
1

Transactivity-Based Team-Formation as a Choice:
Evaluation in a Large Online Project Course
SREECHARAN SANKARANARAYANAN, CAMERON DASHTI, CHRIS BOGART, MAJD SAKR and
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1. INTRODUCTION

Collective Intelligence [Woolley et al. 2010], which is meant to predict the general ability of a group
to work together across a range of tasks, is defined and measured using collections of individual and
group characteristics that have been demonstrated to correlate with properties of group interactions,
and even more importantly, outcomes of group interactions. In this paper, we introduce this community
to the related construct of Transactivity, which is a specific property of collaborative discourse that
comes from the literature on Collaborative Learning, and could be understood as a related property.
In particular, the notion of dyadic other-oriented transactivity [Berkowitz and Gibbs 1983] (referred to
henceforth as transactivity), captures the notion that a contributor to a conversation has made their
reasoning explicit in a way that substantially references, extends, challenges, or builds on another
person’s expressed reasoning in that conversation.

As an illustration of the connection between transactivity and group outcomes, we briefly discuss
in this abstract a line of inquiry in which dyadic transactivity observed between pairs of participants
in large group discussion is used as a predictor of pairwise collaboration potential and then as an
indicator used for team assignment in an online course context. As the appetite for meaningful collab-
orative project-based learning experiences online grows [Dillahunt et al. 2016], the challenge of placing
students in teams that work effectively together over the duration of the course becomes important.
Placing students into groups without orchestration has long been known to fail owing to the well-
known process losses associated with groups [Kotturi et al. 2015]. Strategies that use learner profiles
such as demographic information and prior knowledge [Williams 2015] can be sub-optimal owing to
the scarcity of information regarding whether these learners will actually work well together. Further,
strategies that rely on self-selection or random assignment have been met with limited success [Wen
et al. 2015; Zheng et al. 2015]. The question of whether we can intelligently place students into teams
with the aim of maximizing their ability to work well together therefore, became paramount.

1.1 Transactivity and Collective Intelligence

Berkowitz and Gibbs [Berkowitz and Gibbs 1983] define Transactivity as a set of 18 different ways in
which an articulation of reasoning can refer to or operate on the expressed reasoning of self or other.
The expression of a transact reflects the examination of ones own mental model and possibly anothers,
as well as the connections between them. From a cognitive perspective, engaging in this process offers
the opportunity for one to question their own mental model. This produces an opportunity for cognitive
conflict to emerge, providing one mechanism for the link between transactivity and learning which
has been established in prior work [Joshi and Rosé 2007; Azmitia and Montgomery 1993; Weinberger
and Fischer 2006]. Beyond just as a means of triggering cognitive conflict, transactive conversational
contributions are viewed as important steps in a knowledge building or consensus building process
[Weinberger and Fischer 2006]. In making connections between newly articulated ideas and material
contributed earlier in a conversation, ideas build upon one another, and differing understandings are
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elaborated, integrated, and possibly transformed. From a social perspective, Transactivity is known to
occur more frequently in pairs with mutual respect and a desire to build common ground.

Within the Collective Intelligence community, groups with high CI are known to engage in rich inter-
action associated with better team performance [Riedl and Woolley 2017; Woolley et al. 2008; Woolley
et al. 2010]. Specifically, teams characterized by higher levels of communication, greater diversity of
message content, and more integration in communication develop higher levels of team collective in-
telligence and higher quality work products.

We believe therefore, that Transactivity and Collective Intelligence are linked, though they emerge
out of different research communities.

1.2 Transactvity-based Team Formation

Collective Intelligence (CI) is a construct that has frequently been used to assign participants to highly
effective teams. Similarly, Transactivity has proven an effective means for group assignment in prior
published research [Wen et al. 2017]. The paradigm has been used as follows: Students first engage
in their own individual exploration and learning. At this stage, students may be assigned to different
learning foci in order to create a diversity of expertise within the student community. Students then
bring their individual work into the community context through a show-and-tell (reflection-feedback)
stage. At this stage, they are asked to offer feedback to a small number of other students of their
choosing. Based on an automated analysis of the nature of this feedback, in particular measuring pair-
wise transactivity within the reflection-feedback setup [Rosé et al. 2008], an automated assessment of
collaboration potential is computed. This measure is then used as the basis for assigning students to
groups where they are matched with the students with whom they have the highest assessed collabo-
ration potential. This is accomplished through an approximate constraint satisfaction algorithm. Vali-
dation studies conducted both in controlled lab settings [Wen et al. 2016] as well as in a real Massive
Open Online Course offered through the Smithsonian Institute on the edX platform, provide evidence
of the success of this paradigm for formation and support of effective collaborative learning groups. In
particular, assignment of participants to teams based on transactivity observed in a discussion forum
has resulted in significance increases in transactivity within teams and success at knowledge integra-
tion in group writing products, but not learning except in connection with other support to explicitly
scaffold collaborative processes during interaction [Wen et al. 2017; Wang et al. 2017].

