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ABSTRACT
Collaborative problem solving (CPS) is a 21st-century skill 
essential for learning gains, workplace success, and tackling 
increasingly complicated global problems. Group diversity 
plays a vital role during collaborative activities, especially in 
a digital space. Although CPS involves dynamic communi-
cation behaviors, few studies have considered the impact of 
cultural diversity on the complex and reoccurring discourse 
involved in CPS tasks. In this study, we explore team con-
versations during a CPS task to understand the role of cul-
tural diversity on team communication patterns. First, we 
characterized team dialogues with an existing CPS frame-
work; then used recurrence quantification analysis (RQA) to 
quantify group communication and capture recurrent pat-
terns. Finally, we compared the patterns across groups with 
varying degrees of cultural diversity. Our results suggest 
that groups with higher levels of cultural diversity, com-
pared to more homogeneous groups, had a higher number of 
group messages, spent more time in group discussions, and 
demonstrated greater convergence and complexity in com-
munication patterns. These intricate and complicated com-
munication patterns support the notion that cultural diver-
sity can produce both positive and negative outcomes and 
may explain the perception of cultural diversity in teams as 
a “double-edged sword”.

Keywords
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quantification analysis, group dynamics

1. INTRODUCTION

Collaborative problem solving (CPS) involves individuals
working together to solve a problem and promotes division of
labor, sourcing information from different perspectives and
backgrounds, and increasing innovation and creative solu-
tions that stem from the presence of multiple group mem-
bers [52]. CPS has been identified as a key 21st century
skill [9, 80] that plays a pivotal role in both workplace [22]
and educational environments [12]. Furthermore, CPS has
increasing international importance and has been shown to
be an essential skill needed across several domains to solve
complex environmental, social, and public health problems
[52, 29]. From a socioeconomic perspective, the rise of com-
plicated global issues requires innovative solutions derived
from individuals working together and generating solutions
from diverse perspectives [22]. In professional environments,
employers often report problem-solving [49, 60] and collab-
oration [49] as skills that are essential for the success and
employability of recent college graduates. In educational
contexts, CPS is also a key component for successful team-
work and student learning [52, 27, 28]. Positive collaborative
interactions have been shown to improve student psycholog-
ical and performance outcomes [1, 35, 34, 44, 42, 41, 18, 20,
62].

Given the pivotal role of collaboration across multiple disci-
plines, it is unsurprising that an increasing number of stud-
ies have explored which team attributes are important for
successful CPS outcomes. For example, studies have con-
sidered the impact of group size [68, 45, 57], group diversity
[33, 66, 6, 21, 7, 75], and personality differences [37, 32] on
team performance. This area of research has consistently
highlighted that team diversity in general, and cultural di-
versity in particular, play a critical role in successful team
collaboration [66, 7, 75, 33]. Notably, this line of previous
work has generally focused on measuring the effects of team
diversity on static post-collaboration measures (e.g., perfor-
mance outcome) [66, 33, 77]. However, there have been lim-
ited research efforts devoted towards understanding the role
of diversity from a more dynamic, process-oriented perspec-
tive, which are fundamental to collaborative interactions [19,
16, 42]. As such, current studies on diversity in teams are
limited in offering insight on many interdependent aspects
within collaborative interactions such as negotiation, coor-
dination, and regulation, among others. In order to explore
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how these fine-grained collaborative interactions are influ-
enced by diversity, more nuanced techniques are needed.

To address this gap, we use a dynamical systems lens to
explore cultural diversity in teams and team communica-
tion patterns [58, 15, 79]. Specifically, we apply recurrence
quantification analysis (RQA) [78] to quantify team dynam-
ics, and capture recurrent patterns of interaction amongst
the members. Using this novel approach, we aim to uncover
low-level temporal patterns in CPS communication and vari-
ations therein across groups with different levels of cultural
diversity. Group communication is inherently interdepen-
dent and research has shown that group composition factors
are associated with different aspects of social and cognitive
processes during collaborative interactions [20, 19, 42, 55,
11, 10, 17]. Therefore, we are motivated to examine whether
cultural diversity as a team composition factor is associated
with different collaborative communication dynamics and
structures.

The remainder of the paper is organized as follows. First, we
review the literature on diversity in teams and the impact of
diversity on team outcomes and communication. Second, we
provide an overview of the current practices in quantifying
communication in CPS tasks and the previous work related
to RQA in the context of teams and group dynamics. Third,
we present our methodological approach including a descrip-
tion of our CPS task, the qualitative coding of CPS skills
exhibited in group communication, and the RQA measures.
Finally, we present our RQA analysis results with regards
to cultural diversity in groups as well as discuss our findings
and their implications for understanding communication be-
haviors in CPS.

