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Collaboration is an integral part of science, and as our classrooms become more collaborative, so too can our
assessments. Group exam data gives us a new kind of data about how our students relate to each other. Network
analysis provides many tools for describing, visualizing, and analyzing student networks. In particular, we have
used Directed networks to describe student collaboration, explored relationships between measures of network
position on exam performance, and examined what the different micro-structures tell us about the different
kinds of collaboration on an exam. Furthermore, we describe trends in these collaborative practices over a
semester-long time-scale.

I. INTRODUCTION

Collaborative classrooms are becoming the new normal.
As a part of that transition, many instructors are using collab-
orative exams in addition to individual exams [1–6]. The PER
community has long used assessments as a way of learning
about our students. However, this has been generally limited
to content knowledge or attitudes about science. Group as-
sessments can give us insight into how our students choose to
associate with one another. PER has a long history of study-
ing the ways that students associate with each other [7]. By
looking at who they collaborate with on group assessments,
we can build a bridge between the cognitive and the rela-
tional.

At East Carolina University and Texas State University,
some instructors have been giving two-phase exams in our
introductory calculus-based physics courses, where the same
exam is taken twice—first individually, then as a group [1]. A
salient feature of this implementation is the use of open col-
laboration. In particular, students choose their collaborators
and may switch between multiple groups during the course
of the exam. Previously [1], we have used network analy-
sis tools to describe the groups that students form in open
collaboration settings. This showed that student collabora-
tion behaviors are influenced by things such as the furniture
in a room. Specifically, rooms with large round tables led to
larger groups being created than tiered classrooms with in-
dividual movable desks [1]. Additionally, the group behav-
iors of students working in an open-collaboration environ-
ment were compared using metrics created by Beatty to the
group behaviors of students in pre-determined groups [2].

We are interested in multiple properties of student collab-
oration networks. First, we will describe the classroom col-
laborative network, especially focusing on the different ways
that students connect themselves to each other relative to the
class. Another important area to understand is how grade in-
teracts with the ways that students choose to acknowledge
working with each other. To better understand these ques-
tions, we will adapt our analysis method to include the di-
rectionality of ties between students. We will discuss the
different properties of asymmetric ties and mutual ties, es-
pecially looking at how these ties are related to exam perfor-

mance. We will also explore the different ways that student
position in the network is related to exam performance. Fi-
nally, we will explore each of these measures over the course
of a semester to study how patterns in collaboration emerge
and change.

II. METHODS FOR ANALYZING GROUP EXAM
NETWORKS

Group exam collaboration networks can naturally be de-
scribed using network analysis techniques. Network analy-
sis employs two types of networks, directed and undirected
— both types of network are used to examine social net-
works. For example, the analysis of collaborations between
PER scholars utilized undirected networks as they were in-
terested in how connections changed over time, and not the
relative status of those connected [8]. However, during the
span of a semester, students often choose to collaborate, or
acknowledge collaboration, with other students based on per-
ceived status, making directed networks an appropriate tool
to describe these networks in more detail. Directed networks
are created by drawing edges between different actors in the
network with arrowheads [9]. So if student A says she worked
with student B, an edge is drawn from A to B. If student
B says she worked with student A, another opposite edge is
drawn.

The field of network analysis has many tools for measur-
ing status within a network. These are all loosely called cen-
trality measures. The simplest centrality measure is degree
centrality, the number of edges linked to any given node.
Directed networks allow us to study outdegree centrality–
the number of edges flowing away from the node–and in-
degree centrality–the number of edges flowing into a node–
separately, as each indicates different types of imporance [9].
In our context, a student’s outdegree is the number of col-
laborators nominated by the student, and the indegree is the
number of students who identified that student as a collabo-
rator.

While degree centrality is one way that we can measure sta-
tus within a network, it is limited to the local structure around
a particular actor. A more global measure is betweenness
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FIG. 1. (Color Online) Illustration of differences in the different
types of centrality. In each figure, focus on the red node labeled
D. All other connections in both graphs not related to node D are
identical. (a) Node D has high degree and zero betweenness. (b)
Node D has low degree and high betweenness.

centrality [9]. The betweenness centrality CB is “(roughly)
defined by the number of geodesics (shortest paths) going
through a vertex or an edge” [10]. The technical definition
is:

CB(k) =
∑
i,j

∂ikj
∂ij

, i 6= j 6= k (1)

where ∂ikj is the number of paths that flow from i to j through
node k, and ∂ij is the number of paths that flow from i to
j. A path is not a random walk in the network. In a path,
a single node may be traversed only once. An actor with a
large betweenness centrality score is sometimes referred to as
a “cut-point” due to the fact that if that actor were removed,
the network would change in structure greatly. It is important
to note that betweenness centrality is sensitive to tie direction.

In Figure 1(a), node D has a high indegree, but zero out-
degree. Node D’s betweenness centrality will be zero since
there are no paths that flow through that node. That node
is called a ’sink’ because as it does not provide a path for
nodes A, B, and C (the blue group) to share information with
nodes E, F, and G (the yellow group). In contrast, Figure 1(b)
illustrates a node which has relatively low degree, but high
betweenness. Arguably, node B in Figure 1(b) has a more
important position in the network because it fufills a between-
group broker role, allowing information to flow back-and-
forth between the blue and yellow groups.

