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ABSTRACT

In a global workplace, people commonly engage in
collaborative problem solving (CPS), and increasingly do so
in computer-mediated environments. There is a need for
next-generation collaborative interfaces to promote and
facilitate effective CPS. One important challenge pertains to
assessing how people work together to achieve objective
outcomes (e.g., producing better solutions) while facilitating
a subjective sense of positive engagement and team unity.
Lacking in the current research is an understanding of how
team diversity — differing backgrounds, attitudes, and
expertise — influence CPS outcomes. We take a step in
addressing this gap by understanding how visible and non-
visible dimensions of team diversity (e.g. demographics,
personality, attitudes towards teamwork, and prior domain
experience) predict objective and subjective CPS outcomes.
We collected data from 96 triads who used
videoconferencing to complete a CPS STEM learning task
for 30 minutes. We found that team diversity is predictive of
valued CPS outcomes after accounting for the makeup of the
team. Specifically, diversity in demographics and attitudes
towards teamwork predicted subjective impressions of
positive team engagement while personality diversity was
predictive of learning outcomes. Diversity in prior domain
experience was not predictive of outcomes and none of the
diversity dimensions predicted objective task performance.
We discuss how measures of team diversity can be used in
computer interfaces that aim to develop CPS skills for
diverse teams.
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INTRODUCTION

Consider a team of three college students working
collaboratively on a virtual physics lab. The students have
not worked together before and must complete a lab problem
solving activity on energy transfer in a limited amount of
time. All three members of the team come from different
backgrounds, bringing their own cultural experiences,
academic preparation, and attitudes. In order to effectively
complete the task, the students must communicate and
coordinate within the heterogeneous team.

This hypothetical situation is broadly referred to as
collaborative problem solving (CPS), which occurs when
two or more people engage in a coordinated attempt to
construct a solution to a problem [34,53]. CPS is considered
an important 21 century skill as the workforce becomes
increasingly team-based and the nature of work itself
becomes increasingly non-routine [53].

Despite its importance, teams often fail to successfully
engage in socio-cognitive processes necessary to support
effective CPS, such as co-construction of solutions,
monitoring progress, and maintaining a positive team
dynamic [47,53]. In fact, process loss, where teams fail to
achieve performance above theoretical baselines, is a well-
documented phenomena in the group work literature [19].

There is also an increased demand for teams to interact in
computer-mediated environments as the workforce is
increasingly distributed and global [40,53]. Unfortunately,
process loss is likely even worse in computer-mediated
interactions compared to those that occur face-to-face.
Modern computer-interfaces can obscure the transmission of
important social signals, like direction of eye gaze or turn-
taking [40], and poor bandwidth or other technological
limitations further dampen communication.

Accordingly, modern educators have emphasized the need
for students to develop CPS skills, especially in the context
of computer-mediated communication [53]. We envision a
21% century solution for this challenge, where next-
generation collaborative learning technologies can facilitate
customized experiences to foster development of CPS skills.
Such technologies should personalize learning content,
goals, and feedback for the team at hand, taking into account
the background, skills, and attitudes of the teammates. We
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take a step in this direction by focusing on one aspect of
successful CPS — effective collaboration for diverse teams.

We choose to focus on diversity because the modern
workforce requires individuals that are able to successfully
collaborate on diverse teams [37,53]. Teams are rapidly
becoming more global, requiring people with different
cultures and beliefs to work together [52,53]. Further,
women and millennials have changed workplace
demographics, bringing along with them vital new attitudes
and values [45,52]. Additionally, the growing “gig”
economy has given rise to temporary workers in
spontaneously formed teams [18,23]. In these short-term
teams, effective CPS processes must be quickly established,
no matter the background of individual members of the team.

There is limited work that explicitly aims to develop CPS
skills with diversity of the team at the forefront (e.g. [36]).
The most closely related work focuses on assessing CPS
skills, rather than developing it [6,24,36,46]. Thus, our long-
term goal is to develop computer interfaces that teach CPS
skills in a manner that is sensitive to team diversity. In
particular, such an interface could assess team diversity
along many pertinent dimensions (e.g. differences in
personality or attitudes towards the team) and customize the
learning experience accordingly. For example, information
on team diversity could be used to select training goals, or
provide feedback.

An important first step towards that end includes a deeper
understanding of how team diversity is associated with team
performance. Accordingly, the present paper aims to uncover
what dimensions of team diversity predict objective and
subjective outcomes during computer-mediated CPS
activities among triads. We expand work on traditional
measures of visible (demographic) diversity by quantifying
a variety of dimensions of diversity, such as personality,
attitudes towards teamwork, and prior domain experience.
We include demographic measures for study (e.g. race,
gender, age, first language) as they have been linked to group
performance [16], perception by others [51], attitudes
towards teamwork [1], cultural work norms [45], and
effective verbal contributions [49]. We expand to include
personality as it has been associated with CPS performance,
self-reported perception of the collaboration quality [44], and
team communication [48]. Further, survey-based personality
measures can be considered a measure of self-reported
identity, and thus important for inclusion. Attitudes towards
teamwork (e.g. assessment of leadership, or teamwork self-
efficacy), have been extensively shown to influence team
decision making [2,17] and have been linked with perception
of collaborative interactions [20]. Finally, prior domain
experience is expected to be associated with CPS task
performance (e.g., [30]), making it key for inclusion as well.
We find that diversity in several dimensions predicts CPS
outcomes after accounting for pertinent covariates.

