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uation of Large-Scale Educational Network
. Social Network Analysis

I Nt rOd U CtiO N I_ DURING THE STUDY —I— AFTER THE STUDY

Research shows that under certain conditions, social interactions relate to student
performance and retention. As a result, researchers frequently deploy Social
Network Analysis (SNA) methods for identifying and incentivizing positive social
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educational context. To address this issue, this presentation describes our current
work to disambiguate large scale social network data.
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Figure 1. Survey responses are downloaded into an excel spreadsheet (A). Each

person in the network is assigned a “node”, and ties between nodes are consolidated
into an adjacency matrix (B). The adjacency matrix is analyzed statistically and used RESUltS Conclusions
to create sociograms (C) for visual analysis.

Figure 2. The overarching disambiguation task stages, with a survey response beginning ambiguous (red) and filtering to a resolved node (green).

The methodology outlined by Figure 2 was This manual disambiguation process provided two key results outside of the primary study:
effective in consolidating the ambiguous
Methods

—_— = network data; creating a best estimate of the
We organized the overarching network development task into discrete stages to filter § complete network for further study. This work

responses according to unique name-ambiguity circumstances. To complete these developed procedures for future researchers to
stages, we relied on a hybrid blend of automation rooted in Excel and python, with efficiently consolidate network data.
following manual substitution.

1. A framework for coding hybrid and disambiguation methods
2. A “best estimate” of a disambiguated network for testing and validation of automated
methods

We will use these results for preparing an algorithmic equivalent, deploying agglomerative
hierarchical clustering, to provide efficient means for large scale network development.
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