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« The goal is to tighten the analytics cycle of data leading to
insights on student needs and improvements in student support.

« We focus on social learning, where students learn through social
interaction, e.g., via observation, help exchange, and discussion.

Contributions

* Propose a pipeline and component models for data
infrastructure, learning process analysis, and intervention.

« Demonstrate an application of the pipeline to real data to
examine goal-setting behavior as qualifications of role models.

DiscourseDB (http://discoursedb.github.io)

« Maps diverse forms of textual conversations and social interactions
iINnto a common structure.

« Enables the subsequent components—Ilearning process analysis and
intervention—to apply the same tools to different data with little

Course Context

edX

Conventional xXMOOC Platform

Self-Regulated Learning Platform

modification.
« Allows annotating entities and text spans
manually or automatically.

« Keeps track of changes in relationships
between entities and in the content of
textual contributions.

Temporal Bayesian Network

« Represents the building blocks (states) of
learning process as

 Distribution over discussion topics (6)

Data Infrastructure
unifies social interaction
iINto a uniform interface
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Entity-Relation Model
Contribution cregtes User
revises
reply-to* e.g.,posts, comments, deletes e.g., students, users
J| utterances follows
composes follows
Discourse

e.g.,forums, social
media

*DiscourseDB allows defining arbitrary relations between
contributions, avoiding data-specific tables.

Recommender System
e Draws upon insights from the learning

* Distribution over discussion media (?)

« Transition probabilities to other states
for each social connection type ()

Discussion Media (e.g.)
- Blog, Twitter, Forum

Social Connection Types (e.g.) 00 0O
« Follows goal-setting peers L @i/

 Follows no one

Input
« Each student’s discussions and social
connection types over time

Output . 1
» For each state: discussion topics and BROaOi
media, state transition probabilities o

« For each student: state sequence

Findings from Application

« Learning process analysis finds that students who follow goal-setting
peers show positive learning behaviors:

« Staylong in the course.
- Engage in hands-on practices.
« Revisit learning materials across the course.

« Recommender system finds that

« Explicitintervention is necessary for helping students be aware of
qualified students and interact with them.

« Our algorithm effectively matches qualified students to relevant
discussions while satisfying the constraints.

« DiscourseDB eases similar analysis and intervention on different data.

Learning Process Intervention process analysis and aims to foster beneficial
Analysis models helps students social connection among students.

learner behaviors engage in » Recommends discussions to qualified
conditioned on beneficial social students.

social connection interaction « Allows the discussants to interact with the

qualified students.

Relevance Prediction

« Relevance between students and
discussions is calculated using:

» Students’ expertise & motivation.
» Discussion’s length & popularity.

Student features

Relevance
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Discussion features

Constraint Filtering

« Helpful recommendation also R
requires constraints:

» Every discussion has at least one
qualified student.

» A student is not overloaded.

Penalty on workload
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