2. RELATED WORK
2.1 Diversity in Teams
Diversity in teamwork and its impact on group’s perfor-
mance outcomes has been studied extensively across mul-
tiple disciplines and contexts (c.f. [33, 21, 72, 77, 66], for
meta-analyses on this topic). However, studies have demon-
strated mixed findings on the impacts of team diversity on
various team outcomes. Horwitz & Horwitz, 2007 found a
positive association between task-related diversity in groups
and performance, yet no direct relationship between demo-
graphic diversity and group performance. There is some
evidence to show that diversity in groups can result in pos-
itive outcomes, such as increased innovative and creative
ideas [33, 66]. However, other studies suggest that diver-
sity can result in negative outcomes such as increased con-
flict and lower group cohesion [65, 66]. Although the di-
rect impact of diversity on team outcomes remains unclear
[8, 66, 77], several studies have demonstrated that differ-
ent sources of diversity (personality, cognition, gender, race,
ethnicity, etc.) can impact groups to varying degrees [59,
33]. The impact of diversity is often associated with the
type of diversity: surface-level diversity (i.e., easily observ-
able attributes such as gender, race, ethnicity) v.s. deep-
level diversity (i.e., less overt attributes such as personality,
cognition, values/beliefs) [59, 31]. Initially, surface-level at-
tributes may influence group dynamics, but over time deep-
level attributes may become more salient and influential
[59]. Considering the interactions among the participants
in this study and many other collaborations are short-term

(20-minute discussions), surface-level diversity and cultural
diversity in particular can prove to be highly influential on
group interactions. In the current study, we focus on a
surface-level attribute, cultural diversity operationalized by
ethnic compositions in group, and its relationship to the
communication dynamics during CPS.

2.2 Cultural Diversity in Teams: A Double
Edged-Sword

Although there are various forms of group diversity, cultural
diversity has often been of particular interest to scientists be-
cause of the increased globalized and interconnected work-
force [7, 71]. Moreover, an array of collaboration technolo-
gies and online platforms enable distance teamwork, and cre-
ate greater collaborative opportunities for individuals with
different cultural backgrounds[22, 29]. Previous studies sug-
gest that the role of cultural diversity on team performance
is nontrivial. However, the effect of cultural diversity on
group performance is mixed. These effects are often me-
diated by factors such as creativity, conflicts, communica-
tion effectiveness, social integration, and satisfaction [66].
For example, although culturally diverse teams benefit from
higher levels of creativity and satisfaction, they also suffer
from lower social integration and more conflicts [66]. In ad-
dition, it is commonly assumed that people with different
cultural and ethnic backgrounds are likely to hold different
views and priorities when communicating with others [65,
14]. Following this assumption, higher degrees of cultural
diversity in groups may contribute to more complex inter-
personal dynamics and information sharing behavior. To
extend our understanding of communication patterns asso-
ciated with cultural diversity, we took on a dynamical sys-
tem lens to examine structural and temporal processes in
CPS discourse.

2.3 Quantifying the Impact of Cultural
Diversity

The literature on cultural diversity in teams covers a wide
range of domains and collaborative contexts. Existing stud-
ies have extensively focused on static team or individual out-
comes such as performance [70, 76], number or quality of
ideas generated [50, 53], decision-making tasks [81, 40, 64],
achieved learning [24], and psychological measures such as
learner experience and attitude towards group interactions
[54]. These studies have extended our knowledge on the re-
lation between cultural diversity and the end product of the
collaboration. However, few studies [69, 73] have consid-
ered how cultural diversity impacts more dynamic aspects
of the group collaboration process, such as language and
group discourse. For example, Tenzer et al., (2014) found
that cultural-based language differences can impact group
perceptions of trust and competencies. CPS is inherently
interactive and dynamic. Collaborative interactions involve
reoccurring and interrelated discourse as teams exchange
ideas, negotiate, and share information. Thus, it is neces-
sary to unpack collaborative process with regards to cultural
diversity compositions. To address this gap, our study fo-
cuses on the fine-grained temporal communication patterns
across cultural diverse and culturally similar groups.



2.4 Quantifying CPS Communication
in Teams

Collaborative problem-solving involves dynamic interpersonal
exchange and shared cognitive behavior of individuals [19,
12]. Successful CPS requires multiple skills and subskills for
effective communication stages, including negotiation, infor-
mation sharing, coordination and so on. Language is consid-
ered a less intrusive means compared to traditional survey
sampling to reveal cognitive processes of the human mind.
A number of existing assessment frameworks have been de-
veloped to identify and capture CPS skills from interactive
dialogues. For example, the Programme for International
Student Achievement (PISA) [52], identifies a framework
with three social competencies (i.e., establishing and main-
taining shared understanding, taking appropriate action to
solve the problem, and establishing and maintaining team
organization) and four cognitive processes (i.e. exploring
and understanding, representing and formulating, planning
and executing, and monitoring and reflecting). This frame-
work was first introduced by OECD to evaluate CPS skills
during various computer-simulated assessment tasks, high-
lighting important aspects unique to collaborative interac-
tions mediated by computers. Other CPS frameworks that
subsequently surfaced follow similar ontology. For instance,
Liu et al. (2016) [43] proposed a framework that concep-
tualizes four broad CPS skills: sharing ideas, assimilating
and accommodating knowledge/perspective taking, regulat-
ing problem solving ideas, and maintaining positive com-
munication. Andrews-Todd & Forsyth mapped out more
nuanced skills under the social and cognitive domains [2].
More recently, some researchers propose to conceptualize
CPS interactions as a continued sociocognitive spectrum,
in contrast to the previous dichotomous view on social and
cognitive processes [18]. Through this lens, CPS practices
could best be described as sociocognitive in nature, allowing
more opportunities for adopting computational methods to
meaningfully capture natural language patterns of learners.
Increasingly, studies have suggested that natural language
processing and other artificial intelligence techniques are ef-
fective ways to measure CPS skills [13, 74]. Given this trend,
researchers have called for more efforts towards developing
and adapting innovative data mining methods to effectively
quantify CPS patterns and make sense of learner communi-
cation behavior [38].

