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ABSTRACT
Collaborative Problem Solving (CPS) is a vital 21st-century
skill that integrates social and cognitive processes to achieve
shared goals. Despite its importance, understanding how
communication dynamics shape individual learning outcomes
in CPS tasks remains a challenge, particularly in virtual set-
tings. To address this gap, this study analyzes discourse
patterns using Group Communication Analysis (GCA), a
temporally sensitive computational methodology for quanti-
fying team interactions. Our work takes a novel approach by
identifying discourse patterns associated with student per-
formance. We examined the interaction patterns of 279 un-
dergraduate students as they engaged in a virtual physics
learning game, using GCA measures such as participation,
internal cohesion, responsivity, social impact, newness, and
communication density. Our findings suggest that students
who introduced more novel contributions (i.e., newness), es-
tablished common ground (i.e., overall responsivity) and en-
gaged in denser communication showed significantly greater
improvements in their post-test scores. These results pro-
vide valuable insights into optimizing virtual collaboration
in educational settings, highlighting the role of novel infor-
mation exchange between learners. This study emphasizes
the importance of examining individual contributions and
group dynamics, and proposes future research directions to
the EDM community.
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1. INTRODUCTION & BACKGROUND
∗Both authors contributed equally to this work.

Collaborative problem solving (CPS) is defined as two or
more individuals engaging in a coordinated effort to con-
struct and maintain a joint solution to a problem [31]. Rec-
ognized as a critical 21st-century competency [3], CPS plays
a vital role in education by fostering teamwork and enhanc-
ing learning outcomes [17, 26]. Effective CPS requires team
members to collaboratively define problems, set goals, and
monitor their progress [17], while also engaging in key pro-
cesses such as task distribution, communication, information
sharing, and consensus-building. Given its complexity, suc-
cessful CPS relies on the integration of both social and cog-
nitive processes [13]. These processes are deeply intertwined
with social processes (e.g., responding to peers, asking clar-
ifying questions) and cognitive processes (e.g., proposing
ideas, engaging in task discussions) [42]. Frameworks such
as PISA and ATC21S emphasize the interplay between so-
cial and cognitive dimensions of collaboration, both of which
are essential for successful CPS outcomes [39, 42]. Social as-
pects involve the interpersonal processes that facilitate col-
laboration, such as establishing shared understanding, ne-
gotiating meaning. On the other hand, cognitive aspects in-
volve problem-solving processes such as planning, reasoning,
generating hypotheses, monitoring progress, and integrating
knowledge. These two dimensions are deeply intertwined in
collaborative problem solving (CPS), requiring team mem-
bers to communicate effectively, negotiate ideas, resolve con-
flicts, and co-construct strategies to achieve shared goals [1].
Gaining a deeper understanding of how social and cognitive
processes interact during team communication is essential
for advancing research and practice in CPS.

Communication is central to collaboration, making language
critical for evaluating learning processes. In educational re-
search, discourse analysis has long been used to examine
learners’ social, cognitive, and affective states [4, 12, 15].
Prior research has shown that linguistic coordination, cohe-
sion, and discourse dynamics serve as key indicators of socio-
cognitive processes in group interactions [10, 27, 34]. In the
context of collaborative learning, analyzing team communi-
cation provides valuable insight into both individual collabo-
ration skills [1] and group-level processes such as information
sharing, coordination, negotiation, and progress monitoring
[12]. As the volume of discourse data continues to grow,
computational linguistic approaches have been used to iden-
tify communication patterns and team outcomes [17]. With
ongoing efforts, educational data mining (EDM) has offered
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valuable insights into learner interactions and performance,
creating new opportunities to systematically examine CPS
processes across diverse educational settings [37, 35, 32, 8].
Building on this, we aim to explore how communication dy-
namics are associated with learning in collaborative settings,
as understanding these relationships can provide deeper in-
sight into the mechanisms that drive effective team learning.

