
Data Analytics and Visualization
Approaches for Online Learning of Math

and Computational Thinking

HKUST VisLab
The Hong Kong University of Science and Technology

http://vis.cse.ust.hk/groups/e-learning/

1 November 2020

http://vis.cse.ust.hk/


TABLE OF CONTENTS

Table of Contents i

Abstract iii

Chapter 1 Introduction 1

Chapter 2 Our Methods 4

2.1 Data Collection 4

2.1.1 Mouse Movement Data Collection 4

2.1.2 Submission Data Collection 5

2.2 Problem-solving Sequence Analysis 5

2.2.1 QLens: Problem-solving Sequence Analysis within Multi-step Ques-
tions 5

2.2.2 SeqDynamics: Problem-solving Sequence Analysis among Multiple
Questions 11

2.3 Problem-solving Outcome Prediction 14

2.3.1 Predicting Student Performance in Interactive Online Question
Pools Using Mouse Interaction Features 14

2.3.2 Peer-inspired Student Performance Prediction with Graph Neural
Network 19

2.4 Learning Path Planning 20

2.4.1 Path Planning Engine 20

2.4.2 Visual Design 22

2.5 Learning Behavior Regulation 25

2.5.1 Visualization Designs 25

Chapter 3 Evaluation 29

3.1 Data Collection 29

3.1.1 Mouse Movement Data Collection 29

3.1.2 Grading Data Collection 30

3.2 Case Study of Problem-solving Sequence Analysis 31

3.2.1 QLens 31

3.2.2 SeqDynamics 32

3.3 Quantitative Evaluation of Student Performance Prediction 34

i



3.3.1 Predicting Student Performance in Interactive Online Question
Pools Using Mouse Interaction Features 34

3.3.2 Peer-inspired Student Performance Prediction with Graph Neural
Network 38

3.4 Learning Path Planning 40

3.4.1 User Studies of PeerLens 40

3.5 Learning Behavior Regulation 42

3.5.1 User Studies of Intervention 42

3.5.2 Experiment Design 43

3.5.3 Results and Analysis 44

Chapter 4 Release 46

4.1 GitHub 46

4.2 Project Page 46

Chapter 5 Conclusion and Future work 47

Bibliography 49

ii



DATA ANALYTICS AND VISUALIZATION
APPROACHES FOR ONLINE LEARNING OF
MATH AND COMPUTATIONAL THINKING

ABSTRACT

With online education becoming popular in the past decades, there has been an in-

creasing number of online learning platforms that provide students with online questions

to cultivate their problem-solving skills. For example, various MOOC platforms (e.g.,

Khan Academy) and online question pools (e.g., LeetCode, LearnLex) o�er interactive

intellectual and programming exercises. However, the enormous learning resources and the

lack of educators in the online learning settings make it hard for students to achieve per-

sonalized learning. There are two major challenges for people to remove these obstacles.

The �rst is how to collect students' �ne-grained behavior data during the problem-solving

process. The second is to utilize the collected data to infer students' cognitive state in

the dynamic problem-solving process and further solve downstream tasks, such as student

learning performance prediction and personalized learning path recommendation.

In this white paper, we introduce a general way to collect students' �ne-grained mouse

movement data during their problem-solving process. Based on the data collected, we

analyze the detailed problem-solving sequences. First, we propose QLens, a visual ana-

lytics system to help question designers analyze students' problem-solving behaviors in

multi-step questions to improve question design at a micro-level. Second, we design,

SeqDynamics, another visual analytics system to evaluate students' problem-solving dy-

namics among a series of questions from both cognitive and non-cognitive perspectives at

a macro level. Third, we extract the interaction features from students' mouse movement

trajectories and develop advanced deep learning algorithms (i.e., GNN) to predict their

performances on any given questions. Furthermore, we try to improve their self-learning

skills by proposing PeerLens, an interactive visual analytics system that enables peer-

inspired learning path planning and visual interventions to regulate their problem-solving

behaviors. We conduct extensive quantitative evaluations, such as case studies, user stud-

ies, and expert interviews, to demonstrate the e�ectiveness and usefulness of our proposed

data analytics and visualization approaches.
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CHAPTER 1