2.5 Communication in Teams as a Dynamical
System: RQA

Communication and CPS skills can be considered a dynamic
and complex system [46, 23, 36]. Several methods can be
used to quantify and analyze group dynamics. However,
Knight, et al. (2016) point out that each are limited by
a lack of consideration for time dependencies and there-
fore oversimplification of group dynamics [36]. RQA, on the
other hand, is a non-linear dynamical systems approach that
enables the evaluation of recurring patterns across times
[78]. RQA has be widely used recently to study social inter-
actions, group communication, and group dynamics [3, 4, 36,
25, 26, 15, 67]. For example, Fusaroli & Tylén (2016) took
advantage of RQA and cross-recurrence quantification anal-
ysis (CRQA) to analyze dyadic conversations patterns and
subsequent performance. Based on RQA and CRQA, they
defined measures of interactive alignment, interpersonal syn-

ergy, and self-consistency. Interpersonal synergy serve as a
significant predictor of performance suggesting the impor-
tance of complimentary conversations between the dyads.
This dynamic system approach, to our knowledge, has not
yet been applied to investigate the communication group
dynamics in culturally diverse and homogeneous teams.

In the current study, we use RQA to measure structural
components of groups’ conversations. Specifically, we focus
on time-series data that map CPS skills exhibited in student
discourse based on the ontology presented in Andrews-Todd
et. al., [2]. RQA results can be visualized using a recurrence
plot. The recurrence plot gives a visual representation of the
components of each time-series data and plots their recur-
rence over time. Figure 1 provides an example of RQA in
the context of CPS skills. Figure 1A depicts chat discussions
during a typical CPS task. Each color in the chat discussion
depicts a coded CPS skill (e.g., information sharing) that
results in a times series of skills used labeled in Figure 1B.
Figure 1C illustrates a recurrence plot based on the chat
discussions in Figure 1A. The CPS skills on X and Y axis
correspond to the temporal sequence of chat utterances and
each dot is an instance in which the CPS skill has recurred
in the group conversation. The central diagonal line repre-
sents the sequence of CPS skills plotted against themselves,
also known as the line of identity (LOI). The recurrence of a
skill code used previously in the conversation is represented
by dots in the recurrence plot. The recurrence points along
with their patterns and alignment provide insight to struc-
tural components of group communication. For example,
the recurrence of Sharing Information (green) took place at
time points four, five, nine, and eleven and the recurrence
of Shared Understanding (orange) on times three and eight
are recurrence points.

Of particular interest, is any group of dots that create a diag-
onal line and that are not part of the LOI. A diagonal line of
length l is an indication of a recurring pattern of l skill codes
in the same sequence. For example, the sequence Monitoring
(purple), Shared Understanding (orange), and Information
Sharing (green) creates a diagonal line of length 3. These
exhibited CPS skills occurs back to back at position, two,
three, and four and then again at seven, eight, and nine,
thus creating a recurrence of CPS skills.

3. CURRENT WORK
CPS tasks involve dynamic discourse and communication
between groups. Therefore, by understanding how cultural
diversity impacts these dynamic communication patterns
and CPS skills, we can gain insight on the impact of cul-
tural diversity beyond outcome measures such as CPS per-
formance. The current study investigates how cultural diver-
sity in teams impacts group communication behaviors from
a dynamical system lens. We explore the linguistic CPS
patterns that emerge in culturally homogeneous and diverse
groups of undergraduate students as they complete an on-
line CPS task. Specifically, we aim to explore the following
research questions:

RQ1: Does cultural diversity impact structural components
(as captured with RQA) of a group’s conversation?

RQ2: How does cultural diversity impact structural compo-
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Figure 1: Example chat discussions in the CPS task (A). Chat text is colored coded by CPS skills: Maintain Communication
(Blue), Monitoring (Purple), Shared Understanding (Orange), Sharing Information (Green), Execute (Yellow). Text data is
then given a CPS Skills Code (B). Illustration of recurrence plot (C) is based on coded chat (B). Each dot on the recurrence
plot represents a CPS skill with the respective color described above.

nents (as captured with RQA) of a group’s conversation?

For RQ1, we examine if the degree of cultural diversity in
teams is related to different CPS skills discourse patterns.
Given that previous findings demonstrate that cultural di-
versity can impact team communication [69, 73], we hypoth-
esize that we would detect differences in CPS skills across
teams with varying degree of cultural diversity. For RQ2,
we use RQA to explore how CPS skills’ patterns of commu-
nication are impacted by various degrees of cultural diver-
sity ranging from cultural homogeneous to cultural hetero-
geneous groups.