RELATED WORKS

The literature on the effects of group composition is vast and
covers factors such as gender [11,39], ethnicity [50],
teammate familiarity [14], team member ability [50], and
personality [9,43], to name a few. We focus our review on
the relationship between diversity and collaborative
outcomes, as it is most relevant to our work.

Traditionally, team diversity has been studied in terms of
demographic and psychological factors. Team diversity has
been quantified in terms of standard deviation, relative
standard deviation, or Euclidean distance of a measure across
teammates [26,31,44]. Demographic features alone cannot
capture the intricacies of diversity and as such are often
referred to as surface-level diversity [15]. That said,
demographic measures still heavily influence collaborative
experiences like sense of belonging [10], perception by
teammates [51], and attitudes towards group work [1]. The
influence of demographic diversity has been described as a
“double-edged sword” that leads to both positive and
negative team outcomes [28]. For example, diversity in
nationality within teams is associated with increased
collective knowledge [8] and better performance [29], but a
decreased amount of overall interaction [32]. Effects of
demographic diversity can also vary over time. Though team
members may initially judge one another based on
demographic characteristics, team differences may become
less salient over time as the group reaches a consensus on
team values and beliefs [5,15,25]. Thus, understanding the
effects of team diversity requires examining nuanced
relationships with temporal and contextual factors as well.

Research has gone beyond studying visible demographic
characteristics to quantifying diversity in terms of
psychological characteristics, referred to as deep-level
diversity [15]. Cognitive diversity is one such aspect and is
defined by differences in beliefs, knowledge, skills, thinking
styles, or wvalues [41]. Cognitive diversity enhances
performance when creative solutions are needed and
minority views can lead teams to explore alternative
solutions [7,26,38]. For example, a study with third-year
engineering students working together during a 16-week
semester found that cognitive diversity was associated with
project design outcomes, including expert-rated value, user
satisfaction, and effectiveness [26]. As with demographic
diversity, more nuanced contextual effects may moderate the
relationship between cognitive diversity and team
performance. For example, Park et. al. [31] report that task
knowledge diversity is positively associated with team
creativity, but this relationship is negatively moderated by
status inequality among team members.

Although research on deep diversity often focuses on teams’
knowledge and cognitive diversity, a limited number of
research studies have explored additional types of diversity
such as personality differences. Pieterse et. al. [33] examined
the performance of short-lived student software engineering
teams and personality diversity, as indicated by differences



in their Myers-Briggs Type Indicators. They found no
differences in degree of collaboration or quality of product
based on personality diversity.

Most similar to our work is a study that examined the
relationship between group diversity, objective outcomes
(task performance and posttest score), and subjective
outcomes (teammate ratings of performance and
collaboration quality), all during a computer programming
CPS task [44]. This study found that gender diversity did not
predict outcomes, but personality diversity negatively
predicted task performance and teammate ratings of the
collaboration quality. Further, they found that diversity in
teammate rating of performance negatively predicted
learning, hypothesizing that this was related to lack of shared
task alignment amongst the group.

NOVELTY

Our work is novel in several respects. First, we study
diversity in short-term, spontaneously formed teams. Most
of the work on diversity examines organizational teams (e.g.
[5,7,25,29,31,41]) and other types of long-term teams (e.g.
[8,26]), which may be able to establish familiarity and group
work norms over the course of multiple interactions. In
contrast, short-term teams face the challenge of quickly
engaging each other in CPS processes, such as goal
definition or co-construction of solutions.

Second, the limited work on short-term teams only considers
one or two dimensions of diversity (e.g. gender and
personality [44], personality only, [33], culture [32], and
cognition [38]). Thus, it is unclear as to which dimensions
should be included in learning technologies that customize
CPS skill content for the current team. Accordingly, we
study diversity across a variety of dimensions, including
demographics, personality, attitudes towards teamwork, and
prior domain experience.
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Finally, we predict CPS outcomes from diversity after
controlling for the general team makeup. We distinguish
between the two in that diversity quantifies how different a
team is along individual difference measures. Conversely,
team makeup refers to the overall composition of a team on
those individual difference measures. For example, when
examining prior knowledge, diversity quantifies the extent of
variation among prior knowledge of teammates, whereas
makeup measures the average prior knowledge possessed by
the team. There is research that examines either diversity (see
Related Works) or general team makeup (e.g.
[9,11,14,39,43]); however, the former fails to account for the
latter, which raises the possibility that diversity might not
predict outcomes above team makeup. Accordingly, we
address the question as to whether diversity has incremental
predictive power after accounting for team makeup.