Advancements in natural language processing (NLP) have
enhanced the ability to analyze large volumes of textual
data, providing valuable insights into collaborative discourse
[21]. However, despite these advancements, there remains a
need for more fine-grained temporal discourse analysis to
better understand conversational dynamics in teams [11].
While NLP techniques have been widely applied to assess
discourse quality at scale, many approaches focus on static
or aggregate measures, limiting their ability to capture the
evolving nature of discourse throughout collaboration [11,
30]. In the context of collaborative problem solving (CPS),
capturing these evolving discourse patterns are particularly
important, as effective collaboration emerges through con-
tinuous interaction among team members. To address this,
we employ Group Communication Analysis (GCA), a com-
putational linguistic method that analyzes discourse as a
temporally structured sequence of contributions. GCA en-
ables individuals to have dependencies in communication,
offering a nuanced understanding of how collaboration un-
folds in multi-party interactions [11].

In the context of collaborative problem solving (CPS), stud-
ies have been trying to understand social-cognitive dimen-
sions such as teamwork, negotiation, and coordination by
analyzing surface-level lexical features (e.g., word frequency)
and conversational dynamics (e.g., turn-taking patterns) [29].
NLP-based approaches link these observable features to un-
derlying cognitive processes like problem exploration or so-
lution generation, and further relate them to CPS outcomes
such as task performance [29, 44]. While Social Network
Analysis (SNA) offers insight into structural relations among
participants, it also shows limitations in capturing deeper in-
terpersonal and socio-cognitive dynamics embedded in dis-
course interactions [11]. Although recent work has exam-
ined temporal dynamics in team communication, there re-
mains a significant need for more nuanced, temporally sen-
sitive approaches that can reveal how these social and cog-
nitive processes unfold and interact over time. To address
these limitations, Group Communication Analysis (GCA)
builds on prior NLP and network approaches by emphasiz-
ing the temporal dynamics of multi-party interactions. GCA
combines sequential alignment and coordination measures
with semantic models (e.g., Word2Vec, GloVe) to trace how
meaning and coordination evolve throughout discourse [11,
29]. By capturing fluctuations in socio-cognitive processes
over time, GCA provides a fine-grained lens for examining
how learners sustain engagement, negotiate meaning, and
build shared knowledge during CPS interactions (for more
details go to section 2.5).

Drawing on this, the current study explores learning gains
in relation to conversational dynamics measured through
GCA. Specifically, we applied six GCA measures i.e., New-
ness, Communication Density, Social Impact, Internal Co-
hesion, Participation, and Overall Responsitivty to examine

how communication patterns shape teamwork and learning
outcomes. To achieve this, we determined individual learn-
ing gains by comparing pre- and post-test performance, and
then categorized participants into low, medium, and high
gain groups using quantile estimations. We analyze both in-
terpersonal and intrapersonal conversational data to uncover
how group communication patterns correlate with learning
gains and how individuals in different gain levels behave and
communicate differently in teams. In doing so, our work
sheds light on the interplay between team processes and per-
formance that distinguish high-performing individuals and
foster their success and growth. Building on these insights,
we address the following research question:

1. Are there significant differences in conversational dy-
namics among participants with low, medium, and
high learning gains, as determined by score gain per-
centiles?

2. METHODS
2.1 Participants
The study involved 279 undergraduate students from two US
public universities. Participants were 56% female, averaging
21.73 years old from University 1. Participants self-reported
the following race/ethnicity: 50% White, 26% Hispanic or
Latino, 18% Asian, 3% Black or African American, 1% Na-
tive American or Alaska Native, and 2% ”Other” and among
them, 75% were native English speakers. Participants were
assigned to triads with thirty headset microphones, parti-
tioned in different corners of the same room or located in
different rooms, depending on the university where the data
were collected. All collaboration occurred via Zoom video-
conferencing software. Zoom recordings of all collaborations
were retained for analysis.

2.2 Task
Students engaged in a collaborative problem-solving task us-
ing the educational game Physics Playground [36], which
teaches basic physics concepts such as Newton’s laws, energy
transfer, and torque. During game-play, teams solved levels
over three 15-minute sessions (warm-up, block 1 and block
2), totaling 45 minutes of game-play. In Physics Playground,
students complete levels by using a mouse to draw simple de-
vices, such as ramps, levers, pendulums, and springboards,
to solve physics-based challenges. Within each triad, team
members rotated roles: one student acted as the Controller,
sharing their screen via Zoom, while the other two students
served as Contributors, communicating freely through head-
sets. Spoken communication was encouraged, and the use
of the chat box was restricted. This study specifically ana-
lyzed two 15-minute experimental blocks, excluding the ini-
tial warm-up session [42, 41].

