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Modeling Problem Solving in Massive Open Online Courses

by

Fang Han

Submitted to the Department of Electrical Engineering
and Computer Science
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Master of Engineering in Electrical Engineering and Computer Science

Abstract

Massive Open Online Courses (MOOC) have presented a completely new style of
learning and teaching that also brings us a massive amount of student behavioral
data. Some of this data is exclusive to the MOOC environment. It opens up many
possibilities for educators to study a question they have always wanted to answer:
how do students solve problems?

In this thesis, we present and address some of the numerous challenges one en-
counters during the process of mining MOOC data to answer this seemingly simple
question. We describe in detail, using the data from MITx’s 6.002x Spring 2012
course offering, a large scale, mixed automated and manual process that starts with
the re-organization of MOOCdb source data into relevant and retrieval-efficient ab-
stractions we call student resource trajectories and answer type transition matrices.
This step must be interleaved with meticulous and painstaking automatic and manual
curation of the data to remove errors and irrelevancies while aggregating redundan-
cies, reducing noise and assuring meaningful, trustworthy variables. Regardless, only
an estimation of student resource usage behavior during problem solving is available.
With all student trajectories for every problem of 6.002X extracted, we demonstrate
some analyses of student behaviors for the whole student population. These offer some
insight into a problem’s level of difficulty and student behavior around a problem type,
such as homework. Next, in order to study how students reached the correct solution
to a problem, we categorize problem answers and consider how student move from
one incorrect answer to their next attempt. This requires extensive filtering out of
irrelevancies and rankings. Detailed knowledge of resources, as would be expected of
an instructor, appears to be crucial to understanding the implications of the statistics
we derive on frequency of resource usage in general and per attempt. We identify so-
lution equivalence and interpretation also as significant hurdles in obtaining insights.
Finally, we try to describe students’ problem solving process in terms of resource use
patterns by using hidden Markov modeling with original variable definitions and 3
different variable relationships (graphical structures). We evaluate how well these
models actually describe the student trajectories and try to use them to predict up-
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coming student submission events on 24 different selected homework problems. The
model with the most complex variable relationships proves to be most accurate.

Thesis Supervisor: Kalyan Veeramachaneni
Title: Research Scientist

Thesis Supervisor: Una-May O’Reilly
Title: Principal Research Scientist
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Chapter 1

Introduction

In recent years, a new form of online teaching has gained enormous popularity and

attention. Massive open online courses (MOOC) are courses that are open to anyone

on the web to enroll and participate. They are often offered by top universities and

mirror the same courses taught on campus. Numerous MOOC platforms have been

established and have rapidly attracted thousands of students and educators from all

around the world.

The MOOC platforms present a new way for instructors to teach and for students

to learn. Students are given complete freedom on what, when, and where to learn.

The MOOC environment allows instructors to pose problems to their students in

an automated but interactive environment. In contrary to the traditional campus

pen and paper environment, MOOC allows students to attempt each problem mul-

tiple times while receiving real time feedback on their correctness. Students answer

questions under an open-book policy where they can consult any available resource

within or outside the courses. Online collaborations with other students are also made

possible in the course forums.

New forms of student behavioral data that are unique to the MOOC environment

are captured while students interact with the course platform. Since students must

access the course materials, such as textbooks, lecture videos, assignments and exams,

exclusively through the course platform, their activities, which could be as small as

a mouse click, are recorded by the browser or platform servers. The MOOC data
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allows us to analyze and mine information from detailed and new aspects of student

behaviors, some of which are only present this unique environment. This brings new

possibilities for us to answer the questions we have always had on student learning.

1.1 Questions We Want to Ask

All educators want to know how students solve problems, because a big part of the

student learning experience involves the process of problem solving. In different prob-

lem solving contexts, such as when a student is completing a homework assignment

or being tested on an exam, there are two aspects of the process that instructors are

especially interested in:

1. What are stopping students from reaching the correct answer? Are there any

misconceptions that they have fallen into or conceptual barriers that they

must overcome to solve the problem? Instructors also want to know why

students still have some misconceptions after learning.

2. What have helped students along their problem solving process to reach the

correct answer? Instructors are especially curious about what resources have

helped students transition from incorrect to correct answers.

1.1.1 Misconceptions, or Conceptual Barriers

The first set of questions we asked are focused on finding the reasons behind why

students fail to answer a question correctly. This will allow instructors to provide

better assistance to them and to continuously refine the course materials if necessary.

There are many reasons that students could have reached an incorrect answer. They

could have mastered the concepts or skills required for the problem, but still make an

error possibly due to small errors. On the other hand, they could have misconceptions

or lack of understanding of the concept that enables them to solve the problem and

therefore are having the wrong approach or no approach at all. For those students,

there are certain conceptual or skill barriers that they must overcome to be able to

16



solve the problem.

Under the traditional pen and paper style of teaching, it is rather simple for in-

structors to know where students are stuck through reviewing the work that students

have submitted or directly interacting with them. The work students turn in for each

problem reveals how they have approached and solved the problem. Additionally,

when students have questions about homework assignments, they could also ask the

instructors or teaching assistants for help. The teaching staff will then know where

students are stuck and whether there are common misconceptions that they are hav-

ing. This helps instructors to reflect on how the course could have been improved in

terms of course contents and the way of delivering them to students. This also allows

instructors and teaching assistants to subjectively decide partial credit for a problem

and provide much richer feedback to the student.

These approaches are not available in the MOOC environment, where interactions

between instructors and each individual student are infeasible due to the massive pop-

ulation of students. Additionally, the current state of the online learning platforms

only provides access to the final answers that students have submitted for each prob-

lem rather than allowing them to show their work. Our goal is to infer from the

massive volume of student trajectories through course materials and problems com-

mon patterns that may be indicative of conceptual barriers that are hindering them.

Identification of these patterns can enable richer feedback to the students with partial

credit for their solutions, and aid in evolution of the course by enriching material that

helps to overcome the common misconceptions.

1.1.2 What Resources Are Useful?

The second set of questions we are interested are focused on resources that have helped

students during their problem solving process. For example, if a particular page in

the textbook is very useful for clearing up a misconception that many students could

have, the instructors could emphasize and recommend that page to anyone else that

is stuck at the same place.

In a traditional classroom, students usually complete their assignments outside the
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classroom where their activities become impossible for the instructors to keep track

of. Instructors cannot obtain information such as what textbook pages the students

have read or whether they had reached any incorrect answer along their path. While

it is possible for instructors to survey the students with questions such as how much

time they have spent on an assignment and what have helped the most, data collected

this way can be inaccurate and coarse. It is difficult to collect data as detailed as

on a per problem basis unless students are restricted to a monitored environment.

However, in the MOOC environment, the complete sequences of events, including

resources that students have consulted and answers that they have submitted, are all

captured.

1.2 Contributions

While in a MOOC environment, we can neither interact with the students as we do

in a traditional class room nor look at their individual work, our contribution is to

extract common data-based patterns of student engagement that will help the MOOC

platform to provide personalized advice to improve problem solving based learning.

Our contribution is a strategy that focuses on supporting resource recommendations,

such as specific textbook pages. Recommendations can be derived by looking at

resource consultation of past students who have successfully answered or how they

have incorrectly answered a problem. Because of the MOOC data, it is possible for

our recommendations to be as detailed as specific locations of resources or after

Because problem solving is inherently complex, even the framing of investigative

questions into its nature is challenging. While in this thesis we are focusing on

narrow questions in order to be direct and clear, this does not make our questions

simple to address. The process of mining data from a large cohort of students presents

numerous challenges. In this thesis, we take the first ever steps in the MOOC space

to systematically address these challenges. Our contributions include, for the first

time:

Student resource usage data abstractions
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Identified a set of data abstractions that are efficient and useful for MOOC-scale

problem solving modeling. In particular, we defined:

• an abstraction which shows each student’s problem solving trajectory based

on resource consultation and submission answers, and could probabilistically

describes the likelihood of each student trajectory.

• an abstraction which shows student transitions between different submission

answers in the form of a transition matrix.

• a framework for curating those abstractions and extracting qualitative and quan-

titative variables at the MOOC-scale.

Initial modeling questions

Defined clear model-based investigative questions that assume student problem solv-

ing behavior has latent state, and developed models which attempt to capture this

state with latent variables.

Methodology for modeling at scale

Presented a methodology for learning models at the MOOC scale.

Analytics and visualizations for instructors

Presented a framework for extracting qualitative and quantitative variables and cre-

ating analytics and visualizations related to student behaviors.
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Chapter 2

First Look at a MOOC Course and

Data

For this study, we exclusively focused on the 2012 Fall offering of 6.002x: Circuits

and Electronics. It was the first MOOC course ever offered on the MOOC platform

edX. Before we try to work with the MOOC data that has been collected for 6.002x,

we should first understand the structure and raw data format of a MOOC course.

2.1 Course Overview

MOOC courses divide materials into weekly modules in the same way traditional

courses do. The exact format for each course could vary depending on the contents and

the platform, but the overall structures are similar. A week of materials will include

sequences of captioned lecture videos intertwined with lecture quizzes. Figure 2-1

shows an example of the lecture video page from week three of 6.002x. Students can

easily navigate between videos and also between different weeks. One or multiple

sets of homework or lab questions could be released every week. Midterm and final

exams are held in the middle and at the end of the whole course. Students are being

graded on weekly assignments and the exams. They must earn at least a grade of C

to receive the certificate for completion of the course.

