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ABSTRACT
Online discussion boards serve an important role in college courses
by facilitating social learning and student support. However, the
student experience and learning outcomes are likely to depend
on the structure of student engagement with one another and the
teaching staff. Using social network analysis, we investigated the
network structure of 616 course discussion boards at a selective
research university. We first examine variation in discussion boards
using a wide range of composite metrics from the social network
analysis literature. We then develop a typology of discussion board
networks using principal component analysis and k-Means clustering to arrive at three clusters: dense discussion; distinct discussion
groups; and discussion brokers and hubs.

CCS CONCEPTS
• Applied computing → Learning management systems; •
Networks → Overlay and other logical network structures.
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INTRODUCTION

Online discussion boards are widely used in higher education to facilitate student discourse, community, and help-seeking, especially
in large lecture-based courses [21]. They are generally believed to
enhance students’ course experience [4, 6, 35] and their learning
outcomes [21]. However, how a discussion board is used by students
in a course can vary substantially and lead to different outcomes. To
understand this variation and its consequences, we need to develop
a measure of discussion networks that can scale across hundreds of
courses and capture variation along interpretable dimensions. Social
network analysis (SNA) techniques, in particular, have been used
to examine patterns in academic achievement [10, 18], student peer
relationships [28, 36], and instructional design [26, 27]. However,
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many educational research studies that use digital trace data are
not scaled or scalable to multiple learning contexts to understand
general patterns in student behavior. While some modifications to
algorithms and models may still be needed to fit different contexts,
there is significant value in establishing a standard typography of
course structures in higher education [7]. This typography could be
used to compare classrooms across various contexts and understand
the relationship between these structures and student outcomes.
We demonstrate the analytic process and scientific value of scaling classroom structures research by developing a typology of
discussion networks in college courses.We use SNA techniques to
quantify and explore the network structure of 616 course discussion
boards at a selective research university in the United States. Using
a range of composite metrics from the SNA literature, we examine
variation in discussion boards and develop a typology of discussion
board networks using principal component analysis and k-Means
clustering. This work contributes a general typography of online
discussion networks to the education literature.
Online discussion boards for college courses enable asynchronous social interactions between course participants using a standard set of interaction types, primarily writing posts and replying
to posts. Social Network Analysis is a method for exploring and
analyzing the structure of social interactions, which makes it a
natural method to choose for studies of social interactions on discussion boards [23, 33]. SNA relies on the two core components of a
network: nodes and edges. Network nodes can be defined in several
ways (students, posts, assignments, courses, etc.) and connected
with edge relationship, such as students replying to discussion posts
or students enrolling in the same courses. Once a network is defined
by its nodes and edges (and possibly edge weights and direction),
the SNA literature provides a rich set of metrics to describe the
properties of a network. The following network metrics are widely
used to describe the structure of networks:
Homophily is the tendency of nodes with similar characteristics to be more closely connected than nodes with different characteristics [22]. If nodes are students, their characteristics can be
socio-demographic, academic, or other background information. A
discussion network with positive socio-demographic homophily is
one where students with shared characteristics reply to each other.
Reciprocity is the likelihood that nodes in a directed graph are
mutual [33]. For student nodes in a discussion network, reciprocity
can measure the likelihood that two students reply to each others’
posts. A discussion network with a high reciprocity is one where
the students reply back to each other often.
Density is the ratio of actual ties to the potential ties [33]. For
each pair of nodes in a course, there is a chance for two directed
links, and density would be the percentage of those possible ties
present in the network. A discussion network with a high density
is one where all nodes talk to each other.

