonferroni correction 
resulting in an effective significance threshold of 0.005 
[.05/10]). Regularity was highest at lag 1, upon which it 
decreased but was still significantly higher than the 
baselines at all lags. This suggests that teams exhibit 
higher regularity in shorter intervals, but patterns 
remained at further time lags. 

  

Figure 4: (a) Observed MdRQA recurrence rates at time 
lags 1-10s (red) versus randomly shuffled baselines (blue). 
Error bars indicate 95% confidence intervals. (b) Quadratic 
trend of time (minute) on regressing recurrence rate. Band 
around the fitted line denotes confidence interval, and blue 
points represent observations. 

Table 1: Descriptives of key team-level variables. 

Measures Mean (SD) Observed Range  Possible Range  
MdRQA Recurrence Rate (%) 4.70 (1.63) [2.51 - 14.81] [0 - 100] 
Perceived Collaboration Quality 6.40 (0.45) [4.52 - 7.00] [1 - 7] 
Perceived Valence 3.85 (0.75) [1.33 - 5.00] [1 - 5] 
Perceived Arousal 3.52 (0.68) [1.67 - 4.67] [1 - 5] 
Proportion of Trophies Earned 0.22 (0.19) [0.00 – 0.75] [0 - 1] 
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(RQ2) How do individual measures constitute 
regularity? 

We used a linear mixed-effects modeling approach with 
each team as a random intercept for all subsequent 
analyses. This is the recommended approach due to the 
repeated (multiple blocks) and nested (blocks nested in 
teams) nature of the data. We used the ‘lme4’ library in R 
[10] for the requisite computation. 

To identify the relationship between individual 
measures of teams’ behavior and team-level regularity, we 
regressed MdRQA recurrence rate on average team-level 
measures of speech rate, body movement, and GSR. Goal 
manipulation (solve levels or earn trophies), physics 
concept (torque or energy transfer), experimental block 
number (first or second), and teams’ school affiliation (two 
groups) were included as covariates to control for 
contextual factors. We also included goal manipulation 
(two groups) and physics concept (two groups) as task-
level covariates (see below). Results indicated that higher 
recurrence rate was associated with lower speech rate (B = 
-0.53, p < .01), GSR (B = -0.24, p < .01), and body 
movement (B = -0.20, p < .01). Thus, reduced activity in 
each modality corresponded to more repeat values and 
higher recurrence rate. Conversely, lower regularity, or 
irregularity, corresponded to increased activity in the 
component behavioral time series. 

(RQ3) How do features of the task affect regularity? 

We investigated the extent to which features of the task 
predicted team-level regularity. The model from Section 
4.2 also tested the effects of goal manipulation (B = -0.01, p 
= 0.90) and physics concept (B = -0.16, p = 0.10). Neither of 
these variables showed a significant effect on recurrence 
rate, indicating that team regularity was stable with 
respect to task constraints. 

(RQ4) How does regularity change over time? 

To examine the degree to which teams’ regularity varied 
over time, we regressed minute-level recurrence rate, 
computed as the percent of recurrent points in each 
minute of the interaction (Figure 2e) on time (minute), 
testing for both linear and quadratic trends. We included 
average team movement, verbosity, GSR activity, goal 
manipulation, physics concept, experimental block 
number, and school affiliation as covariates to control for 
these effects. We found evidence for a significant linear 
increase in recurrence rate (B = 0.08, p < 0.01) throughout 
the block. However, there was also a significant quadratic 
trend (B = -0.01, p < 0.01) in that participants first 
increased and then decreased recurrence rate as the 
session progressed (Figure 5b). 

(RQ5) Regularity as a predictor of team performance 

Lastly, we examined the degree to which regularity 
predicted teams’ subjective and objective outcomes. For 
this, we separately regressed team valence, arousal, 
perceived collaboration quality, and proportion of trophies 
earned on MdRQA recurrence rate. Teams’ school, 
experimental block, goal manipulation, and physics 
concept were included as covariates to account for context 
effects. Average team verbosity, average team movement, 
and average team GSR were also included as covariates to 
control for overall amount of activity of each team. The 
results are presented in Table 2.  