The MITx course 6.002x: Circuits and Electronics is an introductory electrical
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Figure 2-1: Week 3 of 6.002x

engineering course that is parallel with the 6.002 course offered to MIT students on

campus. A total of 154,764 students registered for this course, and 7,157 of them

eventually earned a certificate which indicates completion of the course [7]. Only

26,349 students looked and received at least one point. By the end of the course,

8,240 students looked and received at least one point on the final exam.

2.2 MOOC Data

User events are stored in JSON files in the format shown in Figure 2-2. Each JSON

event records information about the user that has performed that activity, the times-

tamp and varying other attributes specific to the types of actions that the user has

taken in key-value pairs. Information such as the amount of time a user stayed on a

particular web page or the exact answers a user has submitted to a particular problem,

will all be captured in these JSON objects.
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Figure 2-2: Example of an event stored in raw JSON format.

This format for storing the raw data brings out a challenge for data science re-

searches. For the 6.002x course alone, the raw data took around 70 GB of storage

space [7]. We want to look at activities related to specific students or problems to

study how students learn and solve individual problems. It is extremely inefficient to

search through the whole raw data dump, because all types of user activities through-

out the whole semester are stored together in an inefficient form. Different MOOC

platforms could also have different formats for storing the raw data, which makes

it difficult to recycle scripts and to be able to study multiple courses across plat-

forms. Therefore, we want to be able to organize the raw data into a uniform schema

that allow us to query for information easily and efficiently regardless of the course

providers.
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Chapter 3

MOOCdb: Data Organization

To solve the challenge of the unorganized and varying raw data formats, we used

an adoption of the MOOCdb [7]. MOOCdb is a relational database that concisely

captures the raw MOOC data in an organized structure. Student interactions are

categorized into three major modules and stored in separate tables. The transfer

from the raw JSON logs to the MOOCdb is lossless, meaning no information is lost

through the piping process. The three modes that MOOCdb categorize students into

are the Submitting Mode, the Observing Mode and the Collaborating Mode. Since

for this study, we are interested in the problem solving process for students, we will

mainly be working with the Submitting Mode and Observing Mode.

3.1 The Submitting Mode

As its names implies, the Submitting Mode captures student interactions with the

assessment module of the course. Students are in this mode when they are submitting

an answer to a problem and receiving immediate feedback on correctness of their

submission. Figure 3-1 shows the schema for the Submitting Mode tables. Below we

describe the tables in this mode 1

1The thesis documents the latest schema for the MOOCdb, however. readers are referred to the
MOOCdb project website at http://moocdb.csail.mit.edu/ for the latest version of the schema
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Figure 3-1: Schema for MOOCdb Submitting Mode.

3.1.1 The Problems Tables

The problems table stores information on all the problems of the course. A prob-

lem is defined as the smallest subpart of an actual multi-part problem in the course.

Students are expected to submit to a single answer for each problem and will be as-

sessed based on their correctness. The problem types table stores another important

attribute for each problem which is the problem type that distinguishes among dif-

ferent contexts for the problems. For the course that is analyzed in this thesis, there

are a total of seven problem types which are homework, lecture quiz, lab, midterm

example, midterm exam, final exam, and sandbox. Problems of different types will

have different weight in grading and we would also expect the answer to be of very

different formats. For example, a lab question could ask student to input complicated

circuit layouts using a graphical interface instead of a simple number or expression.

Each problem in the problems table has its own unique id which is assigned ar-

bitrarily. Assignments or questions in MOOC courses are often multi-part problems

that contain closely related subparts that could even be based on each other. We

parsed the problem names which have the format of ”problem name subpart num-
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Figure 3-2: Example of problems grouped under the same problem parent id 6 also
having the same stem for file name.

ber 1 ”. Problems with the same problem name are from the same ”parent” multi-

part problem and the subpart number indicates the ordering of the subparts. This

hierarchical structure is stored in the problem parent id and problem child number

attributes in the problems table. Figure 3-2 shows an example of a group of problems

under the same problem parent id. Another important attribute for problems is the

problem deadline which could roughly indicate which week of materials the problem

belongs to.

3.1.2 The Submissions Table

The submissions table captures all the answers submitted by students. Each sub-

mission is associated with the user id, problem id and also the submission timestamp

at which the answer is submitted. The exact string input from the user is stored in

the submission answer attribute. Since MOOC allows students to submit answers as

expressions, the submitted answers could have many different forms that evaluate to

the same value in the end. Small variations of the input expressions, such as extra

spaces between characters, are all preserved. There are also undesired cases where

submission answers are captured as an empty string or a back slash. We will discuss

more about this issue in Section 6.2.6.

3.1.3 The Assessments Table

The assessments table stores evaluations of submission events. Assessments are stored

separately from submission events to allow possibility of having multiple assessments

for the same submission [7]. The assessment grade attribute is a binary indicator for
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Figure 3-3: Schema for MOOCdb Observing Mode.

the correctness of each submission. Unfortunately, in the first offering of the 6.002x

course, the raw MOOC data contains only the correctness for the last submission

from a student for each problem. The piping scripts have automatically filled in

the submission grade to be 0, since we assumed that students would have stopped

submitting once they have answered correctly. The ideal solution is to assess those

submission with auto-graders from the actual MOOC platform; however, this has

not been available to us and it would be extremely difficult to recreate an evaluator

that could handle all forms of possible answers. Therefore, our naive solution is

to build our own answer key from correct submission answers within the existing

submissions table and re-assign assessment grades to all submission events based

on the new answer key. However, if a submission answer is unique and therefore

would not be present in our answer key, we would have to mark it as incorrect even

though it could’ve been correct. The re-assigned grade is recorded under a separate

assessment corrected grade column of the assessments to make sure that we preserve

the original grading. In Section 6.2.2, we will discuss another issue that causes the

re-assigned grades to be inaccurate.
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Figure 3-4: Example of multiple URLs pointing to same resource 2313.

3.2 The Observing Mode

The Observing Mode tables captures student interactions with resources available

on the course websites. Students are in this mode when they are simply browsing

through or observing course pages. Figure 3-3 shows the schema for the Observing

Mode tables.

3.2.1 The Resources Table

We define resources as materials on the course website that can be identified by

URLs. For the course we are analyzing, resources are categorized into different types

which are specified in the resource types table. Those types include lecture, wiki, book,

profile, tutorial, exam, problem, and informational. We distinguish between urls and

resources urls tables because multiple URL that are slight modification of each other

could be directing to the same page. Figure 3-4 shows an example of multiple URLs

with small variations pointing to the same resource. Therefore, the size of the urls

table is larger than the resources urls and the resources tables. 6.002x, for example,

contains a total of 5,543 items in the urls table, but only 3,256 items in the resources

table.

3.2.2 The Observed Events Table

The observed events table is by far the largest table in MOOCdb. It stores all the stu-

dent interactions with courses resources, namely every single browsing event through-

out the whole semester. Each observed event item is associated with a user, the

resource that the user visited, the timestamp and the duration of that event. The

duration of an observed event measures the length of period when the resource page
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is opened. Since users could’ve unintentionally left a resource page open for very long

period time, we truncated raw event durations at a maximum limit of one hour. In

Section 4.2.1 we will discuss more about issues with noisy events in the observed events

table.
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Chapter 4

Trajectory of Problem Solving

MOOCdb provides an organized collection of raw data from student interactions with

the MOOC platform. Directly from it, it is possible to formulate simple analytics

queries regarding student behaviors in each of the three modes. For example, we

could extract the total number of students who answered each problem, or examine

the distributions of students categorized by demography or grade.

While simple analytics such as student attempts of a problem provide a sense of

problem difficulty or knowledge attainment, they don’t provide insights into deeper

questions related to how students learn by problem solving. We want to know how

students solve each problem and what resources have helped them learn. Instead of

analyzing submission events and observation events separately, this desire leads us to

study the complex paths that students take when they are solving questions. For any

single student, that path is a unique combination of steps back and forth between

attempting to answer a problem and consulting resources which help to do so. We

call this a “student trajectory”.

4.1 Definition of a Student Trajectory

Our first challenge is to define problem solving trajectory’s time frame via clearly

delineated start and end points. We first define the start of a student’s trajectory,

which is the point when the student begins to solve a problem. The convenient
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definition is the first time a student sees the problem. In a monitored environment

where students are confined to solve just one problem, instructors can easily select

the moment when a student starts to work on a problem. However, in the MOOC

environment, the only information we obtained from the MOOC data is timestamps

of when students visited the problem page and when they made the first attempt. If

the timestamp of visit is considered as the start of the trajectory, it is possible that the

student was just scanning through the homework page and had not yet started solving

the problem. Additionally, MOOC courses also group multiple problems together on

the same page, making it impossible to distinguish between which problem is being

specifically addressed by a visit.

Therefore, for this study, we define the start of a student’s trajectory to be the

first time the student ever submitted an answer for that problem. We will be certain

at this point that the student has started solving this problem. Under this definition,

we are ignoring events that happened before a student attempts the problem.

We next need to determine the end of the trajectory. We define this to be the last

time the student ever submitted an answer for the problem. While there is the small

possibility that student kept working on the problem after last submission, it is very

difficult to develop a straightforward method for determining the true end.

However, within this censored definition of a time frame, it is an inaccurate as-

sumption to consider that all the resources within the time frame were used by the

student to aid in problem solving. In Chapter 6, we present a carefully designed

curation method to systematically eliminate resources that we consider are irrelevant

for a certain problem.