Diameter is the longest distance between any two students in a
course. A discussion network with a short diameter is one where
most students have directly replied to all other students discussion
post at least once.
Transitivity is a probability measure for the existence of interconnected communities of three or more nodes. For example, for
each triplet of nodes in a course (students A, B, and C), transitivity
is the probability that A and C will be linked if B is linked to both A
and C. A discussion network with a high transitivity is one where
students tend to form clusters with each other, where all nodes of
the cluster reply to each other.
Degree Centralization is a distribution score for node degree
centrality [33]. There are three measures of degree centralization
for a directed network graph: In, Out, and All degree. In-degree
centrality is the number of other nodes in the course that replied
to their posts. Out-degree centrality for a student is the number of
other nodes who replied to their posts. All-degree requires both an
In and Out edge for each node pair. The degree centralization for
each degree metric measures how evenly distributed the centrality
is amongst the nodes in the course. An example of a discussion
network with a high degree centralization is one where all nodes
have at least replied once to a single node.
Closeness Centralization is a distribution score for node closeness centrality [33]. Closeness for a student is the inverse of the
average path distance between the student and every other node.
Path distance is the number of links needed to connect two nodes in
a course. Closeness Centralization measures how evenly distributed
the closeness centrality is amongst the nodes in the course. A discussion network with a high closeness centralization is one where
a single node is the only replier or repliee.
Betweenness Centralization is a distribution score for node betweenness centrality [33]. The importance of each student for keeping the network connected is a students’s betweenness centrality.
A student with high betweenness could be a broker of knowledge
across different discussion communities in the course. Betweenness
centralization measures how evenly distributed the betweenness
centrality is amongst the nodes in the course. A discussion network
with a high betweenness centralization is one where a single node
is the only replier or repliee.
Most research on networks in education has studied either courselevel or university-level networks. These studies show that there is
precedence for applications of SNA in higher education, and that
SNA techniques can be used to understand various social phenomena in higher education. However, while previous network research
has occurred on the individual classroom scale and the university
scale, we are not aware of studies that examine course-level networks at the university scale. One reason for the limited research
on university course networks may be the lack of standardized data
collection across multiple courses at a university. The widespread
adoption of learning management systems has led to many classroom functions being assisted by technology, including submitting
homework, reporting grades and feedback from instructors, and
online written communication via discussions boards [1, 11, 32]. Educational researchers have recently started to use the data collected
by learning management systems [3, 16, 17].
Several in-depth network analysis studies have highlighted various interaction types and patterns among students [14, 28]. These

studies, frequently focusing on a small number of courses, explored
peer relationships [14], cheating [31], and student leadership in
course groups [29, 36]. A number of network studies in education
have examined social interactions in the context of massive open
online courses (MOOCs), which have thousands of learners in their
discussion boards [2, 9, 13, 15, 19, 37]. With the large number of
learners in MOOCs, SNA has proven effective at distilling insights
such as how discourse [9, 35] and course structure [2] affect learners’ course performance. For example, Dowell et al. [9] explored
how learners’ discourse is related to their network position and
academic performance. They found that discourse patterns of high
performers differed from those in central network positions, raising
questions about whether centrality measures alone can explain
course phenomena. This work inspired us to explore which discussion network measures are associated with academic achievement.
University-wide network analysis studies have examined issues
of student retention [10], organizational structure [20], and most
recently the spread of COVID-19 [8, 34]. For example, Eckles and
Stradley [10] used student organization rosters, class registration,
and roommate assignments to construct a network of relationships
among first-year students. The researchers found that centrality and
density measures were significant in predicting the likelihood of a
student being retained for the next semester. These studies demonstrate the usefulness of SNA for answering research questions involving large, diverse samples like an entire university community.
Our study uses university-wide data but applies classroom-level
SNA to many courses on campus.
Our overarching goal is to understand the variation in course
discussion networks. To accomplish this goal, we need to develop
a scalable approach to quantify variation in discussion networks.
We did not find prior work on which network-based measures
are effective at characterizing different structures of course discussion networks. Nearly all SNA studies in education focus on
egocentric metrics, such identifying students who are leaders [36]
or how a given student’s network position relates to their retention
in college [10]. In contrast, our goal is to characterize the entire
network structure (i.e. one value per network instead of one value
per student) to compare many networks. This leads us to pose the
following research question: Which network-based measures capture variation in student interactions on course discussion boards?

2 METHODOLOGY
2.1 Dataset and Context
The study sample consists of Canvas discussion post entries for
courses offered in a two-year period (2019-2021) at a selective research university in the United States. This period was chosen
because the Fall 2019 semester was the first semester where Canvas
was the official LMS, and Spring 2021 was the last full semester
of data in the dataset. We only analyzed Fall and Spring courses
with at least 50 reply posts in a course over the semester to ensure a critical mass of students and communication to construct
a network. Our final sample consist of 51,875 student-course observations for 17,330 students and 616 courses across 102 course
subject areas. Average course enrollment is 84.2 (SD=138) and the
average number of replies is 256 (SD=398). We further obtained
student enrollment information and sociodemographic data from

