Using Social Network Analysis on classroom video data
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We propose a novel application of Social Network Analysis (SNA) using classroom video data as a means
of quantitatively and visually exploring the collaborations between students. The context for our study was
a summer program that works with first generation students and deaf/hard-of-hearing students to engage in
authentic science practice and develop a supportive community. We applied SNA to data from one activity
during the two-week program to test our approach and as a means to begin to assess whether the goals of the
program are being met. We used SNA to identify groups that were interacting in unexpected ways and then to
highlight how individuals were contributing to the overall group behavior. We plan to expand our new use of

SNA to video data on a larger scale.

I. INTRODUCTION

Many studies have shown that student persistence and re-
tention in college is strongly related to students’ sense of be-
longing and community [1, 2]. In recent years, there have
been several programs developed to engage students in au-
thentic science practice while fostering supportive commu-
nities [3]. In assessing the effectiveness of such programs,
it would be useful to have a way of characterizing students’
interactions and connections within the community.

Social Network Analysis (SNA) is a quantitative approach
used to measure and explore social interactions and com-
munication between individuals within a group, or network.
Typically, these networks are created using survey data where
students are explicitly asked to name individuals with whom
they interact in some manner. We present a novel applica-
tion of SNA to networks created from qualitative analysis of
classroom video data.

In this paper, we briefly present the Social Network Analy-
sis framework and how we have adapted it for use with class-
room video data. Then, we present a preliminary analysis of
our data and discuss how SNA could be applied to these data
to address additional research questions.

II. SOCIAL NETWORK ANALYSIS (SNA)

Social Network Analysis (SNA) has its roots in quantitative
sociology and is built on the idea of structural centrality [4].
The core of all network analysis is the identification of nodes
and ties. In a social network, the nodes represent individual
people in the network. A tie is a link between two nodes and
typically represents an interaction or communication transfer
between two people. Sometimes ties are directional, where
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the person who initiates the interaction is called the source
and the person who receives the information is the rarget.

In network graphs, nodes are represented as dots and ties
are represented as lines between two nodes, or as arrows if di-
rectional information is included. For networks where there
are multiple ties between nodes, the number or thickness of
the ties is used to represent the relative strength of the inter-
action between nodes.

In recent years, the Physics Education Research (PER)
community has taken up SNA as a tool to characterize partici-
pation within communities of interest (e.g., a physics learning
center [5] or the PER community itself [6]). In addition, sev-
eral studies have used SNA to quantify interactions in order to
explore their impact on other constructs relevant to learning
(e.g., course grades [7], self-efficacy [8], persistence [9]).

In most of these studies [5, 7-9], ties were identified us-
ing self-reported data from a survey where participants name
individuals with whom they interact. We propose an applica-
tion of SNA where ties are instead extracted from qualitative
analysis of classroom video data.

In the following sections, we discuss the context of our
study (III), describe how we identified ties from our data (IV),
present some preliminary analysis (V), and discuss additional
ways that we plan to apply SNA to these data (VI).

III. WHAT IS IMPRESS?

The context for the present study is the Integrating
Metacognitive Practices and Research to Ensure Student Suc-
cess (IMPRESS) summer program, which is a two-week
program for matriculating Rochester Institute of Technol-
ogy (RIT) students who are first generation students and/or
deaf/hard of hearing students (DHH) [10]. This program is
designed to serve as a bridge program for students to learn
how to reflect on, evaluate, and change their own thinking
through intensive laboratory experiments, reflective practices,
and discussion both in small groups (3-4 students) and with
the whole class (20 students). The main objectives of the IM-
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PRESS program are to engage students in authentic science
practice, to facilitate the development of a supportive com-
munity, and to help the students reflect on the science and
themselves in order to strengthen their learning habits and
lead them to a stronger future in STEM fields.

We are interested in characterizing and exploring this de-
veloping community. While it is difficult to track overall
community development by simply observing interactions,
the quantitative aspect of SNA allows us to better character-
ize the formation and evolution of the IMPRESS community.
We analyzed how the patterns of interactions vary over the
course of the activity for the different groups. In addition, we
distinguish between the on-topic and off-topic interactions to
help us characterize the amount of time students are engaged
in the science versus time they are building social commu-
nities, noting that both of these practices support community
building in science classrooms [11].

IV. DATA COLLECTION AND CODING

Prior to program, all students were assigned pseudonyms
which we used in all subsequent analysis. As a part of their
application, students self-identified according to gender, eth-
nicity, and hearing status. These data were linked with each
pseudonym to allow for analysis along these lines.

