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from MOOCs such as more project-based experiences and the ability to interact with others [12].
On the other hand, simply placing online learners in small groups has never guaranteed that
collaboration will occur, especially in light of well known process losses in groups [25]. One reason
is that online learners come to courses with a wide range of purposes and levels of motivation [33].
They are typically distributed and do not have existing relationships [34]. One strategy for team
formation occurs through personal messaging early in a course and is typically based on limited
learner pro�les, e.g. demographics and prior knowledge [48]. After team formation, students mostly
interact with their team and lose contact with the larger course community. Many students drop
out before engaging in team project collaboration. There has been limited success in self-selected
or randomly assigned MOOC teams [47, 48, 50]. The key challenges of forming e�ective teams in
MOOCs include: (1) students depend on their team though it may become an ine�ective source of
support due to attrition, and (2) team composition is frequently suboptimal due to scant information
regarding which learners will likely work well together.

To address these challenges, the key idea of our team formation method is that learners should
have the opportunity to interact meaningfully with the community before assignment into teams.
We hypothesize that this community discussion may also provide evidence of who might work
well with each other in a team collaboration: we identify which students are showing interest in
each other's work, and especially, which students are o�ering each other meaningful feedback
during community discussion. In particular, our team formation approach matches students with
others with whom they have exchanged what is referred to in the Learning Sciences as transactive
discussion during community deliberation. A transactive exchange is one where participants
�elaborate, build upon, question or argue against previously presented ideas� [6]. It has long been
established in learning science that transactive discussion is an important process that re�ects
good social dynamics in a group [44] and results in collaborative knowledge integration [9].
Similar concepts have been referred to under di�erent names, such as information elaboration in
organizational communication research. In that literature, this form of discussion has been shown
to be positively related to team performance [39].

Many earlier research studies have utilized A/B testing in real online courses [23, 26]. However,
instructors may hesitate to try out untested designs in live courses. Inspired by Coetzee et al. [8],
we �rst prototyped and validated our proposed approach using a crowdsourcing service, Amazon
Mechanical Turk (MTurk). Based on the positive results, we then did a team formation case study
in a live team-based MOOC. The team formation process begins with individual work where
participants learned about one of four learning materials, then participated in an open discussion,
and then worked with three other teammates (using a Jigsaw learning con�guration where each
team member has �nished one of the four learning materials [3]) to solve a challenge. We adopted
team performance as the key metric of this study. In the MTurk experiments, we assessed team
performance based on the quality of the produced team proposal.

MTurk Experiment 1 tests the extent to which teams that engage in a large community forum
deliberation process prior to team formation achieve better team task outcomes than teams that
instead perform an analogous deliberation within their team. We hypothesize that the community
wide discussion provides students with a wealth of insight into alternative task-relevant perspectives
in the collaboration [7]. Simply stated, our �rst research question is:
RQ1. Will exposure to large community discussions lead to more successful small team collaborations?

To address the disadvantage that teams in online courses have frequently been formed with
limited evidence of who will work e�ectively together, in MTurk Experiment 2, we look for evidence
of participants transactively reasoning with each other during community-wide deliberation and
use it as input into a team formation algorithm. Simply stated, our second research question is:
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RQ2. Can evidence of transactive exchange between participants during deliberation inform the
composition of more successful teams compared to randomly formed teams?

Since crowd workers likely have some di�erent motivations from actual online learners, there
remains an open question about the extent to which �ndings from MTurk would make predictions
about what we would see in a real online course. In the third experiment, we adapted and successfully
deployed our team formation strategy in a team-based MOOC where students form teams of four
to design a superhero team story together. We formed 52 teams, all of which submitted their team
project at the end of the course. The positive team formation e�ects that we observed in the MTurk
environment were also observed in the noisy, externally valid environment of a real MOOC.

This paper contributes: (1) a community-wide deliberation-based approach for team formation; (2)
evidence that this approach leads to better team performance than teams formed before community-
wide deliberation; (3) an algorithm for optimizing team formation based on detected transactive
exchanges that occurred during deliberation, and evidence that this leads to better team processes
and better outcomes; (4) a case study in a team-based MOOC where we deployed these techniques
with 52 teams, which suggests the utility of the methods in practice as veri�ed in the MTurk
environment.

2 RELATED WORK

2.1 Strategies for Team Formation

Group formation methods are an important component for enhancing team member participation
in small groups [20]. Three common approaches to team formation in courses include self-selection,
random, and criteria-based [10]. Self selection, the most prevalent form of grouping for team-based
MOOCs [48], is considered better for interaction but di�cult to implement in a short time since in
this case participants typically do not know each other and lack the face-to-face contact to �feel
out� potential group members [38]. For this reason, student teams in classrooms and E-learning
contexts are usually assigned by instructors, often randomly [11]. Most previous work in team
formation has focused on team composition rather than the socialization process through which
participants enter into their teams. CATME is a well-known software that assign teams based on
survey information, e.g. schedule and gender [28]. Zheng et al. shows that forming MOOC teams
based on demographic features, e.g. gender and time zone, does not signi�cantly improve teams'
engagement and success in MOOCs [50]. Instead of focusing on group composition, we design a
practical team formation procedure through which participants are organized into small teams.
Research in distributed team formation shows that prior collaborations and familiarity are good
predictors for how to form productive virtual teams [31, 41]. We design a deliberation task that
provides participants an opportunity to get to know each other's work and interact with each
other prior to team work. The resulting data about how people interact in the forum informs
our automated approach to team formation. We design the tasks and the team formation method
together to support e�ective collaboration.

