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ABSTRACT
Forming teams of learners is a task that presents numerous chal-
lenges for educators increasingly relying on automated tools to
optimize the process. The problem increases in difficulty in online
classroom settings, where educators have little familiarity with the
students. In this work, we present a User as Wizard study where
108 online crowd participants formed four teams of three team-
mates each from a pool of twelve dummy learner profiles. The
profiles contained information about the learners’ Conscientious-
ness, Openness, and cognitive ability levels. These attributes were
derived from a pre-study with a smaller sample of crowd partici-
pants (N=52) rating the relevance of the Big Five personality traits
and cognitive ability in team formation for educational purposes.
The User as Wizard study shows that most people tend to form
within (meaning most attributes of the teammates even out) and
between (meaning the teams have similar attributes averages) bal-
anced teams. It also shows that people perceive Conscientiousness
and Openness as two of the most relevant personality traits when
profiling learners for team formation. We compare these results
to the probability of them being random and discuss the findings
in the light of human-centered modeling of system designs and
automation in education.

CCS CONCEPTS
• Human-centered computing → Collaborative and social
computing systems and tools; User interface toolkits.
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1 INTRODUCTION
The team formation problem (TFP) is the problem of allocating
multiple individuals in a way that matches a required set of skills
to maximize one or several social positive attributes [20]. It opti-
mizes human resource allocation in diverse settings such as work,
socialization, and education. Factors such as the task type, the team
size, personal attributes, and context all play a part in crafting the
collaboration and lend themselves to combinatorial optimization
approaches. Personality matters, with traits such as Openness to
Experience, Conscientiousness, Extraversion, Agreeableness, and
Neuroticism, influencing one’s attitudes and behavior toward team
performance and satisfaction [55]. Similarly, other aspects of indi-
viduals, namely emotional intelligence [51] and thinking skills [45],
contribute to teamwork in equal measure. In educational settings,
where knowledge acquisition is central to the learners’ objectives
and where team formation is normally for academic courses, having
insight about the individual characteristics affecting teamwork is
of the essence.

In this research, we approach the TFP in education settings in a
human-centred way. We observe users interacting with systems as
they assign students to teams online [31]. We assess what future
automated systems should consider when recommending team-
mates and team compositions. Automated strategies for the TFP
already offer solutions through computed outputs [40]. Some of
the most common forms of computed solutions rest on established
partitioning approaches (e.g., regression analysis optimization [38],
genetic algorithms[7], k-means [3], etc.). Withal, algorithmic model-
ing of this kind may not always mirror the thinking process behind
human choices when forming teams. Our study investigates what
happens when users manually form teams without being informed
of an ideal strategy. Our work closely follows the research by Odo
et al. [40, 41] on group formation for collaborative learning as it
considers the individuals traits such as personality in advancing
solution to the TFP in education.

In line with Odo et al. [41], we utilize the User as Wizard (UAW)
method to observe users’ behavior while in charge of the team
formation task. UAW, formalized by Masthoff [33], is a method
that places the human at the center of the design process as par-
ticipants take the role of the system performing the task without
scripts or instructions to guide them. Our first research question,
(RQ1) "How do users distribute learners’ attributes within
and between teams?", addresses the need for insights into what
people do when placing learners into teams knowing little about
them through computer-mediated systems. It forwards research on
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human-centered design for team formation as it bases system guide-
lines on the human interaction with an application while executing
a given task– in our case, a team formation task for education.
Most research on stable team formation considers making teams as
similar as possible to each other across multiple attributes a fun-
damental objective [23, 24, 54]. Through the balancing paradigm,
we assume that our participants will strive to distribute learners’
attributes (resources) between and within teams in a way to ensure
a fair capital share [2]. Therefore, we define balance as the act of dis-
tributing individual capital (e.g., cognitive ability, personality traits)
between teams to guarantee that all formations have equal starting
assets. For this study, we propose the following two hypotheses:

• H1.1: "We expect people to distribute attributes equally within
teams". In this study, we focus on the Big Five traits and
cognitive ability of the learners and expect that participants
will ensure that the aggregation of the teams’ traits (made
from the learners in that team) is even throughout. For ex-
ample, we expect teams to have personality traits and ability
levels with similar means calculated as the average of the
teammates’ attributes.

• H1.2: "We expect people to distribute attributes equally be-
tween teams". We also expect that the teams formed by each
participant will have similar attribute averages. Thus, we
foresee that participants’ strategy is to avoid imbalanced
teams where some have higher attribute means than others.

