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a b s t r a c t

With the popularity of online learning in recent decades, MOOCs (Massive Open Online Courses)
are increasingly pervasive and widely used in many areas. Visualizing online learning is particularly
important because it helps to analyze learner performance, evaluate the effectiveness of online learning
platforms, and predict dropout risks. Due to the large-scale, high-dimensional, and heterogeneous
characteristics of the data obtained from online learning, it is difficult to find hidden information. In
this paper, we review and classify the existing literature for online learning to better understand the
role of visualization in online learning. Our taxonomy is based on four categorizations of online learning
tasks: behavior analysis, behavior prediction, learning pattern exploration and assisted learning. Based
on our review of relevant literature over the past decade, we also identify several remaining research
challenges and future research work.
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1. Introduction

Massive open online courses (MOOCs) provide learners with
arious learning resources with the growth of online learning.
OOCs develop rapidly and become widely used by learners
ver the past decade. Compared to traditional classroom learn-
ng, online learning provides learners with more flexible choices.
OOCs platforms store plenty of weblogs about learning be-
aviors, including structured and unstructured data containing
patio-temporal attributes.
However, data obtained from MOOCs platforms is complex,

assive, and noisy, which poses a challenge for analyzing online
earning datasets. Although pre-processed, data items only show
ho did what when and where which lacks a more intuitive and
ystematic analysis of the learner. Visualization techniques can be
ble to incorporate empirical understanding and information pro-
essing tasks of pedagogical experts. In this way, decision-makers
re provided with intuitive illustrations of patterns hidden in
earner activities and friendly interactions as they explore the
atasets.
As far as we know, this is the first survey to explore learning

rom a visual analytics perspective. By analyzing the require-
ents of the various roles of learners, instructors, and adminis-

rators. After discussions with domain experts, we categorize the
nline learning tasks, we classify online learning tasks into the
ollowing four categories: behavior analysis, behavior prediction,
earning pattern exploration and assisted learning. We summarize
ive data types using traditional visual analytics pipelines: net-
ork data, text data, high-dimensional data, spatio-temporal data,
nd multimedia data. Second, we extract six common visualiza-
ion techniques, including network visualization, text visualization,
emporal visualization, geographic visualization, chart visualization,
nd glyph visualization. We conclude with a description of the
our frequent categories of interactive methods, including selec-
ion & exploration, filtering & navigation, connection & saving, and
ncoding & reconfiguring.
The major contributions of this paper are as follows. First, we

rovide a comprehensive survey of recent developments in online
earning in visualization with the expectation that it will assist
esearchers in understanding the preliminary work on online
earning visualization. Second, this paper provides a systematic
lassification of the existing literature and identifies new re-
earch challenges and trends that contribute to an enhanced
nderstanding of the field and provides value for online learning
ractitioners. We develop a web-based survey browser to help
sers understand taxonomy in this paper. (https://zjutvis.github.
o/OL4VIS).

. Related work

This section provides an overview of the surveys related to
he visualization of online learning. Visualization techniques can
lay an significant role in analyzing online learning data. Qu
nd Chen (2015) analyze six typical visual analytics systems for
nline learning while exploring some challenges that arise when
nalyzing MOOCs data, and summarize possible future research
irections. A more detailed classification for online learning is
rovided by Asli et al. (2020) and Dewan et al. (2020). They
oth mention monitoring dropout status, assessing course qual-
ty, exploring learner activity, and assessing learner performance.
oreno-Marcos et al. (2018) surveys the state of the art on
23
rediction in MOOCs through a Systematic Literature Review.
esults show there is strong interest in predicting dropouts in
OOCs. In contrast, our review focuses on learning analytics
nd revolves around visualization techniques applied to online
earning. Keim et al. (2008) propose a definition and analysis
ipeline for visual analytics, which inspires our formalization of
he design space, which we discuss in Section 3. Some researchers
ttempt to gain insight into educational data in online learning.
or example, Vieira et al. (2018) review existing visual learning
nalytics, analyzing the methods, audiences, purposes, contexts,
nd data sources used by designers and researchers to visualize
ducational data, which inspired our coding of the literature.
mmons et al. (2017) compare the various data provided by the
OOCs platform and proposed a new workflow for data analysis
nd visualization, which was optimized and validated in the
nformation Visualization MOOC (IVMOOC) at Indiana University.
ome researchers (Wu et al., 2019) also focus on online learning
orums and review three major platform forum studies, including
erformance prediction, understanding emotions, and predicting
ocial behaviors.
Different from existing work that summarizes specific visual-

zation related to educational data in online learning, our work
ims at better understanding the role of visualization in online
earning and covers a broader scope than existing surveys. We
elieve that this review will provide a richer resource and com-
rehensive overview for relevant practitioners to advance future
esearch in this area.

. Methodology and taxonomy

In this section, we describe our methodology for selecting
apers for survey topic and create our taxonomy of online learn-
ng behaviors regarding data types, visualization techniques, and
nteractive analysis methods (see Fig. 1).