the Student Information System (SIS). The student demographics
are 57.2% female, 42.8% male, 23.8% URM, 35.3% White, 19.2% Asian,
13.4% Hispanic, 12.8% International, 7% Unknown, 6.9% Black, 5%
Two or More Races, 0.3% American Indian, 0.1% Hawaiian/Pacific
Islander; and 15.5% are first-generation college students.
We created a directed edge list from the Canvas discussion data
for each course using a Direct Reply characterization to define
network ties [12]. Thus, a directed edge is drawn if a person replies
to another. The data was analyzed using the iGraph [5] R package.
We calculated a set of standard network metrics (reviewed above)
for each course in the dataset:
Homophily: Four measures of homophily were calculated for
this study based on sociodemographic characteristics (Gender, Race,
Ethnicity, First Generation, Citizenship). Given that these measures
were categorical, we used Newman [25]’s assortativity coefficient
to calculate homophily scores for each characteristic.
Reciprocity: Reciprocity was calculated as the number of edges
that pointed in both directions divided by the maximum number of
possible double pointed edges, given at least one edge.
Density: Density was calculated as the proportion of actual ties
relative to the maximum number of ties possible.
Diameter: The diameter was calculated by finding the longest
shortest path distance between any two nodes in the network. Each
node needed to connect the two nodes raises the diameter by 1.
Transitivity: A global transitivity measure was calculated for
each course. We measured transitivity by counting the number of
edges in a closed triplet of nodes divided by the maximum amount
of edges possible if all node triplets were closed. Closed in this
calculation means that all three nodes in a triplet have an edge with
the other two nodes.
Degree Centralization: We calculated three measures for Degree Centralization, one calculating the distribution of in degree
centrality scores, another for the distribution of the out degree
centrality scores, and the last measure being the distribution of centrality scores for a network where only mutual ties are considered.
A mutual tie is created in a directed network when two nodes have
a double pointed edge.
Closeness Centralization: We calculated three measures for
Closeness Centralization: in closeness centrality scores, out closeness centrality scores, and centrality scores for a network where
only mutual ties are considered.
Betweenness Centralization: As opposed to the other two
measures of centralization that are directional (in or out), betweenness centralization is one measure for a directed network graph.
We calculated the network metrics for each course discussion
network to examine their distributions and correlations. Figure 1
shows the distribution of all metrics we considered (rescaling homophily metrics from [-1,1] to [0,1] for ease of presentation).

3

FINDINGS

We find that all metrics exhibit moderate levels of variation across
courses, which indicates that discussion networks differ along key
dimensions. Density, reciprocity, and transitivity have medians
below 0.5, which indicates that most discussion networks are sparse.
The higher levels of transitivity compared to density and reciprocity
are indicative of high clustering within many courses. Unlike the
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Figure 1: Distribution of each discussion network metric
across 616 college courses.
centralization metrics, which show many outliers, there appears to
be a wider spread of values for density, reciprocity, and transitivity.
We also find that closely related metrics of centralization exhibit
substantial variation in their medians and inter-quartile ranges,
suggesting that they are capturing different sources of variation
for the networks. In contrast, the four homophily metrics show
much less variability across courses and have a similar median.
A few courses exhibit assortativity based on sociodemographic
characteristics, but most courses have a homophily score between
-.2 and .2 (rescaled to [0.4,0.6] in Figure 1). Since most of the courses
in this sample contained numerical gender parity, looking at courses
on the extremes of gender homophily may offer insights regarding
inequities. In cases of unbalanced sociodemographic characteristics,
reviewing homophily scores alone is less informative.
To understand how the different metrics are associated with each
other, we examine their bivariate correlations and find multiple
clusters of metrics. The centralization metrics are highly intercorrelated, which is expected as they measure similar aspects of the
network structure. Reciprocity, transitivity, and density are correlated positively with each other, but negatively with the number of
students enrolled in a course. To address this course enrollment bias
for the rest of the analysis, we normalize each of these three metrics
by dividing by the course enrollment (i.e. number of nodes in the
network). The presence of strong positive and negative correlations
between many network features indicates that the dimensionality
of this metric space can be reduced. We performed a principal component analysis over all network metrics and found that over 50%
of the variance is accounted for by the first two components alone.
We continue with a two-component representation of the metrics,
but note that a three-component representation yields similar network clusters in the end. To understand what the two components
represent, we examine which metrics contribute the most to each of
them. We find that the first principal component is highly related to
centralization metrics, while the second component is most related
to reciprocity, density, and transitivity.
To identify clusters of discussion networks, we use k-Means
clustering over the two principle components. We determine the
optimal number of clusters using the within-cluster sums of squares,

