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‘What is online learning?

Online learning includes learning with the assistance

of the Internet and computing technologies. (crisiobal
Romero &Sebastian Ventura, 2010)
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‘Common online learning platforms

Online learning platforms

Function

Examples

Learning Management System

a software application for
administration, documentation,

Canvas, Moodle,
Coursera, EdX,

instruction or feedback to learners.

tracking, reporting, and delivery of | Udacity
educational courses.

Intelligent tutoring system computer system that aims to Algebra Tutor,
provide immediate and customized SmartTutor

Test and quiz systems

evaluate and practice students’ level
of knowledge by providing a series of
qguestions.

Uva, LeetCode

Learning Objects repositories,
wikis, forums, educational
games, Q/A systems

sometimes used independently or
together with other learning
platforms.

StakeOverflow

Future Work

: Data Types Visual analytics Conclusion and
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‘Motivation of Learning Data Analytics
It 1s powered by data:

Online learning platforms Data collected

Learning Management Systems student activities involved, covering reading,
writing, taking tests, performing tasks, and
discussing with peers

Intelligent Tutoring System all student—tutor interactions, such as
mouse clicks, typing, and even speeches or
videos.

Test and Quiz Systems a great deal of information, such as
students’ answers, calculated scores, and
statistics.

Learning Objects repositories, wikis, forums, meta knowledge, questions and answers
educational games, Q/A systems

: Data Types Visual analytics Conclusion and
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Motivation of Learning Data Analytics
It 1s required by different stakeholders:

* Learner: reflect on and improve learning performance

Instructor: improve instruction and assist teaching

Researcher:
» propose and develop learning analytics
« compare different pedagogical methods

Administrator:
« allocate educational resources in institutions
 manage the quality and legitimacy of learning programs

: Data Types Visual analytics Conclusion and
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‘What is visual analytics?

Visual analytics provide visual representations of
datasets and interactive technologies to help people
carry out tasks more effectively.

Keep human in the loop

Data Mining + =) Axésll;'?ilcs

Clearly defined tasks

High-bandwidth
channel

Exploratory analysis

Automated process

External perceptual

Involve human

system knowledge
Obijective results Interaction Deeper understanding
Introduction Data Types Visual analytics Conclusion and
OAUCtio in Online Learning for different stakeholders Future Work
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Challenges in visual analytics

 The data in online learning is large and heterogeneous.
 The needs of different user groups are quite diverse.

 The end users usually have different knowledge levels on
visual literacy and data mining techniques.
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Data Types of Online Learning
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Descriptions of different data types

Meta Data

Profile information

Learners' profile (demographic, student
knowledge)

Learning materials

Course-like learning materials, non-
course-like learning materials

Behavior Data

Interactive behavior

Click-stream, problem solving sequence,
submission stream, typing stream

Communicative
activity

Forum discussion, chatting room, Blog

Personal status Mental/physical Mental status(engagement), physical
status status(gaze behavior)

Performance Students’ Assignments, quizzes, and exams

& others performance
Others Family factors, etc.
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Profile information

Learners’ profile & instructors’ profile:

Demographic information age, gender, education
level, income level, marital
status, occupation, religion

Administrative information | what platform they study,
which class he/she belongs
to, and who his/her
instructor is

Learners’ background prior knowledge on the
knowledge learning material

Introduction Data Types Visual analytics Conclusion and 1 1
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Learning materials

Course-like learning materials:
* Videos
* Lectures

Non-course-like learning materials:
* Questions

 Answers

« Ktc.

Conclusion and
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Interactive behaviors

. A t1 B tz C
e (Clickstream: e ® O

{User, ClickEvent, Timestamp}

ta

move forward

* Problem solving sequence: @ Eieftov
{User, Partial Solution, Timestamp}

* Submission stream:
{User, Problem, Feedback, Timestamp}

27657478 2018-12-17 01:19:22 Accepted 1285 31IM5 1432K 10638 G++
27657370 2018-12-17 00:31:18 Wrong Answer 1232 31M5 1376K 6368 G++ izl
27657324 2018-12-17 00:18:13 Wrong Answer 1255 202M5 1775K 31378 G++ i

 Typing stream:

Introduction Data Types Visual analytics Conclusion and 1 3
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‘Interactlve behaviors