4.2 Assembling Student Trajectories per Problem

The MOOCdb data is not yet in an desired format where we could extract stu-

dent trajectories directly, because events for different interaction modes are scattered

across different tables. We proceeded to assemble data that represents the student

trajectories defined in Section 4.1. The query implemented a method for combining
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observation and submission events into a time sequence of events to represent a stu-

dent’s path of solving a problem and recording those sequences for all students in one

csv file per problem.

4.2.1 Data Assembly Procedure

To assemble the sequence for one student solving one problem, we first search for

the two timestamps that mark the beginning and the end of the student trajectory.

Therefore we query for all the submissions of a students for the particular problem

from the submissions table and then record the timestamps of the first and the last

events. If a student answered the questions correctly in one attempt, those two

timestamps are identical.

We then query for all observation events from this user that took place inclusively

between the two timestamps . In the end, we combine the two types of events into

a chronically ordered sequence of events that represents the full student trajectory

for this problem. One situation that was very common is a submission event and an

observation event having identical timestamps . This could have been produced when

a problem page is refreshed after a user requests to submit answers. We handle this

case by always placing an observation event before a submission event.

The observation events we extracted directly from the observation table could

potentially be very noisy. Students could visit resource pages very briefly without

actually looking at the contents. For example, to reach a particular textbook page,

a student might have to flip through many other pages, therefore creating multiple

observation events for those transition resources. There are also many generic resource

pages, such as the default homepage or week menu pages, that appear very frequently

in event sequences for all students and all problems but are meaningless to the actual

problem solving process. Duplicate observation events of the same resource could also

be created by certain unintentional operations. Therefore, we filter out any event less

than 10 seconds as a means of eliminating these inconsequential events when we are

assembling the problem csv files. We also eliminate duplicates of observed events

that have the same resource id, timestamp, and duration. This, however, does not
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eliminate events with duplicate resource id but different timestamps. In Section 6.2.5,

we will discuss an updated version of the problem csv files that handles this issue.

A note about different noisy estimations Because many data we initially ex-

tracted are not relevant or represent, the query’s method was a complex data assembly

procedure that we now explain. The problem csv files that we assembled are only

our best estimate of student trajectories. As we have mentioned in Section 4.1, there

are many limitations to our knowledge of the student progress since we can’t observe

directly what tasks are students actually performing. Large scale examples of esti-

mation errors include: a student moving from one problem to another undetected,

and, assumptions that a student was actually consulting a resource page (he or she

maybe have been physically away from it while the browser reminded open). Those

examples imply that the duration attribute of observation events is noisy.

4.2.2 Output of the Procedure

Each row in the problem csv files represents either an observation or a submission

event. The csv file contains eight columns each representing an attribute of an event.

Observation and submission events share four common attributes, which are user id,

timestamp, resource id and resource type id. There are also attributes from the two

types of events that simply do not exist for each other. Observation events contain

the attribute duration and submission events contain the attributes attempt number,

problem parent id and problem child number, and assessment grade. The observation

event has fewer attribute than the submission events, but we still want to match the

number of columns in each row. Therefore, we fill in empty columns of observation

event rows with 0 and assign an assessment grade of 2. This allows us to easily

distinguish between types of events by comparing the last column in each row. Sub-

mission events have a binary grade of 0 or 1, indicating either the submission has

been incorrect or correct.

Observation Event
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Figure 4-1: Example of a sequence of events from user with user id 61,760 where
an observation event is highlighted in green and a submission event in blue.

The columns for an observation event are user id, timestamp, resource id, re-

source type id, duration, 0, 0, and 2.

Submission Event

The columns for a submission event are user id, timestamp, resource id, re-

source type id, attempt number, problem parent id and problem child number,

and assessment grade.

An example of a sequence of events from a user is shown in Figure 4-1. This is

the first version of the problem csv files, as we will discuss the modification to this

format that led to the second version of the problem csv files in Section 6.2.5.
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Chapter 5

Problems Analytics

At this point, we have extracted all student trajectories for every problem of the

MOOC course. From the problem csv files we have assembled, we are ready to start

analyzing student behaviors for the whole student population and trying to compare

and contrast behaviors among different contexts of problems or different groups of

students.

5.1 Student Behaviors and Study Variables

There are multiple aspects of student behaviors that we are interested in and that

could be useful for instructors. We will build a framework for analyzing and visualizing

student behaviors during problem solving across many problems or even courses. We

extract quantifiable variables on a per student per problem basis corresponding to

each of those aspects.

5.1.1 Problem Context

We want to compare and contrast student behaviors while doing different types of

problems. As we have mentioned in section 3.1.1, there are a total of seven problem

types. For reasons of data scale, we are excluding analysis of types sandbox and

midterm example. We will only consider problem type homework, lecture quiz, lab,
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midterm exam, and final exam. The study variable is simply represented by the

problem type id associated with each problem.

5.1.2 Problem Hierarchy

Each problem in the problems table represents the smallest subpart of a multi-part

problem. Therefore, we could group together several problems that are within the

same parent problem, and compare student behaviors within the group and also across

multiple groups. This information is directly extracted from the problem parent id

and problem child number attributes of the problems table.

5.1.3 Resource Consultation

In the student trajectories that we have isolated for each problem, we have included all

the reference resources a student has visited during the period of solving a particular

problem. There are two quantifiable variables that we could extract from this.

Response formulation duration, d

This variable represents how long a student spent on solving each problem.

One way we could extract the duration is by taking the difference between

timestamps of the beginning and end of the student’s trajectory. However,

since it is possible for students to try to solve a problem over the span of

multiple MOOC sessions, we would be accounting for unrelated events outside.

Therefore, variable d is extracted by summing the of durations for all observation

events within the student trajectory. As pointed out in section 4.2.1, duration

could be a very noisy attribute of observation events. Variable d is only our

best estimation.

Resource consultations, r

This variable counts how many resources a student has consulted while solving

each problem. We count the number of observation events within the beginning

and end of each student trajectory. This variable is could also be noisy, since
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viewing a page could unintentionally create multiple consecutive observation

events, which will be counted multiple times.

5.1.4 Problem Attempts

Problem attempts sum how many times a student has submitted an answer for a

problem. This is extracted by counting the number of submission events per student

per question. Even what appears to be such a concrete variable has possible noise

because sometimes the data shows consecutive submissions with the same answer.

We cannot determine whether this pattern is intentional or not. However, there is

the possibility that a student was merely trying to submit the same answer when he

or she was having a bad internet connection.

5.1.5 Correctness Information

The assessments table and submissions table have allowed us to conveniently extract

student submissions and correctness of their submissions. We can assemble a N ×M

matrix, C where N is the total number of students and M is the total number

of problems. Each entry, Cij, of the matrix indicates whether student i answered

problem j correctly or if the student answered the problem at all. We represent

correct, incorrect and empty answers as 1, 0, and 2 respectively.

5.2 Analytics and Visualizations

5.2.1 Problem Summaries

Once we have identified and extracted the quantitative variables on a per student per

problem basis, we can characterize each problem with the averaged features for all

students who have answered the problem. At the same time we can also extract in-

formation on size of the student population for each problem. The analytics calculate

the following feature vectors for each problem:
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1. average response formulation duration

2. average number of problem attempts

3. average resource consultations

4. percentage of students who both attempted the problem and eventually an-

swered it correctly

5. total number of students who attempted the problem

The first set of analysis and visualizations were bivariate comparisons for each pair of

the five features. Figure 5-1, 5-2 and 5-3 show examples of scatterplots where each

axis represents one of the five feature vectors we have extracted. Each point in the

scatterplot represents a problem in the course and is plotted with different marker

and color according to its problem context. These could help instructors visualize

whether there could be any relationship between feature pairs and whether student

behaviors vary under different problem contexts.

From those scatterplots we can first observe some direct phenomena:

• Problems under final exam and midterm exam contexts are distributed in a

low and very narrow band of average number of attempts, average duration

and average number of resources. This is because students are given limited

attempts and limited time allowed.

• A large proportion of the problems have a number of students around 10,000

or less. This is because the number of active students dropped off quickly

within the first three weeks of the course

• The average number of resources and the average duration has a positive

correlation. This is expected.

We also can discern more interesting, less predicable phenomena which are:
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p-value Confidence interval Sig?

Average: l u

Response duration 1 e-28 -1.19e3 -0.83e3 Yes

Response consultation 8.85e-26 -6.70 -4.59 Yes

Attempts 8.86e-14 -0.33 -0.19 Yes

Table 5.1: Differences in student behaviors for homework vs. lab problems.

• The percentage of students who eventually answered a problem correctly

actually goes down when students are, on average, spending more time and

visiting more resources for the problem. This would seem to indicate which

problems are more difficult for the students.

The feature scatterplots also show perceivable variations among different problem

contexts, but we must test that the difference is statistically significant to conclude

students indeed behaved differently under different problem contexts. For three se-

lected features, we then apply a two-sample t-test which tests the null hypothesis that

the data in feature vectors of two different problem contexts comes from independent

random samples from normal distributions with equal means and equal but unknown

variances. Table 5.1 presents the results of two-sample t-test comparing the three

features response duration, response consultation and number of attempts between

homework and lab problems. For all three features, the difference is significant and

the 95% confidence intervals are all within negative ranges. Given homework came

first in our test ordering, the results indicate that all three features have a significantly

smaller mean under homework context. We could interpret this as students spending

less time, consulting fewer resources and attempting less number of times when doing

homework problems.