2.2 Community vs. Small Team Deliberation

Deliberation, or rational discourse that marshals evidence and arguments that bear on a decision,
can be e�ective for engaging groups of diverse individuals to challenge one another to think in new
ways [7]. E�ective deliberation involves participants with diverse intellectual resources sharing
their insights with the group so they can be integrated to form complex solutions that would not
be possible with more limited access to these resources. These bene�ts are associated with both
small groups discussions and community-wide deliberation.
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A larger community has access to a wider variety of resources compared to a small group.
Sunstein [42] points out that owing to the increased social and political pressure within a small
group, deliberation often fails to elicit all the relevant information that group members are aware of.
Interaction with others of di�ering views is essential in order to comprehend and appreciate other
perspectives [5]. Contact with opposing views is more likely to happen during a community-wide
deliberation [37]. On the other hand, small groups often bene�t from agility in the form of a high
degree of goal-setting autonomy and freedom to shape their practices to their own needs. Informed
by this research, we study whether exposing members to broader discussion prior to group work
will be more valuable as preparation for teamwork than participation in deliberation within the
team itself.

2.3 Transactivity as Evidence for Team Formation

Transactivity is akin to discourse strategies identi�ed within the organizational communication
literature for solidarity building in work settings [40] as well as rhetorical strategies associated
with showing openness [35]. The idea is part of the neo-Piagetian perspective on learning where it
is understood that optimal learning between students occurs when students respect both their own
ideas and those of the peers that they interact with, which is grounded in a balance of power within
a social setting. Transactivity is known to be higher within teams where there is mutual respect [4]
and a desire to build common ground [17]. High transactivity teams are associated with higher
learning [21, 44], higher knowledge integration [9], and e�ective collaborative problem solving [4].

The concept of participants building on other people's idea is also related to the idea of information
elaboration. Information elaboration is a complex form of communication that involves �the
exchange of information and perspectives, the process of feeding back the results of this individual-
level processing into the group, and discussion and integration of its implications" [46]. These
processes extend beyond information sharing to capture the extent to which team members
contribute detailed explanations of their ideas, and spend time constructively discussing each other's
perspectives, integrating information, and determining how to apply their knowledge resources
to the problem at hand [19]. Transactive discussion also shows that students are paying attention
and connecting with each other, which can enhance group cohesion [43]. Information elaboration
has been shown to be positively related to team performance [39]. Informed by this research, we
study whether teams composed of individuals with a history of engaging in more transactive
communication during a pre-collaboration deliberation achieve more e�ective collaboration in
their teams.

3 METHOD

3.1 Experimental Paradigm

3.1.1 Collaboration Task Description.We designed a highly-interdependent collaboration task
that requires negotiation in order to create a context where e�ective team collaboration would be
necessary for team success. We used a Jigsaw paradigm, which has been demonstrated as an e�ective
way to achieve a positive team composition and is associated with positive team outcomes [3].
Following the Jigsaw paradigm, each member of the team was given special knowledge of one of
the four energy sources (coal, wind, nuclear and hydro power), and was instructed to represent
the values associated with their energy source in contrast to the rest, e.g. coal energy was paired
with an economical energy perspective. The collaboration task asked teams to consider municipal
energy plan alternatives that involved combinations of four energy sources each paired with speci�c
advantages and disadvantages. The team collaborative task was to select a single energy plan and
write a proposal arguing in favor of their decision with respect to the trade-o�s they have made. The
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In this �nal step, you will work together with other Turkers to recommend a way of distributing resources
across energy types for the administration of City B. City B requires 12,000,000 MWh electricity a year from
four types of energy sources: coal power, wind power, nuclear power and hydro power. Your team needs to
negotiate which plan is the best way of meeting your assigned goals, given the city's requirements and
information below.
(City B's 8 requirements were listed here, e.g. �The city is concerned with water pollution.")

Energy plan Cost Waste disposal Carbon Total
Coal Wind Nuclear Hydro cost tax credit

Plan 1 40% 20% 20% 20%$840,000K $14,400K $48,000K $892,800K
Plan 2 20% 40% 20% 20%$912,000K $0 $0 $901,000K
Plan 3 20% 20% 40% 20%$984,000K $14,400K $0 $988,800K
Plan 4 20% 20% 20% 40%$984,000K $0 $0 $973,600K

Fig. 1. Collaboration task description.

set of potential energy plans was constructed to re�ect di�erent trade-o�s among the requirements,
with no plan satisfying all of them perfectly. This ambiguity created an opportunity for intensive
exchange of perspectives. The collaboration task is shown in Figure1.

3.1.2 Experimental Procedure.We designed a four-step MTurk experiment:
Step 1. Preparation (� 5 minutes)
In this step, each participant was asked to provide a nickname, to be used in later steps. To prepare
for the Jigsaw task, each worker was randomly assigned to read an instructional article (� 500
words) about the pros and cons of one of four energy sources (coal, wind, nuclear and hydro power).
We asked them to complete a quiz (8 single-choice questions) reinforcing the content of their
assigned article. The quiz was not used as a �lter for later steps, it was designed to strengthen
learning. Feedback including correct answers and explanations was provided along with the quiz.
Step 2. Individual Task (� 5 minutes)
In this step, we asked each worker to write a proposal to recommend one of the four energy sources
(coal, wind, nuclear and hydro power) for a city given its �ve requirements, e.g. �The city prefers a
stable energy". After each worker �nished this step, their proposal was automatically posted in a
forum as the start of a thread with the title �[Nickname]'s Proposal�.
Step 3. Deliberation (10-15 minutes)
In this step, workers joined a threaded forum discussion akin to those available in many MOOCs.
Each proposal written by the workers in the Individual Task (Step 2) was displayed for workers
to read and comment on. Each worker was required to write at least �ve replies to the proposals
posted by the other workers. To encourage the workers to discuss transactively, the task instruction
included �when replying to a post, please elaborate, build upon, question or argue against the ideas
presented in that post, drawing from the argumentation in your own proposal where appropriate."
The workers were not aware that they will be grouped based on their discussion.
Step 4. Collaboration (� 15 minutes)
In the collaboration step, team members were �rst synchronized and then directed to a shared
Etherpad1 to write a proposal together to recommend one of four suggested energy plans based
on a city's eight requirements (Figure1). Etherpad-lite is an open-source collaborative editor [51],
meaning workers in the same team were able to see each other's edits in real-time. They were able
to communicate with each other using a chat utility on the sidebar. The collaborative task was