DATA COLLECTION

Data collection protocols were approved by our designated
Institutional Review Boards and all participants provided
consent prior to any data collection.

Participants

Participants were 288 students from two large public
universities in the United States (111 from School 1, 177
from School 2). Students were assigned to 96 triads based on
scheduling constraints. Forty-six students from 25 teams
(26%) indicated they knew at least one person from their
team prior to participation. Participants were compensated
either with a $50 Amazon gift card (95.8%) or with 3.5 hours
of course credit (4.2%) for the two-part study that included
an at-home survey and an in-lab session.

Problem Solving Environment (Physics Playground)

Students participated in a CPS task using Physics Playground
(Figure 1), which is a highly engaging, two-dimensional
educational game that aims to teach students basic
Newtonian physics concepts (e.g., Newton’s laws, energy
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Figure 1. A team playing Physics Playground. The triad used a lever and weight to navigate the green ball to the red balloon.



transfer, and properties of torque) [4,27]. In Physics
Playground, students complete game levels by using the
mouse to draw simple machines (i.e., ramps, levers,
pendulums, and springboards) that navigate a green ball to a
red balloon. All objects that students draw, as well as pre-
existing agents in the levels, obey the laws of physics. Figure
1 depicts a team using a lever (pre-existing agent in game)
and a weight (drawn by team) to roll the green ball towards
the red balloon. A team earns a gold trophy when they
successfully navigate the green ball to the red balloon using
few objects. If more objects are used, then a successful
solution earns a silver trophy. Students could restart, exit, or
change levels at any time during gameplay. There were no
hints or support mechanisms in the game with the exception
of a tutorial on game mechanics that teams could optionally
view at any time during the collaboration. Each game level
had an expert-rated difficulty score (easy, medium, or hard)
based on physics knowledge required to solve the level and
difficulty of the game mechanics.

At-Home Surveys

Students were emailed a survey at least 24 hours prior to their
scheduled lab session. The purpose of the survey was to
assess individual difference  measures, such as
demographics, personality, attitudes towards leadership and
teamwork, and physics competency. The demographic
questionnaire assessed the student’s gender, race, age, first
language, and formal physics coursework. We used the
validated short version of the Big Five inventory [13] to
assess personality in the following dimensions: extraversion,
agreeableness, conscientiousness, emotional stability, and
openness to experience (Cronbach’s alpha = .75, .09, .55,
.59, .31, respectively — see Results for discussion on these
reliabilities). We assessed leadership self-efficacy, which is
belief in one’s leadership capability, with the Leadership
Domain Identification Measure (Cronbach’s alpha = .82)
[17]. Collectivism (willingness to work in teams) and
teamwork self-efficacy (personal perception of one’s ability
to work in teams) were measured using the Individual
Satisfaction with the Team Scale (Cronbach’s alpha = .79
and .71, respectively) [20]. Finally, we used a validated
survey to measure physics self-efficacy (Cronbach’s alpha =
.85) [22]. Example survey items are shown in Table 1.

Students also completed an expert-created ten-item physics
pretest that assessed knowledge of energy transfer and
properties of torque, which corresponded to the Physics
Playground levels selected for the CPS activity (see In-Lab
Session). This was a parallel-form version test (versions A
and B), that was counterbalanced across participants. An
example test question is shown in Figure 2.

After completing the physics pretest, students learned how to
use the Physics Playground environment with a short tutorial
that taught them how to draw simple machines such as ramps
and springboards. After completing the tutorial, students
were given 15 minutes to complete five easy levels to

familiarize themselves with the game. They then completed
other activities not relevant to the present study.

An object 1s hangig on a tree branch. What would
make the branch /ess likely to break?

A. By making the object heavier

B. By moving the object farther from the tree trunk
C. By moving the object closer to the tree trunk

D. Moving the object won't make a difference

Figure 2. An example of a properties of torque pre/posttest
question is shown. The correct answer for this question is C.

Table 1. Examples of validated individual difference and
outcome measures are shown.

Measure Survey Question

Extraversion I see myself as extraverted, enthusiastic.
Agreeableness I see myself as sympathetic, warm.
Conscientiousness I see myself as dependable, self-

disciplined.

Emotional Stability I see myself as calm, emotionally stable.

Openness to I see myself as open to new experiences,

Experience complex.

Leadership I am a good leader.

Teamwork Self- I can work very effectively in a group
Efficacy setting.

Collectivism I prefer to work with others in a group

than to work alone.

Physics Self-
Efficacy

[ know I can stick to my aims and
accomplish my goals in physics.

CPS Quality Our team responded to others’ questions

and ideas thoughtfully.

Inclusiveness and
Team Norms

Everyone on the team worked to reach
our performance goals.

In-Lab Session

The in-lab session commenced at least 24 hours after the at-
home surveys were administered. Students were each
assigned to one of three computer-enabled workstations that
were either partitioned in the same room using dividers or
were located in different rooms (depending on the school
where data was collected). They all had video conferencing
capabilities and screen sharing through Zoom
(https://zoom.us). Each computer was equipped with a
webcam and headset microphone so students could see and
hear each other. Additional sensors not relevant to the current
study were also included.