We also propose a second research question as follows. RQ2:
Which attributes do users consider most important in the
team formation of learners?. H2:" We expect cognitive ability to
be the most influential trait when forming teams of learners online".
We assume that people perceive the learner’s ability as the most
crucial in team formation. Corroborating our hypothesis is the rel-
evance of intelligence and cognitive ability in the pedagogical field
[48] as well as the public perception of ability as a crucial attribute
of students for academic performance [11]. Additionally, cognitive
ability often features in learner characteristics used by adaptive
learning environments especially online ones [15, 39] The remain-
der of the paper is structured as follows. Section 2 is dedicated
to the related work on team formation of learnerns and profiling
attributes such as personality traits and cognitive ability. Section 3
describes the study design including the Wizard as User methodol-
ogy. Section 4 grounds the choice of using three profiling attributes
to form groups of learners based on a pre-study with online par-
ticipants. Section 5 explains the team formation tool developed
for the UAW study, the calculation of all possible combinations of
teams with the given set of learners, the study participants, and the
results. Section 6 discusses the findings from both studies and the
limitations. Section 7 concludes the paper with final remarks for
future work.

2 RELATEDWORK
2.1 Team formation of learners
The TFP is a usual concern for educators as they are in charge of
classroom activities and need to decide who should be teaming
with whom. With insufficient resources such as narrow timelines,
classroom size, and academic objectives (e.g., facilitating new col-
laborations between students, sharing ability levels across teams,

etc.), educators face constraints limiting their investment in the
TFP. Furthermore, forming teams, in the conventional sense, can
be thought of as a pen and paper problem. Flexibility and cost-
effectiveness are generally two advantages of solving the TFP of
learners manually. However, the growth of online classrooms (e.g.,
MOOCs – Massive Open Online Courses) and remote education
have transformed team formation for learners reducing it into an
intractable problem when solved manually. More complications
arise from the lack of time and familiarity with the students. Thus,
many online tutors resort to either letting online learners form
teams by themselves or relying on tools that automate the TFP for
them.

One advantage of automated tools for team formation of learners
is the computerization of matchmaking. The algorithm in charge of
the team composition treats attributes as variables and distributes
them according to quantifiable objectives such as an equal spread
of academic grades across multiple teams. To date, many tools offer
automated solutions to the TFP in education and utilize several
criteria to profile learners [22]. The recent systematic literature
review by Maqtary et al. [31] (2019) shows a great variety of team
formation attributes and techniques within the educational domain
to automate the team formation task. One example of such a system
is CATME [58] and its “Team-Maker” tool that automatically forms
teams based on student responses to a variety of categories such
as demographics, performance metrics, and convenience. In the
large-scale online education setting, research (e.g, [56, 64]) has ex-
perimented with criteria-based team formation algorithms yielding
mostly positive results.

2.2 Learners’ profiling attributes
For the past 200 years or so, education was mainly mass school-
ing with little to no adjustment to the individual’s characteristics
[57]. However, a recent growing trend of personalized education
meant that schools and universities are acquiring recommender
systems approaches to tailor education [60]. Personalized education
is the systematic adaptation of instruction to individual learners
[61]. Nowadays, teaching bodies can profile, classify, and assign
students to courses and teams with relatively inexpensive methods
and computational costs. The essential aspect of personalized ed-
ucation – and subsequently ad hoc team formation with learners
– is the capacity to gather information about each individual and
classify it in a meaningful way. From collecting information about
the student before the course starts to documenting their perfor-
mance and engagement, modeling profiles can be a static procedure
(one-off) or a dynamic process (ongoing). Profiling attributes can
be several depending on their relevance for the teaching agents and
the different timescales [61]. According to Drachsler and Kirschner
[13], there are at least four types of characteristics that differen-
tiate learners, namely personal, academic, social/emotional, and
cognitive.

Personal characteristics often relate to demographic informa-
tion such as age, gender, maturation, language, social-economic
status, cultural background, as well as specific needs (e.g., disabil-
ities and impairments to learning). Academic characteristics are
learning goals, knowledge, educational type, and educational level.
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Social/emotional characteristics deal sociability, self-image (includ-
ing self-efficacy and agency), mood, etc. Lastly, cognitive character-
istics relate to attention, memory, mental procedures, and cognitive
skills. Another critical set of characteristics is personality traits. In
the broadest sense, personality traits are the aspects of individual
differences that affect the human behaviors in different states [15].
There are many personality models and instruments to classify
people based on their differences.