Given an open collaboration system, initial networks will
be based on things like who you know or who you sat next to
on the first day of class. So connections formed will not be
based on prior knowledge of their classmates’ physics skill.
But if the class is building a community that values having
and sharing physics knowledge, the exam network will de-
velop structures that allow knowledge to be transfered be-
tween students and groups. Of the centrality measures that
we mentioned previously, betweenness will be most sensitive
to this developing community. Therefore we hypothesize that
late semester exam networks will have higher betweenness
scores than early semester exam networks of the same size.

Ties between nodes can be classified in three ways: Mu-
tual ties – where the relationship is acknolwedged by both
actors, asymmetric ties – where relationship is acknowledged

by only one actor, and null ties – where no relationship is
acknowledged. In networks describing well-developed com-
munities, mutual ties are an indication of trust and deeper col-
laboration, while asymmetric ties in these networks are often
an indication of differences in perceived status [9]. A dyad
census reveals the number of mutual, asymmetric, and null
(nonexistent) ties in a network, giving us insight into the level
of reciprocity within the community. In this way, the type of
tie between nodes is a way of indicating relative status be-
tween these two nodes. Status in a classroom is often tied to
students’ exam grades. Therefore, there should be a larger
score difference in asymmetric dyads than there should be in
mutual dyads on exams late in the semester.

By examining student group exam networks from two
semesters using the above centrality measures and analyzing
dyad properties, we will explore the following questions:

1. Do exam networks exhibit the properties of networks
describing well-developed communities?

2. Is exam performance a proxy for network status?

III. RESULTS

A. Sampling and procedure

Students in our study taking group exams recorded their
collaboration networks as described previously [1], by
recording who they worked with mostly and sometimes on
their exam answer sheet. While some students marked that
they “sometimes” worked with others, this response was in-
frequently chosen, and we therefore created our exam net-
works by considering only the “mostly” networks. This
analysis will focus on two classes which occurred in two
semesters (Fall 2015, “Physics 1” and Spring 2016, “Physics
2”). Both courses had 4 exams (3 midterm exams and 1 fi-
nal exam) given in the duplicate exam format. Students who
did not take all of the exams were removed from the sample,
leaving N = 44 students in the Fall semester and N = 36
students in the Spring semester. It should also be noted that
some students (N = 22) were in both classes. Therefore,
many students in the Spring semester were “experienced”
group exam takers from the beginning, while no Fall semester
students had taken group exams in this format before. In the
analysis below, we discuss correlations between network po-
sition statistics and exam scores, as well as engage in a micro-
analysis of pairs of students. All analyses were carried out in
the statistical programming language R[11], using packages
specifically designed for describing networks [10, 12].

Given the two-phase exam design, exams in this course
were designed to be more difficult than in an average course.
In general, the average score on the solo-phase exam was in-
tended to be between 50% and 65%, and the average group
exam score was intended to be above 75%. This pattern was
followed for all exams except exam 3 in Fall 2015. Both the
individual and group exams for Exam 3 were excluded from
analysis because the exam was poorly constructed, Lastly, we

445



will note that in these semesters, the two-phase exam was
combined with a take-home portion for exams 1-3. So for
these early exams, the number of questions was relatively low
(≈ 10− 15) and the distribution of scores is non-parametric.

B. Exam networks as social networks

As betweenness is a measure that takes the graphs global
structure into account, the betweenness statistics should be
more sensitive to higher-order connectivity in the class. Fig-
ure 2 displays the Empirical Cumulative Distribution Func-
tion (ECDF) for the betweenness statistic for the Fall and
Spring semesters. In other words, it is a cumulative proba-
bility distribution function. The value ECDF(x) is the proba-
bility that a random value drawn from a given distribution is
≤ x. The Fall semester exam 1 distribution is significantly
shifted to the left as compared to the exam 2 & 4 distribu-
tions, indicating overall lower betweeness in exam 1. We
compared the betweenness centrality distributions for each
semester using a two-sided Kolmogorov-Smirnov test (KS-
test), appropriate here due to the fact that these measures are
non-parametric. The KS-test statistic for two empirical distri-
butions is the maximum vertical distance between the ECDFs
of those distributions. The null hypothesis for each KS test
is that the distributions are the same, and we are testing at
a 95% confidence level. In the Fall, we found betweenness
scores were significantly lower on exam 1 than they were on
exam 2 (p = 0.006). Also in the Fall, we found betweenness
scores were significantly lower on exam 1 than they were on
exam 4 (p = 0.003). Comparisons between later exams in
the Fall (exams 2 and 4) do not reject the null hypothesis.
The fact that the betweenness distributions increased supports
the idea that the exam networks exhibited more properties of
well-developed communities as the semester progressed.