Existing datasets:
Datashop https://psledatashop.web.cmu.edu/

ASSISTmentsData

https://sites.google.com /site/assistmentsdata/home/
assistment-2009-2010-data

LAK 2018 Challenge | https://sites.google.com/view/lak19datachallenge

Pavlik - Knowledge Tracking PI: Phil Pavlik 2

Dataset Domain/LearnLab
Chinese Vocabulary Spring 2006 Language/Chinese
Spanish Vocabulary Spring 2006 Other
Chinese Vocabulary Transfer Lab Study Spring 2006 Language/Chinese
Chinese Vocabulary Fall 2006 Language/Chinese
Chinese Vocabulary Spring 2007 Language/Chinese
Chinese Vocabulary Schedule Preference Fall 2007 Language/Chinese
Chinese Radical Transfer Fall 2007 Language/Chinese
Chinese Radical Transfer Fall 2007 - October Language/Chinese

Dates
May 9, 2006 - May 9, 2006
Feb 4, 2006 - May 23, 2006
May 24, 2006 - Jul 13, 2006
Qct 18, 2002 - Dec 19, 2006

Jan 22, 2007 - May 11, 2007
Sep 10, 2007 - Dec 16, 2007
Sep 10, 2007 - Oct 10, 2007

Oct 1, 2007 - Oct 10, 2007

Status
complete
complete
complete
complete
complete
complete

complete

Transactions
71,928
17,063
19,008
108,206

95,508
127,083
61,323

5,076

. Data Types
Introduction : _ .
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‘Communicative activities

Forum discussion

Chatting room

Blog

All Threads

The Role of Goverment in Mexico for Entrepreneurship
Started by Héctor Manuel Aceves Ortega - Last post by Héctor Manuel Aceves Ortega (5 days ago)

Course evaluation
STAFF REPLIED - Started by anyway samutanda - Last post by Lénard HORGOS (11 days ago)

How long will this course site be open and accesible?
Started by Amando Sosa - Last post by Amando Sosa (17 days ago)

Certificate Received. Thanks All & Keep in touch !
STAFF REPLIED - Started by Sandeep Asolkar - Last post by Suzanne Healy starr (18 days ago)

Certification
STAFF REPLIED - Started by Wesley Tam - Last post by Suzanne Healy srarr (18 days ago)

When will grading be finished??
sTAFF REPLIED - Started by Lydia Victor - Last post by Suzanne Healy srarr (18 days ago)

Signature Track query
sTaFF REPLIED + Started by Ekta Navani - Last post by Suzanne Healy srarr (19 days ago)

X Who are the angel investors in your community?
STAFF REPLIED - Started by Anna Perimutter starr - Last post by Lydia Victor (20 days ago)

Which of the three would you choose to be?
STAFF REPLIED + Started by George Pligor + Last post by SERGE ISAAC KOIDJO KOUAME (a month ago)

The "Role of Anchor Institutions" in Economic Growth
Started by Tina Balani - Last post by SERGE ISAAC KOIDJO KOUAME (a month ago)

The Role of Intermediaries in Entrepreneurship
Started by Yong Sebastian Nyam - Last post by SERGE ISAAC KOIDJO KOUAME (a month ago)

How many organizations we need?
Started by DIMTSAS VASILEOS - Last post by SERGE ISAAC KOIDJO KOUAME (a month ago)

Top threads

MOOC forum discussion

Last updated

0
points

0
points

0
points

0
points

0
paints

0
points

0
points

0
points

0
points

0
points

0
points

0
paints

Last created

1
post

23

posts

posts

posts

posts

posts

posts

64
posts

20

posts

posts

posts

posts

2
views

125
views

ar
views

28
views

19
views

80
views

views

196
views

70
views

76
views

19
views

17
views
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Mental/physical status

Mental status
 Emotion
 Engagement
Physical status

* Gaze

 Heart rate
 Body temperature

Introduction Data Types Visual analytics
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‘Performance data

Quizzes, Assignments, and Exams

‘Others

Family factors

Introduction Data Types Visual analytics Conclusion and 1 7
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Data Types in Online Learning :uwsress