Some of the most used models in the education setting are the
Five-Factor Model (FFM) or Big Five Model (OCEAN) [35], the
Dominance, Influence, Steadiness, and Conscientiousness model
(DISC) [59], the Myers-Briggs Type Indicator (MBTI) [34], the HEX-
ACO model of personality structure personality inventory [4], the
Revised NEO Personality Inventory (NEO-PI-R) [10], the Eysenck
personality inventory [49], the Minnesota multiphasic personality
Inventory [8], the Birkman method [16], and many more. Each
model and inventory provides a different perspective about motiva-
tions, strengths, and weaknesses. It can shed light on the student’s
preferred thinking and working styles, communication, learning,
managing, and team-working. Understanding personalities means
determining the learner’s motivation and how they relate to team-
mates, team roles, and shared workload. In this paper, we focus on
the Big Five model and its five personality traits, namely Openness
to experience, Conscientiousness, Extraversion, Agreeableness, and
Neuroticism.

2.3 The Big Five personality traits in education
The Big Five framework of personality traits (also known as the
Five-Factor Model (FFM) and OCEAN model) [35] is a robust model
for understanding the relationship between personality and various
academic behavior [46]. The first version of the Big Five came from
Tupes and Christal [63] in 1961. However, only in the 80s and 90s
did it reach an academic audience through the work of Digman
[12] and Goldberg [18]. Nowadays, the five personality traits are
considered the elementary structure behind all personality traits
[42]. The Big Five traits, or dimensions, are: Openness to experi-
ence (inventiveness and curiosity; its opposite is consistency and
caution), Conscientiousness (organization, efficiency, and responsi-
bility; its opposite is extravagance and carelessness), Extroversion
(assertiveness, sociability; its opposite is introversion), Agreeable-
ness (compassion, friendliness, trust in others; its opposite is a
criticism), and Neuroticism (tendencies toward sensitivity and anxi-
ety; its opposite is confidence and resilience). In their meta-analysis
of the Five-Factor Model of personality and academic performance,
Poropat [46] lists theory-grounded arguments justifying the re-
lationship between personality and learner achievement across
academic subjects. The first theoretical basis for the Big Five is
the lexical hypothesis that behavior and work outcome are related.
According to this theory, performance in academic settings is deter-
mined by factors relating to capacity, opportunity, and willingness
to perform [6].

2.4 Cognitive ability in education
Cognitive ability is the collection of skills needed to complete tasks
such as thinking, learning, reading, remembering, speaking, lis-
tening, and focusing; it is the capacity to think in the abstract,

reason, problem-solve, and comprehend [44]. Over a century of
scientific research has shown that general cognitive ability (or g)
predicts a broad spectrum of critical life outcomes, behaviors, and
performances [26]. Considering academic achievement as a type
of life outcome is no surprise that the educational setting presents
several domain-specific and general cognitive ability tests [29, 50].
Cognitive ability instruments (e.g., the Miller Analogies Test [37])
are often present in educational admissions decisions as they esti-
mate the relationship between cognitive ability and performance.
Research has shown that cognitive ability tests handling cogni-
tion as a fixed property (entity theorists) rather than malleable
(incremental theorists) produce very different results [17]. In the
teamwork context for education, Liu et al. [27] proposes a two-stage
framework to apply cognitive diagnosis for collaborative learning
team formation. One quantifies the student skill proficiency (or
cognitive ability); the other optimizes team formation based on
dissimilarity-based and gain-based objectives. Experimenting with
the framework with student teams produced better results than the
baselines. More work using cognitive ability as a modeling feature
[1, 9, 30, 65] investigate the TFP as a simulation and do not formally
test their approaches through real-world experimental studies. In
this work, we propose to compare intellectual ability with person-
ality traits (Big Five) by assessing the ways users assemble teams
of learners manually given a set of dummy profiles.

2.5 The User as Wizard method in team
formation and education

Most research on team formation in education and academic per-
formance optimization relies on top-down algorithmic methods
based on learners’ modeling and predefined objectives. However,
human-centered approaches to the TFP have been proposing the
principle of co-design and user engagement in the system design
process. One of the most established approaches of this kind that
examines users interacting with computers to facilitate rapid itera-
tive development is the Wizard of Oz method [19]. Conventionally,
the technique takes two machines linked together, one for the sub-
ject and one for the experimenter (theWizard pretending to be a
computer typing replies). One of the first implementations of the
Wizard of Oz dates back to a study in 1985 [19]. The study featured
the IBM Personal Computer used in several experiments with sim-
ulated user interfaces for an easy-to-use home computer banking
program. Since then, the Wizard of Oz has been part of numerous
other studies on human factors and human-computer interaction
design.