Teams interacted with Physics Playground for one warmup
block and two experimental blocks. One randomly assigned
team member controlled the mouse during a block, and this
student’s screen was shared. A different team member was
given control of the mouse during each block such that each
student controlled the interaction for one block.

Teams first completed a 15-minute warmup. They were
instructed verbally and with on-screen instructions to use the
time to familiarize themselves with their teammates and play
a few levels together. They were given five easy-to-medium
levels corresponding to energy transfer and properties of
torque physics concepts. Teams were shown an on-screen
warning when ten and five minutes were left in the block.

After the warmup, screen sharing was disabled and students
individually rated their emotional valence (1 = very negative,
5 = very positive) and arousal (1 = very sleepy, 5 = very
active). Students also completed a validated six-item Likert-
style (1 = disagree strongly, 7 = agree strongly)
questionnaire assessing perceived CPS quality along the
following dimensions: sharing understanding of problems
and solutions, establishing common ground, responding to
others’ questions/ideas, monitoring execution, fulfilling
roles on the team, and taking initiative to advance the
collaboration (Cronbach’s alpha = .90) [47]. This was
followed by a three-item inclusiveness and team norms
questionnaire (using the same 7-point scale) that assessed
how inclusive the team was and whether they worked
towards task performance or socially-oriented goals
(Cronbach’s alpha =.77) [12].

Teams then collaborated for two 15-minute experimental
blocks where each block had a different CPS goal. In one
goal manipulation, teams were instructed to “solve as many
levels as possible.” The purpose of this manipulation was to
prioritize solution quantity. In the other manipulation, teams
were instructed to “get as many gold trophies as possible.”
The purpose here was to focus teams on quality solutions,
and teams were reminded that gold trophies are earned by
using fewer objects in the solution. Instructions for each
experimental block were provided verbally and on screen.

There was also a physics concept manipulation where teams
were either presented with seven energy transfer levels or six
properties of torque levels. All levels were of medium-to-
hard difficulty. Goal and physics concept were
counterbalanced across teams in a 2 X 2 within-subject
design. For example, a team could be assigned the golds
manipulation and energy transfer levels in the first
experimental block followed by the levels manipulation and
properties of torque levels in the second experimental block.

Teams were shown the same on-screen warnings as the
warmup when they had ten and five minutes left in the block.
However, they were also reminded of their goal condition
(levels or golds) along with the warning. After each
experimental block, screen sharing was again disabled and
students individually completed the same surveys that they

completed after the warmup. After both blocks, students
individually completed a physics posttest, which was a
parallel-form version of the pretest. Assignment of test
version (A or B) as pre- or posttest was counterbalanced
across students. Teams also completed an unrelated task not
analyzed here.

DATA ANALYSIS

We investigated associations between team
makeup/diversity across four dimensions (demographic,
personality, attitudes towards teamwork, and prior domain
experience) and five outcome variables (task score, posttest
score, valence, arousal, perception of collaboration).

Individual Makeup Measures

We computed a vector for each student, in each of the four
dimensions (demographic, personality, attitudes towards
teamwork, prior domain experience). For demographics, we
computed a four element vector from self-reported age, first
language (English or not), gender (female or not), and race.
Race distributions varied widely for the two schools (Figure
3). Thus, we contextualized each student’s race compared
their peers. To do this, we coded each student’s race as the
proportion of students in their school that identified as that
particular race. Thus, a higher value represents a student
identifying as a racial majority group. For example, at School
1, 7% of the students reported being Hispanic, and were thus
a minority group; their race value was coded as .07. At
School 2, Hispanic students were a larger population (39%),
thus we coded those students’ race value as .39. In a
supplemental analysis (see Results), we examined race on its
own. Each student was then represented as a seven-
dimensional dummy-coded race vector. We scaled the age
and race elements from 0 to 1 to ensure that all elements had
the same range. This was required to ensuring our diversity
metric equally weighted each element (see Diversity and
Team Makeup).

There were two survey items per Big-Five personality
dimension which we summed [13] to yield a five-element
personality vector (extraversion, agreeableness,
conscientiousness, emotional stability, and openness to new
experience).

We constructed an attitudes towards teamwork vector from
the leadership self-efficacy, teamwork self-efficacy, and
collectivism scales. We first computed the mean across the
items in each scale to yield a leadership, teamwork, and
collectivism score. The first two measures were correlated
(Pearson’s » = .57), so we combined them by z-scoring each,
and then averaging the z-scores. This measure was scaled
from 1 to 7 to match the range of the collectivism scale. Thus,
the attitudes towards teamwork vector had two elements: (1)
teamwork and leadership self-efficacy and (2) collectivism.