1http://etherpad.org/
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designed to contain richer information than the individual proposal writing task in the Individual
Task (Step 2). Workers were also required to �ll out a survey measuring their perceived group
outcomes after collaboration.

Outcome Measures
Both of our research questions made claims about team success. We evaluated this success using two
types of outcomes, namely objective success through quantitative task performance and process
measures as well as subjective success through a group satisfaction survey.

The quantitative task performance measure was an evaluation of the quality of the proposal
produced by the team. In particular, a scoring rubric de�ned how to identify the following elements
from a proposal:
1. Which requirements were considered (e.g.,�Windfarms may be negative for the bird population�)
2. Which comparisons or trade-o�s were made (e.g.,�It is much more expensive to build a hydro
plant than it is to run a windfarm�)
3. Which additional valid desiderata were considered beyond stated requirements (e.g.,�Hydro
plants also require a large body of water with a strong current�)
4. Which incorrect statements were made about requirements (e.g.,�Hydro does not a�ect animal
life around it�)

Positive points were awarded to each proposal for correct requirements considered, comparisons
made, and additional valid desiderata. Negative points were awarded for incorrect statements. We
measuredTeam Performance by the total points assigned to the team proposal. Two PhD students
who were blind to the conditions applied the rubric to �ve proposals (a total of 78 sentences) and the
inter-rater reliability was good (Kappa = 0.74). The two raters then coded all the proposals. We used
the number of transactive contributions during team collaboration discussion in the Collaboration
step as a measure ofTeam Process.

Group Experience Satisfaction was measured using a three item group experience survey
administered to each participant after the Collaboration step. The survey was based on items used in
prior work [8, 16, 30]. The survey instrument included item (measured on a 1-7 Likert scale) related
to: (1) Satisfaction with team experience; (2) Satisfaction with proposal quality; (3) Satisfaction
with the communication within the group.

Control Variables
Intuitively, workers who display more e�ort in the Individual Task might perform better in the
collaboration task. We used the average group member's Individual Task proposal length as a
control variable for group performance.

Transactivity Annotation, Prediction and Measurement
To enable us to use counts of transactive exchanges as evidence to inform an automated team
assignment procedure, we needed to automatically judge whether a reply post in the Deliberation
step was transactive or not using machine learning. Using a validated and reliable coding manual for
transactivity from prior work [17, 21], an annotator previously trained to apply that coding manual
annotated 426 reply posts collected in pilot studies we conducted in preparation for the studies
reported in this paper. Each of those posts was annotated as either �transactive� or �non-transactive�.
70% of them were transactive.

A transactive contribution displays the author's reasoning and connects that reasoning to material
communicated earlier. Two example posts illustrating the contrast are shown below:

Transactive:�Nuclear energy, as it is e�cient, it is not sustainable. Also, think of the disaster
probabilities�.
Non-transactive:�I agree that nuclear power would be the best solution�.

Automatic annotation of transactivity has been reported in the Computer Supported Collaborative
Learning literature. For example, researchers have applied machine learning using text, such as
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Fig. 2. Workflow diagrams for Experiment 1.

chat data [21] and transcripts of whole group discussions [2]. We trained a Logistic Regression
classi�er with L2 regularization using a set of features, which included unigrams (i.e., single word
features) as well as a feature indicating the post length [13]. We evaluated our classi�er with a
10-fold cross validation and achieved an accuracy of 0.843 and a 0.615 Kappa. Given the adequate
performance of the classi�er, we used it to predict whether each reply post in the Deliberation step
was transactive or not.

To measurethe amount of transactive communication between two participants in the
Deliberation step, we counted the number of times both their posts in a same discussion thread
were transactive; or one of them was a thread starter and the other one's reply was transactive.

4 MTURK EXPERIMENT 1. GROUP TRANSITION TIMING: BEFORE DELIBERATION
VS. AFTER DELIBERATION

This experiment (Figure2) assessed the extent to which a measurable improvement occurs in team
performance when team members transition into teams after they experience community-level
deliberation. Thus, what we manipulated was the step when workers began to work within their
small team. To control for timing of synchronization and grouping, in both conditions, workers
were synchronized and assigned into small teams based on a Jigsaw paradigm after the Individual
Task. The only di�erence was at which step the workers move into their small teams. For theAfter
Deliberation condition, in the Deliberation step workers could potentially interact with workers
both inside and outside their group since they had the discussion in a large group (40-50 workers).
Workers were not told that they had been assigned into teams until the Collaboration step (Step 4).
In the Before Deliberation condition, each team was given a separate forum in which to interact
with their teammates. The Before Deliberation condition is similar to the current team-based
MOOCs where teams are formed early in the course and only interact with their teammates. By
comparing these two conditions, we test our hypothesis that exposure to deliberation within a
larger community will improve team performance.