In the TFP, theWizard of Oz ismainly used to evaluate automated
processes in cooperative scenarios such as human-robot-interaction
[32, 62] and human-autonomy teaming [25, 36]. An alternative to
the Wizard of Oz method is the User as Wizard method (UAW)
formally introduced by Masthoff [33]. UAW predominately focuses
on developing human-centered research to inspire algorithm adap-
tation. It places participants in the role of the Wizard and leaves
them completely free to perform the task without a script to follow
[33]. The method consists of two stages. One, called Exploration
stage, sees participants taking the role of the adaptive system. The
other named Consolidation stage requires participants to judge the
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performance of others. We focus on the exploration stage by pre-
senting participants with a scenario (team formation in education)
and fictitious users (dummy profiles of learners). Three steps follow.
1) Giving participants the task the adaptive system is supposed to
perform. 2) Finding out participants’ reasons for their decisions
and actions. 3) Repeating the previous steps for several scenarios
(optional). The consolidation phase, which we do not consider in
this study, comprises six steps. 1) Presenting participants with both
the scenario and the fictional users as well as the users’ intentions
with the associated task. 2) Showing participants a human or sys-
tem performance on the given task. 3) Asking participants to judge
the performance. 4) Investigating the participants’ reasons for their
judgment. 5) Repeating steps 2 to 5 for a set of task performances.
6) Repeating steps 1 to 5 for many scenarios (optional).

In the TFP in education, the method is present in a user-led
study by Odo et al. [41] investigating automatic group formation
to improve the effectiveness of academic (and non-academic) col-
laboration. The study used a combination of Conscientiousness,
Agreeableness, and ability levels to characterize twelve learners. It
then asked twenty-four participants to form different-sized groups
to ensure that they would work well together. The study shows
that users account for personality and ability characteristics as they
assemble teams of learners. Conscientiousness is overall weighted
more than Agreeableness and Ability in the distribution of traits.
Another interesting finding from the study by Odo et al. [41] is
that team attributes such as cohesion and balance are taken into
account as users form teams of learners.

3 METHODOLOGY
In our study setup, we consider the learners’ profiling attributes as
the independent variables and the teams’ averaged attributes the
dependent ones as the result of the team formation task. For our first
part of the study, we run a crowdsourcing task to evaluate which
of the Big Five personality traits users consider overall the most
relevant to education and team formation with learners (Section
4). This was done using surveys with multiple-choice and open
questions. In the second half of the study, we ask crowd workers
to assemble teams of learners from a pool of fictitious profiles
using a drag and drop application and following the Exploration
stage of the UAW method (Section 5). From the latter, we gathered
information on how users form teams given a set of learners and
profiling attributes and their justification according to the answers
given at the end of the task.

4 PRE-STUDY: OPENNESS AND
CONSCIENTIOUSNESS THE MOST
RELEVANT PROFILING ATTRIBUTES

Before running the UAW study, we carried out an exploratory study
with a batch of participants (N=52) assessing which of the Big Five
traits [53] users would consider most relevant in the education
domain 1. We included cognitive ability as a profiling characteristic
known to affect performance [14]. The results from the exploratory

1The reason for looking at a sub-set of profiling attributes rather than using them
all concurrently was to avoid excessive feature congestion [52] occurring when too
many elements clutter the UI. We run a pre-study with a small batch of crowd workers
(N=52) recruited from the crowdsourcing platform Prolific [43]

study allowed us to narrow down the attribute lists of the learners
to a smaller subset (Openness, Conscientiousness, and Ability) and
reduced feature congestion [52]. In the survey, participants had
to indicate on a Five-point Likert Scale how much they perceived
each personality trait as important when forming teams of learners.
The order of the attributes was shuffled to prevent presentation
bias. Out of the Big Five attributes, Conscientiousness (mean=4.05,
sd=0.82), and Openness (mean=4.09, sd=0.99) were the top two
preferred attributes (Table 2). In comparison, Agreeableness scored
lower (mean=3.84, sd=0.89), followed by Extraversion (mean=3.30,
sd=0.94), and Neuroticism (mean=2.61, sd=1.25). According to these
findings, Openness and Conscientiousness are the most important
personality traits when profiling learners for team formation. We
used these attributes plus cognitive Ability (as it is typically another
known attribute in education) to profile learners in the follow-up
UAW study.