5.2.2 Cohort Analysis

In section 5.2.1, we tested and identified differences in student behaviors under differ-

ent problem contexts, and we have discovered that there indeed is significant difference
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Figure 5-1: Top. Average response formulation duration vs. percentage of students
who both attempted a problem and eventually answered it correctly. Right. Average
response formulation duration vs. Number of students that attempted the problem.
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Figure 5-2: Top: Average problem attempts vs. number of students who attempted
the problem. Middle: Average problem attempts vs. percentage of students who
both attempted a problem and eventually answered it correctly. Bottom: Average
problem attempts vs. Average response formulation duration.
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Figure 5-3: Top: percentage of students who both attempted a problem and even-
tually answered it correctly vs. Average resource consultations. Bottom: percentage
of students who both attempted a problem and eventually answered it correctly vs.
Number of students who attempted the problem.
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between homework and lab problems. Another set of questions instructors might ask

is whether different cohorts of students behave differently. For example, could students

with better final grades be spending more time on consulting resources when they are

doing homework problems? We hope to help instructors identify whether there is any

difference in those student variables for different student cohorts. One way we have

categorized the certificated students is by their final grades which divide them into

students who received A vs. B vs. C. We also grouped certificated students from the

top five countries which were IN (India), US (USA), ES (Spain), GB (Great Britain),

and CO (Columbia).

We assembled the same three feature vectors for each cohort, again under prob-

lem contexts homework and lab. We then performed 1-way ANOVA [2] followed

by Turkey’s honestly significant difference test [3] which compares all possible pairs

of means. Tables 5.3 and 5.2 present the results for homework and lab problems

respectively. Each row in those tables compares one of the three features between

two student cohorts, and colored cells indicate significant differences between the two

cohorts being compared. With respect to grade cohorts, we observe that:

• Students who received A have significantly different duration, number of

attempts and number of resources consulted with respect to B students, but

only differ from C students in the number of resources consulted. One might

therefore posit that how long or how many times a student try to answer a

problem is not as important as how many resources the student consult to

his or her grade.

• These variables alone appear somewhat insufficient to clearly distinguish

grade cohort behaviors. There are inconsistencies between cohort similar-

ities and differences that cannot be easily explained.

However, one obvious difference jumps out for the country-based comparisons.

The variable representing the average number of problem attempts for Indian students

is significantly less than that of three (US, ES, and CO) out of the four countries.
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Duration # of attempts # of resources

l u l u l u

A vs. B -1117.8 -257.4382 -0.5284 -0.2817 -6.3102 -1.2575
A vs. C -1133.1 103.5755 -0.2432 0.1113 -8.7658 -1.5034
B vs. C -493.6336 839.3696 0.1480 0.5301 -5.2647 2.5633

(a) Cohorts by grade.

Duration # of attempts # of resources

l u l u l u

IN vs.US -922.6375 803.7899 -0.5299 -0.0345 -2.5717 7.5698

IN vs.GB -1810.2 345.2250 -0.5842 0.0342 -6.6015 6.0598

IN vs.ES -977.8678 1199.5 -0.8449 -0.2201 -4.8257 7.9648

IN vs.CO -2034.1 250.4387 -0.8462 -0.1906 -10.6366 2.7834

US vs.GB -1667.9 321.8334 -0.2783 0.2926 -8.6140 3.0743

US vs.ES -836.5339 1177.0 -0.5392 0.0385 -6.8436 4.9846

US vs.CO -1896.9 232.0838 -0.5417 0.0692 -12.6788 -0.1725

GB vs.ES -352.4896 2039.1 -0.6007 0.0856 -5.1839 8.8647

GB vs.CO -1404.1 1085.4 -0.6006 0.1138 -10.9678 3.6563

ES vs.CO -2257.0 251.6374 -0.3458 0.3741 -12.8643 1.8719

(b) Cohorts by countries

Table 5.2: 1-way ANOVA results for lab problems
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Duration # of attempts # of resources

l u l u l u

A vs. B -728.0771 291.7774 -0.6141 -0.3467 -4.8766 -2.3188
A vs. C -190.2763 436.8347 -0.2356 0.1488 -2.6303 1.0462
B vs. C 295.2343 971.1786 0.2299 0.6441 0.8242 4.7870

(a) Cohorts by grade.

Duration # of attempts # of resources

l u l u l u

IN vs. US -872.3882 3.5861 -0.6428 -0.1051 -2.4724 2.6720

IN vs. GB -1224.7 -131.1148 -0.9644 -0.2930 -4.6386 1.7840

IN vs. ES -546.6704 558.1158 -0.7726 -0.0943 -2.3314 4.1568

IN vs. CO -886.3729 272.7918 -0.8243 -0.1127 -4.1661 2.6415

US vs. GB -748.3169 261.2665 -0.5646 0.0551 -4.4917 1.4375

US vs.ES -70.7088 950.9564 -0.3731 0.2541 -2.1871 3.8129

US vs.CO -412.5076 667.7286 -0.4261 0.2371 -4.0342 2.3099

GB vs.ES 76.9200 1290.4 -0.1772 0.5677 -1.2232 5.9032

GB vs.CO -260.4477 1002.7 -0.2275 0.5480 -3.0442 4.3742

ES vs. CO -948.9352 323.9087 -0.4257 0.3557 -5.4126 2.0626

(b) Cohorts by countries

Table 5.3: 1-way ANOVA results for homework problems
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Chapter 6

Diving into a Student Trajectory

So far in this study, we have defined student trajectories for each problem and ex-

tracted per student features that could help us analyze student behaviors in aggregate.

These variables aggregate the overall characteristics of a single student trajectory,

which then allowed us to compare behaviors for different cohorts of students or under

different contexts of problems. These analytics and visualizations could provide some

general insight for instructors about the problem difficulty level, where students are

taking more time, or appear confused based on their resource use.

However, those variables we composed provide us with close to none information

on how students reached the correct solution to a problem. For instance, the resource

consultation variable r indicates how many resources a student has visited during

problem solving, which could give us some insight on how difficult has the problem

been for the student. However, from this variable alone, we have no information on

which resources have the student spent most time on and which resources actually

helped the student solve the problem. Additionally, many of the visited resources

could have been student navigating through the website and or looking through the

new material that are irrelevant to the problem solving.

On the other hand, as students make multiple incorrect submissions to a problem,

we want to know whether the submitted answers were equivalent across the students,

whether students transition from one incorrect answer to another similarly and what

might have affected the student to transition from one answer to another.
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id name subpart

94 Filter Design 9
111 Logic Diagram 6
121 Logic Diagram 2
135 Logic Diagram 4
139 Impedances 11
161 Tank Circuit 4
181 Series Parallel Inductors 1
183 Impedances 9
229 Logic Diagram 5
236 Logic Diagram 3
239 Logic Diagram 1
259 Impedances 12

id name subpart

276 Scope Probe 3
318 Filter Design 4
326 Filter Design 6
330 Impedances 8
332 Impedances 6
353 Impedances 2
358 Filter Design 8
369 Logic Diagram 7
467 Logic Diagram 8
479 Filter Design 5
484 Filter Design 7
513 Logic Diagram 9

Table 6.1: Problem id, problem name for the parent problem and which subpart it
is within the parent problem for the 24 homework problems that we have selected.

To gain insights into questions, we must carefully scan through the whole student

trajectory, assemble data that provides us with utmost and curated information about

students navigation during problem solving and students answers. In this chapter,

we present a systematic methodology: assemble curated student trajectory, categorize

answers and a models of students transitions from one answer to another.

For our purpose, we choose to focus on studying problems under the homework

context. The problem solving process under the other problem contexts could be

different. For example, when students are taking midterm and final exams, they are

limited to only three attempts per problem and 24 hours to finish all exam problems

1. Lab problems require hands-on interactions with web modules which involves a

different aspect of problem solving.

We begin by analyzing student trajectories with problem id 330 as an exam-

ple throughout the chapter. Problem 330 is the eighth subpart of the problem,

Impedances, from week 10 of the course. It asks students to find the impedance

in circuit C as ω approach infinity, as shown in Figure 6-1. We will refer to this

1Student trajectories under those contexts could actually be the least noisy, since students are
more likely to be focused on the problems, given limited time and attempts. However, we could
also be possibly losing information on intermediate incorrect answers. Problems under the exam
contexts could definitely have unique patterns that we could look more closely into.
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Figure 6-1: The problem with problem id 330 that we will use as an example and
refer as the impedance problem for the rest of this chapter.

problem as the impedance problem for the rest of this chapter. Towards the end of

this chapter, we summarize student trajectories for 24 homework problems that we

have selected from week 3, 10, 11 and 12 of the 6.002x course. Table 6.1 lists those

24 problems, their problem name and what subpart they are within their parent

problems.

6.1 Assembling Resource Use Sequences

There are more than five thousand unique resources for the 6.002x course, but only

a small subset of all resources are visited when students are solving a particular

problem. We can determine the size of this subset by counting the total number of

unique resources that appeared in all student trajectories. We then determine the

frequency of occurrences for each of the resource in the subset by counting the number

of navigational events with that resource id. Table 6.2 shows the list of top 25 unique

resources, counts and the corresponding URL for the impedance problem, ordered
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by descending count. The complete table for all resources is listed in Table A.1.

Figure 6-2 visualizes this distribution where the horizontal axis represents resource id

either in ascending order or ordered by descending count, and the vertical axis is the

number of visits in linear and log scales respectively. From the histogram, we observe

that the resource use pattern is extremely skewed with the frequencies decreasing

very rapidly after the top few resources.

Figure 6-2: For the impedance problem. Top Left. Linear scale resource count
ordered by resource id. Top Right. Log scale resource count ordered by resource id.
Bottom Left. Linear scale resource count ordered by count. Bottom Right. Log scale
resource count ordered by count.