Figure 2 outlines the methodological approach and research
workflow that was employed in the current study. First, we
sourced student data from an online CPS task completed
in small groups with varying degrees of cultural diversity
[5]. Second, we extracted chat discourse data from these
online interactions and characterized the discourse with a
CPS skill framework [2]. Third, RQA was applied to the
coded data to generate recurrence plot and RQA measures
for each conversation. Finally, Kruskal-Wallis test was used
to compare

the structural components of group conversation (obtained
from RQA) across groups with varying degrees of cultural
diversity. In the next section, we provide further details of
our methods to evaluate the dynamic communication pat-
terns across culturally diverse groups.
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4. METHODS
4.1 Participants
A total of N = 514 undergraduate students from a large
university in the U.S. southwest participated in the study.
Participants were randomly assigned into teams to take part
in a Hidden Profile CPS task (described below). In total
N = 129 teams were included in the study. Teams are pre-
dominantly four person groups with a few exceptions that
consist of three or five people. In this study we consider four-
person groups only for the sake of consistency in analysis.
Over a half of our participants were female (N = 347), and
most of them were freshman (N = 342) or junior (N = 128).
The average age of the participants was 19.5 years, with the
90% of the participants between the ages 18 to 22 years old.
Of those participants who reported their race and ethnicity
(497 out of 514), 62 (12%) of the participants were White,
9 (1.7%) were Black or African American, 209 (40.6%) were
Asian or Asian American, 162 (31.5%) were Hispanic or
Latino, and 9 (1.7%) were multiracial. Out of 502 partici-
pants who reported their first language the breakdown was
as follows: 142 English, 152 non-English, and 208 bilingual.
Additionally, over half of students (N = 277) identified as
first-generation students.

4.2 Procedure
Participants were randomly assigned into teams of four in-
dividuals to complete a decision-making task on the Edu-
cation Platform for Collaborative Assessment and Learning
(EPCAL) [30]. EPCAL is a platform by Educational Test-
ing Service that provides a collaboration space for partici-
pants to communicate, for teachers or organizers to manage
the participants and team formations, and for researchers
to study team collaboration in a computer-mediated en-
vironment. Prior to beginning the task, participants were
asked to complete a background survey to collect informa-
tion on race, gender, education level, and native language.
Next, students were prompted with a problem (e.g., “choose
the best apartment”) and were asked to rank three options
based on positive features (e.g., “this apartment is at a
prime location”) and negative features (e.g., “the rent is ex-
pensive”). Teams were randomly assigned to one of four
decision-making scenarios including ranking apartments, pro-
fessors, party venues, and job candidates. Each individual
was provided with different features relevant to the problem.
In the team discussion phase, participants synchronously
chatted with other teammates to share information that
they held in order to achieve the optimal ranking. The
group communicated through text-based and communica-
tion lasted for 20 minutes.

4.3 CPS Skills: Qualitative Coding
In an attempt to qualitatively annotate the utterance data,
we adapted the CPS framework from [2]. We removed one
cognitive skill code, exploring and understanding, given that
it was not as eminent in our data set and was less relevant
to our CPS task. The resulting CPS skills are divided into
social and cognitive interactions. Each social and cognitive
category includes four CPS skill codes, resulting in eight skill
codes in total. Social skills include maintaining communica-
tion (SMC), sharing information (SSI), establishing shared
understanding (SESU), and negotiating (SN); while cogni-
tive skills consist of representing and formulating (CRF),

planning (CP), executing (CE), and monitoring (CM). Ta-
ble 1 present the definitions and examples of each CPS skill.

CPS skill coding was completed at the chat utterances level
and each utterance was assigned one primary code (i.e. eight
CPS skill codes aforementioned) and 29 subskills that corre-
spond to each high-level CPS skill. For the purpose of this
study, we only focused on the eight main CPS skills. Four
undergraduate research assistants were trained as raters to
coded the content of students’ discourse (7,711 total ut-
terance events). Raters were trained on the adapted CPS
framework. Then, we retrieved a random sample of 20% of
all utterances in the data and assigned each rater to code
independently. All raters discussed their codes and address
any discrepancies. The inter-rater reliability (Kappa = .81)
achieved among all raters is considered high (Kappa > .60;
[39]). Next, the remaining 80% of the data were split evenly
into four groups. One of the four trained raters coded each
of these four groups independently.

4.4 Recurrence quantification analysis
We used recurrence quantification analysis (RQA) to visu-
alize and quantitatively assess students’ behaviors within
a CPS environment. Specifically, we used PyRQA Python
framework1 [56] to run RQA experiments efficiently. Explor-
ing the recurrence of human behavior would help us better
understand how underlying communication patterns occur,
and how the phases and dynamics of a system change over
time. The time series data required for RQA can be cate-
gorical or continuous.

4.4.1 Recurrence plot
Recurrence plot gives us a visual two-dimensional represen-
tation to discover repetition, recurrence, and underlying pat-
terns across time from a one-dimensional time series data.
For a time-series data t of length ℓ, the recurrence plot R
is a ℓ ∗ ℓ matrix consisting of 0, 1 values, where Ri,j = 1 is
an indication of recurrence between ti and tj (ti = tj). An
example of this process is provided in Figure 1.

4.4.2 Recurrence quantification
Visually, the recurrence plot provides valuable qualitative
information about the group dynamics and the structure
of the dynamical system. However, RQA’s quantified mea-
sures, calculated based on the recurrence plot, allow us to
quantitatively evaluate a dynamical system beyond visuals
and qualitative observations. The following provides a brief
description of the main metrics of RQA (for more informa-
tion on RQA measures see [78, 47]).