5 MAIN STUDY: USER AS WIZARDWITH A
DRAG-AND-DROP TEAM FORMATION
ONLINE TOOL

5.1 Team formation tool
To enable participants to form teams, we developed a web-based
application with Javascript and Flask. After registering with a user-
name and password, participants were introduced to the task with a
visual example and could read the explanation about each profiling
attribute. Next, they formed four teams of three learners with a
drag-and-drop card-based user interface. We used the results of the
team formation task to address RQ2. Finally, participants answered
the following questions.

• Explain why you teamed the learners the way you did. This
was an open question, in which they could elaborate on
what they thought was their strategy when dragging and
dropping learners into the four teams of three.

• Which attribute did you find most important when forming
teams? This was a multiple choice answer (Conscientious-
ness, Openness, and Ability).

5.1.1 Learners’ profiling attributes. We created twelve fictitious
learner profiles (Table 3) comprising value-neutral culture names
[21] and three profiling attributes (Conscientiousness, Openness,
and Ability). Indicating differences between learners were three
attributes scores shown as low (red, 1/3 of the progress bar), medium
(yellow, 2/3 of the progress bar), and high (green, 3/3 of the progress
bar). Participants were informed about the meaning of these scores
in the introduction part of the study (Table 1). We distributed the
attribute scores according to the following criteria: a) half of each
attribute scores (6/12) were medium, three were low (3/12), and the
remaining three were high (3/12), b) no learner profile had more
than one low and one high attribute score. The learners dummy
profiles are listed in Table 3.

From these profiles, for the analysis of the results, we calcu-
lated the average for each team attribute (using high=3, medium=2,
low=1) and classified the results within bounded ranges namely
low (LowTA ∈ [1, 1.33]), medium (MediumTA ∈ [1.34, 1.67]), and
high (HiдhTA ∈ [2, 3]). Since we used colors in the UI of the drag
and drop team formation tool to represent the team averages, users
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Attribute Low High

Openness

Dislikes changes
Does not enjoy new things
Resists new ideas
Not very imaginative
Dislikes abstract or theoretical concepts

Very creative
Open to trying new things
Focused on tackling new challenges
Happy to think about abstract concepts

Conscientiousness

Dislikes structure and schedules
Makes mess and doesn’t care about things
Fails to return things
or put them back where they belong
Procrastinates important tasks
Fails to complete necessary or assigned tasks

Spends time preparing
Finishes important tasks right away
Pays attention to detail
Enjoys having a set schedule

Ability Low ability to produce ideas
Struggles with cognitive problems

Excels at producing ideas
Excellent at solving cognitive problems

Table 1: Short descriptions of low and high profiling attributes as shown in the User as Wizard study with crowd participants.
The medium range was not included in the table as it was explained to be an equidistant point between the two extremes.

Learners’ Attributes Mean SD SE
Openness 4.09 0.99 0.13
Conscientiousness 4.05 0.82 0.11
Extraversion 3.30 0.94 0.13
Agreeableness 3.84 0.89 0.12
Neuroticism 2.61 1.25 0.17

Table 2: Mean, Standard Deviation (SD), and Standard Error (SE) of each Big Five personality traits according to the pre-study
participants (N=52). Their preference of profiling attributes for team formation of learners indicates that Openness and Con-
scientiousness are the most favored traits.

Learner’s name Openness Conscientiousness Ability
Andy low medium high
Bo medium low medium
Carl high medium low
Darrel medium medium low
Edwin medium low high
Finn high low medium
Grant medium high medium
Hunter low medium medium
Ian medium medium high
Josh low high medium
Karter high medium medium
Liam medium high low

Table 3: Learners’ dummy profiles used for the User asWizard studywith their profiling attributes’ scores (low,medium. high).

would see the aggregated team attributes in the form of a bar above
each team divided into three equally sized sections (see Figure
1). These sections had labels with background colors changing
according to the computed averaged team attribute (red=low, yel-
low=medium, and green=high). For example, with low team open-
ness, medium Conscientiousness, and high ability, the bar would
have sections colored in red, yellow, and green accordingly. The
visualization would indicate that the team attributes are not entirely
’balanced’ without showing more descriptive information such as
numeric averages.