Next, we examine whether resource use patterns become different as students

proceed with multiple incorrect attempts, as we expect that they are starting to

focus on consulting only resources which can resolve their confusion. In Figure 6-3

we listed the top ten resources, their counts and their proportion out of all resources

visited exclusively after each of the first five attempts. The top resources after each

attempt stay the same regardless of attempts. However, the subtle shifts in ranking
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but consistency in resources will probably need to be manually interpreted.

6.1.1 Resource Filtering

Within each student trajectory we defined, the student’s navigational events could

be very noisy both due to how raw events are created and how students are free to

visit any part of the course. Some resources encountered in the student trajectories

could be irrelevant to the problem. Therefore we must filter out resources and below

we present the systematic methodology that we employed in this thesis.

Automatic Filters

When we were assembling the student trajectory, we applied filters that removed

events with durations less than 10 seconds, because those are most likely transitional

pages and the student did not stay there long enough to possibly look through any

material on that page. We have also removed duplicate observation events that have

the exact same timestamp, duration and resource id, which correspond to the same

event but are probably produced by different source of raw data logs 2. As mentioned

in Section 4.2.1, we also handled long sequences of consecutive observations events

of the same resource, but different timestamps and durations. Those sequences of

events were merged into one event by replacing the duration of the first event in the

sequence with the sum of all durations.

Finally, as we notice in Figure 6-2, more than half of the unique resources were

visited less than or equal to five times. Those resources were filtered out. This filter

alone eliminated a significant proportion of unique resources.

Tagging by Hand and Manual Curation

The only way to learn about the value of each of the visited resources and their rele-

vancy to the problem is to visit them and manually tag their relevancy. We did this

ourselves. This step requires a substantial amount of time and effort, even though

2Sometimes events are repeated in both browser logs and server logs
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Figure 6-3: Top 10 resources after each number of attempt in student trajectories.
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resource id count URL
1903 1082 /courseware

2410 821 /profile

102 664 /book

2362 559 /info#54570

4370 87 /wiki/view

Table 6.3: Generic resources that relate to course administration, profile views, wiki
views and index pages that are deemed irrelevant by manual tagging. These specific
resources appear in the student trajectories for impedance problem.

resource id count URL
2052 354 /courseware/6.002_Spring_2012/Week_11/Filters

2057 166 /courseware/6.002_Spring_2012/Week_11/Lab

2051 113 /courseware/6.002_Spring_2012/Week_11

Table 6.4: Future week resources that are manually tagged to be irrelevant for
impedance problem. The impedance problem problem was part of the homework
of week 10. Resources corresponding to course material subsequent to week 10 are
deemed irrelevant for impedance problem.

some of the resources have already been eliminated early on by the automatic fil-

ters. We utilized two heuristics when manually tagging the resources as relevant or

irrelevant. First, the group of resources that are generic pages such as menu or ad-

ministrative pages shown in Table 6.3 are tagged as irrelevant. Second, resources that

are for course material delivered in the future weeks of the course are also considered

irrelevant for the problem. For example, the impedance problem belongs to home-

work assignment from week 10, but Table 6.4 shows the multiple instances of week

11 and week 12 materials that students visited.

We manually tagged the 24 problems we analyze in this thesis including the

impedance problem. The hand tagged labels for the impedance problem are listed

in Table A.1. After automatic filtering and manual tagging of irrelevant resources,

the number of unique resources for the impedance problem reduced from 147 to 54,

which is a significant reduction. Table A.2 in the Appendix lists the number of unique

resources before and after manual filtering for all 24 homework problems that we have

selected. For all of the problems, the unique number of resources is reduced to less

than half.
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Final Result

The total numbers of observation events and unique resources were significantly re-

duced after manual tagging and filtering irrelevant resources. This is reflected in the

length of individual student trajectories. Applying those two resource filters reduced

the total number of observation events significantly. In our example, the original set of

student trajectories for the impedance problem had a total of 52,992 observation and

submission events. After we filtered out irrelevant resources and combined sequences

of duplicate events, the number became 29,656.

6.1.2 Resource Granularity

The hand tagging and filtering process has eliminated a significant number of unique

resources, but most of the observations events still come from the most popular re-

sources. For the impedance problem, for example, the top two resources, which belong

to the resource type lecture, contribute to more than half of all the observation events.

Lectures contain a sequence of lecture videos that all correspond to the same URL

and therefore are considered the same resource. In the first offering of 6.002x, infor-

mation on sequences of watched video is not yet captured in MOOCdb. However,

those granular events will be available for future courses.

6.2 Categorizing answers

The grading process for MOOC courses rely exclusively on the automatic auto-grader

with no human involvement. In traditional classrooms, instructors could assign partial

credits to student submissions by the degree of mastery shown in students detailed

submission. Typically, students usually submit the assignment with detailed steps as

they arrive to the answer. The online structure of the MOOC course, the auto grader

and the large number of student population currently combine to make partial credit

impossible to grant. The only source that instructors could possibly infer student
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Figure 6-4: Log scaled distribution of answer sequence length for all students who
have attempted the impedance problem, where the x-axis represents unique length of
answer sequences and the y-axis represents the log number of count.

mastery of the problem material from is the submission answers. We posit, that if

the same incorrect answer is reached by many students, it could indicate that those

students might have followed the same wrong path in approaching the problem. Hence

it is paramount to analyze the answers themselves rather than simply the correctness

information. We now present a notion of answer types, and analysis of sequence

of incorrect answers, by studying trajectories of those students. We posit that if

strong, unique paths are seen in the sequence of incorrect answers, instructors and/or

auto-grading system can deliver partial credit.

6.2.1 Answer sequences

We first collect all the answers the student submitted for a problem preserving the

sequential nature of the submission. Students would most likely stop submitting an-

swers once they have answered correctly. In of themselves, these answer sequences,

can give some insight into the problem difficulty where more difficult problems have

higher average length of sequence. We have extracted the average number of at-

58



1 2 3 4 5 6 7 8 9 10

94 3085 1077 171 39 14 11 5 3 2 2
111 6613 7013 3117 630 37 4 5 1
121 6572 7763 2551 459 52 11 5 7 1 1
135 6583 6815 3143 800 66 8 1 5
139 4890 1773 219 62 44 16 9 8 4 3
161 4142 788 257 101 39 22 20 23 12 7
181 3648 4843 198 55 13 5 4 2 1 1
183 4052 2026 459 196 92 63 49 29 9 18
229 6596 6863 3128 753 60 11 4 4 1 1
236 6582 7561 2753 484 32 6 3 1
239 6566 7638 1975 766 309 104 33 13 13 1
259 4622 1916 293 102 45 19 7 6 6 3
276 3715 813 342 139 73 54 26 23 20 14
318 1724 2351 282 93 35 20 7 9 1 2
326 2915 739 256 123 72 39 31 14 12 8
330 3655 2201 533 230 130 66 50 49 30 20
332 4579 1922 308 104 43 26 16 13 7 6
353 3309 2838 509 210 84 40 32 5 7 2
358 3176 1022 145 40 14 5 2 2 6 2
369 6633 7088 3044 599 37 13 2 1 1
467 6616 6790 3122 822 45 13 5 7 2 1
479 2112 2027 262 67 29 8 6 3 2 1
484 2909 753 242 123 79 32 25 18 14 6
513 6591 6965 3154 646 41 14 6 2

Table 6.5: Distribution for top 10 answer sequence lengths for 24 selected homework
problems. The top 10 lengths are almost always 1 through 10 except a few problems
where a unique sequence length could be skipped. Some problems are missing the last
few counts because no student submitted more than eight times for those problems.

tempts in Section 5.2.1, but now we will look at the distribution for each individual

problem. As an example Figure 6-4 show the log scaled distribution of length of

answer sequences for the impedance problem. Most students only submitted once for

this problem and the frequencies falls monotonically as the sequence length increases;

however this pattern does not always hold for other problems. Table 6.5 shows the

distribution of the top 10 answer sequences for the selected 24 problems. For many of

those 24 problems, there are actually more students who attempted twice than who

attempted only once.
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Figure 6-5: Distribution of unique correct submission answers for the impedance
problem.

6.2.2 Correct answers

Students when answering via the online platform can input the correct answer in mul-

tiple ways (yet still be correct). For example, if the answer to the problem is 1, they

could answer by simply entering 1 or enter it as 5
5

which essentially when evaluated is

1 as well. The auto-grader takes care of this when evaluating the correctness. For ex-

ample, Figure 6-5 presents the submission answers that are all correct for impedance

problem. The correct answer is inf but students used multiple ways to provide those

answers. We also note the number of occurrences for all unique correct answers of

the impedance problem.

One immediate issue that we see in this table is the correct answer “0” at the end

of the table with count one. According to the rest of the correct answers, the solution

to the impedance problem should be the value inf, which means answer “0” should

be labeled as incorrect. This one submission answer could have been parsed from raw

MOOC data incorrectly or the auto grader could have made a mistake in labeling it

correct. However, as we construct the correctness key for a problem from all unique

correct answers, this one single incorrect assessment could cause us to re-assess all

submissions with answer “0” incorrectly. To be certain about the correctness of our

answer keys, we must manually curate them in the future.
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Figure 6-6: Distribution of unique incorrect submission answers for the impedance
problem.

6.2.3 Incorrect answers

As we argued, variation and distribution of incorrect submission answers could provide

more interesting insights to us. Students could have reached an incorrect answer due

to inability to master the underlying material or simply due to mistakes in their steps.