INTRODUCTION

With online education becoming increasingly popular in the past decades, various online

learning platforms have been developed to provide students with all kinds of learning

materials, including online exercises. For example, various MOOC platforms (e.g., Khan

Academy), online question pools (e.g., LeetCode, LearnLex), and intelligent tutoring sys-

tems (e.g., SimStudent) o�er interactive maths questions and programming exercises (Xia

et al., 2019a). Compared with traditional learning, students can access these learning ma-

terials more 
exibly and conveniently. However, the huge amount of learning resources

and the imbalance in the number of educators and students make it challenging for stu-

dents to achieve personalized learning. In this white paper, we attempt to bridge the gap

between educators and students in students' problem-solving behaviors.

Problem-solving processes can re
ect students' cognitive abilities as well as noncogni-

tive traits. Cognitive skills refer to the core skills that the brain uses to think, read, learn,

remember, reason, and pay attention, while noncognitive traits and behaviors refer to spe-

ci�c characteristics such as motivation, conscientiousness, perseverance, self-regulation,

and collaboration (Farkas, 2003). In the online problem-solving scenario, for educators

and question designers, they need to understand students' problem-solving logic when

solving a multi-step question and their learning habits when solving a series of questions.

With a deep understanding of students' learning habits and problem-solving behaviors,

they can improve question designs and give customized instructions to student groups

with di�erent cognitive abilities and non-cognitive traits. Meanwhile, students on on-

line learning platforms need to enhance their self-learning skills, such as learning paths

planning and learning habits regulation.

However, two challenges are encountered when educators and question designers are

trying to handle the above tasks in online learning platforms. The �rst is how to collect

students' �ne-grained behavior data during the problem-solving process. The second is

how to utilize the data to infer students' cognitive state in the dynamic problem-solving

process and further solve downstream tasks (e.g., student performance prediction and per-

sonalized learning paths planning). For example, each learner's problem-solving behav-

iors, is ultimately multi-dimensional time-series data and how to represent and interpret

such data with meaningful semantics (i.e., cognitive and non-cognitive traits and behav-

iors) is non-trivial; summarizing students' problem-solving dynamics in di�erent levels of
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details to facilitate convenient comparison can be di�cult; mining and representing peers'

learning data to assist students to regularize their learning behaviors and better plan their

online learning is hard to achieve.

With the sponsor from Innovation and Technology Fund of HKSAR (Project No.:

ITS/388/17FP) and our industry collaborator, Trumptech (Hong Kong) Ltd, we conduct

a series of research on students' problem-solving process in online learning. Fig. 1.1 pro-

vides an overview of our research on employing data analytics and visualization techniques

to facilitate online learning, which mainly consists of three modules. The �rst module

is data collection, which introduces a general way to collect students' �ne-grained mouse

movement data and submission records in the problem-solving process. Based on the

data collected, the second module is the problem-solving analysis and its evaluation. It

analyzes the detailed problem-solving sequences, extracts the interaction features from

students' mouse movement trajectories to predict students' performance, and further as-

sists students in path planning and behavior regulation. In particular, two visual analytics

systems, QLens and SeqDynamics, are proposed to analyze students' problem-solving be-

haviors at a micro-level (multi-step within questions) or at a macro level (among a series

of questions), respectively. Moreover, student mouse movement interaction features and

new GNN models are proposed to predict students' performance on any given question.

The third module is evaluation, where we conduct various quantitative assessments, case

studies, user studies, and expert interviews to demonstrate the e�ectiveness and useful-

ness of our proposed data analytics and visualization approaches. Table 1.1 lists the

publications in this white paper.