2.3 Data Collection
This study utilizes text data from pre- and post- tests, in-
cluding group communication transcripts derived from au-
dio recordings, to analyze interaction patterns. The pre-
and post-test scores were collected before and after engag-
ing in the CPS task. Participants completed a ten-item
physics pre-test, developed by experts, to assess their under-
standing of energy transfer and torque properties, aligning
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Table 1: Definitions of GCA measures

Measure Description

Participation Mean participation of an individual relative to the average of the group
of its size.

Social Impact Measure of how contributions initiated by the corresponding paritcipant
have triggered follow-up responses.

Overall Responsivity Measure of the tendency of an individual to respond, or not, to the
contributions of their peers in the group.

Internal Cohesion Measure of how consistent an individual is with their own recent con-
tributions.

Newness Measure of how likely for an individual to provide new information or
to echo existing information.

Communication Density Measure of the amount of semantically meaningful information in ut-
terances.

with the Physics Playground levels used in the CPS activity.
This pre-test established a baseline measure of their physics
knowledge. Following the CPS task, participants completed
a post-test, which was a parallel version of the pretest [40].

2.4 Score Gain
Initially, score gains were measured as the raw difference be-
tween post-test and pre-test scores. However, this approach
had limitations, particularly for participants with perfect
pre-task scores (showing minimal or negative gains) and
for those with significant post-task score drops, potentially
skewing the results. To address these issues, we adopted a
weighted gain score metric [46]:

G4 = (post− pre)×
(
pre

µ

)
(1)

In this formula, µ represents the expected mean learning
gain, set to 50 (50%) to align with common benchmarks for
intervention effectiveness and to balance initial performance
disparities while minimizing extreme score changes [46].

2.5 Group Communication Analysis
This study will use a temporally sensitive NLP approach,
Group Communication Analysis (GCA), which provides six
primary measures of team interaction: Participation, Inter-
nal Cohesion, Responsivity, Social Impact, Newness, and
Communication Density (see Table 1). These metrics quan-
tify the dynamics of individual contributions within collab-
orative problem-solving contexts over time. GCA combines
artificial intelligence methods, such as computational seman-
tic models of cohesion, with temporally sensitive semantic
analyses inspired by the cross- and auto-correlation mea-
sures from time-series analysis [13, 11, 14]. These seman-
tic space models, which rely on advanced artificial intelli-
gence techniques, may be constructed via Latent Semantic
Analysis (LSA) [23], a classic matrix-factorization method,
or more current artificial neural network word embedding
models such as Skip-gram (i.e. Word2vec, [25]) or Global
Vectors of Words (i.e., “GloVe”, [28]. Using this approach,
GCA allows researchers to quantify discourse as a dynamic
and evolving socio-cognitive process that lies in the interac-
tion between learners’ communicative contributions.

Specifically, Group Communication Analysis (GCA) pro-
vides a comprehensive framework for understanding effec-
tive group interactions [11], capturing individual and group
dynamics that shape collaboration. Participation reflects
engagement and willingness to contribute, a fundamental
prerequisite for teamwork [6, 19], while internal cohesion as-
sesses the semantic consistency of contributions, balancing
integration with adaptability [2]. Responsivity and social
impact reveal how individuals align their inputs with peers
and influence group dialogue, fostering shared understand-
ing and sustained collaboration [43, 45]. Newness highlights
the introduction of novel ideas, critical for innovation and
avoiding stagnation [7], while communication density mea-
sures the efficiency of meaningful exchanges, crucial for high-
performing teams [16]. For example, high newness scores
might reflect speakers who introduce new words or con-
cepts that have not been discussed previously, or ideas that
expand on existing information, while low newness scores
might be indicative of speakers who echo knowledge already
present in the discourse. High communication density scores,
on the other hand, signal concise (i.e., fewer words) yet
information-rich contributions; a low communication den-
sity score might reflect contributions that are verbose and
contain less semantically meaningful information per word.
In other words, the speaker may use more words to convey
relatively little new or substantive content. These measures
offers nuanced insights into the interplay of individual con-
tributions and collective outcomes. Operational definitions
of the GCA measures are provided in Table 1.