Dense

Brokers/Hubs

Distinct Groups

could be an instructor, teaching assistant, or students asking about
topics of particular interest. Another interpretation of this network
structure is that students take turns leading the course for a week,
and the students can choose what technology to use for their week.
In this case, maybe only a few students choose to use Canvas, which
makes them stand out as topic leaders in the network on Canvas.
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Figure 2: Examples of discussion networks for courses in
each network type based on clustering.

average silhouette and gap statistics for values of k between 2 and
10. This consistently yielded 𝑘 = 3 as the optimal number of clusters. These three clusters are the basis for the proposed discussion
network typology. Upon closer examination of the three clusters of
discussion networks, we labeled them as dense discussions (red),
distinct discussion groups (green), and discussion brokers and hubs
(blue). We now describe the nature of each type of discussion network visualized in Figure 2.
Dense discussion networks are characterized by the number of
replies to multiple students. The distribution of edges suggests that
there are no set instructions/rules in the course for who students
should communicate with on the discussion board. These courses
have high levels of density, reciprocity, and transitivity. Figure 2
shows examples of two courses with this type of discussion network.
Both networks are dense but the bottom one has a few students on
the edge of the diagram with few connections, while most students
are concentrated in the middle. The students on the periphery could
have withdrawn from the course, explaining their minimal links,
or this could be a sign of disengagement. We hypothesize that this
network type indicates courses that grade course discussion.
Distinct discussion groups tend to have higher homophily
scores, which indicates that students only interact with a small
number of peers in the course and that the course does not have a
diverse sociodemographic enrollment. For example, if a course with
this network type has only five students out of 100 who identify
as students of color, most groups will look racially homogeneous.
Figure 2 shows examples of two courses with this network type.
The one on top shows distinct clusters with most discussion within
and little discussion outside of particular groups. The other course
is more connected across groups, but groups are still clearly present.
This structure could represent courses where groups change over
the semester, but only a few students actually switch groups.
Discussion brokers and hubs are networks with high centralization scores, which indicates that there are a few nodes that
are very central to the network, while most nodes have few edges.
Figure 2 shows examples of two courses with this network type.
Both networks appear to have a topic leader structure, with most
students replying to the posts of only a few other nodes. The leader

DISCUSSION

This study contributes new insights into the anatomy of student discussions in college courses. We used well-established network measures from social network analysis to develop a scalable typology of
discussion networks: Distinct Groups, Dense Groups, and Brokers
and Hubs. This typology can be used to understand how instructors
actively or passively shape peer interactions in their classes. This
has implications for the student experience in the course, specifically their sense of community and peer support, which are known
to influence student success in higher education [30]. The social
network structure could also influence inequities, for instance for
first-generation college students who benefit from being connected
with peers in the class. Structured learning environments have been
found to promote equitable participation [24]. The three distinctive
types of course discussion structures we found may generalize to
other institutions and enable similar inquiries. Our work demonstrates the utility of SNA metrics to capture variation between
different course discussion boards and how this variation could be
used in future work to explore connections with student achievement and sociodemographic achievement gaps.
Course instructors and teaching assistants have substantial control over the course and we expect that the observed discussion
board structure reflects the intentions of the teaching team. The typology we presented here could provide instructors with feedback
on whether students are interacting with each other in the class
as intended. Instructors could also use results from this study to
compare different instructional practices related to discussion posts.
For example, it could help an instructor evaluate the outcomes of
trying out new guidelines for the use of discussion boards in their
course. These insights provide new feedback loops that can help
inform and refine instructional practices for social learning and
support in courses. The results also have practical implications for
academic leaders who seek to encourage the formation of social
ties between students during their college experience. An overview
of course-level social networks could provide insight into how the
social experience relates to students’ college persistence and issues
of equity and inclusion. Future research can offer insight into how
discussion board structure and achievement outcomes are related.
We note two limitations of this initial study and directions for
future work. First, the context of this research is a selective research university during a period of time that included in-person
instruction and a transition to online learning due to the COVID-19
pandemic. These contextual factors influence our findings and we
therefore call for replications of this analysis at other institutions
with access to LMS data. Second, while using replies of a discussion
board to create a network depicts one type of structure, more information in terms of the content of the posts could lead to another
type of structure. Future research could examine the content of
the posts to create different types of links such as characterizing

supportive, dismissive, and other types of connections between
students.
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