4.1 Synchronizing Workers

MTurk does not provide a mechanism to bring several workers to a collaboration task at the same
time. We built on earlier investigations that described procedures for assembling multiple crowd
workers on online platforms to form synchronous on-demand teams [8, 27]. Our approach was to
start the synchronous step at �xed times, announcing them ahead of time in the task description
and allowing workers to wait before the synchronous step. A countdown timer in the task window
displayed the remaining time until the synchronous step began, and a pop-up window noti�cation
was used to alert all participants when the waiting period had elapsed.
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4.2 Participants

Participants were recruited on MTurk with the quali�cations of having a 95% acceptance rate on
1000 tasks or more. Each worker was only allowed to participate once. A total of 252 workers
participated in Experiment 1, the workers who were not assigned into teams or did not successfully
complete the group satisfaction survey were excluded from our analysis. Worker sessions lasted 34.8
minutes on average. Each worker was paid $4. To motivate participation during the Collaboration
step [8], workers were awarded a bonus based on their level of interaction with their team ($0.1 -
$0.5), while an extra bonus was given to workers whose team submitted a high quality proposal
($0.5). We included only teams of 4 workers in our analysis, there were in total 22 Before Deliberation
teams and 20 After Deliberation teams.

A chi-squared test revealed no signi�cant di�erence in worker attrition between the two condi-
tions. We considered a worker as having �dropped out" from their team if they were assigned into a
team but did not edit the proposal in the Collaboration step. There was no signi�cant di�erence in
the dropout rate of workers between the two conditions (� 2(1) = 0.08,p = 0.78). The dropout rate for
workers in Before Deliberation teams was 30%. The dropout rate for workers in After Deliberation
teams was 28%.

4.3 Results

4.3.1 Teams exposed to community deliberation prior to group work demonstrate be�er team
performance.We built an ANOVA model with Group Transition Timing (Before Deliberation, After
Deliberation) as the independent variable and Team Performance as the dependent variable. In
order to control for di�erences in average verbosity across teams, we included the Individual
Task proposal length averaged across team members as a covariate for each group. There was
a signi�cant main e�ect of Group Transition Timing on Team Performance (F(1,40) = 5.16,p <
0.05) such that After Deliberation groups had a signi�cantly better performance (M = 9.25, SD =
0.87) than the Before Deliberation groups (M = 6.68, SD = 0.83), with an e�ect size of 2.95 standard
deviations. We think the e�ect on team performance comes from workers being exposed to more
posts and comments during community deliberation compared to the deliberation in small team.

We also tested whether the di�erences in teamwork process between conditions was visible in
the extent of the number of transactive turns during collaboration discussion. We built an ANOVA
model with Group Transition Timing (Before Deliberation, After Deliberation) as the independent
variable. In this case, there was no signi�cant e�ect (p = 0.28). Thus, teams in the After Deliberation
condition were able to achieve better performance in their team product without requiring more
transactive discussion.

4.3.2 Survey results.In addition to assessing group using our scoring rubric, we assessed the
subjective experience of workers using the group experience survey discussed earlier. For each of
the four aspects of the survey, we built an ANOVA model with Group Transition Timing (Before
Deliberation, After Deliberation) as the independent variable and the survey outcome as the
dependent variable. TeamID and assigned energy condition (Coal, Wind, Hydro, Nuclear) were
included as control variables nested within condition. There were no signi�cant e�ects on any of
the subjective measures in this experiment.

5 MTURK EXPERIMENT 2. GROUPING CRITERIA: RANDOM VS. TRANSACTIVITY
MAXIMIZATION

While in Experiment 1 we investigated the impact of exposure to community resources prior to
teamwork on team performance, in Experiment 2 we investigated how the discussion trace during
community deliberation may inform e�ective team formation. This time teams in both conditions
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Fig. 3. Workflow diagrams for Experiment 2.

were grouped after experiencing the Deliberation step in the community context. In Experiment 2
(Figure3), we again made use of the Jigsaw paradigm, but in the experimental condition, which
we termed theTransactivity Maximization condition, we additionally applied a constraint that
preferred to maximize the extent to which workers assigned to the same team had participated in
transactive exchanges in the deliberation. We are not manipulating the total number of transactive
exchanges during the community discussion. The maximization assigns participants into teams
with the people they had transactive exchanges with rather than others, so that the total number
of transactive exchanges between team members is maximized. In the control condition, which
we termed theRandom condition, teams were formed randomly apart from enforcing the Jigsaw
constraint. It is a strong baseline since Jigsaw is a best practice in team formation. As previous
work has shown that self-selection does not work well in team-based MOOCs [47], we did not
compare with self-selected team formation. In this way we tested the hypothesis that observed
transactivity is an indicator of potential e�ective team collaboration.

From a technical perspective in Experiment 2 we used a constraint satisfaction algorithm to
manipulate how the teams were assigned. For the Transactivity Maximization condition, teams
were formed so that the amount of transactive discussion among the team members was maximized.
We �rst compute the number of transactive communications between each pair of participants. A
Minimal Cost Max Network Flow algorithm greedily assigns participants into teams to increase the
total amount of measured transactive communication that had occurred among the team members
during deliberation [1]2. This standard network �ow algorithm tackles resource allocation problems
with constraints. In our case, the constraint was that each group should contain four people who
have read about di�erent energies (i.e. a Jigsaw group). At the same time, the minimal cost part
of the algorithm maximized the transactive communication that was observed among the group
members during Deliberation step. The algorithm �nds an approximately optimal grouping within
O¹N3º (N = number of workers) time complexity. A brute force search algorithm, which has an
O¹N!º time complexity, would take too long (over a week) to �nish since the algorithm needs to
operate in real time. Except for the grouping algorithm, all the steps and instructions were identical
for the two conditions.