We constructed a prior domain experience vector from the
formal physics coursework (scored as 0 for no courses, 1 for
high school, 2 for introductory college, and 3 for multiple
college courses), physics self-efficacy (average of individual



items), and physics pretest score (number of items correct)
measures. The other two measures were scaled from 1 to 7
to match the range of the physics self-efficacy measure.
Descriptive statistics for our measures are shown in Table 2.
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Figure 3. Reported race of students by school. Note, AI/NA

refers to American Indian/Native Alaskan; NH/PI refers to
Native Hawaiian/Pacific Islander.

Table 2. Mean (M), standard deviation (SD), and range (R) for
elements (unscaled) in team makeup vectors are shown. Note,
race is omitted, as it is shown in Figure 3.

Elements M SD R
Demographics
Gender Female .56 .50 0-1
Age 21.72  4.60 18-49
English First Language .74 .44 0-1
Personality
Extraversion 8.01 3.06 2-14
Agreeableness 9.91 2.07 2-14
Conscientiousness 11.13  2.15 2-14
Emotional Stability 9.31 2.54 2-14
Openness 10.58  1.95 2-14

Attitudes Towards Teamwork

Leadership/Teamwork Self- 597 34 1_7

Efficacy

Collectivism 3.89 1.23 1-7
Prior Domain Experience

Prior Physics Courses 1.07 1.07 0-3

Physics Self-Efficacy 4.66 1.28 1-7

Pretest Score 6.49 1.80 1-10

Diversity and Team Makeup

We condensed the elements in each of our focal dimensions
(demographic, personality, attitudes towards teamwork, and
prior domain experience) to a single, interpretable team-level
diversity metric that captures how different a team is along a
particular dimension. For a given dimension, our diversity
metric was computed as the mean of the pairwise Euclidean
distances (d) between the three vectors (A, B, C)
representing the three students in a team: diversity = mean
[d(A, B), d(A, C), d(B , C)]. For example, we compute
personality diversity as the mean pairwise Euclidean
distances between the five-dimensional personality vectors
of each student. Thus, a higher score corresponds to a more
diverse (dissimilar) team. Distributions of our diversity

measure are shown in Figure 4. Based on these histograms,
we note that there are indeed team-level differences in
diversity that our metric is able to capture.Team makeup
quantifies the team’s mean level of the component elements
of a dimension. For example, for personality, we average
extraversion across team members as a measure of how
extraverted the team is overall. This was repeated for the
agreeableness, conscientiousness, emotional stability, and
openness elements in the personality vector. In all, each team
had four diversity scores (demographic, personality, attitudes
towards teamwork, and prior domain experience), and 14
team makeup scores (four demographic, five personality,
two attitudes towards teamwork, and three prior domain
experience).

Outcome Measures

We computed objective and subjective CPS outcomes for the
two experimental blocks. The warmup block was not used in
analysis as its purpose was to familiarize the team with each
other and the CPS environment. Block-level measures were
combined to obtain a single team-level measure since the
team is the unit of analysis (i.e. team-level diversity).

Recall that teams were assigned the energy transfer concept
for one block and the properties of torque concept for the
other. We found that task score (computed as the proportion
of trophies a team earned) varied significantly across the two
concepts with a mean of .19 for energy transfer and .63 for
properties of torque (p < .001 on a paired-samples #-test).
Note, task score did not vary significantly across block
number (first or second) or goal manipulation (levels or
golds). Accordingly, to combine outcomes across blocks, we
first z-scored each outcome measure by concept (to remove
concept-related variability) and then averaged the two scores
to yield a single team-level outcome variable. We adopted
this approach for the two objective outcomes: task score and
posttest score (number of items pertaining to each concept
correctly answered on the physics posttest). We did the same
for our three subjective outcomes: self-reported valence,
arousal, and a collaboration perception measure, obtained by
aggregating the CPS quality and inclusiveness and team
norms measures. To aggregate, we separately averaged the
six items in the CPS quality measure and the three items in
the inclusiveness and team norms measure. These averages
were highly correlated (Pearson’s r = .79), so we combined
them by z-scoring each and taking the mean. Table 3 show
descriptive statistics before outcome metric aggregation.

Table 3. Mean (M), standard deviation (SD), and range (R) of
outcome metrics before aggregation are shown.

Elements M SD R
Energy Transfer Trophies .63 .19 0-1
Properties of Torque Trophies .19 28 0-1
Posttest Score 6.85 1.95 0-10
Valence 3.73 1.05 1-5
Arousal 3.44 1.16 1-5
CPS Quality 6.23 .85 1-7
Inclusiveness/Team Norms 6.39 .82 1-7
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Figure 4. Histograms of the team-level diversity dimensions are shown.

Data Recovery and Removal

Occasionally, students did not complete the at-home
measures before completing the in-lab portion (31 students
from 21 teams). We emailed a follow-up survey to these
students which included the demographic, personality,
attitudes towards teamwork, and prior domain experience
items. A total of 21 students from 15 teams completed the
follow up survey.