Combinatorics and probabilities. To consider the validity of our
findings, we first calculated all possible combinations, so that we
would know the likelihood of our outcomes being due to random-
ness. The first team of learners had 220 possible combinations
calculated with the formula:

Cn, r =
n!

r !(n − r )!
where r is the size of each team (3 in our study), and n is the num-
ber of possible people to include in a team at the start (12 in our
study). By calculating the averages of the attribute scores of all
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Figure 1: Overview of the team formation card-based drang-and-drop UI. It allowed users to form teams by placing learners
into four separate containers representing four teams and to adjust their compositions by dragging the learners’ cards between
them.

these possible teams (called TA), we obtained the probability of
all three team attributes being of LowTA,MediumTA, and HiдhTA
average at once (P(TAopen ) = P(TAcons ) = P(TAable )). Then, we
compared these probabilities with those of 2/3rd of the attribute
means classification being the same, and with none of them be-
ing the same. For example, suppose a team contains Andy, Edwin,
and Ian. Looking at the dummy profiles in Table 3, we can derive

the averaged team attributes as follows. TAable=Average(3,3,3)=3;
TAopen=Average(1,2,2)=1.67; TAcons=Average(2,1,2)=1.67. Next,
we can classify the team averages according to the bounded ranges
introduced in Section 5.1.1. In this case, the given combination
has a high Team Ability (since its TAable=3), a medium Team
Openness (TAopen=1.67) and a medium Team Conscientiousness
(TAcons=1.67). More exactly, we can state that this team has
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HiдhTAable , MediumTAopen , and MediumTAcons and that it is
semi-balanced since 2/3 of its averaged attribute are the same.

Our calculation of combinations and dependent probabilities is
presented in Table 4. The results show that the first team always
has the same n=220 possible combinations. However, the second
team has n=84 possible combinations for each possible first team.
The third has n=20 possible combinations for each second and first
possible team and lastly, the fourth has only one possible combina-
tion dependent on the third, second, and first team combinations. In
the table, we show the calculation of possible combinations given
one first team 2. The results are summarized as follows.

LowTA. As shown in the LowTA column of Table 4, we see that
the first team has approximately 26% probability of being unbal-
anced on LowTA. It is of the first teams. The remaining 163 possible
first teams (approximately 74% of the total) do not have any LowTA.
Therefore, it is a higher likelihood to randomly form first teams
with no LowTA than to form first teams with one LowTA. It is not
possible to randomly form teams with two or more LowTA. Similar
results show across the other three teams where the only LowTA
is in the form of unbalanced team composition (where 1/3rd of
the attributes is LowTA). There is a 17% probability of randomly
forming the second team with one LowTA and an 83% probability
of having no LowTA. The third team has a 15% probability of being
randomly made with one LowTA (3 out of 20 possible teams) and
a higher probability (85%) of not having a single LowTA. Finally,
the fourth team has no probability of getting LowTA in the given
probabilities.

MediumTA. Looking at the column corresponding to
MediumTA, we notice that when forming the first team
randomly, there is a higher probability of that being semi-balanced
(approximately 49%) than fully-balanced (16.4%) or unbalanced
(27.3%) on MediumTA. The second team has an even higher
probability of being randomly semi-balanced (54.4%), followed
by unbalanced (27.4%) and full-balanced (14.3%). For the third
and fourth teams, there is no probability of being fully-balanced
on MediumTA in this case 3. The third team has 55% probability
of being semi-balanced on MediumTA while the last team has a
100% probability of being semi-balanced on the same attribute.
Unbalanced third teams onMediumTA are also possible by random
formation with a 35% probability. The same is not possible for the
fourth team. There is a small probability that none of the four
teams haveMediumTA (see columnMediumTA in Table 4).

HiдhTA. The high attribute average HiдhTA is most likely to
show in randomly formed first teams but only as an unbalanced
team (approximately 63% of the time). The first team also has a
smaller probability of not having HiдhTA (19.1%) and being semi-
balanced on HiдhTA (approximately 18%). Unbalanced HiдhTA
teams are also more probable for the second teams (64.3%) more so
than semi-balancedHiдhTA (20.2%) and fully-balanced on the same
attribute (just above 1%). There is approximately a 14% probability
that the second team has no HiдhTA. The third teams have the

2For the entire simulation of all dependent probabilities we recommend dedicating a
separate study.
3However, the probabilities herein presented depend on only one combination of the
first team. We discuss this limitation later in the paper.

highest probability of being un-balanced on HiдhTA (65%) and
lesser of being semi-balanced (30%) and fully-balanced (5%) on
the same attribute average. Finally, the fourth team has a certain
probability of being an un-balanced HiдhTA team in the given
combination and no probability of it being fully or semi-balanced.