5.1 Participants

A total of 246 workers participated in Experiment 2, the workers who were not assigned into
teams or did not complete the group satisfaction survey were excluded from our analysis. The
compensation was the same as in MTurk experiment 1. Worker sessions lasted on average 35.9
minutes. We included only teams of 4 workers in our analysis. There were in total 27 Transactivity
Maximization teams and 27 Random teams, with no signi�cant di�erence in attrition between

2Source code of the Minimal Cost Max Network Flow algorithm can be found here:https://tinyurl.com/mincostmax�ow
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conditions (� 2¹1º = 1.46,p = 0.23). The dropout rate of workers in Random teams was 27%. The
dropout rate of workers in Transactivity Maximization teams was 19%.

5.2 Results

As a manipulation check, we compared the average number of transactive exchanges observed
among team members during the deliberation between the two conditions using a t-test. The teams
in the Transactivity Maximization condition (M = 12.85, SD = 1.34) were observed to have had
signi�cantly more transactive communication during the deliberation than those in the Random
condition (M = 7.00, SD = 1.52) (p < 0.01), with an e�ect size of 3.85 standard deviations, demon-
strating that the maximization was successful in manipulating the average experienced transactive
exchange within teams between conditions.

5.2.1 Teams that experienced more transactive communication during deliberation demonstrate
be�er team performance.To assess whether the Transactivity Maximization condition resulted
in more e�ective teams, we tested for a di�erence between team formation conditions on Team
Performance. We built an ANOVA model with Grouping Criteria (Random, Transactivity Maximiza-
tion) as the independent variable and Team Performance as the dependent variable. Average team
member Individual Task proposal length was again the covariate. There was a signi�cant main
e�ect of Grouping Criteria (F(1,52) = 6.13,p < 0.05) on Team Performance such that Transactivity
Maximization teams (M = 11.74, SD = 0.67) demonstrated signi�cantly better performance than
the Random groups (M = 9.37, SD = 0.67) (p < 0.05), with an e�ect size of 3.54 standard deviations,
which is a large e�ect.

Across the two conditions, observed transactive communication during deliberation was sig-
ni�cantly correlated with Team Performance (r = 0.26,p < 0.05). This also indicated teams that
experienced more transactive communication during deliberation demonstrated better team perfor-
mance.

5.2.2 Teams that experienced more transactive communication during deliberation demonstrate
more transactive interaction within their teams.In Experiment 2, workers were assigned to teams
based on observed transactive communication during the deliberation step. Assuming that individ-
uals that were able to engage in positive collaborative behaviors together during the deliberation
would continue to do so once in their teams, we would expect to see evidence of this re�ected
in their observed team process, whereas we did not see such an e�ect in Experiment 1 where
teams were assigned randomly in all conditions. Group processes have been demonstrated to be
strongly related to group outcomes in face-to-face problem solving settings [49]. Thus, we should
consider evidence of a positive e�ect on group processes as an additional positive outcome of the
experimental manipulation.

In order to test whether such an e�ect occurred in Experiment 2, we built an ANOVA model
with Grouping Criteria (Random, Transactivity Maximization) as the independent variable and
number of transactive contributions during teamwork as the dependent variable. There was a
signi�cant e�ect of Grouping Criteria on the number of transactive discussion (F(1,45) = 5.02,
p < 0.05). Random teams (M = 14.51, SD = 3.58) demonstrated signi�cantly fewer transactive
contributions than the Transactivity Maximization teams (M = 18.30, SD = 3.16), with an e�ect size
of 1.10 standard deviations.

Table1 shows one transactive and one non-transactive collaboration discussion. The transactive
discussion contained reasoning about the pros and cons of the energy plans, which can easily
translate into the team proposal. The non-transactive collaborative discussion came to a quick
consensus without discussing each participant's rationale behind choosing an energy plan. Then
team members need to generate and organize their reasons for choosing the plan. For participants
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Transactive
A: based on plan 1 and 2 I am thinking 2 only
because it reduces greenhouse gases
B: Yeah so if we go with 2, we will need to trade
o� the water pollution and greenhouse gas
C: BUT we run into the issue of budget... so
where do we say the extra almost $100k comes
from?

Non-transactive
A: My two picks are Plan 1 and Plan 2
B: Alright, lets take a vote. Type either Plan 1 or
Plan 2 in chat.
B: Plan 2
C: Plan 1
D: plan 2.
B: That settles it, itâ€™s plan 2.

Table 1. Example of Transactive vs. Non-transactive Discussions during Team Collaboration.

who initially did not pick the chosen energy plan, without the transactive discussion process, it
might be di�cult for them to integrate their knowledge and perspective into the team proposal.

5.2.3 Transactivity maximization teams reported higher communication satisfaction.For each
of the four aspects of the group experience survey, we built an ANOVA model with Grouping
Criteria (Random, Transactivity Maximization) as the independent variable and the survey outcome
as the dependent variable. TeamID and assigned energy condition (Coal, Wind, Hydro, Nuclear)
were included as control variables nested within condition. There were no signi�cant e�ects on
Satisfaction with team experience or with proposal quality. However, there was a signi�cant e�ect
of condition on Satisfaction with communication within the team (F(1,112) = 4.83,p < 0.05), such
that workers in the Random teams (M = 5.12, SD = 1.7) rated the communication signi�cantly
lower than those in the Transactivity Maximization teams (M = 5.69, SD = 1.51), with e�ect size
.38 standard deviations. Thus, with respect to subjective experience, we see advantages for the
Transactivity Maximization condition, but the results are weaker than those observed for the
objective measures. Nevertheless, these results are consistent with prior work where objectively
measured learning bene�ts are observed in high transactivity teams [9].