3. STATISTICAL ANALYSIS
To address our research question, we first stratified the data
into three groups based on participants’ score gains per-
centile. The three subgroups were defined based on values
at the 33rd, 67th, and 100th percentiles using the Hynd-
man and Fan quantile estimation method [20]. Of the orig-
inal sample (n = 279), 16 participants were excluded due
to missing data. The final sample (n = 263) included 146
participants with low score gains, 31 with medium, and 86
with high gains. This uneven distribution reflects how Hynd-
man and Fan’s method prioritizes accuracy in estimating the
data distribution over enforcing equal group sizes. Descrip-
tive statistics for the measurements across the three groups
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Table 2: Descriptive Statistics for low, med, and high in score gains

Low (n = 146) Med (n = 31) High (n = 86) All (N = 263)
Variable Mean (SD) Mean (SD) Mean (SD) Mean (SD)
PhysicsScorePre 7.09 (1.70) 4.55 (1.40) 6.35 (1.65) 6.55 (1.83)
PhysicsScorePost 6.25 (1.91) 5.81 (0.87) 8.44 (1.24) 6.91 (1.94)
Score Gain (Adjusted) -0.12 (0.17) 0.09 (0.03) 0.24 (0.08) 0.02 (0.22)
Participation 0.02 (0.07) 0.01 (0.07) 0.03 (0.09) 0.02 (0.08)
Internal Cohesion 0.19 (0.04) 0.18 (0.04) 0.18 (0.04) 0.19 (0.04)
Overall Responsivity 0.15 (0.03) 0.17 (0.03) 0.16 (0.03) 0.16 (0.03)
Social Impact 0.15 (0.03) 0.16 (0.02) 0.15 (0.02) 0.15 (0.02)
Newness 0.71 (2.16) 2.27 (10.36) 4.33 (15.43) 2.08 (9.74)
Comm Density 0.47 (1.58) 1.69 (7.88) 2.67 (9.40) 1.33 (6.18)
Note. The table presents the mean and standard deviation (Mean ±SD) for variables across three Gain
groups: High, Medium, and Low. Comm Density refers to communication density. Values are rounded to
two decimal places.

Table 3: ANOVA Results Summary with GCA measures and adjusted score gains

Variable df SS MS F -value p
Newness 2 709.00 354.70 3.82 0.02*
Comm Density 2 268.00 133.81 3.57 0.03*
Social Impact 2 0.00 0.00 0.18 0.83
Internal Cohesion 2 0.00 0.00 0.13 0.88
Participation 2 0.01 0.00 0.99 0.37
Overall Responsivity 2 0.00 0.00 3.13 0.04*
Note. Signif. codes: df= degrees of freedom, SS= Sum of Squares,
MS= Mean Square, p = significance value

are presented in Table 2. Second, we performed one-way
Analysis of Variance (ANOVA) tests to determine whether
significant differences existed in GCA measures across the
three learning gain groups. Using Tukey-HSD comparison,
post-hoc analyses were conducted to identify specific differ-
ences between the Low, Medium, and High Gains groups.

4. RESULTS
As described in Section 3, we conducted a series of one-way
analyses of variance (ANOVAs) to examine whether the six
GCA variables differed across the Score Gain subgroups:
Low, Medium, and High. The results, summarized in Ta-
ble 3, indicated statistically significant differences for three
of the six GCA variables. There was a significant effect of
score gain subgroup on newness, F (2, 260) = 3.82, p = .02.
A significant effect was also found for communication den-
sity, F (2, 260) = 3.57, p = .03. Finally, overall responsivity
differed significantly across subgroups, F (2, 260) = 3.13, p =
.04. No significant differences were found for social impact,
internal cohesion, or participation.

Post hoc comparisons using Tukey’s HSD test revealed spe-
cific group differences (see Table 4). For newness, the High
Gains group (M = 4.33, SD = 15.43) scored significantly
higher than the Low Gains group (M = 0.71, SD = 2.16),
p = .02. For communication density, the High Gains group
(M = 2.67, SD = 9.40) again scored significantly higher
than the Low Gains group (M = 0.47, SD = 1.58), p = .02.
Lastly, for overall responsivity, the Medium Gains group (M
= 0.17, SD = 0.03) showed significantly higher scores than
the Low Gains group (M = 0.15, SD = 0.03), p = .03.