D i SCUSS iO X1 Characteristics of different data types

Meta Data

Profile information

easy to acquire, privacy issue

Learning materials

easy to acquire, widely used

Behavior Data

Interactive behavior

easy to acquire, widely used, need huge
storage

Personal status

Performance
& others

Communicative
activity

Students’
performance

easy to acquire, widely used, need huge
storage

valuable, need additional sensor

easy to acquire, widely used

valuable, difficult to acquire
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Requirements

Data type

Visual Analytics

Obtaining personalized recommendations

learning materials
interactive behavior
students performance

(Zhao et al., 2018)

Getting adaptive feedback

learning material
interactive behavior
students performance

None

Achieving self-regulation

profile information
interactive behavior

students performance

Understanding the learning material utilization

(Bull et al., 2016) (Azevedo et al., 2017) (Ruiz et al., 2016)

learning material
interactive behavior

(Shi et al., 2015) (Chen et al., 2016) (He et al., 2018)

Identifying learning behavior patterns

profile information
interactive behavior
students performance

(Coffrin et al., 2014) (Chen et al., 2016} (Du et al., 2016) (Chen et al., 2018)

Monitoring learning progress,
engagement, collaboration

interactive behavior

mental /phvsical status

Understanding motivation

profile information

Behavior modeling

learning material
interactive behavior
students performance

Predicting learners performance

interactive behavior
communicative activity

(Piech et al., 2015a)

Social network analysis

interactive behavior
communicative behavior

(Fu et al., 2017) (Fu et al., 2018)

Retaining learners or avoiding dropout

interactive behavior
others

(Chen et al., 2016)

Anomaly detection and volume control

profile information
learning material

interactive behavior

None

Introduction
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‘Facilitating study for learners

Obtaining personalized (Chuetal., 2011) (Zhao et al., 2018)

(Toledo et al., 2012)
(Salehi et al., 2013)
(Huang et al., 2009)
(Piech et al., 2015)

Getting adaptive feedback (Hieu et al., 2017)
(R. Singh, 2015)

(K. Zimmerman and C. R.
Rupakheti, 2015)

(P. Freeman et al., 2016)
(Thomas et al., 2016)

Achieving self-regulation (Daniele et al., 2017) (Cicchinelli et al.,
2018)

(Bull et al., 2016)
(Azevedo et al., 2017)

recommendations

Introduction Data Types Visual analytics Conclusion and 2 1
in Online Learning for different stakeholders Future Work
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Obtaining personalized recommendations

Content-Based (CB) recommends items based on relationships between
learning materials, :
No consideration on user-item interaction. l
Collaborative Filtering (CF) recommends items that were used by other similar
learners based on user information such as user ratings,
No consideration on content relationship.
Hybrid techniques consider both learning material and user-related
information
proposed a Markov Chain Model to help learners achieve

effective web-based learning transfer based on group-learning paths.
Performance depends on the majority learners’ decisions. i

applied RNN to modeling and predicting learner performance
in solving a series of questions and then achieve recommendation by choosing
the questions with high predicted performance.
Prediction 1s accurate, but difficult to interpret.

Introduction Data Types Visual analytics Conclusion and 2 2
in Online Learning for different stakeholders Future Work
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Obtaining personalized recommendations

Problems of these methods: ignore the explainability and
doesn’t keep human in the loop.

Learning is a different process compared with shopping or
watching movies online. Learners can not tell whether the
recommendation is good or not in a short time unless they
know why they get the recommendation results.

However, few systems inform well learner about why they
give such recommendations or give the user the ability to
modify the recommendation.

Introduction Data Types Visual analytics Conclusion and 2 3
in Online Learning for different stakeholders Future Work
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‘Obtaining personalized recommendations

designed a visual system to assist flexible learning with
semantic visual exploration and sequence-based recommendation of MOOC

Videos.

Only for MOOC videes which have predefined sequence
and the user’s selection will not contribute to the recommendation next time.

P 2:54 /6:15 -

Y —eo I 3
Exploration History Videos In Focus
1 MSX602822016V0... 48 finding the min...

@ welcome 48 choosing stepsi...
19 choosing stepsi... 20 grad

Recommendations
21 Sparse models a... 2. Introduction an
22 Dirichletand c...
22 adding higher o...
. 20 L1 regularizati...

10 grad
85 random initiali...
4 33 example of comp...