As the Fall and Spring semesters had different numbers of
students, betweenness distributions cannot be directly com-
pared. However, comparisons within the Spring semester ex-
ams can still be made. Given the fact that nearly two-thirds
of the Spring class had taken the Fall class with group ex-
ams, we expect that part of the social network structure de-
veloped in the Fall may be intact from day 1 in the Spring.
So the increase in the betweenness distribution observed in
the Fall is not expected in the Spring. In fact all comparisions
among betweenness distributions do not reject the hypothesis
that they are the same for all pairs of exams, with the excep-
tion of exams 2 and 4 (p = 0.018). By visually inspecting
the distributions (see Figure 2), we note that the difference
is most pronounced at higher betweenness scores. It is diffi-
cult to make any conclusions about why this might be. Many
factors, including exam timing and content, could be at play.
More study is clearly needed in this regard.
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FIG. 2. (Color Online) Cumulative probability of log(betweenness)
scores for (a) Fall 2015 and (b) Spring 2016 semester. Note that
since some of the nodes have a betweenness of zero, the plot does
not start with a y-value of zero due to the log scale.

C. Exam performance and status

Lastly, we performed an analysis of all dyads (pairs of
nodes) in each graph. Specifically, we examined differences
between asymmetric ties and mutual ties related to individ-
ual exam grade. Our goal in allowing open collaboration
is to promote the development of a well-connected learning
community. This is not to say that status differences will
go away over the course of student interactions. In fact, we
still note that there were a significant number of asymmet-
ric ties in the Spring compared to the Fall. Instead, we ask
if students can identify students of higher status and use that
knowledge to their benefit. Therefore, we compared the grade
differential on the individual exam of students in mutual vs.
asymmetric ties. When student networks are observed early
in the semester, we predict that the grade differential will be
the same for students in mutual vs. asymmetric dyads as stu-
dents haven’t gotten to know the physics skills of their class-
mates yet. However, as this knowledge of their peers devel-
ops throughout the semester, we predict that score differential
in asymmetric dyads will be higher than score differential in
mutual dyads. For this comparison, a mutual tie is the same as
two asymmetric ties between the same set of nodes. For each
pair of linked students, we calculated the score differential as:

diff = STo − SFrom (2)

where the STo is the score of the person who was mentioned as
a collaborator, and SFrom is the score of the person who men-
tioned the collaboration. By this definition, the distribution
of score differences for mutual ties must be both symmetric
and have an average of zero. On exams 1-3 in both the Fall
and Spring semesters, we found no significant difference the
grade difference distributions for mutual and asymmetric ties
using a KS-test at a 95% confidence interval. However, on
exam 4 (the final) for both semesters, a KS-test found sig-
nificant differences (p = 0.004 in the Fall, and p = 0.0009
in the Spring) between the score distributions. In particu-
lar, lower-scoring students tended to nominate their higher-
scoring peers more often in asymmetric relationships.
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FIG. 3. (Color Online) ECDFs of grade differential for students in mutual and asymmetric ties for Fall 2015 (a) Exam 1 and (b) Exam 4 and
Spring 2016 (c) Exam 1 and (d) Exam 4. Only on both final exams do we find a significant difference between exam grade differentials. Since
the blue curve is shifted to the right in (b) and (d), we observe that the score differential is larger for asymmetric ties than mutual ties.

IV. CONCLUSION

We explored the collaboration behavior of students in in-
troductory physics classes in Fall 2015 and Spring 2016 on
group exams administered in a open-collaboration environ-
ment. We found that students became better collaborators
as time progressed as the network became more connected
and students used information about status to their advantage.
One of the explicit goals of the instructor in these courses
is to develop community that expands beyond the term of
the semester, and pushes people outside of their initial peer-
groups. Open collaboration exams are an important step to-
wards reaching this goal.

Given our community building goal, we studied how each
student’s placement within the network becomes more cen-
tral to the network. As betweenness centrality is a measure
that takes the graphs global structure into account, we ex-
plored how betweenness distributions change over the course
of the semester. We found that betweenness increased during
the Fall semester, and held stable during the Spring semester
(when many of the students already had an established net-
work due to their experience with the instructor from the
Fall). This supports the idea that the exam networks exhibited
more social network properties as the semester and academic

year progressed.
Lastly, we discussed the different ways that pairs of stu-

dents interacted, noting whether ties between these pairs were
mutual or asymmetric. On all exams, except the final exam
each semester, there were no significant difference between
the score differentials of actors with mutual and asymmetric
ties. On the final exams, however, asymmetric ties were more
likely to go from low scoring to high scoring students. This
suggests that actors are becoming self-aware of their grade in
the class, and seeking help as needed. It may indicate that
students who share knowledge, do so freely, without making
a specific note of it and that students who seek knowledge are
more likely to acknowledge the source.

In the future, we will look to build on our dyad analysis re-
sults by looking at triad behavior. Transitivity—a property of
certain kinds of triads—is another tool for describing commu-
nity development and relative status within that community.
We plan to explore how transitivity relates to global network
position measures, as well as exam performance. We will
also study the different kinds of roles students play in the net-
work using techniques common in the social network analysis
field, such as block modeling and regular equivalence. Addi-
tionally, we plan on interviewing students taking group exams
to explore their perceptions of the group exam process and to
describe the ways that they choose to indicate collaboration,
potentially leading to the collection of multi-relational data.
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