If many students reached the same incorrect answer, however, one assumption is that

they have made the same error and most likely had the same misconception in their

problem solving process. We could interpret this as students failing to overcome the

same conceptual barrier.

We extracted all unique incorrect answers by using the same process for extract-

ing correct answers. Table A.3 in Appendix shows the number of unique incorrect

submission answers for all 157 homework problems, and Figure 6-6 presents the sub-

mission answers, and number of occurrences for all unique incorrect answers of the
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Figure 6-7: Distribution of answer types from type 1 to 10 for all submission events
of the impedance problem.

impedance problem as an example.

6.2.4 Answer Types and Transitions

Transitions from one incorrect answer to another could provide us information on a

student’s problem solving process. The student tried to correct previous mistakes

by submitting a different answer, but ended up making another mistake. We are

interested in studying the transitions between different incorrect answers and from

incorrect to correct answers to search for sequences of barriers that students might

have to overcome before reaching the correct answer. This path of incorrect answers

could provide instructors with insight on a student’s approach, and therefore could

even be used for assigning partial grades.

We will categorize all submission answers into n answer types. All correct an-

swers are grouped into answer type 1, where we consider students to be in the same

state. Answer types 2 to n− 1 represent the top n− 1 unique incorrect answers and
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all the other incorrect answers are grouped into answer type n. Figure 6-7 shows

the distribution of answer types for the impedance problem in a histogram. n × n

transition matrix is then extracted by recording every pair of consecutive submission

events in all student trajectories. We defined 10 answer types for all the problems

we have studied so far, but we could vary n depending on the distribution of unique

incorrect answers. A smaller n should be used if the occurrences drop off quickly.

Table 6.6 shows the 10 × 10 transition matrix M for the impedance problem, where

each element Mi,j represents the number of transitions from answer type i to j. As

we have expected, there should be almost no transition from the correct answer type

1, since students usually stop submitting after they answered the problem correctly.

There are also fewer transitions within the same type except answer type 10, which

is an exception because it is actually a combination of all the other unique incorrect

answers. All incorrect answer types (2 to 10) have the most transitions to the correct

answer type. We also observe the interesting pattern for transitions coming out of

answer type 2 which had a lot more transitions into answer type 5 than answer type

4.

6.2.5 Updated Student Trajectory Representation

In Section 4.2.2, we described the format that we have captured student trajectories

in. However, this format does not capture any information on answer types which we

have found interesting patterns in. Therefore, we proposed an updated representation

for student trajectories:

Observation Event

The columns for an observation event are user id, timestamp, resource id, re-

source type id, duration, and 0.

Submission Event

The columns for a submission event are user id, timestamp, 0, 0, assessment grade

and answer type.
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type 1 2 3 4 5 6 7 8 9 10
1 0 0 0 0 0 0 0 0 0 0
2 1170 96 332 19 121 6 9 9 8 207
3 555 286 28 13 61 13 12 28 22 332
4 733 38 15 3 3 1 5 0 0 20
5 200 77 76 3 11 3 2 0 2 116
6 32 10 13 2 1 4 0 1 0 62
7 82 12 6 1 1 0 0 0 0 16
8 13 4 5 0 2 0 0 0 23 32
9 11 4 10 0 1 0 0 23 0 29

10 564 208 242 13 89 61 28 16 22 1294

Table 6.6: Answer type transition matrix for the impedance problem, where answer
type 1 represents all correct answers, answer type 2−9 represent the top nine incorrect
answers and answer type 10 represents the rest of all unique incorrect answers.

6.2.6 Challenges in defining answer types

Variations in student submission answers could partly be explained by interpretations

we have discussed in Section 6.2 above. However, assembling a well curated answer

types has been a daunting challenge, yet to be overcome by us. Some of the issues

we faced were:

Parsing difficulties

While examining answer transitions, we observed another unusual pattern in some

problems. A particular incorrect answer type would sometimes have a large number

of transitions into itself, such as the example of answer type 2 of problem 236 shown in

Table 6.7. The diagonal of the transition matrix is expected to have very few counts

because students should not be submitting the same incorrect answer consecutively.

Therefore, we looked at the unique correct and incorrect answers of problem 236, as

shown in Figure 6-8 to figure out what answer type 2 actually corresponds to. The

top two incorrect and correct answers are both either an empty space or a backslash,

which means they must have been parsed incorrectly along the process when the data

was first recorded and then piped into MOOCdb. This issue happens only for some

of the problems and we report results for these problems separately.
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Equivalent incorrect answers

The MOOC platforms allow students to submit symbols and expressions. Even for

problems with numerical solutions, student answers could be unsimplified but equiv-

alent expressions. The submission answer attribute of the submissions table stores

the exact user input in string format, which means even a single extra space will make

two submissions different.

To recognize equivalent submission answers, we must be able to evaluate the

answers either manually or through an auto-grader. Both options are extremely

difficult and require a great amount of efforts. In Table A.3 we present the number

of unique incorrect answers for all homework problems. These reflect a combination

of parsing difficulties and absence of software that can identify equivalent incorrect

answers.

Solutions with a Range of Values

Additionally, some problem solutions could contain a range of values instead of just

one, which would requires our knowledge of the course subjects to solve for the correct

range. Submission answers for a lab problem, for example, could also be string

representations of interactive web modules that are formulated automatically by the

platform and are impractical for us to interpret.

6.3 Summary

In summary, our experience allows us to observe and emphasize that one has to invest

greatly in curation tools and methods to be able to assemble an authentic student

trajectory. Through the methods presented in this chapter we were able to curate

the student’s resource use and carefully weed out irrelevant resources to a particular

problem solving. Curating the answer types to identify unique incorrect answers is

far more challenging and a methodology to perform the curation remains elusive yet

fundamentally important.
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type 1 2 3 4 5 6 7 8 9 10
1 0 0 10 0 0 0 0 0 0 0
2 5285 2946 33 654 9 5 2 0 2 16
3 4278 71 21 19 1 0 0 0 0 0
4 1143 9 12 83 1 0 3 0 1 0
5 29 2 0 0 5 0 0 0 0 0
6 6 2 0 0 0 1 0 0 0 0
7 2 0 0 1 0 0 0 0 0 2
8 2 1 0 0 0 0 0 1 0 0
9 3 0 0 2 0 0 0 0 0 0

10 22 6 1 2 0 0 0 0 1 7

Table 6.7: Problem 236 answer type transition matrix, where answer type 1 repre-
sents all correct answers, answer type 2 − 9 represent the top nine incorrect answers
and answer type 10 represents the rest of all unique incorrect answers.

Figure 6-8: Left. Distribution of unique correct submission answers for problem
236. Right. Distribution of unique incorrect submission answers for problem 236.
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Chapter 7

Student Latent State Models

So far, we have defined and extracted student trajectories during the problem solv-

ing process for each problem. This allowed us to calculate and compare features

that characterize student behaviors under different problem contexts and for different

student cohorts. We then dived into each individual problem and examined each

student trajectory more closely by extracting submission answer types and filtering

out irrelevant resources specific to each problem.

The analytics we have done helped us discover and understand aspects of the

MOOC data that might reveal each student’s process and progress of learning and

problem solving. Our next step is to try to model this problem solving process.

We focus especially on resource use patterns, because the resource consultation data

is made possible only in the MOOC environment. In this chapter, we will present

several models that we have proposed to model student problem solving and our

interpretations for each of them.

7.1 Bayesian Knowledge Tracing

One of the preliminary models proposed by Pardos et al. [6] was the Bayesian Knowl-

edge Tracing (BKT) model [1] which has been very popular for modeling student

learning in intelligent tutoring systems. In the BKT model, each problem tests for

whether students have acquired certain underlying knowledge or particular skills,
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Figure 7-1: Two time slices for the Bayesian Knowledge Tracing model.

and tracks student mastery which should be reflected simply by how well they could

answer the problem throughout the student trajectory. The Bayesian Knowledge

Tracing model can be graphically represented by a dynamic bayesian network [5].

Figure 7-1 shows two consecutive slides of the BKT model. Each student trajectory

becomes a sequence of time slices of nodes that capture one event per time slice. The

student’s state at any given step, which is unknown to us, is represented by a hidden

node K is a binary indicator of whether the student has obtained knowledge or not.

This hidden node is the parent of the observed node Q, which represents correctness

of each submission to the problem. The binary value of node Q is depending only the

knowledge node K with some probability of slip or guess.

The traditional BKT model did not capture any information on resource consul-

tation, which could be a very important indicator of student progress. Therefore a

BKT model that incorporated an observed node R that represents the resource vis-

ited at each time slice was proposed. The resource consulted at a time slice t could

contribute to learning and gaining the knowledge in the next time slice. Figure 7-2

shows two consecutive slices of the modified BKT model [6] 1. The problem node Q

will be empty in the time slice of an observation event, and the resource node R will

be empty in the time slice of a submission event.

1We note that the data we used in this thesis is significantly enhanced due to manual curation
and careful student trajectory assembling process.
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Figure 7-2: Two time slices in the individualized Bayesian Knowledge Tracing
model.

7.2 Modeling Latent Variable Models for Problem

Solving in MOOCs

The Bayesian Knowledge Tracing model shows one way of interpreting the problem

solving process. It is centered around the hidden state that represents student knowl-

edge. By including the resource node, one identifies the influence of consultation

of resources on knowledge gain. However, the BKT model is still missing several

factors that we are still interested in. The Bayesian Knowledge Tracing model has

been widely used in tutoring systems where problems are designed for learning very

specific skills and under very controlled circumstances. In MOOC courses, we posit

there is a wide variance in student state in learning as they have a lot of ways they

can traverse through the material to come to the same correct or incorrect answer.