5.3 Discussion

The preliminary results from the crowdsourced experiments were in accordance with our hypothe-
ses when tested in a high internal validity context. In order to study whether our team formation
paradigm will play out in an externally valid context, we deployed our team formation paradigm in
a MOOC case study. MOOC students likely have di�erent motivations from crowd workers. Our
MTurk task typically lasts less than an hour; while a virtual team collaboration in a team-based
MOOC can be several weeks long. Only a deployment study can answer questions like: how many
students in a MOOC will actually participate and enjoy the team collaboration?

6 CASE STUDY: TEAM COLLABORATION AS AN EXTENSION OF A MOOC

We collaborated with the Smithsonian Institution on their edX MOOC, �The Rise of Superheroes
and Their Impact On Pop Culture". In the previous three o�erings of this MOOC, students learn
about how comic book creators build a superhero character. To �nish a superhero MOOC, students
either design a superhero of their own or write a biography of an existing superhero as their �nal
project submission. We designed a team-based MOOC, �Rise of the Superheroes and the Heroes of
the Future"3, as an extension of the superhero MOOCs. We advertised the team-based MOOC to all
the superhero MOOC alumni who had previously created or researched a superhero.

Based on the collaboration task in the MTurk experiments, we designed an interdependent team
project that requires knowledge integration and intensive discussion. In the collaboration task,

3https://www.edx.org/course/rise-superheroes-heroes-future-smithsonianx-popx2-1
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6.1 Results and Discussion

6.1.1 Transactivity maximization team formation in the MOOC.In total, 770 students enrolled
in our team-based MOOC. 106 of them paid for the veri�ed certi�cate (�veri�ed students"). By
the end of Week 1, there were in total 208 students who had posted their previous superhero
story or analysis and commented on other students' stories or analysis. We manually annotated
300 comment posts that were randomly sampled from all the discussion posts. 61% of them were
transactive, which was comparable to the percentage in our MTurk experiments. Then we trained
a similar logistic regression classi�er to predict whether a comment post is transactive or not.
The model was applied to the rest of the reply posts. We planned to use whether a student did
a superhero design or analysis in previous superhero MOOC as the Jigsaw grouping conditions.
However, there were only 10 students who did a superhero analysis. We decided not to do the
Jigsaw grouping. Paying for the veri�ed certi�cate may indicate that the student is more motivated
to �nish the MOOC. To balance for motivation level, we did not group veri�ed and unveri�ed
students into the same teams. In total, we formed 38 unveri�ed teams and 14 veri�ed teams. In a
manipulation check, we veri�ed that the maximization successfully increased the average within
team transactive exchange over what would have been present from random selection. Table2
shows the average number of transactive exchanges in the formed teams and what we would
observe in randomly formed teams. The veri�ed teams had more transactive exchanges during
course community deliberation compared to unveri�ed teams.

Unveri�ed Teams Veri�ed Teams
Transactivity Maximization 7.81 9.92
Random 0.35 2.08

Table 2. Average number of transactive exchanges within Transactivity maximized teams and what we would
observe in randomly formed teams in the course community deliberation.

6.1.2 High completion rate in the team-based MOOC.All 52 teams submitted their team project.
Out of all the 208 students who were assigned to teams, 182 students (87.5%) collaborated in their
teams and �nished the course.

The completion rate in a typical MOOC is around 5% [24]. The completion rate of the previous
three superhero MOOCs is 6%. We think several factors contributed to the high completion rate
that was observed in our team-based MOOC. In the case study, all the enrolled students were
alumni from previous o�erings of this MOOC, who had already demonstrated e�ort to �nish a
MOOC on a similar topic. Our team formation process only groups students who have posted
their individual work in the course discussion forum. This screening process ensured that students
who were assigned to teams had already demonstrated serious intention of working in a virtual
team. Therefore, it was not surprising that the retention rate in the formed teams was much higher
than for typical MOOC students to �nish their MOOC. Compared to a typical �ve or six-week
MOOC, our MOOC was short, only three weeks long. The carefully designed team-based learning
experience, may have also contributed to students' commitment to the MOOC. It will require further
experimentation to fully understand the e�ect of team-based learning on student commitment in
MOOCs.

6.1.3 Evidence of Teams that experienced more transactive communication during deliberation
had more complete team projects.A SmithsonianX sta� evaluated all the team projects with a 4
point scale where 4 = Finished all the components, 3 = Only missing panels, 2 = Only missing story
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and panels and 1 = Missing more than story or panels. 40 teams (77%) �nished all the required
components. The average team project score is 3.60 (SD = 0.80).

The number of transactive contributions among team members during the community delibera-
tion had a close to signi�cant association with the team project score (F(1, 50) = 2.97,p = 0.08). The
veri�ed status of the team and whether there was one student in the team who did a superhero
analysis had no signi�cant association with the team project score. Since our team formation maxi-
mized teams' average amount of transactive communication, this suggestive evidence indicates
that our team formation method may improve teams' overall performance, even in the noisy real
MOOC context.