1.3 Transactivity-Based Team Formation as a Choice

Here we discuss a different kind of context in which we have used Transactivity as a basis for team as-
signment, which raises some issues we are interested in discussing with the Collective Intelligence
community. We now apply it to two successive semester-long offerings of a large online for-credit
project-based course context. While it is clear that the empirically grounded transactivity-based team
formation approach we used, worked well in a context where the collaboration was short-lived and
the stakes were low, it becomes imperative to investigate the impact that a much longer-term, higher
stakes collaboration will have on the design of the paradigm. In particular, this new context necessi-
tated that the teams formed be provided only as suggestions and not forced on students. Further, the
teams needed to be co-located because the instructors had observed, in prior runs, that distributed
teams did not work well together for this course.

2. INTERVENTION AND RESULTS

The first study which investigated the application of the paradigm to the fall 2017 offering of a 16-
week large online project course on Cloud Computing that students took as a part of degree-granting
programs at Carnegie Mellon University and its campuses (Pittsburgh, Rwanda and Silicon Valley)
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found evidence of success in cases where students chose to take up the suggestion or choose team
members using a mechanism similar to the one used by the algorithm [Sankaranarayanan et al. 2018].
Further, working with friends turned out to detrimental to students both in terms of project grade and
in terms of relationship between team members. Based on these results, a second study conducted in
the spring 2018 offering of the course presented students with this finding and investigated the team
formation strategies they used in the face of this new information. Preliminary results revealed that
students still chose to work with their friends despite being provided evidence from the prior semester.

In the first study, students were given suggestions for teams of 3 members based on the reflection-
feedback discussions that they had participated in until Week 5 of the course. Out of the 35 total teams,
23 teams were from the Pittsburgh campus, 11 from the Silicon Valley campus and 1 from the Rwanda
campus. 5 teams took up our recommendation at least partially. A total of 27 teams survived till the
end of the course with 7 teams of 2 members each and 20 teams of 3 members each. All 5 teams that
took up our recommendation survived till the end of the course. The reflection-feedback setup, which
formed the first part of the intervention, saw a total of 1007 posts contributed up to Week 5, 438 (43.5%)
of which were labeled as transactive. Since transactivity is typically low in discussion forums of online
courses [?], this finding suggests that uptake of the intervention was strong at the initial stage. The
reflection-feedback setup led to substantive discussions between students. Even though the teams were
co-located and the students were also meeting outside of class, participation in the reflection-feedback
setup remained high throughout the course. Survey responses highlighted the value of different per-
spectives, approaches and suggestions that students were able to obtain from their interactions on
the reflection-feedback setup. The team recommendations however, were not taken up because a lot of
students chose to work with classmates that they already knew. Further, the strict nature of the initial
recommendations meant that one team not taking up the recommendation led to a cascading effect
affecting all the other recommendations also. This ripple effect, in conjunction with some students de-
siring to pick their own teams meant that the structure overall broke down. In the end, only 5 team
recommendations were partially preserved in the teams that were eventually finalized.

Comparing the various methods students used to form their teams, we find that teams formed based
on the recommendation and teams formed based on observing behavior on the reflection-feedback
setup performed the best whereas, working with friends turned out to be the worst. The interesting
observation here is that students who formed teams based on a mechanism similar to that used by the
transactivity-based team formation algorithm also performed as well as the teams recommended by
the algorithm. Further analysis using the post-course survey responses showed that students who hap-
pened to form teams with friends were marginally more likely to have relational issues with their team
members. Further, teams that were formed of friends had significantly higher issues with division of
labor and those that took up the transactivity-based recommendations saw marginally better distribu-
tion of work. Overall, this suggests that student tendency to select team-mates they were friends with
worked out poorly for them. On the other hand, students who based their choice on their observation
of other students’ behavior, did not suffer the same fate.

3. CONCLUSION

Using the context of a study conducted in a large online project course, we introduce the idea of trans-
activity and the use of transactivity to automatically form algorithmically optimal teams. Students
who worked with friends performed the worst while students who used observed behavior on the plat-
form to form teams performed the best and performed just as well as the teams that took up the
recommendation. This produces interesting implications for the future of team formation where we
can choose to engage students in the team formation process and still produce results comparable to
optimal assignment.
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