We found that that team-level regularity negatively 
predicted valence (B = -0.15, p = 0.05), but not arousal (B = 
-0.01, p = 0.93) or perceived collaboration quality (B = -
0.01, p = 0.88). For objective outcomes, we found that 
recurrence rate was not associated with proportion of 
trophies earned in the block (B = -0.01, p = 0.37). However, 
we did find a significant effect of physics concept on the 
trophies earned (B = .25, p < .01), suggesting that teams 
earned more trophies for the concept of torque compared 
to energy transfer. To explore this further, we included 
the regularity × concept interaction term in the model, 
which was significant (ChiSq (1) = 4.24, p = 0.04). A 
subsequent simple slopes analysis identified a significant 
negative effect of recurrence rate on proportion of 
trophies earned (B = -0.04, p < 0.05) for the torque concept, 
but not for the energy transfer concept (p = 0.84). Taken 
together, the findings suggest that lower levels of team 
regularity, or heightened irregularity, corresponded to 
more positive valence and better task scores for the easier 
concept.  

5 Discussion 

We investigated multimodal dynamics during remote 
collaborative problem solving (CPS) interactions to better 
understand factors of the interaction that contribute to 
CPS processes and outcomes. Our aim is to understand 
how collaboration can be improved by uncovering the 
dynamics of multiparty interaction and to leverage these 
insights to develop better technologies to support remote 
collaborations. 

Findings 

We used multidimensional recurrence quantification 
analysis (MdRQA) to identify recurrent behavioral 
patterns during a CPS task in the context of an 
educational physics game. We recorded speech rate, body 
movement, and galvanic skin response (GSR) from 
individuals in a triad as measures of verbal contributions 
to the collaboration, nonverbal communication, and 
autonomic arousal, respectively. The findings demonstrate 
that teams exhibit collective patterns of regularity that 
differ significantly from baselines, and the difference was 
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larger at short time intervals. Further, we found that 
overall team activity in each modality was inversely 
related to regularity. That is, less overall activity in a 
modality corresponded to fewer unique values and more 
repeat states, in turn, contributing to a higher recurrence 
rate. Thus, MdRQA successfully identified systematic 
patterns in team-level dynamics spanning verbal and 
nonverbal behaviors as well as autonomic arousal.  

We found that patterns of regularity were robust to 
contextual changes during the CPS task, including assigned 
problem solving goal, physics concept, and experimental block 
(first or second collaborative interaction). It is possible that 
teams are able to maintain structure in their interactions despite 
perturbations to the task. It could also be the case that a more 
significant task perturbation is necessary for teams to reorganize 
their interaction processes, a hypothesis which needs further 
experimentation to validate. 

We also found trends in regularity within each team 
interaction. Teams displayed an initial increase and 
subsequent decrease in regularity during the 15-minute 
interactions. It is possible that teams began with a highly 
irregular behavior as they became acquainted with the 
new task goals. As the interaction progressed, teams’ 
increase in regularity may be attributed to the 
establishment of common ground [7]. During the second 
half of the interaction, teams may begin to reform their 
dynamics in an attempt to try new solutions and complete 
the task under the time constraints. In particular, the 
reminder indicating there were five minutes left in the 
task could perturb stable behavioral patterns that the team 
had previously settled into. It is likely that teams engaged 
in more irregular behavior as they attempted to complete 
the task before time ran out. 

Finally, we found that regularity of our multimodal 
signals was predictive of CPS outcomes. Although 
regularity was not related to self-reported arousal or the 
perceived quality of the collaboration, it predicted valence. 
This suggests that teams with more repetitive patterns felt 
that the collaboration was more unpleasant. We also 
found that irregularity predicted task performance under 
certain task contexts. Specifically, the fact that regularity 

only predicted performance for the easier properties of 
torque concept but not the energy transfer concept 
provides a boundary condition for this effect.  

Although it may be surprising that irregularity 
predicted higher performance, the most similar research 
[3] on a different dataset has linked irregularity to an 
increase in effective CPS processes, such as shared 
knowledge construction and negotiation/coordination, 
which supports our findings. Our basic interpretation of 
this finding is that teams exhibiting less regularity, which 
indexes more novel and less deterministic behavioral 
configurations, were better able to adapt to the 
challenging task. This metric of behavioral irregularity 
might be an exciting new measure to index team 
performance in some collaborative contexts. 