44 Learning Gene...

- o . N N
¥ e e & o 2% g o &
\o‘\G\ ‘>\z\\ E \;\G“{\ e’,\“‘q\ o 9&0 ot ¢ an \\(‘gﬁ\ rPDK
o P o 2 ‘(\"‘\(\g @ P & PPy 9
R . ¢ & T &
02— a2 -8 -8 B -6 -0

Course: = miregression = | Lecture (1-120): 19 | > | Focus (1-5): 1

-

- -
- Recommendations (1-5): | & - | Score: | TS_. ~
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Analytic requirements

‘Obtaining personalized recommendations

PeerLens: Peer-inspired Interactive Learning Path
Planning in Online Question Pool

Peer Selection Problem Archive
) N 26 Templer of the Bone 51.76%
Regular Learnin In1ens Leaming Advar = 1- earming 027 Siaship Troopers 1743%
1‘,‘-. Tl T 2028 Lowest Common Multiple Pius 41.62%
'p\ ] ,I\\ v 2029 s _sasy versio 60 74%
[ \\ 2 f.‘i N v 2030 Chinesew 52.74%
Srequency /_‘_ N }\,_ Sroficenoy Frequenay (__ L Profioensy Frequency = _> Frotoenty ) 2031 53 755
somstimes T P adum very ofien Hign very oten ver Hgn i
\d Y. \ ‘\/ v 2% Yan 30 89%
T/ v 203 64.64%
. X 2034 People lov 2807%
Ity marssy reansiny rsmnsty
12 (137 maiched 2.5 (329 maiched »5 (284 matchad = 37 matched v 203 6276%
v 203 Re 50.69%
Submission Type v 53 205
x 203 31.43%
[ IRR T ———— v 2040 8523%
I v 2041 5256%
0.0 Ired several times and failed . I ; ; , . l n v 2042 Mo 81.47%
0.1 Iried several times and succeeded Problem 1D 2062 v 2043 40.32%
0.1 Tiest, suceeed and vaidated @ Challengling Path Major Type x 2084 34.54%
= 1 Tried once and sccead nUO Ee » 045 MNolE 2008%
1. Succeaded and then validated o1 8% v 2048 40 30%
.@ o1 v 2047 Acow 47.32%
Slide D v 2048 30 09%
° Eem——— —_— 6 v 2049 No om 37.34%
1 | x 2050 ol 64.12%
m U H:] l I I I || - - | | I - L L] o v 2051 ; 72 0n
v 2052 P 45.14%
o — Fopuiar Bath | S S S 5 v w8 s 61.07%
x 2054 A 16.28%
History Path v 205 53.04%
v 2% R 31 62%
v 2057 A~EAgain 41.79%
+ 2058 The sum probism 30 72%
- | BB B I | n v 205 Tookeandrabbtracng  33.38%
2080  Snooke 41.30%
05 Treasurs ha naw start 7.57%
[ | - . | . | I | feshmen!
- 2062 Subsat sequence 4221%
@ Progressive Path 2053 Encoding 4240%
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‘Getting adaptive feedback

gave a classification of data-driven hint generation.

Hint generated method Problems

Cluster Based Techniques (S. Gross et al., 2014) no derivation of solution
select the most similar sample solution steps from sample solutions
Recommendation Approach (K. Zimmerman and C. R. Abstract Syntax Tree based
Rupakheti, 2015) recommends specific code edits program analysis, semantic
according to its closest counterpart in a database of similarity of programs and
correct solutions usability testing.

Hint Factory Based Approaches(Thomas et al., 2016) uses a | Alternative solutions may
Markov decision process of student problem-solving not be recognized.
strategies to serve as a domain model to automatic hint

generation

Introduction Data Types Visual analytics Conclusion and 27
in Online Learning for different stakeholders Future Work
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Achieving self-regulation

Self-regulated learning refers to the strategies used to manage
learning and regulate mental status

Generally, three types of strategies are usually used for self
regulation : planning, monitoring,
regulating.

used machine learning models to
predict the learners' state of self-regulation.

studied how visualizations could
be used to support students’ self-regulation in
online learning. They found that visualizations
lacking appropriate comparisons between student
performance and others may even be harmful to -y
performance-oriented students.