6.1.4 Teams that experienced more transactive communication during deliberation demonstrated
be�er collaboration participation.To examine the e�ect of grouping on team collaboration partic-
ipation, we counted how many students actually participated in the team project. For a student
to count as having participated, their hero needs to have shown up in the story. The number of
transactive exchanges among team members during the community deliberation had a signi�cant
association with how many students participated in the collaboration (F(1,50) = 5.85,p < 0.05).
Whether team members were veri�ed or not and whether there was one student in the team who
did a superhero analysis had no signi�cant association with how many students participated in the
collaboration.

As a re�ection of whether students in the team interacted with each other, we checked whether
all of the superheroes have interacted with each other in the team authored stories. Overall, in 44
out of 52 superhero team stories, there was at least one scene where all four superheroes interacted
with each other. Controlling for whether the team members were veri�ed students, the number
of transactive exchanges during the community deliberation had a close to signi�cant e�ect on
whether all the superheroes ended up interacting or not (F(2,49) = 4.38,p = 0.08). Superheroes
in a veri�ed team were signi�cantly more likely to have interacted with each other in the team
story compared to unveri�ed team (p < 0.05). To sum up, there is an indication that teams that
experienced more transactive discussion has better team collaboration participation.

6.1.5 Observations on how transactivity maximization team formation a�ected the teams.We
read all the posts in the team spaces. Since the transactivity maximization team formation tends
to assign students with a history of transactive discussion into teams, and we saw that many
students recognized their team members with whom they have interacted with during community
deliberation:�I've already read your story in week 1", �I am happy to see that my team members
had characters that I was familiar with." �Sup Ron, �rst of all; thanks for your comments on Soldier
Zeta". This created a friendly start for the team. Some students indicated that they already had
idea about how to collaborate:�I can already see Osseus and the Soul Rider bonding over the fact
your character had a serious illness and The Soul Rider brother was mentally handicapped", �We've
already exchanged some ideas last week, I think we can have some really fun dynamics with our
crew of heroes!". Since transactive discussion is a collaborative knowledge building activity that
naturally increases familiarity among team members, these observations are in accordance with
prior research that shows that prior collaborations and familiarity may improve the performance
of distributed teams [41].

6.1.6 Satisfaction with the team experience.There were in total 138 students who responded to
our optional, anonymous post-course survey. Satisfaction with the team experience was rated on a
scale from 1-5 with 5 being very satis�ed. On average, the satisfaction with the team experience is
4.20 out of 5 (SD = 1.22). Satisfaction with the project is 3.96 out of 5 (SD = 1.06). Overall, students
reported being satis�ed with their team experience and project submission. On the survey question
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�What was the biggest bene�t of participation in the team?", the top three most frequently chosen
bene�ts were �The MOOC is more social"(41%), �Get feedback or help" (25%) and �Take on a more
challenging project"(24%).

7 GENERAL DISCUSSION

In this paper we address two team formation related research questions. The �rst is whether
participation in deliberation within a course community is more valuable as preparation for
teamwork than participation in deliberation within the team only. Here we found that moving into
small teams late after course community deliberation has advantages in terms of the quality of the
product produced by the teams. We see no e�ect on team collaboration process measures.

The second related question is the extent to which additional bene�t from participation in the
deliberation in a community context to teams could be achieved by using evidence of potential
successful team interactions from observed transactive exchanges during the deliberation. Here
we found that teams formed such that observed transactive interactions between team members
in the deliberation was maximized produced objectively higher quality team products than teams
assigned randomly. On subjective measures we see a signi�cant positive impact of transactivity
maximization on perceived communication quality, which is consistent with what we would expect
from the literature on transactivity where high transactivity teams have been demonstrated to
produce higher quality outcomes and greater learning [21, 44].

These results provide positive evidence in favor of a team formation strategy in two stages:
Individuals �rst participate in a pre-teamwork deliberation activity where they explore the space
of issues in a context that provides bene�cial exposure to a wide range of perspectives. Individuals
are then grouped automatically through a transactivity detection and maximization procedure
that uses communication patterns arising naturally from community processes to inform group
formation with an aim for successful collaboration.

7.1 Benefits of Community Deliberation

One bene�t of course community deliberation is that students can potentially get feedback and
support from all the students in the course. During week 1 of the superhero MOOC, 208 students
posted 1302 posts and comments about their superhero designs. Although the discussion instructions
did not ask students to discuss transactively, 60% of the contributions to the discussion were
transactive. The discussion itself is a valuable learning experience for MOOC students, which
prepared students for their later collaboration in small teams. At the end of the course, 44 of the
52 teams voluntarily posted their superhero team projects to the forum for peer feedback. The
discussion and feedback in the course forum continued even after the course has ended. This
demonstrates the value of community discussion.

7.2 Challenges for Supporting Online Team Collaboration Communication

Since there was no synchronous communication or personal messaging functions in edX, most of
the teams communicated asynchronously with posts in their team space. In the post-course survey,
many students said that the team discussion space was di�cult to use in the sense that messages
got buried and students were not noti�ed when there was a new message in their team space. This
made keeping on top of the discussion challenging unless students remembered to check each day
and put in the e�ort to sort through the messages. 10 (19%) teams scheduled sychronous meeting
over Skype/Google Hangout in their team space. 6 (12%) teams switched to communicate using
Facebook groups. In the post course survey, 27 (20%) students indicated that they mainly used
email to communicate with their team members. We think a well-integrated team synchronous
communication and a messaging tool will be helpful to include in future team space designs [14, 26].
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One of the survey question asked �What was most di�cult about working in your team?" 30
(21.9%) students mentioned that it was di�cult to communicate with their teammates because of
times zones [29]. They had trouble �nding time to chat live and also found it di�cult to agree on
changes or make progress since either changes were made while some team members were o�ine,
or it took so long to make a decision the project felt rushed. Further research is needed to study
how to support team collaboration and communication.