 

Applications 

Our findings could be used to inform intelligent systems 
that monitor the quality of ongoing interactions and 
intervene when necessary. In particular, in the context of 
virtual interaction, regularity of low-level behaviors could 
be monitored in real-time in video conferencing software. 
Targeted interventions could be delivered during the 
collaboration as needed. For example, prolonged states of 
heightened regularity may signify stagnation. Thus, the 
system could encourage teams to try new solutions or 
communicate in a different way. In addition to real-time 
feedback, these findings could be applied to post-
collaboration assessment and feedback about collaborative 
processes. The recurrence plots themselves can provide 
qualitative information about when teams engage in 
regular versus irregular behaviors and can become a core 
part of interactive visualization software that enables 
teams to zoom in on periods of interest and even search 
for specific recurrent behaviors (e.g., periods of low 
arousal and body movement but a lot of verbal 
communication). Since automated interaction feedback 
systems have been tested and proven beneficial to team 
performance and behavior [49, 77, 88], it is likely that 

Table 2:  Results of linear mixed-effects model regressing outcome measures on MdRQA recurrence rate and several 
covariates. Estimates (B) and standard errors (SE) shown. 

 Arousal Valence Subjective quality of 
collaboration 

Proportion of 
trophies earned 

 B (SE) p B (SE) p B (SE) P B (SE) p 
 MdRQA recurrence rate 

Covariates 
-0.01 (0.07) 0.93 -0.15 (0.08) 0.05 -0.01 (0.04) 0.88 -0.01 (0.02) 0.37 

 Average team verbosity 0.07 (0.07) 0.28 -0.02 (0.07) 0.81 0.18 (0.04) <0.01 -0.01 (0.01) 0.64 
 Average team movement -0.03 (0.06) 0.67 -0.08 (0.07) 0.20 0.02 (0.04) 0.64 -0.02 (0.01) 0.16 
 Average team GSR 0.12 (0.06) 0.06 0.07 (0.06) 0.27 -0.02 (0.04) 0.56 0.02 (0.01) 0.22 
 Goal manipulation (levels) 0.00 (0.07) 0.98 -0.01 (0.09) 0.94 -0.02 (0.04) 0.57 -0.03 (0.02) 0.21 
 Physics concept (torque) 0.32 (0.07) <0.01 0.64 (0.09) <0.01 0.14 (0.04) <0.01 0.25 (0.02) <0.01 
 Experimental block (block 2) -0.04 (0.07) 0.58 0.15 (0.09) 0.10 0.05 (0.04) 0.29 0.03 (0.02) 0.09 
 School (CU Boulder) -0.16 (0.14) 0.25 -0.08 (0.13) 0.53 0.00 (0.09) 0.96 0.02 (0.03) 0.38 
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feedback with our metrics could also effectively guide 
productive collaboration. 

Measures of regularity could be used to aid machine 
learning models in predicting collaborative processes and 
outcomes. For instance, recurrence rate could be 
calculated over short time intervals and used as an input 
feature along with other multimodal features. This might 
provide a boost in machine learning performance over 
more primitive features because it indexes system-level 
dynamics comprised from multiple interaction modalities 
and interacting individuals.  

Limitations and future work 

Our work has five main limitations that should be 
addressed in the future. First, our subject sample consists 
of students at two universities and is not demographically 
representative of the general population, particularly with 
respect to age diversity. Second, this study was conducted 
in a controlled lab environment. Interaction dynamics will 
presumably change in-the-wild when there are increased 
noise and distractions. Third, while we did assess 
changing task contexts (i.e., goals and physics concept 
manipulation), the analyses were conducted on single task 
environment (i.e., a physics game), which limits 
generalizability claims. Fourth, we examined short, 15-
minute interactions in teams where the individuals were 
mostly unfamiliar with each other. Interaction patterns 
might change as teams interact for longer time periods or 
familiarity increases. Fifth, this work can be expanded to 
include signals like facial expression and acoustic-
prosodic features, to index emotional aspects of 
interaction, eye gaze to index attention, and language to 
index the content of the interaction. We are currently 
analyzing these additional signals across multiple tasks, 
with the goal of understanding interaction dynamics from 
a more holistic perspective (i.e., verbal and nonverbal 
communication, emotion, physiology, and attention). We 
expect these additional channels will increase our 
understanding of complex multimodal interactive patterns 
and explain more variance in predicting collaborative 
outcomes, a hypothesis that warrants future research. 

Concluding remarks 

We investigated multimodal regularity in speech rate, 
body movement, and galvanic skin response as triads 
engaged in a collaborative problem solving task. We 
linked regularity patterns to subjective and objective task 
outcomes in some contexts. Thus, multimodal regularity 
might reflect a promising approach to study team-level 
dynamics in multiparty interactions. 
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