Introduction Data Types Visual analytics Conclusion and 2 8
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‘Achieving self-regulation

People

o
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Daily habits and routine
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Open Learner Model (OLM) includes stars, gauges, networks, table, skill meters,
smileys, histogram, and radar plot to show the vocabulary learning. (Bu/l et al., 2016)
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Please explain how the body delivers more oxygen to Time
muscles than other organs during exercise. Spent: 0s

Erythocytes ired biood cely. #5CL) CarTy cuygen
Drough dlood vesseh 10 o celly. To accomplah Time
e Tah, #cyTNOCYTH Maae 3 proten Caled Spent: 4s

::-i- -i--:::.

(Azevedo et al., 2017)
visualized the gaze
behavior using
heatmap, together
with text and

Spent: 9s

B - — B diagram to show
e 10,118 Bt o gams dapans g on Pe seedy f et e The text s Thetemtis . o e not . .
BEE e the relationship
Do you feel the text on this page is relevant 10 the question that s being asked? 0
N o e e Detween gaze and
TS Spent: 47s Pl ity m :::’- .
_— R —— learning content.

Next =
R p—
L Sp—— ———— o (T
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\Facilitating study for learners

Requirements Data Mining \IHIE]
Analytics

Obtaining personalized (Chu et al., 2011) (Zhao et al.,

(Toledo et al., 2012) 2018)
(Salehi et al., 2013) V
(Huang et al., 2009)

(Piech et al., 2015)

Getting adaptive feedback (Hieu et al., 2017)
(R. Singh, 2015) ?
([

recommendations

(K. Zimmerman and C. R.
Rupakheti, 2015)

(P. Freeman et al., 2016)
(Thomas et al., 2016)

Achieving self-regulation (Daniele et al., 2017) (Cicchinelli et
al., 2018)

(Bull et al., 2016)
(Azevedo et al.,
2017)

Introduction Data Types Visual analytics Conclusion and 3 1
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‘Assisting teaching for instructors

Understanding learning

material usage

Identifying learning behavior

patterns

Monitoring learning progress,

engagement, collaboration

(Hassan et al., 2017)
(Chui et al., 2017)
(Wang et al., 2016)

(Shi et al., 2015)
(Chen et al., 2016)
(He et al., 2018)

(Coffrin et al., 2014)
(Chen et al., 2018)
(Du et al, 2016)

(Fatima et al., 2016)
(Fonseca et al., 2016)
(Sharma et al., 2016)
(Wang et al., 2017)
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‘Understanding learning material usage

VisMOOC :visual Analytics for Massive Open Online Courses
T ———

1999 and Suzhou University 1950-2003 (19:55)

C (E(’.IF‘on
2.3: China's Silent Revolution's Ladder of Poor
Success(14:41) Absentee | Large |Med./Small| Rich |Middie| Peasant/
| Landlord |Landlord| Landlord },ngn_l Peasant] Laborer | N/A | Total

fLand Confiscated | 1825 k .1_‘(:4 L1y 45! b_._';,&;
Week 3 Kalled l B 34 57 19 287

[Died ! E . 8 u 3 36 -
3.1: Wealth Distribution in the UK and US, 1700~ bhea | |

« o

2000 (7:49) e | 32 o L | [ RJ(} R‘J

Other Punishments| a 200 8 a3 8¢ il |
3.2: Population Categories and Wealth 1 1 |
Entitlements in China (13:29) Total | 1868 2,320 526 1212 Idn:{ 8,674

3.3: Land Distribution in Shuangcheng, 1870-
1906 (6:12)

3.4: Property Distribution in Contemporary China

m'ﬂ
(11:52) ;3 :

3.5: Comparative Wealth Distribution: Past/Present
and East/West (6:41)

G AL e g LU SR N

Week 4

4.1: Wealth Distribution and Regime Change (8:59) @ Stacked 05“-;‘ O Expanded ; : @ play pause @secked @ratechange @stalled @ eror

4.2: Wealth Distribution in Pre-Revolutionary
China (15:1)

4.3: Political Processes and Institutions of Regime
Change in Shuangcheng, 1946-1948 (12:25)

4.4: Revolutionary Victims In Shuangcheng and
Elsewhere (9:30)

4.5: Conclusion (4:56)

A screenshot of VisMOOC
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Understanding learning material usage