Effect sizes were estimated using Cohen’s d for each pairwise

comparison (Table 4). The Low–High comparison for new-
ness showed a small-to-medium effect size, d = 0.38, 95%
CI [0.11, 0.64]. For communication density, the same com-
parison yielded d = 0.38, and the Medium–Low comparison
for overall responsivity showed the largest effect, d = –0.51,
95% CI [–0.98, –0.05].

5. DISCUSSION
In this study, we explored temporal communication dynam-
ics and their association with learning gains. We used pre-
and post-test scores to calculate learning gains and inves-
tigated their relationship with GCA variables. Although
several comparisons yielded statistically significant results,
the effect sizes ranged from small to medium. This implies
that the relationships are meaningful but may have lim-
ited practical significance. This could be attributed to our
smaller sample size that limits the extent to which we can
generalize beyond the study’s sample. In this context, our
findings suggest that students who introduced more novel
contributions and engaged in more semantically meaningful
communication showed significantly greater improvements
in their post-task test scores. Moreover, frequently sharing
new ideas during the problem-solving task was associated
with higher gains in performance. We found that Low and
High performing individuals were less responsive to peer con-
tributions than the Medium Gains group, showcasing less
overall responsivity. Participants in the Low Gains group
tended to contribute less new information, while those in
the Medium Gains group generally responded to their peers
but did not always add new ideas. The High Gains group,
though responding less frequently to peer information, often
provided novel and meaningful contributions when they did
engage. Lastly, all three performance groups had similar lev-
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(a) (b) (c)

Figure 1: Mean comparisons and confidence intervals of GCA measures across different gain groups. The plots illustrate
each GCA measure included in the post-hoc analysis: (a) Communication Density, (b) Newness, and (c) Responsivity. An
asterisk (*) denotes significant differences between groups in the post-hoc analysis. Note: The scaling of each plot varies, and
values are not directly comparable across measures.

Table 4: Tukey HSD Post-Hoc Results with Effect Sizes

Variable Comparison MD SE 95% CI p d

Newness
Low - High -3.62 1.58 [-6.70, -0.53] 0.02* 0.38
Med - High -2.05 2.43 [-6.81, 2.71] 0.57 0.14
Med - Low 1.56 2.29 [-2.93, 6.06] 0.69 -0.33

Comm Density
Low - High -2.20 1.00 [-4.17, -0.24] 0.02* 0.38
Med - High -0.98 1.54 [-4.00, 2.04] 0.72 0.11
Med - Low 1.22 1.46 [-1.63, 4.08] 0.57 -0.34

Overall Responsivity
Low - High -0.00 0.00 [-0.01, 0.00] 0.73 0.11
Med - High 0.01 0.00 [-0.00, 0.02] 0.15 -0.36
Med - Low 0.013 0.00 [0.00, 0.02] 0.03* -0.51

Note. Significant results marked with * (p < .05). MD = Mean difference; SE = Standard
error; d = Cohen’s d, using pooled SD. CI = confidence interval, p = significance value

els of participation. Participation was not significantly asso-
ciated with learning gains; this finding further highlights the
agency of more nuanced metrics such as newness, responsiv-
ity, and communication density, in comparison to charac-
teristically static measures like participation or number of
messages.

Research in the team science literature repeatedly demon-
strates that typical measures of participation are oversim-
plistic and do not tell us how team dynamics change and
develop over time [9]. Instead of quantifying the number or
frequency of an individual’s utterances, effective engagement
is better measured by the substance and impact of their dis-
course. That is, the productivity and value of their contri-
butions matter more than how often they speak [10]. Our
findings are also consistent with previous research indicating
that team members benefit from generating, sharing, and in-
tegrating new information that constructively contributes to
the dialogue or task at hand [7]. Effective knowledge shar-
ing, particularly from those who not only contribute novel
information but also introduce practically valuable ideas,
significantly shapes successful task completion [47].

In the context of our study, we qualitatively explored why
newness and communication density were particularly rel-
evant. Upon reviewing transcripts, we found that partici-
pants with high newness and communication density scores
were rarely among the role of controllers. They often di-
rected the controller and made significant contributions to

the team. These participants tended to steer the discussion
productively, driving the dynamics of the group interaction
towards task completion. For instance, a participant with
both high newness and communication density instructed
their teammate, who was the controller:

”If you try drawing it straight down instead...instead
of like off to the side that way it won’t swing and
then maybe we can time the swing of the ball
down there.”