Cameras were set up at four (out of five) tables to ob-
serve activities and interactions. For this preliminary anal-
ysis, we focused on a single small group activity on the ninth
day of the program where students were trying to come up
with equations to represent the carbon cycle based on their
work and experiments earlier in the program. While the stu-
dents were working on the assignment, the instructor and two
learning assistants (who were previous IMPRESS students)
circulated the room interacting with different groups.

After an inspection of the video data, we chose two-minute
clips as our unit of analysis. We began our coding as the in-
structor finished the instructions for the task and ended as he
introduced the next task (42 minutes, 21 clips). Interactions
were coded using Behavioral Observation Research Interac-
tive Software (BORIS) [12].

For each two-minute clip, we coded only whether an inter-
action between two individuals occurred, but not how many
times it occurred. Moreover, we considered all interactions to
be directional with an identified source (the person sending
information) and targets (individuals that received the infor-
mation). We developed a detailed codebook where we de-
scribed what counted as an interaction and how it might vary
for hearing and DHH individuals.

In addition, we coded each interactions as either being on-
topic or off-topic. On-topic interactions were those involving
conversations related to the activity, to the IMPRESS pro-
gram or to STEM education; all other interactions not related
to education were classified as off-fopic.

Recognizing the occurrence of interactions and classifying
them as on- or off-topic may depend on the interpretation of
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the codebook. To minimize the effect of such interpretations,
we conducted inter-rater reliability tests. Seven random clips
of the video data were coded and compared by three coders
with initial agreement of 88%. Discrepancies were discussed
and the definitions of the coding schemes were revised. The
clips were then recoded by all three coders with the new cod-
ing definitions with 98% agreement. The remainder of the
episode was coded by one of the coders.

V. ANALYSIS AND DISCUSSION

For our preliminary analysis, we focused on the interac-
tions within each small group. Thus, we removed all ties
to instructors or between members of different groups. The
groups were self-selected and had been together since Day 4
of the program. All groups had at least one student who iden-
tified as DHH. Groups 1 and 4 were mixed gender; Group 2
was all male; and Group 3 was all female. Groups 1, 2, and 4
each had four people, whereas Group 3 only had three.

In our analysis, we considered two cases: (1) interactions
within individual two-minute clips (as described in Sec. IV)
and (2) weighted interactions over multiple clips (averaged
data). For the weighted network, we aggregated four (non-
overlapping) clips per bin (8 minutes). Due to an odd number
of clips, the last bin contained five clips (10 minutes). We
then plotted these individual and averaged data over time.

The first point of comparison between groups was how
many interactions occurred overall. Given the differing num-
bers of group members, we normalized by the total possible
interactions for each group.For a two-minute clip, there are 24
possible interactions for a 4-person group and 12 possible in-
teractions for a 3-person group. The data for the full episode
are shown in Table I. Based on this table, Groups 2 and 4
appear to interact less than Groups 1 and 3, but examining
averaged and normalized data over time (see Fig. 1) shows
no clear discernible patterns of difference between groups.

We also wanted to explore how the frequency of on-topic
and off-topic interactions changed over time. Figure 2 shows
the percentage of on-topic ties for each group over time, both
for individual clips and averaged data. Unlike the overall
number of ties, we see clearly different behavior between
groups when looking at the percentage of on-topic ties.

Given that we began as the instructor was finishing the in-
structions for the task, we expected to see a relatively high (or
increasing) number of on-fopic interaction as the students be-
gan working on the activity and then an increase in off-fopic

TABLE I. Total number of ties during the episode by group.

Groupl Group2 Group3 Group4
Total # of Ties 257 218 119 203
# of Possible Ties 504 504 252 504
# of Ties (normalized) 0.51 0.43 0.47 0.40
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FIG. 1. Number of on-topic ties by group normalized and averaged
by the total possible ties in each bin. The first four bins contain 4
clips each (8 min) and the last bin contains 5 clips (10 min).

interactions as groups began to wrap-up the activity. The be-
havior of Groups 1 and 4 mostly follow this expected pattern.
However, Groups 2 and 3 exhibit more unexpected behavior.
The trend for Group 2 is strongly declining towards off-topic
most of the time while Group 3 stays on-topic the whole time.

To get a better sense for how individuals might be con-
tributing to the overall patterns, we created weighted network
maps for each bin, where each arrow represented a directed
interaction and gender and hearing status were included as
color and shape, respectively. Figure 3 shows the network
graphs for the last bin (32-42 minutes) with (a) all ties, (b)
highlighting on-topic ties, and (c) highlighting off-topic ties.
This bin was chosen to highlight the differences in the groups,
though we find it to be a good representative of the groups’
behavior at other times as well.