To capture this variation, we propose to change three different aspects of the latent

variable modeling.

Larger support for latent variable

First we propose that, a binary support for the latent state might no longer
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be appropriate. Therefore, we want to increase the number of support for the

hidden state to be more than two.

Incorporating answer types

Second, in section 6.2.3, we interpreted different incorrect answers as indications

of students being hindered by different conceptual barriers which might provide

valuable information on students progress. Therefore we would also like to

represent submission answers as answer types instead of a binary indicator for

correctness.

Modification of what correlates with what

Finally, the modified BKT model incorporated the resource node R as a parent

node of the knowledge node K. We interpret this connection as resource con-

sultation helping students gain the knowledge required to solve each problem.

However, resource consultation should also be correlated with the current state

of the students, because at any given time we assume that students are actively

searching for resources that could help them solve the problem. If they are

stuck at different stages of the problem solving process, we would expect them

to consult different resources.

7.2.1 Student State as Hidden Node: Influencing Only Re-

source Use

In the early analytics we have done in Chapter 5, we observed differences in student’s

access of the resources. We also notice that these access patterns might change as

the number of incorrect attempts student makes increases. Instead of interpreting

the hidden node as student knowledge or progress, we could consider the hidden node

representing multiple states of the student engagement during problem solving. For

example, it is most likely that the student might start to dig into more complex

resources as he or she is not able to answer correctly after multiple attempts. There-

fore, we proposed a set of Hidden state generating Resource use (abbreviated as HIR)

models where each time slice contains one hidden node S and two observed nodes
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A and R, each representing answer and resource respectively. The answer node A is

no longer dependent on hidden node S which now represents student state. Figure

7-3 presents three models with different ways to relate the nodes across time slices.

There are three inter-slice edges that we can interpret as the followings:

Edge from node A to A

The edge from the answer node in the current time slice to the next time slice

represents transitions between different answer types.

Edge from node A to R

Students might consult different resources depending on their current answers

and correctness.

Edge from node R to A

On the other hand, resource consultations could help or confuse students and

therefore affect the next submission answer.

7.2.2 Student State as Hidden Node: Influencing the Answer

State

Another way we could interpret the hidden node, as we have briefly discussed when

we were looking into submissions answer types, is as conceptual barriers that students

have to overcome to solve the problem. The hidden node could indicate where in the

problem solving progress the student is at. Unlike the models we proposed in the

previous section, models with this interpretation will have an edge going from the

hidden node S to the answer node A in the same time slice to represent the student

state having direct impact on student submission answers. We will refer to these

models as the Hidden state generating Answer type ( abbreviated as HIA) models.

Simple Hidden Markov Model

We first proposed a simple Hidden Markov Model (HMM) with one hidden node

S and two observed nodes A and R as shown in Figure 7-4. In this model, the
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(a) HIR 1

(b) HIR 2

(c) HIR 3

Figure 7-3: Three example Hidden Influencing Resource (HIR) models with different
inter-slice directed edges.
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Figure 7-4: Two time slices in the simple Hidden Markov Model.

answers submitted and resources visited by a student are completely determined by

the student state (they are independent of each other given the hidden state), and

they are independent from nodes from other time slices. We will refer to this simple

model as our first HIA model, HIA 1, for the rest of this chapter.

Adding in more directed edges

Based on the simple HMM, we proposed two more complex dynamic bayesian network

by adding in directed inter-slice edges as shown in Figure 7-5 and Figure 7-5. We

will refer to these models as HIA 2 and HIA 3 for the rest of this thesis. We could

interpret those edges the same way we did in Section 7.2.1. In the model with HIA 2,

the resource visited in the previous time slice and the current state of the student will

both contribute to the student answer. In the model with HIA 3, resource consultation

in the current time slice is not a direct parent of the answer node A, but that of the

student node S in the next time slice. We interpret this as the student answer being

completely dependent on the student state S which represents whether the student is

hindered by any barrier, and resource consultation could help student overcome those

barriers in the next time slice.
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Figure 7-5: Two time slices in the second Hidden Influencing Answer (HIA 2) model.

Figure 7-6: Two time slices in the third Hidden Influencing Answer (HIA 3) model.

7.3 Summary

There are a number of combinations for the graphical structure, support for the latent

and the method in which the observed variables are assembled. We presented a few

sample of them above and our rationale behind them. In the upcoming chapters we

present the results for a subset of these proposed model structures. We highlight

these subset as they were among the best performing.
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Chapter 8

Learning and Evaluating Models

Our next step is to first learn the models given the structure, variable definitions and

time slice definition as presented in the previous chapter. We then evaluate how well

the models that we have proposed could actually describe the student trajectories

using a metric called log-likelihood which measures how likely is a given set of data

to have come from the posited model. We will also evaluate those models to predict

upcoming student submission events. At every time slice t of a student trajectory,

the events we have already seen from time slices 1 to t-1 should contribute to our

knowledge of the current state of the student, and therefore help us predict whether

the student will get the problem correct in next try or not.

8.1 Learning the models

We used the Bayes Net Toolbox (BNT) [4] for MATLAB to build all of our models.

The toolbox allows users to create highly customized Bayesian and dynamic bayesian

networks for very complex graph models by passing in the two adjacency matrices for

inter-slice and intra-slice edges to the constructor.

The BNT toolbox provides us with implementation of the expectation maximiza-

tion (EM) algorithm which is used to find maximum likelihood estimates of parame-

ters in our models. We set a upper limit to the maximum number of iterations allowed

to make sure that each EM run can terminate in reasonable time. The condition for
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convergence is when the difference between log-likelihoods become less than a very

small number.

Interface Development

Since we want to explore models with different directed acyclic graphs (DAG), we

created an interface that allows us to specify adjacency matrices in two separate csv

files which we then specify as input parameters file for the toolbox.

Another important step in preparing for learning the models is creating testing

and training cases in the specified formats. We can easily build those cases by extract-

ing answer and resource information from problem csv files. Each case is a m × n

MATLAB cell object representing a student trajectory, where m is the number of

nodes per time slice and n is the length of the longest sequence among all students.

The k-th column of a case would represent observations on the m nodes in the k-th

event of the student trajectory. Unobserved nodes are left empty. One issue with us-

ing the length of the longest sequence out of all students as n is that there are a few

outliers with very large sequence lengths. Therefore we decided to use the sequence

length at 95 percentiles as our n. This reduces the size of our cases and time to learn

our models dramatically. For example, for the impedance problem, the length of the

longest sequence is 170, while the 95-percentile sequence length is only 11.

8.2 Learning Models at Scale

8.2.1 Speed Limitation

Despite of its versatility in building different graphical structures, the BNT toolbox

for MATLAB has one major disadvantage which is its slow speed. Each fold of

cross validation could run up to the maximum number of EM iterations allowed and

each iteration must also go through every training case. Each problem in the 6.002x

course contains a large number of student trajectories ranging from 7,000 to more than

30,000, and each student trajectory contains many time slices. The large number of
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supports we have for resource node R and the non-binary supports for node S and A

will also contribute to increasing the training time significantly. Therefore, there are

several steps we have taken to alleviate this issue:

1. Building student cases from problem csv files with filtering resource and com-

bining consecutive events. This significantly reduced the number of supports

for resource node R and the number of time slices per student trajectory.

2. Selecting only a subset of total number of students to train and test on.

3. Running each fold of the k-fold cross validation step in parallel, which will

reduce the run time by a factor of k.

4. Limiting the maximum number of EM iterations allowed to be 100.

Before those procedures were taken, each experiment could take up to days, but after

following these steps it reduced to several hours.

8.2.2 Running at Scale

We want to experiment with different model structures and parameters on a large

number of homework problems. It’s not feasible to run hundreds of experiments in

serial on the same machine, which could take hundreds of days. This requires us to be

able to run learning algorithms at scale. Therefore we used dcap [8], “A Distributed

Computation Architecture In Python”, to utilize the CSAIL Openstack cloud for

running our experiments. dcap is a distributed system that has been previously

developed by the ALFA group for running MATLAB experiments on the CSAIL

cloud. It has a server-client architecture where the server maintains a list of tasks

to be completed and sends one task at a time to each client connected. The dcap

system allows us to launch any number of clients and at any time. The client sends

the results for task back to the server immediately after completions and will request

for a new task. This makes sure that completion of each task stays independent of

possible failures in other nodes in the system.
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8.3 Evaluation of models

We used cross validation (CV) to validate our data. For each of the proposed model,

we typically have a set of training data which we use to train the parameters in

our model and a set of testing data that we have not seen before and try to make

predictions on or evaluate the model on. A k-fold cross validation first involves

dividing the training set into k approximately equal subset. For each one out of the

k iterations we will perform, we leave out one of the k subsets as our cross validation

testing set and train on the rest. At the end, we will look at our performance across

all k folds to determine the goodness of our model. The cross validation method

does not assess how well a particular model with a particular set of parameters could

predict, but how well the model can generalize to unseen testing data. This ensures

that we don’t falsely favor a model that could be overfitted for the training data.

After we ran k-fold cross validation, we will train on all the training data and run

predictions or evaluate log-likelihood on the testing data. In the case of prediction,

we make a prediction at every time slice t that has a non-empty answer node. If we

consider observation events to have an answer type of n+ 1, we will be predicting at

observation slices too. The BNT toolbox has provided a method that allows us to

enter the 1 to t− 1 time slices as evidence into our model. To make a prediction, we

find the marginalized probabilities for all possible states of the answer node A and

pick out the probability for the positive class as our score, which indicates how much

we believe our prediction belongs to the positive class.