• Recurrence Rate: Recurrence rate (RR) shows the rate
and the density of recurrence points in a recurrence
plot. It is calculated by dividing the recurrence points
by the total number of cells in the plot which is the
length of the time series squared. Higher recurrence
rate would show a higher frequency of repetition in
actions and the system to revisit previous states. RR
ranges from 0 to 1, while 0 shows a system without

1https://pypi.org/project/PyRQA/



Table 1: CPS skills description

CPS skill code Definition Examples

Social Maintaining
Communication
(SMC)

Off-Topic Communication,
Rapport Building Communica-
tion, Inappropriate Communi-
cation

• “nice job guys”
• “no problem”

Sharing Informa-
tion (SSI)

Share Own Information, Share
Task or Resource Information,
Share Understanding

•“candidate A was listed
as having good leader-
ship skills”

Establish Shared
Understanding
(SESU)

Presentation Phase, Acceptance
Phase

• “What skills do we
need?”

Negotiating (SN) Express agreement or disagree-
ment, Resolve conflicts

• “You’re right”
• “My list shows that
candidate C is unwilling
to further their educa-
tion.”

Cognitive Representing
and Formulating
(CRF)

Represent the problem using
words, Proposes specific concep-
tual thinking

• “Yeah I feel that B is
the best because every-
thing is nearby and the
landlord offers a 24-hour
maintenance service”

Planning (CP) Set Goals, Develop Strategies • “we have to choose be-
tween a and B for being
the best”

Executing (CE) Suggesting an action to a team-
mate, Report of own action

•“Please list all your fea-
tures for candidate C”

Monitoring (CM) Monitor progress toward the
goal, Monitor whether team-
mates are present

• “so we in agreement to
make B the best?”

any recurrences, and 1 shows a fully recurrent system.

RR =
1

ℓ2

ℓ∑
i,j=1

R(i, j) (1)

• Determinism: Determinism measures the distribution
of recurrence points that form a diagonal line. In
other words, determinism is the percentage of recur-
rence points that align on a diagonal line. The more
recurrence points that align on a diagonal line in a
recurrence plot, the higher the determinism. As seen
in Figure 1, we have four diagonal lines (two diago-
nal lines of length 3, and two diagonal lines of length
2) we have a fully deterministic system with the de-
terminism of 1. A system with a higher determinism
is is considered ordered and repetitious with periodic
patterns over the time. A system with a lower deter-
minism can be a sign of a more chaotic system. To
compute determinism, lmin needs to be considered as
a minimum length of which diagonal lines to consider.
For instance, a lmin = 3 would eliminate the two diago-
nal lines of length 2 in Figure 1 and therefore lower the
determinism compared to the default value (lmin = 2).

DET =

∑N
ℓ=ℓmin

ℓP (ℓ)∑N
ℓ=1 ℓP (ℓ)

(2)

• Laminarity: First introduced by [48], laminarity is de-
signed to capture the percentage of recurrence points
that align on a vertical line. A continuation of the
same event in a system forms a vertical line. In our
study, same skill codes appearing in consecutive mes-
sages results in a vertical line. For the computation, a
minimum line length of vmin needs to be set to possibly
restrict the length of vertical lines in the calculation of
laminarity.

LAM =

∑N
v=vmin

vP (v)∑N
v=1 vP (v)

(3)

• Entropy of diagonal lines: Entropy reflects the com-
plexity of the length of diagonal lines in a recurrence
plot. It is calculated using the Shannon entropy [63] of
P (ℓ) distribution, where P (i) is the probability to find
a diagonal line of length i in the recurrence plot. High
entropy is an indication of high variation in length of
recurrent sequences. In contrast, in a recurrence plot
where all diagonal lines are the same length, the en-
tropy would be zero.

p(ℓ) =
P (ℓ)∑N

ℓ=lmin
P (ℓ)

,ENTR = −
N∑

ℓ=ℓmin

p(ℓ) ln p(ℓ)

(4)



Table 2: Descriptive statistics of measures by cultural diversity

Cultural diversity degree
1 2 3 4 Full Sample

Measures M(SD) M(SD) M(SD) M(SD) M(SD)
Determinism 0.52 (0.2) 0.5 (0.15) 0.46 (0.15) 0.56 (0.12) 0.49 (0.15)
Divergence 0.22 (0.1) 0.22 (0.16) 0.24 (0.17) 0.12 (0.06) 0.22 (0.16)
Entropy 0.96 (0.62) 0.92 (0.47) 0.81 (0.34) 1.22 (0.44) 0.9 (0.43)
Laminarity 0.71 (0.15) 0.67 (0.14) 0.66 (0.13) 0.72 (0.11) 0.67 (0.13)
Longest diagonal line 6.29 (4.07) 6.41 (4.28) 5.62 (2.93) 11.24 (6.06) 6.48 (4.21)
Recurrence rate 0.24 (0.06) 0.25 (0.05) 0.25 (0.06) 0.25 (0.06) 0.25 (0.06)
Discussion Time 715.15 (183.38) 727.34 (358.15) 885.42 (431.21) 1141.0 (285.84) 850.47 (404.31)
Average diagonal line 2.9 (1.23) 2.72 (0.73) 2.44 (0.37) 3.2 (1.25) 2.63 (0.74)
Number of messages 39.86 (11.02) 49.96 (31.14) 59.24(31.93) 77.47 (27.38) 57.0 (31.69)
notes: M = Mean, SD = Standard Deviation

• Longest Diagonal Line and Divergence: Another mea-
sure related to diagonal lines are (1) the longest diag-
onal line, Lmax, excluding the line of identity, and (2)
divergence which is the reverse of Lmax. Along with
determinism, these two measures are indicators of con-
vergence, chaos, and stability in the system. The lower
the Lmax, the higher the divergence, chaos, and insta-
bility within the dynamical system.