While it appears in Fig. 3(a) that the students interacted
with all group members overall, Figs. 3(b) and (c) indicate
that some students are primarily interacting only on-topic
(e.g., Jack and Daniel) or only off-topic (e.g., Herb).

When looking at the on-fopic ties in Fig. 3(c), the most
striking thing is that Herb, in Group 2, does not initiate or
receive any on-topic interactions during this ten-minute time
period. This suggests Herb’s involvement in the group’s dy-
namic may be one of the reasons for Group 2’s off-topic trend
towards off-fopic conversations that was noted in Fig. 2.

In order to more closely examine Herb’s role in the group,
we compared the number of outgoing ties for on-fopic and
off-topic interactions for each student in Group 2. As can be
seen in Fig. 4, Herb has more outgoing off-topic ties (48) than
any other group member, including Jakob (41) and Brett (31).
Even more telling is that he initiates significantly more off-
topic (84%) interactions than on-topic interactions (16%).
This provides additional evidence that Herb may be at least
part of the cause of Group 2’s off-fopic trend.

Figure 4 also shows that although BJ initiated more on-
topic than off-topic interactions, he contributed to the discus-
sion much less overall than the other group members. Since
BJ was the only member of Group 2 who identified as DHH,
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FIG. 2. The unfilled circles connected by thin lines represent the
percentage of on-topic ties in each individual clip by group. The
solid dots connected by thick lines represent the average percentage
of on-topic ties in each bin by group. The first four bins contain 4
clips each (8 min) and the last bin contains 5 clips (10 min).

this result suggests a closer look at how DHH students partic-
ipate differently than hearing students.

In Fig. 3(c), we see the students in Group 3 exclusively
interacting on-topic. 1In fact, this group had no off-topic
interactions amongst themselves during the entire activity
(see Fig. 2), which suggests that this table may not be actively
developing as a community.

We plan to perform similar analyses for other activities
to determine if the behaviors seen here are typical of these
groups. We also plan to compare individuals’ behavior to
earlier in the program when they were in different groups.

VI. CONCLUSIONS AND FUTURE WORK

Social Network Analysis is wonderful tool to quantify in-
teractions between individuals in a group. While SNA has
historically used data from surveys where participants self-
report connections, it has not been used for analysis of video
data. We applied SNA to one activity from the IMPRESS
summer program at RIT to test our approach and begin to
explore whether the goals of the program were being met.

Using SNA with classroom video data allowed us to visu-
alize and analyze the interactions between groups and indi-
viduals within our network. More importantly, our distinc-
tion between on-fopic versus off-topic interactions helped us
to begin to assess whether the group behavior was as expected
- with a balance of engagement with science and community
formation - or whether there were some groups or individuals
that exhibited unexpected behavior. Graphing on-fopic ties
over time identified one table that may not be developing as
a community in the way the program intended. The network
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FIG. 3. Network graph for the last bin (32-42 min) (a) showing all ties, (b) highlighting on-topic ties, and (c) highlighting off-topic ties. Node
color denotes the gender of the student (blue = male; pink = female). Node shape indicates hearing status (circle = hearing; square = DHH).

# Outgoing Ties for Group 2 by Topic

Brett

90
B Off-topic ties

s On-topic ties

60
45
30
15

Herb BJ Jakob
FIG. 4. Number of outgoing ties for each member of Group 2 based

on whether they were on-topic or off-topic.

graphs pointed to a possible cause of another group’s trend
toward off-topic interactions: Herb. Looking at directional in-
formation supported this conclusion but also revealed a more
complex group dynamic.

We have shown that it is possible to extract data from class-
room video to create and analyze social networks. Our pre-
liminary analysis only begins to scratch the surface of what

Social Network Analysis can do. As mentioned earlier, we in-
tend to extend this analysis to other activities at various points
in the program. We will use these data and SNA to explore
how individual and group interactions change over time. We
will also look more closely at how communication patterns
are impacted by different aspects of student identity such as
gender, ethnicity, hearing status, or being a first-generation
college student. Finally, we plan to extend this analysis to
look beyond the interactions within individual groups to their
interactions with instructors and other groups.

Thus, Social Network Analysis will allow us to character-
ize the participation of students in the IMPRESS community
to better assess how this program is achieving its goal of
helping students to develop as STEM professionals.
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