5.2 Participants
Similar to the pre-study, we recruited test subjects through Prolific.
Out of a preliminary batch (N=120), most participants (N=108) suc-
cessfully completed the task 4. Of the valid subset of participants,
almost half were male (N=55) and the other half female (N=53).
Participants were mostly European (N=80) followed by African
(N=14), South American (N=12), and Middle Eastern (N=2). From
their contribution, we yielded 432 teams of learners (four for each
of the 108 participants) which we used in our analysis.

5.3 Results
5.3.1 Forming teams of learners is a balancing act of their within
and between attributes.

Within-Teams. In this section, we address RQ1 ’How do users
distribute learners’ attributes within and between teams?’.
We analyze the way participants distributed the learners’ attributes
both within and between teams. For the second hypothesis (’H1.1:
"We expect people to distribute attributes equally within teams’)
we considered the TA within-team distribution including LowTA,
MediumTA, and HiдhTA. The majority of the fully-balanced teams
consisted ofMediumTA (N=115, or 26% of all teams), meaning that
all three team’s attributes were of medium average (TAopen =
TAcons = TAable ). HiдhTA (N=5) consisted of a minority of the
fully-balanced teams. No fully-balanced teams were possible with
LowTA. Counting the teams that had 2/3rd of the same TA, we
noted that 60% (N=220) had two MediumTA and 10% (N=47) had
two HiдhTA. No partially balanced teams with LowTA were found.

Between-teams. To test the hypothesis (H1.2: "We expect people
to distribute attributes equally between teams"), we compared the
TA differences between the four teams formed by the participant.
Grouping the results for the fully-balanced, semi-balanced, and
unbalanced teams, we formed an overview of how many partici-
pants managed to assemble all fully-balanced teams and how many
others distributed the attributes differently (i.e., semi-balanced or
unbalanced).

• Fully balanced teams. Observing the number of fully-
balanced TA between teams, we note that there was a simi-
lar number of fully-balanced first, second, and third teams
(NT1st = 35, NT2nd = 31, NT3rd = 30). The fourth team
tended to be less fully-balanced (NT4th = 24). This may
indicate that the number of fully-balanced teams slightly
decreased with the order of the teams. Together (N=120) the
fully-balanced teams made up 27% of all teams.

• Semi-balanced teams: Considering the number of semi-
balanced TA between teams, we observe that the first teams
were slightly less semi-balanced (NT1st = 57) than the second

4Test subject compensation complied with the Prolific recommended minimum wage
(6.18/hour GBP) [47]. On average, the participants spent 10 minutes on the task and
thus received approximately 1 GBP pp.
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LowTA MediumTA HighTA
Full-B Semi-B Un-B None Full-B Semi-B Un-B None Full-B Semi-B Un-B None

1st (N=220) n=0 n=0 n=57 (25.9%) n=163 (74.1%) n=36 (16.4%) n=108 (49.1%) n=60 (27.3%) n=16 (0.073%) n=1 (0.5%) n=39 (17.7%) n=138 (62.7%) n=42 (19.1%)
2nd (N=84) n=0 n=0 n=14 (16.7%) n=70 (83.3%) n=12 (14.3%) n=44 (52.4%) n=23 (27.4%) n=5 (0.06%) n=1 (1.2%) n=17 (20.2%) n=54 (64.3%) n=12 (14.3%)
3rd (N=20) n=0 n=0 n=3 (15%) n=17 (85%) n=0 n=11 (55%) n=7 (35%) n=2 (10%) n=1 (5%) n=6 (30%) n=13 (65%) n=0
4th (N=1) n=0 n=0 n=0 n=1 (100%) n=0 n=1 (100%) n=0 n=0 n=0 n=0 n=1 (100%) n=0

Table 4: Dependent probabilities of LowTA, MediumTA, and HiдhTA occurring for at least one attribute in the four teams, and
how often those teams had all attributes with the same average classification (indicated as Full-B), 2/3rd of the attributes with
the same average classification (Semi-B), or no attributes with the same average (Un-B). None indicates the number of teams
in which the classification did not occur at all.

and third teams (NT2nd = 69, NT3rd = 65). The fourth team
was the most semi-balanced (NT4th = 76). In total, N=267
teams were semi-balanced which made up almost 62% of all
teams.