We did not include the pretest in the follow-up survey as
students had already completed the in-lab portion of the
study when the survey was administered. Instead, we
replaced missing pretest scores for these individuals with the
mean pretest score for their school (7.49 for School 1 and
5.86 for School 2). This yielded a total of 86 teams (from 96
possible triads) where all three teammates reported the
individual difference measures needed to compute the
diversity and makeup measures. Of these, due to technical
issues, one team did not complete the physics task, so they
were excluded, leaving 85 teams.

Five teams did not complete the second experimental block
due to technical errors, so their outcome measures were only
computed for the first experimental block. Teams
occasionally did not complete one or more of the measures
for a variety of reasons. To maximize sample size, we
included teams that had at least one of the outcome variables,
so number of teams in the subsequent analyses varies slightly

by outcome variable under consideration: 85 for task score,
82 for posttest, and 84 for valence, arousal, and collaboration
perception.

RESULTS

We individually regressed each outcome (task score, posttest
score, valence, arousal, and collaboration perception), on the
four team-level diversity metrics (demographic, personality,
attitudes towards teamwork, prior domain experience). Each
diversity measure was included in a separate model. The
mean value of the component elements of the diversity
vectors (makeup scores) were included as covariates in the
models to assess the influence of diversity above team
makeup. For example, we include mean extraversion,
agreeableness, conscientiousness, stability, and openness as
covariates in the models that used personality diversity as the
primary predictor. We also included school (School 1 or
School 2) as a covariate to account for school-level
differences in outcomes. Additionally, when predicting
posttest score, we included pretest score as a covariate to
isolate learning gains beyond prior knowledge (pre-post
Pearson’s r = .67). In total, we computed 20 regression
models (five outcome variables x four team diversity
dimensions) as shown in Table 4.

Main Results

We found that demographic diversity positively predicted
valence (marginal effect) and arousal beyond the team
makeup variables, suggesting there is not a specific team



demographic makeup profile, but diversity, that influences
valence and arousal. We also found that having English as a
first language predicted posttest score, ostensibly because the
task was primarily verbal and conducted in English.
Interestingly, older students achieved better learning gains,
but were less positive about the outcomes of the
collaboration. Due to limitations in our method of coding
race, we investigated racial diversity in a follow-up analysis.

Diversity in personality did not predict objective task
performance (task score), but the more agreeable teams had
lower task scores. In this case, it is possible that agreeable
teams focused on socially-oriented group work norms (i.e.
avoiding conflict), rather than pursuing successful task
completion [21]. Importantly, personality diversity did
predict posttest score and did so above the team’s personality
makeup variables, which were non-significant predictors.

We found that neither personality diversity nor the individual
personality facets predicted students’ perception of the
collaboration. However, extraverted teams reported more
positive affect after the task, which is reasonable given that
the task is inherently social. Interestingly, teams higher in
emotional stability and agreeableness reported more arousal,
in contrast to those higher in openness. Overall, personality

makeup appears to be more related to arousal than any of the
other outcome variables. We further investigated personality
in a follow-up analyses, due to reliability limitations.

Diversity in attitudes towards teamwork did not predict any
of the objective task outcomes. However it was negatively
associated with all three subjective outcomes, although it
was only significant for arousal. Thus, teams with more
disparate attitudes towards teamwork reported less emotional
activation, possibly signaling differing task expectations.
With respect to the individual makeup variables, leadership
and teamwork self-efficacy predicted positive perceptions of
the collaboration, which is an expected finding. Somewhat
unexpected was that collectivism negatively predicted
posttest score. Since the posttest is an individual measure of
learning, this suggests that attitudes that promote effective
collaboration (a group outcome) might not be beneficial for
individual learning. Some initial evidence may be obtained
by the positive (though non-significant) association between
diverse attitudes towards teamwork and posttest scores.

In general, the prior domain experience variables did not
significantly predict any of the outcomes other than expected
associations with pretest scores. That said, the strongest,
albeit non-significant, predictor of task score was diversity

Table 4. Standardized beta coefficients are shown. p-values less than .10 are bolded.