8.3.1 Log-likelihood Evaluation

The log-likelihood for a given set of observations is the log of probability density

for those observations given the model whose parameters we learnt. Therefore, a

better model should produce a greater log-likelihood both when running EM iterations

during the training stage and when evaluating probability of unseen testing cases.
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8.3.2 Predicting future submissions

In our models, submission events are represented by an answer node A whose state

indicates either the correctness or one of the answer types. There are different predic-

tions we could make based on the number of supports we want to use for the answer

node.

Binary States

When the answer node support is binary, for example in the case of BKT

model, we are simply trying to distinguish between a correct, which is the

positive class, and an incorrect answer, which is the negative class. We can

interpret our prediction as whether the student will answer correctly if he or

she is to submit an answer in time slice t, given all events from time slices 1

to t− 1.

n States

When the answer node has n number of supports, one out of the n states

represents the positive class of being correct, and the rest n− 1 states are all

negative classes. We can interpret this the same way as we did with binary

support.

n+ 1 States

Currently the answer node is considered empty for an observation event. We

could add in the n+1 state that represents an empty submission. This could

be interpreted as predicting whether the student will answer and answer the

positive class type we picked in time slice t, given all events from time slices

1 to t− 1.

Receiver Operating Characteristic Curve

We evaluate our models by looking at their area under the receiver operating char-

acteristic (ROC) curve. A ROC curve demonstrates the performance of a binary

classifier, which in our case distinguishes between a positive class and the union of
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all negative classes. Each point on the ROC curve plots a (PF , PD) pair for a specific

decision boundary γ. Those values are defined as the follow:

Decision boundary, γ

γ is the threshold such that if the score is greater than γ, the node is classified

as in positive class.

Probability for false positive, PF

PF is defined as the probability that a negative class is classified as a positive

class.

Probability for detection, PD

PD is defined as the probability that a positive class is classified correctly as a

positive class.

Each of the predictions we made is associated with the true answer type and a

score in the range of [0,1] which is the marginalized probability of the positive class.

A receiver operating characteristic curve is plotted by sweeping across all possible γ

values, classifying all prediction cases and plotting the corresponding (PF , PD) pair.

A perfect classifier has a (PF , PD) of (0, 1) which is located at the top left corner of

any ROC plot. Therefore, we want our models to produce ROC curves as close to

this point as possible, which corresponds to a greater area under curve (AUC).
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Chapter 9

Results

9.1 Experiments

There are two varying parameters for each of the experiments that we have run:

• Model Structures

The three graphical structures that we are comparing are the modified BKT,

HIA 1 and HIA 2 models, as defined in Figure 7-2, 7-4, and 7-5 respectively.

The BKT model has a binary support for its hidden node S while the HIA

models have a support of 5 for the hidden node.

• Support for Answer Node

For each of those three models, we could also have either a binary or m-ary

answer node A. A binary answer node A indicates the correctness of each

submission event and is empty in case of an observation event. An m-ary answer

node will have a support of 11 where the 11-th state represents an observation

events. However, we will only make predictions for time slices that have an

answer state from 1- 10, representing submission events.

We have ran the following sets of experiments for all 24 selected homework prob-

lems:

1. BKT (binary supports for both answer node A and hidden node)
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2. HIA 1 with binary support for answer node A and hidden node support of 5

3. HIA 1 with m-ary support for answer node A and hidden node support of 5

4. HIA 2 with binary support for answer node A and hidden node support of 5

5. HIA 2 with m-ary support for answer node A and hidden node support of 5

For each of the 24 homework problems, we maintained the same 1,000 training and

1,000 testing cases across all five experiments. For the training set, we first ran 5-fold

CV, and finally trained the models using the whole training set for predicting the

testing set. For each future submission event, we predicted whether it would be a

correct (answer node state of 1) or incorrect (answer node state of 2 to 10) answer.

9.2 Results

When we compared the log-likelihoods and AUCs, we grouped the binary and m-ary

models separately, because essentially we are answering different prediction problems

given the different number of supports. We would expect it to be a harder problem

when we have m-ary support, since we are predicting for one out of 11 possible states.

• Table 9.1 presents the average log-likelihood at the end of the EM algorithm

across all 5 folds in CV and the log-likelihood for observing the 1,000 test cases

with the trained binary models.

• Table 9.2 presents the average log-likelihood at the end of the EM algorithm

across all 5 folds in CV and the log-likelihood for observing the 1,000 test cases

with the trained m-ary models.

• Table 9.3 presents the average AUC across all 5 folds in CV and the AUC for

predicting the testing set with the trained binary models.

• Table 9.4 presents the average AUC across all 5 folds in CV and the AUC for

predicting the testing set with the trained m-ary models.
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• Table 9.5 compares the AUCs for predicting every submission events in the

testing set vs. skipping the first submission in all student answer sequences.

From those results, we make the following observations:

• The log-likelihoods for HIA 2 with binary supports were larger than the other

two binary models for all except one out of the 24 problems. However, its

AUCs for both 5-fold CV and testing set prediction were less dominating, but

on average still the best among all three binary models.

• The m-ary HIA 2 model achieved higher CV and testing AUCs than the m-ary

HIA 1 model for most of the problems, even though it actually have a lower

testing log-likelihood for most of the problems.

• For each problem, the most common answer sequence length is one, which

means we are making predictions when we have been given no evidence yet. Our

prediction for the first attempt in each sequence would be heavily depended on

the prior of the answer node. Therefore, we removed the first prediction in each

answer sequence to try to compare which model can best describe transitions

between answer types. The HIA 2 model, as shown in Table 9.5, achieved

the highest AUCs most of the problems regardless of the answer node supports.

This suggest that the HIA 2 model was the best at describing answer transitions,

which could be explained by its more complex model structure.
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Chapter 10

Conclusion

In this thesis, we have provided the following contributions in attempting to mine the

MOOC data for the first time:

Data abstractions

We identified a set of abstractions that are useful for modeling problem solving in

MOOC, and demonstrated the curation process on problems from the first offering of

the 6.002x course. We especially emphasized on limitations and challenges that we

must overcome. Those abstractions include:

• A representation that describes student problem solving trajectories based on a

series of observation and submission events.

• An abstraction in form of a transition matrix that shows student transitions

between different answer types that we have identified for each problem

Framework for analytics and visualizations

We presented a framework for extracting qualitative and quantitative variables, and

creating analytics and visualizations that could provide insight to instructors regard-

ing MOOC student behaviors.

Latent state modeling for problem solving process

We proposed using three types of latent state models (BKT, HIA, and HIR) in an

attempt to model the problem solving process by capturing student state as the latent
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variable. We built, evaluated, and compared three models using 24 selected homework

problem from 6.002x. We observed that the model with the most complex structure,

the HIA 2 model, was the most accurate.

Methodology for modeling at scale

We presented a methodology for learning latent state models for problem solving at

scale.
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number of unique resources

problem id before after

94 133 53
111 132 50
121 131 48
135 133 50
139 93 37
161 145 67
181 138 86
183 145 47
229 142 51
236 132 52
239 134 58
259 115 37
276 153 72
318 157 62
326 183 72
330 147 54
332 107 43
353 112 48
358 132 49
369 132 53
467 133 50
479 151 55
484 185 67
513 135 52

Table A.2: Number of unique resources before and after removing resources that
are hand tagged as irrelevant for the 24 selected homework problems.
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id count

2 1783
10 1065
13 12235
20 15255
27 6872
37 2239
41 911
44 70
48 5832
50 4620
56 12274
57 11760
64 10697
66 4173
67 10993
73 1776
79 482
80 12492
94 588
97 1856

110 9098
111 23
112 3541
114 6087
116 1402
121 86
126 16364
131 5489
135 32
136 7772
138 394
139 391
145 8362
151 5224
154 122
156 12983
160 16957
161 2877
164 26597

id count

165 3047
166 1484
169 2102
174 407
176 12724
179 6700
180 16368
181 222
182 11476
183 824
187 30719
191 12464
199 1197
209 7762
229 35
230 13898
236 29
239 160
241 4466
251 4398
252 2053
253 1022
255 2000
259 422
262 16320
264 3946
265 5121
274 3727
276 2676
278 1123
281 3071
283 6684
286 17032
288 15194
297 19923
299 7803
301 379
303 8669
305 4902

id count

307 2629
310 3501
314 4217
318 669
324 5327
326 1873
327 6834
330 1032
332 513
334 11544
335 10317
337 3353
343 1271
344 1804
347 12605
350 2596
353 844
354 8342
358 562
365 3639
369 32
370 1198
373 5320
378 18962
389 1569
391 2701
396 1963
397 6234
398 5293
400 6459
405 14597
414 5877
416 1323
423 18062
429 3022
434 3084
439 450
441 3946
443 1559

id count

446 1759
447 3826
449 19694
452 1329
454 1453
455 3016
456 23474
457 17572
460 2988
461 4862
467 34
477 2368
478 14964
479 559
484 1879
487 2610
488 1229
491 16177
493 1517
499 4325
500 3844
530 1072
543 1387
553 13844
563 901
578 4486
579 137
582 6785
583 2987
591 2860
598 2701
603 93
613 6632
617 5896
618 8393
621 29376
637 3731

Table A.3: Number of unique incorrect answers for all 157 homework problems.
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