Figure 1.1: The framework of the white paper contains three modules. Data collection
module collect students' �ne-grained mouse movement data. Data analytics & evaluation
module introduces and evaluate visual analytic systems to analyze students' problem-
solving processes, advanced machine learning techniques to predict students' performance,
and visual interventions to assist students' learning path planning and self-regulation.
Techniques release module publishes the github repositories and the project page.
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NO. Title Venue Section

1 Visual Analytics of Student Learning Behaviors on K-12 Mathematics E-learning Platforms
IEEE VIS 2019
(poster) 2.2.1

2 QLens: Visual Analytics of Multi-step Problem-solving Behaviors for Improving Question Design IEEE VIS 2020 2.2.1
3 SeqDynamics: Visual Analytics for Evaluating Online Problem-solving Dynamics Euro VIS 2020 2.2.2

4 Predicting Student Performance in Interactive Online Question Pools Using Mouse Interaction Features
Learning Analytics
& Knowledge 2020 2.3.1

5 Peer-inspired Student Performance Prediction with Graph Neural Network CIKM 2020 2.3.2
6 PeerLens: Peer-inspired Interactive Learning Path Planning in Online Question Pool CHI 2019 2.4

7 Using Information Visualization to Promote Students'Re
ection on\Gaming the System"in Online Learning
Learning @ Scale
2020 2.5

Table 1.1: Our publication list in this white paper.
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CHAPTER 2

OUR METHODS

2.1 Data Collection

2.1.1 Mouse Movement Data Collection

We design and implement a general interaction data collection technique which could be

applied in di�erent platforms. Its implementation logic is shown in Fig. 2.1.

Figure 2.1: Framework of interaction data collection.

Figure 2.2: Mouse movement data format

Fig. 2.2 is a format example of our collected data and it shows all dimensions of

the data, such as the trajectories and the drag/click actions of the mouse, user login
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time/frequency, user average scores and time spent on questions. These data dimensions

are visualized in various forms for learning behavior analysis. The analysis can help the

instructors as well as the users to better understand the learning behaviors and patterns,

so as to improve the design of lecture materials and the learning e�ciency accordingly.

2.1.2 Submission Data Collection

Apart from the mouse movement data, we required students' submission data from an E-

Learning platform, which format is shown in Fig. 2.3. The dimensions of the submission

data contain the submission ID, student ID, questions ID, score, and the submission

time, which give us a baseline about students' performance and could be used as labels

to predict students' future performance.

Figure 2.3: Submission data format

2.2 Problem-solving Sequence Analysis

2.2.1 QLens: Problem-solving Sequence Analysis within Multi-
step Questions

There has been an increasing number of learning platforms that provide students with

multi-step questions to cultivate their problem-solving skills. To guarantee the high qual-

ity of such learning materials, question designers need to inspect how students' problem-

solving processes unfold step by step to infer whether students' problem-solving logic

matches the design intents of the questions. They also need to compare the behaviors of

di�erent groups (e.g., students from di�erent grades) to distribute questions to students

with the right level of knowledge. The availability of �ne-grained interaction data, such

as mouse movement trajectories from the online platforms, provides the opportunity to

analyze problem-solving behaviors. However, it is still challenging to interpret, summa-

rize, and compare the high dimensional problem-solving sequence data. In this chapter

we present a visual analytics system,QLens, to help question designers inspect detailed

problem-solving trajectories, compare di�erent student groups, distill insights for design

improvements.
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Figure 2.4: The alpha version of QLens. (a) Overview of the problem and the heat map
shows the problem-solving interaction data; (b) Transition map view reveals the detailed
problem-solving steps; (c) Data analytics view displays the correlation between learning
attributes and learning performance;(d) Control panel o�ers the function to adjust the
parameters of Region of Interests (ROIs).

Alpha Version of QLens

The system shown in Fig. 2.4 is the alpha version ofQLens. In the alpha version, we �rst

extract the regions of interests according to the density of students' mouse movements

trajectories (Fig. 2.4a) and then use the transition map to represent in which order and

frequency a student interacts with di�erent regions of interests.

As for the transition map in Fig 2.5, regions with intensive interactions are extracted as

ROIs and visualized through pie charts connected by arcs according to mouse movement

streams to form a transition map. The size of the pie charts represents the number of

interactions over the ROIs; the color of the arcs and sectors represents the time order.