DIV =
1

Lmax
(5)

4.5 Data Processing
4.5.1 RQA time series
To prepare the data for RQA, we created time series data
using the skill codes associated with each chat within the
same conversation. The utterances were grouped together
based on the team identification code and therefore each
group conversation is represented by a time series of mes-
sages and their associated skill codes. Categorical skill codes
were mapped to a numeric code that represents that skill
throughout the analysis. The mapping is one-to-one mean-
ing that each skill is only mapped to one number and each
number only represents one skill. RQA was then applied to
the time series of numeric skill codes to explore structural
patterns within the group conversation.

4.5.2 Cultural diversity
We quantified cultural diversity based on the heterogeneity
of ethnic identities. To determine cultural diversity level, we
calculated how many unique ethnicities existed in each group
according to the students self-reported demographic infor-
mation. Since groups consist of four members, there were
four possible levels of group diversity ranging from fully ho-
mogeneous groups (coded as 1) to fully heterogeneous groups
(coded as 4). Below is a breakdown of group compositions
and their associated degrees of cultural diversity:

1: (4 White members), N = 7;

2: (3 White members, 1 Asian member) or (2 White mem-
bers, 2 Asian members), N = 42;

3: (2 White members, 1 Asian member, 1 Hispanic member),
N = 67;

4: (1 White member, 1 Asian member, 1 Hispanic member,
1 Black member), N = 13

4.5.3 Statistical Analysis
RQA was applied to a time series of CPS skill codes asso-
ciated with each message in a conversation. As described
in Section 4.4, RQA allowed us to study team dynamics,
underlying behavioral patterns, and their complexity. In or-
der to examine the influence of cultural diversity on CPS
communication dynamics, we performed a Kruskal-Wallis
test on each RQA measure to see whether structural compo-
nents of dialogues were different across groups. In addition
to seven RQA measures described, we also included the to-
tal amount of time (seconds) that students spent discussing
their decision and the number of messages sent within that
discussion time as conversational measures. We also con-
ducted pairwise Wilcoxon rank tests as a post-hoc analy-
sis with Benjamini-Hochberg p-value adjustment to further
locate where the significant difference specifically resides.
This analysis enabled us to detect significance of variations
of conversational measures and their relation to the level of
team diversity. The code and results of the RQA Analysis
is available on Github at: github.com/The-Language-and-
Learning-Analytics-Lab/cult-div-rqa

5. RESULTS
Descriptive statistics of conversational measures by cultural
diversity is available in Table 2. Results for each Kruskal-
Wallis tests on Table 3 suggest significant effect of cultural
diversity on entropy at [H (3) = 9.077, p = 0.029, η2 =
0.049], longest diagonal line at [H (3) = 14.405, p < 0.01,
η2 = 0.091], average diagonal line at [H (3) = 10.858, p =
0.01, η2 = 0.063], longest diagonal line and divergence at
[H (3) = 14.405, p = 0.003, η2 = 0.091], number of messages
sent at [H (3) = 11.231, p = 0.01, η2 = 0.066]), and the
time spent in discussion at [H (3) = 12.334, p = .007, η2

= 0.075]). Notably, due to the relationship of divergence
and longest diagonal line in Equation 5, the same results for
these two measures were expected. Combined, these suggest
structural differences in conversations across the four groups,
in terms of complexity of activity and patterns of behavior.
We followed up this significant result with pairwise Wilcoxon
rank tests reported in Table 4.

The post-hoc analysis suggests significant differences be-
tween the most diverse group and the rest of the diversity

https://github.com/The-Language-and-Learning-Analytics-Lab/cult-div-rqa
https://github.com/The-Language-and-Learning-Analytics-Lab/cult-div-rqa


Table 3: Results of Kruskal-Wallis test of conversational and recurrence measures by diversity

Conversational measure df χ2 p η2

Recurrence Rate 3 0.669 0.880 -0.019

Determinism 3 6.354 0.096. 0.027

Laminarity 3 3.678 0.300 0.005

Entropy of Diagonal Lines 3 9.077 0.029∗ 0.049

Average Diagonal Line 3 10.858 0.010∗∗ 0.063

Longest Diagonal Line 3 14.405 0.003∗∗ 0.091

Divergence 3 14.405 0.003∗∗ 0.091

Discussion Time 3 12.334 0.007∗∗ 0.075

Number of Messages 3 11.231 0.010∗∗ 0.066

notes: χ2 = Chi-Squared, df = degrees of freedom

. = p < .1, ∗ = p < .05, ∗∗ = p < .01, ∗∗∗ = p < .001

Table 4: Pairwise comparisons using Wilcoxon rank sum exact test presented by p values of recurrence and conversational
measures grouped by degree of cultural diversity