Objective Outcomes

Subjective Outcomes

Predictors Task Score Posttest Valence Arousal Collaboration
Score Perception
Demographics
Demographic Diversity -.01 (.93) -.04 (.66) .21 (.10) .27 (.03) .00 (.98)
English First Language .14 (.25) .18 (.04) -.04 (.74) -.05 (.68) .01 (.93)
Female -.16 (.16) .00 (.96) -.07 (.52) -13(.23) -.05(.70)
Race .06 (.63) .06 (.55) .09 (.48) -.10 (42) -.05(.71)
Age -.11 (.35) .18 (.04) -.16 (.18) -.02 (.86) -21(.10)
Pretest Score 46 (<.01)
School (School 1) 26 (.04) .21 (.06) .06 (.64) -.03 (.80) .08 (.54)
Personality
BFI Diversity .03 (.77) .16 (.08) .15 (.20) -.02 (.83) 12 (.32)
Extraversion .07 (.52) -.02 (.85) .25 (.04) -.03 (.78) .08 (.49)
Agreeableness -.22 (.08) .04 (.68) -.11 (.39) 22 (.07) A5(27)
Conscientiousness .06 (.57) .00 (.96) -.05 (.64) -15(.19) -.03 (.83)
Emotional Stability .04 (.72) .00 (.98) 17 (.16) 40 (<.01) .06 (.61)
Openness .09 (.49) .03 (.74) -.03 (.79) -.29 (.02) -.06 (.63)
Pretest Score .46 (<.01)
School (School 1) 32 (.01 .26 (.03) .09 (41) -.10 (.35) -.04 (.73)
Attitudes Towards Teamwork
Attitudes Diversity .00 (.98) 11 (.22) -12(.33) -.26 (.03) =17 (\13)
Leader/Teamwork Self-
Efficacy .05 (.64) .06 (.50) .06 (.63) -.15 (.20) 23 (.05)
Collectivism .12 (.26) -.16 (.05) .03 (.79) .16 ((14) .10 (.36)
Pretest Score 48 (<.01)
School (School 1) 30 (<.01) .26 (.01) .10 (.37) .01(.92) .03 (.80)
Prior Domain Experience
Prior Domain Exp. Diversity -.16 (.17) -.06 (.50) .02 (.84) -.07 (.59) =11 (.39)
Prior Physics Courses .18 (.26) 20(11) .01(.97) 11 (.53) -.07 (.71)
Physics Self-Efficacy .05 (.65) .14 (112) .05 (.68) .01 (.95) .03 (.83)
Pretest Score 17 (.25) 34 (<.01) .27 (.10) .09 (.57) .02 (.90)
School (School 1) .10 (.53) 23 (.07) -.10 (.58) -13 (47) .08 (.65)




in prior domain experience. It is possible that teams with
differing prior domain experience had more difficulty
coordinating their domain knowledge and skills to earn a
high task score, though this finding needs further
consideration since it is non-significant.

We also found that school affiliation was a consistent
predictor of both objective outcomes (task score and posttest
score) but not of the subjective outcomes. This might be
explained by educational achievement difference between
the schools (average ACT scores, which index scholastic
achievement, was 30.6 and 25.0 for Schools 1 and 2,
respectively). Future work should consider including
scholastic achievement as an additional dimension of
diversity and makeup.

Follow-up Analyses

We conducted follow-up analyses to supplement these main
results. Because all of our team diversity and makeup
measures were obtained via self-reports, the reliability and
validity of these measures is of importance. Fortunately, with
the exception of personality, reliability of all of our self-
report measures exceeded a Cronbach’s alpha of .70.

Reliability for the short-BFT has traditionally been a concern,
[3], and indeed is low in our study (see At-Home Surveys).
Therefore, we conducted an additional analysis by
eliminating BFI facets with very low reliability
(agreeableness and openness). Specifically, we constructed a
personality  diversity = vector  with  extraversion,
conscientiousness, and emotional stability as these had
alphas above 0.50.

Specifically, when using extraversion, conscientiousness,
and emotional stability, personality diversity was positively
related to posttest (8 = .05, p = .26), which was also the case
when using all five facets BFI (f = .16, p = .08). That said,
the relationship was weak in both cases, suggesting
personality measures alone are not predictive of objective
outcomes. Further, extraversion was a marginal predictor of
valence when using extraversion, conscientiousness, and
emotional stability (8 = .08, p = .06). This relationship was
stronger when using all BFI factors (= .25, p = .04), but in
the same direction. Overall, the relationships were in a
similar direction, yet a little weaker when using only the
reliable BFI measures.

We also conducted a follow-up analysis on racial diversity,
given that our method of coding race does not account for the
inherent complexities of race, which may be intertwined with
access to educational resources and perception by
teammates. These factors in turn might influence CPS. We
encoded a student’s race directly rather than considering it
with respect to the majority at their school. Each student’s
race was represented as a seven-element binary vector and
diversity and makeup variables were computed on race
alone. Race diversity did not predict any outcomes. There
was a significantly positive relationship between a team’s
makeup and posttest score (f = 2.47, p = .02 for black, f =

1.34, p = .02 for white, f = 1.37, p = .04 for Asian),
potentially signaling that teams with more similar racial
backgrounds had more common ground to achieve higher
learning gains. There was also a significant relationship
between race and arousal in that teams with more American
Indian/Native Alaskan students reported significantly lower
arousal (ff = -3.52, p = .04). These students were a minority
in our dataset, and these results suggest that such students
would benefit from personalized CPS support.

DISCUSSION

Our main goal was to investigate how diversity in team
composition is associated with team-level outcomes in a
STEM-based collaborative problem solving (CPS) task. We
developed a novel approach for reducing the complexity in
characterizing team diversity along four dimensions:
demographic, personality, attitudes towards teamwork, and
prior domain experience. We investigated associations
between team diversity and collaborative outcomes,
specifically, objective measures of team performance and
subjective judgements of the collaboration. In what follows,
we summarize main findings, discuss applications,
limitations, and ideas for future work.