PeakVizor About Us Help

Sedact a course

Intreduction to Comrputing with Java -

, ‘ {
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PeakVizor system.
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Identifying learning behavior patterns

Grouping students only from their performance is inappropriate.

grouped students using k-means and found
different clusters of engagement and performance.

proposed that the impact of tracking on student
achievement differs across levels (across schools vs. within a school),
across types of classmate resources (past achievements, reading
attitudes, family socioeconomic status) and depends on a
student’s academic ability.

argued for a combination of features that better
define the learning process: initial accuracy, feedback usage, and
attempts required for success.
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‘Identifying learning behavior patterns
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Student Assignment Submissions Transitions.
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Identifying learning behavior patterns
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ViSeq system. (Chen et al., 2018)
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Identifying learning behavior patterns
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Three projection views (1) (3) from the three MOOCs are presented with
different groups. (Chen et al., 2015)
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Monitoring learning progress,
engagement, collaboration

showed how to create the Problem Solving
Markov Model (PSMM), a graphical representation of all
attempted solutions proposed by the class.

designed a dashboard for teachers to monitor
students programming process by code snapshots.

lMmet=0 Time t=1 Timet=2

for (intl=0;i=n;i++) for{inti=0,i<=n,i++) for(inti=0;i=n;i++)
{ { {
sum += array [i]; sum += @fray [i]] Sbm += array [if;
} H }
Teacher: the iterator loops | Teacher: over the array Teacher: updating the sum

Gaze visualization.
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AEREBERIEERR

‘Assisting teaching for instructors

Understanding learning

material usage

Identifying learning behavior

patterns

Monitoring learning progress,

engagement, collaboration

(Hassan et al., 2017)
(Chui et al., 2017)
(Wang et al., 2016)

(Shi et al., 2015)
(Chen et al., 2016)
(He et al., 2018)

(Coffrin et al., 2014)
(Chen et al., 2018)
(Du et al, 2016) ?

(Fatima et al., 2016)
(Fonseca et al., 2016)
(Sharma et al., 2016)
(Wang et al., 2017)
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‘Behavior analysis for Researchers

Understanding motivation (José et al., 2016)
(Chen et al., 2017)

Learning behavior modeling  (Corbett et al, 1994)
(Cen et al., 2006)

(Pavlik et al., 2009)
(Piech et al., 2015a)

Predicting learners' (Alireza et al., 2015)
(Okubo et al., 2017)

performanee (Christopher et al,
2015)

Social network analysis (Cui and Wise, 2015)

(Gillani et al., 2014)

(Fu et al., 2017)
(Fu et al., 2018)
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‘Understanding motivation

(Zheng et al., fulfilling current needs, preparing for the future, satisfying curiosity, and clickstream

2015) connecting with people

(José et al., 2016) earning different badges badges

(Chenetal.,, 2017) | improving grades, refreshing theoretical understanding, and solving practical clickstream
problems

Learning behavior modeling

Predicting learners' performance

(Corbett et al., 1994) | Bayesian knowledge tracing assumes that the concepts are
independent
(Cen et al., 2006) Dynamic Probabilistic Models(Learning require accurate concept
(Pavlik et al., 2009) Factors Analysis, Performance Factors labelling
Analysis )
(Piech et al., 2015a) Deep knowledge tracing model(RNN) difficult to interpret

Introduction

Data Types Visual analytics Conclusion and
in Online Learning for different stakeholders Future Work
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Predicting learners' performance

An interesting case to show the role of visualization:

Exercise attempted: @ correct, © incorrect
9000000000000000000000000000000000000000000

_IIOD

50 Elp]

=]

Line graph intuition
Slope of a line

Solving for y-intercept
Solving for x-intercept
CGiraphing linear equations
Square rools

Prealcted
Probability

Exermsc mdex

A single student and her predicted responses as she solves 50 Khan
Academy exercises. She seems to master finding x and y intercepts and
then has trouble transferring knowledge to graphing linear equations.
(Piech et al., 2015a)
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Social network analysis

Researches analyzed the forum data from two perspectives: the
communication related and the content related.

. apply content analysis and machine learning to
1dentify forum threads where participants discuss the course content,
which 1s essential for the investigation of information exchange.