Entropy
Diversity 1 2 3
2 0.753 − −
3 0.753 0.370 −
4 0.120 0.120 0.015∗

Average diagonal line
Diversity 1 2 3
2 0.681 − −
3 1.00 0.145 −
4 0.172 0.145 0.010∗∗

Divergence
Diversity 1 2 3
2 0.849 − −
3 0.852 0.849 −
4 0.070 0.005∗∗ 0.001∗∗∗

Longest diagonal line
Diversity 1 2 3
2 0.849 − −
3 0.852 0.849 −
4 0.070 0.005∗∗ 0.001∗∗∗

Discussion Time
Diversity 1 2 3
2 0.812 − −
3 0.433 0.080 −
4 0.010∗ 0.004∗∗ 0.067

Number of Messages
Diversity 1 2 3
2 0.786 − −
3 0.112 0.112 −
4 0.020∗ 0.020∗ 0.071

groups in most occasions, with the most difference apparent
in time spent on discussions and longest diagonal line. The
most culturally diverse groups spent more time (in seconds)
discussing the problem (M = 1141, SD = 285.84) than all
three other culturally demographic compositions (Level 1 di-
versity, M = 715.15, SD = 183.38; Level 2 diversity, M =
727.34, SD = 358.15; Level 3 diversity, M = 885.42, SD =
431.21). Descriptive statistics of the measures grouped by
degrees of cultural diversity are available in Table 2. These
findings further demonstrate the impact of cultural diver-
sity on the group dynamics and key components of group
discussions. Figure 3 visualizes the linear relationship be-
tween the RQA measures explored in the post-hoc analysis
and the amount of cultural diversity in each group. Of the
five RQA measures examined, we observed a steady increase
in discussion time, number of messages, and longest diago-
nal line as degree of cultural diversity increased. In addition,
both entropy and average diagonal line increased at a less
consistent rate. Specifically, entropy and average diagonal
line increased mostly between the second most culturally
diverse groups and the most culturally diverse groups. We

discuss the implications of the results in the next section.

6. DISCUSSION
CPS has been increasingly recognized as an essential 21st
century skill in both educational and workplace environ-
ments [22, 12], especially in settings where teams are becom-
ing increasingly more diverse and international. As such, ex-
ploring ways to further our understanding of the communi-
cation behavior patterns in diverse teams and advance CPS
skills has been at the forefront of educational research [12,
29]. In this study, we extended current literature that mea-
sures performance outcomes by using a dynamical systems
lens to examine how the level of in-group diversity influences
team communication behavior. Specifically, we quantified
CPS skills exhibited in group discourse and characterized
conversational structures through RQA measures.

In response to RQ1, we found that degrees of cultural di-
versity in teams are associated with systematic outcomes
of group communication captured through RQA measures.
Specifically, these outcomes include number of messages,



Figure 3: Normalized values of quantified measures of communication plotted by cultural diversity. Each dot represents individual
values for the five measures, along with the fitted regression line. Shaded regions around the lines represents the confidence
intervals for each regression.

time spent in chat, complexity and unpredictability of re-
current patterns (entropy), average length of recurrent pat-
tern (average diagonal line in recurrence plot), and longest
recurrent pattern (longest diagonal line in recurrence plot).
Regarding RQ2, our post-hoc analysis further reveal that
groups with the highest degree of cultural diversity had di-
agnostically different structural patterns of communication
compared to more homogeneous teams. Specifically, groups
with the highest level of heterogeneity spent more time and
sent more messages in chat, had greater complexity in inter-
personal exchange, and lower divergence in group discourse.
Notably, there was no sign of significant difference among
the moderately diverse groups and homogeneous groups. We
discuss the implications of results in greater details as follow.

First, the finding that groups with greater culturally diver-
sity spent more time and sent more messages during the
discussion could indicate positive or negative group dynam-
ics. On the positive side, higher number of messages signals
more opportunities for information sharing and exchange
of ideas, which may suggest that members in these teams
are more actively engaged in the collaborative discourse and
provided their diverse perspectives to the problem. On the
other hand, it might also indicate teams getting stuck or
struggle to reach consensus. Teams that struggle with inter-
nal conflicts also tend to spend more time on communication
to resolve disagreements. This issue is more signified in the
context of a CPS ranking task. Greater cultural differences
in teams might result in different preferences and priorities
over different job candidates, apartments, party venue, and
professor qualities [14]. As such, increased cultural diversity
in teams could bring challenges in team communication that
are reflected through frequencies of messages and time spent
on discussion. This finding is consistent with the notion that

cultural diversity in teams can be a “double-edged sword”.
It has been widely suggested that cultural diversity is asso-
ciated with both positive and negative team outcomes [66].
Previous studies demonstrate that compared to culturally
homogeneous groups, culturally diverse teams are associated
with higher levels of innovation and creativity but are also
prone to more conflicts, less effective communication, and
less cohesion [66]. It is worth noting that the interpreta-
tion of the results has to be situated in the context of tasks.
For instance, in open-ended tasks like brainstorming, longer
time spent and more messages are typically indications of
more innovative perspectives and creativity. However, in
decision making tasks, especially when groups were under
time constraints to arrive at a decision, more time spent
on the task and greater amount of discourse may suggest it
takes more effort for heterogeneous groups to build shared
understanding and reach a solution collectively.