7.3 E�ective groups and e�ective learning

Much prior work associates Transactivity with learning [21, 44]. This raises the question of whether
we can also increase learning with our team formation method. However, in the learning sciences,
there has often been a tension observed between emphasizing performance and emphasizing
learning [15]. A group that e�ectively produces a successful outcome, might not optimize for
learning for the team members at the same time. Too much group cohesion might lead to groupthink.
In project courses, students sometimes take up roles where they can use the knowledge they already
have in order to achieve a high quality product, which undercuts the learning that could take
place. Often, learning requires focusing on skills that are just beyond a person's ability level. Thus,
engagement that leads to learning may frequently appear less successful in terms of performance.
We cannot assume that a manipulation that supports a high quality product will necessarily support
higher learning. In future work, we will study the e�ects of our team formation method on students'
learning gains.

7.4 Implications for Crowd Work

Most commercial crowdsourcing applications nowadays are based on micro-tasks, which are
given to independent workers and do not require cooperation. Recent research explores using
crowdsourcing for more complex tasks, which are often interdependent of subjective nature and
based on worker cooperation (e.g. [22, 30, 32, 51]). This paper explores an interdependent task that
involves workers interacting with each other, each representing a di�erent piece of knowledge
and perspective. Our research con�rms prior �ndings that prior collaborations and familiarity are
predicative of team performance [31, 41], and most importantly, we propose a practical way of
forming e�cient crowd worker groups to perform interdependent tasks.

7.5 Reflections on the use of MTurk as a proxy for online courses

Under the course or the instructor's constraints, it can be di�cult to do A/B testing in real online
courses. Crowdsourced environments are appropriate for controlled experiments that test the
internal validity of the hypothesis. In our work, we o�er a successful proof of concept where a
manipulation from the MTurk environment was adapted for use in an online learning environment.

Online learners and crowd workers are similar in their working environment, education and
demographics, while they are di�erent in their context and participation motivation [8, 18]. Crowd-
sourced experiments may not represent how MOOC students will adopt or enjoy designs. Moreover,
the task dropout rate observed in MTurk experiments might not be indicative of the dropout rate
in MOOCs. In our work, since the crowd workers did the task mostly for compensation, the main
factor that a�ected crowd workers' intention to participate in or �nish the task was the amount
of compensation. This is obviously not the case for MOOC students. It is crucial to understand
how many students will actually adopt or enjoy the designs by doing deployment studies. This
paper examined the e�ects of the grouping process within these diverse populations in order to test
whether the �ndings from the MTurk environment have some generality to online collaborative
learning teams.
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7.6 Limitations and future work

One limitation of this work stems from the fact that we carefully designed the sequence of activities
�including the individual task, the deliberation, and the team task� to be closely related. Each
task provided directly relevant input to the next task. In this carefully designed series of tasks,
we see advantages in terms of team performance from the experience of deliberation in the
community context. The results of the study leave open the question of whether forming teams
after a community-wide deliberation process would be advantageous even in the case where the
tasks were not as closely related. If not, the advantages of this post-deliberation team assignment
might prove to be short lived. In that case, community level deliberation experiences may need to
be interleaved with small group teamwork in order to maintain the advantage over time. Our work
indicates that course instructors could design both team tasks and team formation methods that
together support e�ective online team collaboration.

Secondly, we compared transactivity maximization with a random team assignment baseline
in MTurk Experiment 2. This leaves open questions for how self-selection would di�er from our
approach (e.g., would individuals self-select into teams where they had experienced transactive
exchanges), and how the associated bene�ts would compare. MTurk Experiment 2 also leaves open
questions for how transactivity maximization teams would compare with a simpler �interaction
maximization� team assignment, where total communication among team members during commu-
nity deliberation are maximized. We have observed that the number of times team members were
in the same discussion threads were not signi�cantly correlated with our team success measures (p
> 0.1) in the MOOC case study. Further experiment is necessary to decide whether �transactive
communication� is a stronger indicator of team success than exchanges in general.

Another limitation of the team formation process is the required number of participants. We no-
ticed in our experimentation that if there were too few students (i.e., less than 16), the maximization
process did not successfully produce teams that met the criteria better than random teams. While
more is better in this sense, there may be limitations on how much bigger of a student population
can be supported. For example, when there are large number of participants in the community
deliberation (e.g., more than 500), navigability may become another challenge for participants'
online community deliberation [45].

8 CONCLUSIONS

In this paper we conducted three experiments in order to obtain an empirical basis for the design
of a team formation procedure that can be applied in project-based online courses. The studies
were motivated by two speci�c hypotheses: (1) teams with the bene�t of exposure to the commu-
nity during a pre-teamwork deliberation process will demonstrate advantages in terms of team
performance; (2) teams that experienced more transactive communication during a pre-teamwork
deliberation process will demonstrate advantages in terms of team performance. The results of the
experiments provide evidence in support of both hypotheses.

The �rst two studies reported in this paper provide evidence of a result when the variables of
interest are isolated in a setting in which it is possible to achieve high internal validity. The �nal
case study in a MOOC demonstrates the external validity of these �ndings as we see consistent
�ndings in a di�erent, more externally valid setting. The correlational results in the deployment
study combined with the causal results from the controlled MTurk studies together o�er �rm
empirical support for the e�ectiveness of our team formation process. This research could provide
guidance for team formation in MOOCs, as well as online labor platforms.
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