Main Findings

We identified robust links between team diversity and team-
level outcomes, specifically objective measures of learning
and subjective judgments of the group’s interaction. Teams
that were more demographically diverse (e.g., race, age,
gender, first language), reported more positive affect
(valence) and higher energy (arousal) after the collaborative
interaction. Teams that had more varied personalities learned
more as a result of the collaboration, and teams with
disparate attitudes towards teamwork reported lower energy
(arousal) after the interaction.

Importantly, associations between team diversity and
outcomes were obtained after controlling for the overall
makeup of the team. Team makeup has been shown to be
predictive of outcomes in previous studies [9,43,44], which
was also the case in our work. However, our results point to
diversity as the key characteristic of the team that influences
outcomes beyond mere makeup. We found cases where
diversity was a significant predictor of CPS outcomes, but
makeup was not; the reverse was also true, and there were no
cases where both were predictive. Thus, it is imperative that
future work investigates these dimensions in tandem instead
of focusing on one or the other as is currently done (e.g.
[26,43,44]).

In contrast to prior work on team diversity, we studied short-
term collaborations (two 15-minute interactions) for teams
that generally did not know each other prior to the
collaboration. Previous literature suggests that demographic
factors play a bigger role in collaborative outcomes in the
short-term, but non-visible aspects of diversity become more
salient as the team becomes more familiar with each other
over long-term interactions [5,15,25]. We found that both
demographic diversity as well as non-visible aspects of



diversity (personality and attitudes towards teamwork)
predicted CPS outcomes (learning gains and arousal).
Therefore, we show that even in short-term interactions, non-
visible diversity still influences CPS.

There were also some unexpected null effects. Most
importantly, we were largely unable to predict CPS task
performance with any of diversity or makeup measures. The
exception was the BFI personality dimension of
agreeableness that negatively predicted task performance. It
is possible that more agreeable teams were focused on
conflict minimization and achieving positive social
interactions rather than task completion. That said, the
difficulty in predicting task performance suggests that it
might have to more to do with what teams do over the course
of the interaction rather than what they bring to the
interaction. As such, the destiny of the team is not
predetermined, but depends on the team’s behaviors.

Applications

We envision that our work can be applied to collaborative-
learning interfaces that personalize CPS tasks and goals
based on different dimensions of diversity. We are in the very
early stages of research and more work is needed before our
findings are actionable; however, we can illustrate some
preliminary ideas at this time. In particular, we found that
teams with less diverse personalities learned less from the
collaboration. Accordingly, the system could target learning
outcomes for such teams, for example, by suggesting they
demonstrate their reasoning for implementing a solution
[35]. Similarly, teams with disparate attitudes towards
teamwork experienced low arousal, which could signal task
disengagement [42]. Accordingly, throughout the task, the
system could suggest engaging activities that simultancously
support productive CPS. For example, the system could
suggest the team spend a few minutes generating new ideas,
refining old ones, or reflecting on prior results [53]. This
would serve as a reminder that these tasks are essential to
productive CPS.

Limitations and Future Work

Like all studies, ours has limitations that should be addressed
in future research. First, we focused on individual
dimensions of diversity but did not examine them in concert.
In future work, analyses could be expanded to include how
different aspects of diversity interact to predict outcomes.

Second, our data was collected in a highly controlled lab
setting, so generalizability to a more authentic context is
limited. We also considered only one task, so future work
should examine the relationship between team diversity and
CPS outcomes for different CPS tasks and task types, such
as creative versus analytical tasks.

Third, we did not focus on measures of what occurred in the
collaboration itself (i.e., how the team spoke to each other,
kinds of ideas they generated, whether they payed attention
to on screen content). It is highly likely that behaviors during
the collaboration can be used to supplement our findings.

Accordingly, future work could consider a collaboration
“timeline” where factors in place before the collaboration
(e.g. diversity and team makeup) are combined with
behaviors exhibited during the collaboration.

Fourth, some of our measures did not meet adequate
standards for reliability. Specifically, our short measure of
personality (short BFI) exhibited low reliability, so the
findings pertaining to personality warrant replication with
the full version of the BFI.

Further, a key limitation in our work is that our diversity
measures did not significantly predict task performance. It
might be the case that diversity itself is not pertinent when it
comes to objective task performance. More likely, however,
diversity in dimensions other than those investigated here
(e.g., measures of cognition or problem-solving ability)
might be predictive.

Finally, it is impossible to infer causation in our work,
particularly for subjective outcomes. We do not know if
team-level differences influenced collaborative behaviors
which influenced attitudes, or if team-level differences
influenced attitudes towards the collaboration.

CONCLUSION

Our work is an initial step in building interfaces for
computer-mediated collaboration that teach CPS skills
tailored to the diversity of the team. We found show that
several diversity dimensions predict CPS outcomes even
after controlling for the overall makeup of the team. With
subsequent  research,  next-generation  collaborative
interfaces can leverage these findings to support effective
collaboration among diverse teams.
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