In this way, the map reveals students problem-solving steps. We can see that the third

and fourth pie at the bottom are larger than others and the lines between them are much

thicker, which means large amounts of transitions between these two ROIs. This transition

map can be used to summarize a group of students' behaviors and also to compare the

transition maps of two students or two groups of students' problem-solving behaviors.
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Figure 2.5: The transition map demonstrates the detailed problem-solving steps with
event types and time information.

More details can be referred in the paper (Xia et al., 2019b).

Problem-solving Behavior Modeling

Figure 2.6: (a) An example of interactive question. (b) The solution of (a).

To further re
ect the problem-solving logic, engagement level, and di�culties students

encountered and facilitate further visualization tasks, we use a hybrid state Markov Chain

to model students' problem-solving behaviors (Abate et al., 2008). Before introducing the

detailed problem-solving behavior modeling, we �rst de�ne the following terms as below:

� Intermediate answer: the answer a student �lls in blanks at a step. For example,

for the Fig 2.6a question, 6; null; null; null; null; null is an intermediate answer.

� Condition: one criteria that students need to ful�ll to get part of the score. For

example, in Fig 2.6a, placing one of the six digits in the correct position accounts

for one condition being satis�ed.
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� Condition array: a string consisting of 0 and 1 to indicate whether a set of con-

ditions are ful�lled or not. The length of the string is the number of the conditions.

For example, the length of the question in Fig 2.6a is six.

� Step: the result of an action (e.g., deletion, insertion, exchange or translation) that

a student makes to change his/her answer.

� Stage: the number of conditions the current answer ful�lls. For example, for the

Fig 2.6a question, 6; null; null; null; null; null ful�lls one condition at Stage one.

� Time elapse: the time period between the time a student starts to solve the

problem and the time he/she reaches a certain step.

� Trajectory length: the length (pixels) of the cursor moving on screen from the

time student starts to solve the problem to the time he/she reaches a certain step.

Based on the above de�nitions,State ( S) is modeled as a two-level hybrid structure:

� Level1: f Step, Stageg + f Condition array, Time elapse, Trajectory lengthg

� Level2: f Intermediate answerg

For a particular student, the change of the conditions satis�ed along the way can

re
ect the problem-solving logic. If a student's stage cannot steadily go up as the step

continues (e.g., the stage remains the same for several steps or drops continuously), it

may indicate that the student encounters di�culties, as suggested by the domain experts.

Data-driven Feedback Construction

As required by domain experts, they need to evaluate the feasibility of using existing data

to provide data-driven feedback to guide students' problem-solving process. When con-

structing data-driven feedback, the basic idea is to recommend the paths conducted by

students who can correctly solve the question to students who cannot. We implemented a

popular path recommendation algorithm based on the path similarity applied in previous

research (Du et al., 2016) (Xia et al., 2019a). More speci�cally, for a student who sub-

mitted an incorrect answer, we �nd all the problem-solving paths (1) that ful�ll all the

conditions at the end and (2) whose states cover the �nal states resulting the incorrect

answer. If more than one path satis�es this constraint, then we rank them according to

their similarities with the current path. The similarity is calculated by the total steps,

the total time, and the total trajectory length. Finally, we recommend the solution path

with the highest similarity.
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Visual Design

Figure 2.7: QLens enables question designers to analyze students' multi-step problem-
solving behaviors for design improvements from levels of detail.

We present a novel visual analytics systemQLens to accomplish the aforementioned

tasks. This system can aid educators and question designers in exploring, analyzing, and

understanding the problem-solving processes of students in multi-step questions. The

visual analysis module ofQLens incorporates the following three views. 1)Overview ,

as shown in Fig. 2.7a, displays basic information about the students, which includes

the background of students, score distribution, time spent by students and information

about common errors. 2)Transition View , as shown in Fig. 2.7b, intuitively visual-

izes the steps and stages involved in solving a problem which help in understanding the

di�erent approaches and problem-solving logic that the students apply in order to solve

the problem. This view also displays the data-driven recommended paths of common

errors for question designers to evaluate the feasibility for providing data-driven feed-

back. 3) Comparison View , as shown in Fig. 2.7c, facilitates a detailed comparison of

the problem-solving process of two or more groups of students based on users' selection.

