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Motivation

● How to define a successful MOOC?
● How to define course completion?

○ 38% of user-course pairs were active for at least one week
○ ~9% of students were “active” for at least half of the weeks of a course
○ 0.08%  of student enrollment logs had a date of completion
○ 37% of computed final scores were missing
○ 45% of non-missing computed final scores were 0

● How to define engagement?
● Are there recurring patterns of interaction across courses, users, and time?



The Data

● Canvas Network open 
courses released by 
Harvard Dataverse

● January 2013 to July 2016
● ~380 courses
● ~400,000 students 

enrolled
● User page views 

(requests)

A sample of the star schema structure



Typology of learning behaviors of students in 
online courses - Co Tran

Motivation : - Previous studies of student learning pattern researched on the 
sample size of 1 or 2 courses. 

Objective : - Studying the learning behaviors of students in the scale of 
multi-course using cluster analysis.



Method

Course-wise features 
computing normalized 

by the number of 
students

Courses cluster 
analysis(Hierarchical, 

K-mean, DBSCAN) - extract 
the characteristics of 

courses

Choose a cluster based 
on low variance features 

and distinctive 
characteristics

Extract the student ids in the 
cluster and computed page 
views by content (requests) 
features.
Divide the page views by 
quartile time intervals 
(0-25%,25-50%,.... And 
normalize by the length of 
course, 

All time behaviors:
What are the consistent learning 
behaviors through the courses?

Time dependent behaviors:
What are the learning behaviors at 
each time period? How do they 
change through the courses?

Students cluster 
analysis(Hierarchical 

Cluster Analysis)



All time behaviors approach - Characteristics and 
student outcomes explained

Cluster 2: low engagement in 
discussion and reading wiki 
pages, high engagement in 
assignment and low average 
score.

Cluster 1: high engagement in 
discussion and reading wiki pages 
and higher average score.

Cluster 3: has low engaging in 
every activity especially in 
assignment, discussion, and 
reading wiki pages.



All time behaviors approach - Characteristics and 
student outcomes explained



Results - Time dependent behaviors approach

Cluser 1: normal 
engagement in all 
activities.
Cluster 2: low 
engagement in all 
activities.
Cluster 3: high 
engagement in all 
activities



Changes in the memberships of clusters



Interesting findings

- Cluster 1 in both approaches has the same memberships 

              The learning behaviors of students in cluster 1 are mostly the same in each intervals of time as 

well as throughout the courses.

- The exchanges in memberships of time dependent behaviors approach mostly 
appear in cluster 2 (low engagement) and cluster 3 (high engagement).



Data Visualizations
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Data Visualizations



Data Visualizations
Distribution of Courses per Student

Avg % of quizzes a student completed per 
course vs. courses per student



Data Visualizations



Data Visualizations



Weekly Interaction Clustering
user id course 

id
week count 

social
count 

quiz subs
count 
other

label

876763763 3425142 23 0 8 1 ?

876763763 3425142 25 2 0 0 ?

876763763 9812343 5 4 2 0 ?

892332345 1434241 57 3 5 2 ?

... ... ... ... ... ... ...

CLARA (Clustering Large Applications)
● Draw a random sample D' from the 

original dataset D
● Apply PAM (partitioning around medoids) 

algorithm to D' to find the k medoids
● Use these k medoids and the dataset D to 

calculate the current dissimilarity
● If it is smaller than the one you get in the 

previous iteration, then these k medoids 
are kept as the best k medoids

● The whole process is performed a 
specified number of times

● In this case, I used 5,000 samples of size 
10,000

n = 480,000



Weekly Interaction Clustering

The “elbow” in the plot suggests an optimal number of 
clusters, as this is the point where each additional 
cluster only reduces SSE by a small amount.



clust
er

social 
interactions

quiz 
submissions

non-assess
ment 

activities

label + interpretation

1 2.99 0.217 3.72 M – moderate activity in all three 
features

2 1.13 0.440 1.00 L – low activity in all three features

3 4.15 1.94 0.00 S – mostly social interaction; no 
non-assessment activity

4 1.50 10.7 0.057 Q –  most quiz submissions

5 0.286 0.252 2.00 A – moderate non-assessment; low 
quiz and social

6 .0146 0.239 8.74 N – mostly non-assessment activity



user id course id week count 
social

count quiz 
subs

count 
other

label

876763763 3425142 23 0 8 1 Q

876763763 3425142 25 2 0 0 S

876763763 9812343 5 4 2 0 S

892332345 1434241 57 3 5 2 M

user id course id engagement string

876763763 3425142 OOOEEEEEEMLQSEAENOOOO…

876763763 9812343 OOOQEEANEEOOOOOOOOOO….

892332345 1434241 OOOOOSSEEEELLEEOOOOOO…

Creation of interaction 
string for each 
user-course. For weeks 
with no interaction, E 
represents ‘enrolled in 
course but didn’t 
interact with it’ and O 
represents weeks 
before or after the 
course’s official 
start/end dates.





Early Warning Approach

1: Nationally, the average 6-year graduation rate is 60\%. 

2: In universities or online courses with high enrollment, faculty and advisors are unaware of the challenges faced by students 
until the end of the semester.

3: Students without up-to-date help would fail in classes and can't graduate on time.

4: An early warning approach is a tool that can help instructors to identify students at-risk of receiving poor grades







Feature Description (Course Feature)
CourseLen:  How long a course is.

Type: There have 12 different discipline courses in database.

Size: denoted how many students register for this course.

#Q: The total number of quizzes of a course.

#A: The total number of assignment of a course



Feature Description (Student Feature)
QSubmission: How many quiz submissions of a student made before a specific timing.

QScore: How many scores student earned based on the submitted quiz and normalized the value by comparing the average 
quiz score of the class. 

QAttempt: The average attempts times of the submitted quiz made by one student.

QTime: The average spending time of the summited quiz made by one student.

ASubmission: Same with QSubmission

AScore: Same with QScore

Acperday: How many times a student access to course management system



Basic Framework



Final Thoughts









Full Paper Available



Thanks for this summer