Here, the participant offers an alternative solution for the
physics game level. In a separate instance, another student
guides the Controller by providing sequential instructions:

”Yeah, so just draw a heavy object again, just
like you did and keep the, um ball on the right
and then let the object fall and then when the
lever’s all the way down delete the object.”

These utterances, and many similar ones, illustrate the im-
portance of holistically understanding virtual teams dynam-
ics to effectively assess learning gains, gaps, and individual
needs. With one participant controlling the screen, the dis-
tribution of roles does not mirror the more organic flow of
a face-to-face conversation. Typically, collaborative groups
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are formed without predefined, rigid roles assigned [22]. Par-
ticipants then take on flexible and emergent roles during the
CPS process, which reflects the dynamical and complex na-
ture of CPS spaces [24]. Team interactions are impacted
by participants’ emotions, group conflict, task challenges
and task progression, rendering it difficult to confine a par-
ticipant to a single or specific role. In our study, defined
roles likely influenced how participants interacted with each
other. For example, a predefined role, like the controller,
prompted other participants to direct the actions of the con-
troller, in which they more actively contributed to provide
support and make recommendations.

Our findings make it evident that successful learning in teams
is shaped by evolving and complex dynamics, of which dis-
course serves as a driving force for collaboration. As techno-
logical advancements and broader societal shifts continue to
redefine CPS environments, there is an increasing need for
theoretical and methodological approaches that incorporate
contextual features and dynamic interactions. In our study,
structured elements such as 15-minute time blocks, rotating
roles, and multi-modal communication created a unique sys-
tem of interactions, requiring participants to navigate plat-
form constraints and rapidly evolving tasks. Advancing our
ability to study team interactions not only provides us with a
data-driven understanding of how individuals engage online,
but also informs the design of more meaningful, supportive
and successful team learning [18, 36, 38]. In doing so, this
work contributes to ongoing efforts within the EDM com-
munity to build more contextually grounded and temporally
responsive models of collaborative learning.

While the current study has significant implications for ob-
serving successful problem-solving teamwork in the context
of virtual environments, there are some limitations that should
be considered. Extreme variability within similarly struc-
tured subgroups made detecting a clear and reliable pat-
tern difficult. Even for participants who actively engaged
with demonstrating high communication density, introduc-
ing novel contributions, and incorporating peer information,
learning gains may have appeared low or negative because
of an initially high pre-task score. This has made it in-
creasingly challenging to predict communication patterns
that endure and remain consistent. Additionally, we empha-
size that temporally and contextually sensitive approaches
are crucial for capturing how information is introduced and
leveraged in short but information-dense exchanges. Cur-
rent NLP techniques often lack this nuance, highlighting the
need for more refined analytic strategies—particularly those
capable of assessing team and individual success dynami-
cally, rather than relying solely on static test scores.

Building on these findings, we consider their implications
for future interventions and real-world applications. GCA
measures of newness, overall responsivity, and communi-
cation density offer direction for optimizing CPS through
automated tools and human-facilitated interventions. For
instance, automated feedback systems could leverage GCA
metrics in real-time to monitor group interactions and pro-
vide tailored prompts to students, nudging them toward
more productive communication behaviors. A chatbot or
virtual facilitator [5, 33] could be designed to detect mo-
ments of low participation, lack of idea novelty, or low se-

mantic density and intervene with questions or suggestions
to stimulate deeper engagement (e.g., “Can someone pro-
pose a new approach?” or “How does this idea build on what
was said earlier?”). Future research should explore the de-
sign and evaluation of such interventions, including testing
how different forms of real-time feedback or instructor sup-
port influence communication dynamics and learning out-
comes. By integrating GCA metrics into automated tools
or instructional practices, educators can move beyond static
participation measures and foster more meaningful collabo-
ration. In conclusion, this study enhances our understanding
of how communication dynamics influence learning in collab-
orative settings, emphasizing their role in shaping learning
outcomes. These findings inform the development of edu-
cational interventions aimed at supporting and facilitating
deeper learning in CPS contexts.
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