Moreover, a collection of interactions, such as �ltering, highlighting, and tooltips, is also

available for the users to explore the dataset freely.

Transition View

The Transition View (Fig. 2.7b) aims to provide a holistic view of the multi-step

problem-solving behavior to re
ect students' problem-solving logic, engagement, and dif-

�culties encountered and has three parts: control panel (Fig. 2.7b1), transition graph

(Fig. 2.7b2), and engagement chart (Fig. 2.7b3).
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Figure 2.8: The enlarged part of the transition graph in Fig. 2.10b2

Figure 2.9: The contextual line chart with dual axes. The upper line chart shows the
average time spent (seconds) on each step and the lower shows the trajectory length of
the cursor (pixels) on each step. Lines of di�erent colors represent di�erent groups.

Control Panel , as shown in Fig. 2.7b1, provides �lter options to facilitate exploration.

The leftmost �lter enables question designers to select a single student and analyze his/her

problem-solving path. The middle �lter �lters the transitions less than a certain number

and makes the common path appealing. It also incorporates a navigation bar to provide

question designer an overall impression of the length of total steps students take by

highlighting the current page using a red rectangle.

Transition graph , as shown in Fig. 2.8, intuitively visualizes how a group of students

ful�ll a set of conditions step by step in order to reach the �nal answer (i.e., the problem-

solving logic). The x-axis represents the step and a student makes a step when he/she

changes the answer by deleting/inserting/exchanging/translating element(s). The y-axis

represents the stage, where the stage is the number of conditions ful�lled in each step.

For example, if a student has a sequence starting with (null; null; null; null; null; null ),

(6; null; null; null; null; null ), he/she moves from Fig. 2.8a (Step zero, Stage zero) to

Fig. 2.8b (Step one, Stage one). By placing 6 in the correct position, one condition is

ful�lled. A student moves to a higher stage only when one or more conditions are satis�ed

otherwise the students remains in the same stage or drops to a lower stage if he/she breaks

one or more condition(s) no matter how many steps he/she makes. The transition lines

between the glyph show the number of students going from one state (step, stage) to

another. For example, as shown in Fig. 2.8a, all students ful�ll zero conditions at the
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beginning. The 33 students (Fig. 2.8c) move from Stage zero (zero conditions ful�lled) to

Stage one (one condition ful�lled) at the second step. By hovering the mouse to the glyph,

we can check the details like the number of students ful�lled each condition (Fig. 2.8d).

Engagement Chart (Fig. 2.9) shows the e�orts students pay on each step when

solving the question. It consists of a dual-axis line chart (top and bottom). The upper

line chart shows the average time spent in seconds on each step, and the lower line chart

shows the trajectory length of the cursor in pixels in each step. This contextual line chart

helps users in understanding how much e�ort the students make or how much they engage

in solving the problem based on the time spent and the interactions. When one or more

subgroups are selected, a line with a di�erent color is added to show the average time and

interaction in each step of that particular group. In Fig. 2.9, the light blue line represents

students ful�lling zero conditions and the orange line represents students ful�lling all the

six conditions. We can see that students got zero score actually exert more e�orts for

each step.

2.2.2 SeqDynamics: Problem-solving Sequence Analysis among
Multiple Questions

Problem-solving dynamics refers to the process of solving a series of problems over time,

from which a student's cognitive skills and non-cognitive traits and behaviors can be

inferred. For example, we can derive a student's learning curve (an indicator of cogni-

tive skill) from the changes in the di�culty level of problems solved, or derive a stu-

dent's self-regulation patterns (an example of non-cognitive traits and behaviors) based

on the problem-solving frequency over time. Few studies provide an integrated overview

of both aspects by unfolding the problem-solving process. In this paper, we present a

visual analytics system namedSeqDynamicsthat evaluates students' problem-solving dy-

namics from both cognitive and non-cognitive perspectives. The system visualizes the

chronological sequence of learners' problem-solving behavior through a set of novel vi-

sual designs and coordinated contextual views, enabling users to compare and evaluate

problem-solving dynamics on multiple scales. We present three scenarios to demonstrate

the usefulness ofSeqDynamicson a real-world dataset which consists of thousands of

problem-solving traces. We also conduct �ve expert interviews to show thatSeqDynamics

enhances domain experts' understanding of learning behavior sequences and assists them

in completing evaluation tasks e�ciently.
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Establishing Problem-Solving Attributes