• Unbalanced teams: Similar to the semi-balanced teams,
the numbers of unbalanced combinations of TA between
the first, second, third, and fourth teams did not greatly
differ (NT1st = 16, NT2nd = 8, NT3rd = 13 and NT4th = 8)
and do not seem to follow a linear trend. The total number
unbalanced teams was N=45 and this made up 10% of all
teams.

Finally, we analyzed the open responses to the survey question
’Explain why you teamed the learners the way you did.’. We stripped
the answers from stopwords and counted the frequency of terms.
The most frequent words related to the subject of attributes dis-
tribution were: ’balance’ (N=50), ’medium’ (N=10), ’equal’ (N=10)
and ’average’ (N=9). Some examples of sentences were: ’I grouped
the learners by similar attributes levels’, ’I focused on balancing the
attributes and grouping learners with attributes that would enhance
the group and, make sure that they can perform well.’, ’I tried to
group everyone so it results in medium stats across the board.’, and
’everything is evenly distributed and no group has a clear advantage’.

5.3.2 Conscientiousness matters more than Ability when forming
teams of learners. By analyzing the responses to the survey question
"Which attribute did you find most important when you created
teams?" – where participants indicated the most relevant attribute –
we addressed RQ2 ("Which attributes do users consider most
important in the team formation of learners?") and evaluated
H2 ("We expect cognitive ability to be the most important trait when
forming teams of learners online"). The descriptive results show that
Conscientiousness was the most preferred trait (N=45) followed
by cognitive Ability (N=38) and Openness (N=25). These results
demonstrate that Conscientiousness first, and cognitive Ability
after, are considered the most relevant by people forming teams of
learners online.

6 DISCUSSION AND LIMITATIONS
We investigated team formation in education from the human-
centered User as Wizard approach. With the pre-study and the
main study findings, we could gather insight into what people do
when assembling teams of learners having only a limited amount
of knowledge about the individual’s characteristics. Even though
the probability of forming semi-balanced teams was high (as seen
from the calculation of the dependent probabilities), participants

frequently expressed their intent to balance teams when asked
to explain their approach. Comparing the likelihood of forming
balanced teams randomly with the percentage of balanced teams
according to the participants, we can conclude that people strive
to balance teams even when they do not know the learners or
the exact task requirements (e.g., optimal strategy). These results
conform with the perception that imbalances in teams’ attributes
negatively correlate with performance [5]. Comparing our results
with those from Odo et al. [41], we note that balance is one of the
most common strategies in both studies where balance is considered
a between-teams attribute and where all teams have approximately
equal conditions/opportunities. With the goal of within-balanced
team attributes, the participants had to redistribute learners to
achieve similar results across the formations. This balancing act is
known in previous research to count in situations where personality
and complimentary matter [28].

We discuss some limitations that have affected the study design
and the results. a) One too many profiling attributes. Despite reduc-
ing the number of attributes displayed on the learners’ profiles, it is
likely that participants still struggled to decide on which attribute
to base their team formation on; b) Not enough students and ed-
ucators in the sample. For this study, we asked crowd workers to
participate as our sample. Although a small number (N=47) were
said to be students, there were no requirements to be involved
in the educational domain as either a learner or an educator. The
monetary objective of partaking in a crowdsourcing study may
have stirred and biased participants away from the purpose of the
study. c) Limited degrees of freedom when forming teams. We used
twelve dummy profiles. This number is a limiting factor to team
composition as there are only a (relatively) small amount of pos-
sible combinations. The same applies to the scale of the attributes
scores that strongly limited the variability of the compositions.d0
The calculation of probabilities depended on one first team. The study
mainly focused on the UAW method to observe users interacting
with systems while executing a team formation problem. Hence, we
limited the calculation of random probabilities to one case where
the first team was known and the other three dependent team for-
mation probabilities were derived. Future work is needed to extend
the calculation of all probabilities where all teams are known.

7 CONCLUSION AND FUTUREWORK
Forming teams of learners can be a daunting task for educators
resorting to relying on automated tools to do the job. In this work,
we investigate the popular approach when forming teams of learn-
ers manually to extract a generic method. Our results indicate that
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people tend to prefer balancing teams by attributes by distributing
them equally within and between teams of learners. We also noted
that people explicitly find certain profiling traits more relevant
than others. cognitive Ability, Conscientiousness, and Openness
were the most favored. Some of our findings (Conscientiousness is
relevant to profiling learners and balancing is important in forming
teams of students) are supported by similar research on team for-
mation in education. However, future work should experiment with
more than a small batch of learners and four teams and use more
degrees to represent the attributes levels of the learners’ profiles.
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