Our RQA analysis further revealed more culturally diverse
teams were associated with more complexity in the distribu-
tion of recurrent patterns (higher entropy), longer recurrent
patterns of interactions (higher average length of diagonal
lines, and higher longest diagonal line). The increased com-
plexity in culturally diverse teams can signal less rigidity,
more adaptability, and higher responsivity in team interac-
tions. These attributes have been found to be key for in-
novation, creativity, and information sharing in team com-
munication [61]. For instance, Fusaroli and Tylén found
entropy and average diagonal line of recurrences in tran-
scripts between the dyads to have a positive association
with their performance [25]. In conjunction with our first
finding, longer discussion time and higher number of mes-
sages may provide more opportunities for diverse groups to
display recurrent patterns, which may explain why diverse



groups have higher longest recurrent patterns. Interestingly,
we found that the most culturally diverse groups have notice-
ably higher longest recurrent patterns and lower divergence,
suggesting higher convergence within group discussion over
time. This is in contrast to previous research which has
typically associated high cultural diversity with divergent
communication behavior [66]. We consider two potential ex-
planations for how higher convergence was reached in team
interactions within the most diverse teams. First, the im-
pact of diversity on performance can be mediated through
goal-orientation and information elaboration [51]. We hy-
pothesize that longer and more active discussions in more
diverse groups allowed much more opportunities for infor-
mation elaboration which may account for a longer recur-
rent pattern in diverse teams. Moreover, the goal-oriented
nature of CPS decision making task may cultivate more con-
vergent collaborative interaction patterns. Second, higher
entropy in more diverse groups indicates the higher com-
plexity in the recurrent patterns. Therefore, although the
longest recurrent pattern shows convergence in discussions
of more diverse teams, higher entropy suggests less rigidity
in the patterns of behavior which allows for less habitual
patterns and more flexibility in social and cognitive interac-
tion sequences. These findings indicate a potential increased
willingness within cultural diverse teams to engage in ac-
tive information exchange and leverage different perspec-
tives during collaborative discussions. Taken together, this
finding suggests highly diverse groups’ flexibility in commu-
nication structure and openness to new information. High
convergence indicated their capacity in perspective-taking
as well as the elaborated processing of new information.
Moreover, higher longest diagonal line could possibly be a
sign of lengthier discussion and argumentation to reach a
conclusion which could be a result of less effective commu-
nication. This could be meaningful characteristics to look
for as teams across educational and professional settings are
increasingly diverse. Further research would be needed to
examine whether such pattern is associated with productive
performance and psychological outcomes for participating
members.

Our work serves as a starting point for future studies to
leverage RQA in establishing the possible positive and neg-
ative links between cultural diversity, communication dy-
namics, and other post-collaboration measures such as per-
formance and team satisfaction. Moreover, we contribute
a structural view of the recurrences of CPS skills through
sociocognitive processes in discourse. By taking a look into
how the temporal sociocognitive processes that occur dur-
ing collaborative interactions are shaped by cultural diver-
sity during CPS tasks, we can begin to take a step towards
understanding factors in learning environments that make
CPS communication more or less effective. In addition to
leveraging CPS frameworks such as [2] to characterize group
discourse, future research may also operationalize group dy-
namics by capturing linguistic features based on the content
of messages through syntactic and semantic similarity, i.e.,
Conceptual Recurrence Plots [3]. This analysis would not
only allow for more complexity and possibilities in the way
recurrence appears in group communication, but also poten-
tially reveal more nuanced linguistic patterns with respect
to cultural diversity in teams. Finally, our current study
mainly concerns with the degree of cultural diversity, how-

ever there is also a need to investigate the communication
behavior of specific demographic subgroups (i.e. female, un-
derrepresented minorities) in CPS. Further investigation on
the differences within these demographic groups could ex-
amine how these factors independently and in combination
play a role in shaping diverse groups. We call for more
efforts towards promoting inclusivity and equity in teams.
Future studies along this line should aim to provide further
insights on identifying group patterns that promote effective
problem solving and meaningful experiences among diverse
teams.

7. CONCLUSION
We focused on the impact of cultural diversity on group
communication in CPS. Our novel approach leveraged RQA
to study the dynamics in group communication. Apply-
ing RQA to analyze CPS discourse provides a means to un-
cover how groups with different degrees of diversity exhibit
different patterns of behavior during the collaborative pro-
cess. Understanding these behaviors is essential given the
dynamic and interdependent nature of CPS tasks. Specifi-
cally, insight on how group dynamics impact culturally di-
verse groups has important implications on monitoring and
improving diverse group communications. In sum, our study
emphasizes the need to further our understanding of the
role of diversity in group communication behaviors as teams
share information, negotiate, and navigate the problem-solving
task. Exploring the intricacies of these group dynamics sets
a first step towards future research on understanding how
these behaviors relate to group outcomes such as perfor-
mance, psychological experiences, and group satisfaction.
Furthermore, this study aligns with the agenda of promot-
ing diversity and inclusivity in AI systems. Our findings
could be meaningful for the researchers in the greater EDM
community for applying such methods to diagnose diverse
team dynamics, as well as further inquiring positioning AI’s
critical role in structurally complex collaborative processes
across diverse teams.
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