. argued that the coherence of the social structure
mainly depends on a small set of central users and the forum users can
be considered as a loosely connected crowd rather than a strongly
connected learning community.

However, the analysis process 1s difficult to understand without
figure 1llustrations and detailed information 1s difficult to describe.
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Social network analysis
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Using iForum to explore the MOOC forum of a JAVA programming course.
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‘Behavior analysis for Researchers

Understanding motivation

Learning behavior modeling

Predicting learners'
performance

Social network analysis

(José et al., 2016)
(Chen et al., 2017)

(Corbett et al., 1994)
(Cen et al., 2006)
(Pavlik et al., 2009)
(Piech et al., 2015a)

(Alireza et al., 2015)
(Okubo et al., 2017)
(Christopher et al,
2015)

(Cui and Wise, 2015)
(Gillani et al., 2014)

2

(Fu et al., 2017)
(Fu et al., 2018)
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Platform management for

administrators

Retalnlng learners or (Sznha et al., 2014) (0116’11 et 3]., 20]6)
(Crossley et al., 2016)

avolding dropout (Sharkey et al., 2014)
(Boyer et al., 2015)

Anomaly detection and
volume control

Introduction Data Types Visual analytics Conclusion and 47
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Retaining learners or avoiding
dropout

formed a directed graph to represent the sequential
structure and extracted features based on several typical short
activity sequences rather than single activities.

With the extracted features, many classical machine learning models
have been tested, including Support Vector Machine (SVM)

, Decision Tree , and Logistic
Regression

Parameters of the algorithm are different for each course.
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Retaining learners or avoiding
dropout

play pause ® rewatch ® skp

active students - predicted § B
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DropoutSeer (Chen et al., 2016)
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Platform management for

administrators

Retalnlng learners or (Sznha et al., 2014) (0116’11 et 3]., 20]6)
(Crossley et al., 2016)

avolding dropout (Sharkey et al., 2014)
(Boyer et al., 2015) ?

Anomaly detection and
volume control
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Analytic requirements

Requirements Visual Analytics

(Zhao et al., 2018)
Obtaining personalized recommendations

| Learning Material
(Ruiz et al., 2016)

Getting adaptive feedback (Azevedo et al., 2017)

|“Interactive Behavior (Bull et al., 2016)

Achieving self-regulation
(He et al., 2018)

Understanding the leaming material utilization (Chen et al., 2016)

| Students Performance
(Shi et al, 2015)
Identifying leaming behavior patterns

(Chen et al,, 2018)
Monitoring learning progress, engagement, collaboration | Profile Information (Du et al, 2016)

(Coffrin et al., 2014)
Understanding motivation
(Wang et al, 2017)
| Mental/Physical Status

Behavior modeling (Sharma et al., 2016)

(Sharma et al., 2013)
Predicting leamers performance | &t 50
| ‘Communicative Activity (Piech et al, 2015)

Social network analysis (Fu et al, 2018)

(Fu et al, 2017)

Retaining leamers or avoiding dropout
None
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Introduction
Data types in online learning

Visual analytics for different stakeholders

Conclusion and future work
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Conclusion and Future Work COMPUTER SCIER

Conclusion

* Introduce the background of online learning and the motivation of
analysis for online learning data and point out the reasons and
challenges using visual analytics.

« List all kinds of online learning data types that have been or can be
used to do learning analysis.

* Discuss the analytical requirements of online data for four different
stakeholders are.

* Introduce the state-of-the-art visual analytic systems that aim to fulfill
the user-oriented requirements.
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Future Work

* For learners, instructors, and administrators, we should
design appropriate visual analytics to help them understand
the recommendation, prediction as well as retention/drop out.
Especially, we need to close the loop to do more field studies to
see which level of complexity and which kinds of visual
designs are preferred in the real world.

* For researchers, more visual analytic technologies should be
developed to help them build the learning behavior model as
well as the prediction model.

Introduction Data Types Visual analytics Conclusion and 5 4
in Online Learning for different stakeholders Future Work




DEPARTMENT OF

U THE HONG KONG UNIVERSITY OF COMPUTER SCIENCE & ENGINEERING
JL SCIENCE AND TECHNOLOGY HEMHEBRTRER

Ph.D. Qualifying Exam

Thank you!

Dec. 19 55