We establish problem-solving attributes from both the cognitive and non-cognitive per-

spectives. Based on previous research (Ausubel et al., 1968) and domain experts' sug-

gestions, we consider three learning attributes to evaluate individual's cognitive skills:

the number of problems solved (l1), the percentage of hard problems solved (l2), and

the diversity of problems solved (l3). In addition, we consider three learning attributes

related to noncognitive traits and behaviors: diligence, willingness to take on challenges,

and perseverance. Previous research (Farkas, 2003) summarized a series of non-cognitive

skills from two aspects, conscientious work habits (e.g., perseverance, discipline) and other

personality traits (e.g., opening to new experience, aggressive, etc). The roles of those

skills in schooling and employment outcomes had been examined. We discussed these

attributes one by one with domain experts to check how they are valued and measured in

our scenario. We concluded that the total number of submissions (l4) can reveal whether

a student has expended e�ort on the programming platform, which we recognize as dili-

gence. The time starting to solve hard problems (l5) shows when a student has adapted

to the learning process and is con�dent enough to try new problems. This indicates one's

willingness to take on challenges and is highly emphasized by the experts when selecting

the best candidates.l6, calculated by #(active days)/ #(days after registration), uncovers

a student's ability from the time perspective, which we called perseverance, to di�eren-

tiate good candidates from other students who attempt many problems with enthusiasm

only over a short period.

Problem Di�culty and Learner Ranking

According to domain experts (E1, E2), problem di�culty is a key feature in our context

when evaluating and selecting learners, based on which the students' ranking is de�ned.

The current method of determining the rank of a learner is purely based on the number

of problems he/she solves (Revilla et al., 2008). However, a student who solves ten easy

questions is di�erent from a student who solves ten di�cult ones. Inspired by the ELO

ranking algorithm used in areas (e.g., chess, education, work allocation) to de�ne the rel-

ative ranking dynamically (George Trimponias & Yang, ) (Molenaar et al., 2019) (Good-

speed, 2017), we modify it to calculate the learner ranking. The detailed ranking method

can be found in paper (Xia et al., )

Visual Design

We present a novel visual analytics system for instructors to evaluate the problem-solving

dynamics and select the best candidates from the candidate pool. The visual analysis
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Figure 2.10:SeqDynamicsfacilitates the evaluation of learners' problem-solving dynamics
via levels of analysis: (a) Ranking View displays the overall performance (macro level),
(b) Projection View plots a subset of learners with key learning attributes (meso level), (c)
Evolution View and (e) Comparison/Cooperation View magnify the details of a problem-
solving sequence unfolded over time (micro level). Correlation View (d) displays the
correlation of di�erent learning attributes with the performance ranking and enables users
to customize the weights.

module ofSeqDynamicsincludes: 1)Ranking View (Fig. 2.10a) that displays an over-

all distribution of the learners' scores and ELO ranking in an ascending order (macro);

2) Projection View (Fig. 2.10b) and Correlation Panel (Fig. 2.10d) that facilitate

instructors to customize their own evaluation criteria and compare the synoptic problem-

solving features of a subset candidates on a 2D canvas. 3)Evolution View (Fig. 2.10c)

that expands the selected learners' problem-solving features over time for detailed inspec-

tion (micro); 4) Comparison/Cooperation View (Fig. 2.10e) that facilitates explicit

comparisons of two problem-solving sequences and demonstrates the complementarity of

two learners. A collection of interactions, such as querying, highlighting, tooltips, and

brushing, is also available for users to explore the dataset freely. More details can be

referred in the paper (Xia et al., ).
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