.1. Methodology

This survey aims to gain a better understanding of the role of
isualization in online learning, and to provide a comprehensive
eview of existing research, we collected relevant papers from
isualization journals, conferences, and the field of education.
irst, we perform a search-driven retrieval method. We select five
ublishers (Willey Online Library, ACM Digital Library, Springer,
EEE Xplore, ScienceDirect) to collect papers broadly. In this pro-
ess, we work with a set of keywords related to online learn-
ng (e.g. online education, e-learning, MOOCs, distance learning,
nline learning) and visualization (e.g. visual analytics and visu-
lization). We select five visualization conferences (IEEE VAST,
EEE InfoVis, ACM CHI, EuroVis, IEEE PacificVis), two visualization
ournals (IEEE TVCG, Elsevier VI), three educational journals (IEEE
LT, Elsevier C & E, Elsevier CHB), and one educational conference
ACM LAK) for secondary searches. By combining these keywords
n pairs to collect a wide range of papers. We initially obtain 422
apers. Second, we engage in reference-driven literature selection
ith the help of Connected Papers,1 utilizing our prior knowledge
f the core technologies on the topic as a starting point to expand
he scope of the work by searching for cited and referenced
eferences. After two rounds of collecting papers in this way, we
btain 465 papers. Next, papers are further filtered and analyzed

1 https://www.connectedpapers.com/

https://zjutvis.github.io/OL4VIS
https://zjutvis.github.io/OL4VIS
https://zjutvis.github.io/OL4VIS
https://www.connectedpapers.com/
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Fig. 1. Taxonomy of this survey, focusing on target users, data types, visualization techniques, and interactive methods in the visual analytics of online learning
tasks. The watermark is displayed as a percentage of the total articles for this attribute.
d

o

according to the following criteria. We primarily searched the
titles and abstracts of each paper in the last decade.

First, we validate online learning and the paper should focus
on using visualization or visual analytics techniques to assist
in analyzing issues in ‘Online Learning’ (Misailidis et al., 2018;
Xia et al., 2022). For example, Han et al. (2021) propose the
HisVA system for history learning. Second, we validate the ‘VIS’,
so we exclude work such as Brinton et al. (2014), Pérez-Álvarez
et al. (2018). In the work of this survey, we not only examine
visualization in online learning but also analyze the utilization of
visualization techniques to assist in online learning, which allows
us to work with a wider range of online learning.

In terms of coding the survey, we propose a preliminary cod-
ing approach based on our knowledge of the existing literature
and discuss it with educational experts. To code the collected
papers from a visual perspective, we refer to the traditional
visual analytics pipeline (Keim et al., 2008), based on three key
components: data types, visualization techniques, and interac-
tive methods. The experts suggest that we divide the traditional
pedagogical perspective into three perspectives: student, instruc-
tor, and administrator. Analyze whether the paper is intended
to enhance student learning, improve teaching and learning for
instructors or assist administrators in better managing the on-
line learning platform. In terms of classifying online learning
tasks, experts suggest three aspects of learning behavior, learning
patterns, and learning predictions. However, in our analysis of
the paper, we found that assisting online learning tools and
the analysis of the course rather than the student could not be
ignored. After further discussions with experts, we have added
the category of assisting courses. This survey was independently
coded by both authors and discussed the different codes. After
many discussions and adjustments, we finally arrived at five data
types, six types of visualization techniques, and four types of
interactive methods. This classification is explained in detail in
Section 3.2. Most of the papers in the collection employ interac-
tive methods to aid visualization. However, there are some papers
that employ only visualization techniques and do not mention
interactive methods.

3.2. Taxonomy

Online learning tasks. Online learning data has much finer
granularity than traditional classroom education records. Online
education platforms record a considerable amount of learner
activity, as well as mouse click stream events.

Behavior Analysis(BA) is the task of extracting feature sets
related to learning behaviors from learners’ behavioral data for
analysis, we classify learners’ learning behaviors into collabo-
rative learning behaviors and autonomous learning behaviors.
Collaborative learning behaviors include analyzing learners’ post-
ing behavior in MOOCs forums and exploring learners’ answers
to questions online. Autonomous learning behaviors include the

learning behaviors that learners perform by watching videos. g

24
Some researchers focus with studying learners’ video clickstreams
(Zhao et al., 2018).

Learning Pattern Exploration(LPE) aims to discover how learn-
ers learn in the learning process. We divide learning pattern
exploration into learning path analysis and student digital por-
trait. The learning paths of all effective learners can be generated
by clustering analysis, which can explore learners learning pref-
erences in order to provide learners with better learning path
planning (Xia et al., 2019a). Analysis of learner statement senti-
ment in the forum, assessment of learner problem-solving skills,
and expressive learner assessments build a digital portrait of the
learner (Xia et al., 2021).

Behavior Prediction(BP) includes performance prediction and
exception prediction. Performance prediction includes predicting
learners’ grades and predicting learners’ performance in the prob-
lem pool (Wei et al., 2020). Learner exception prediction includes
predicting learners’ dropout behaviors (Chen et al., 2016b) and
learners’ learning patterns (Mu et al., 2019).

Assisted Learning(AL) includes but is not limited to visualiza-
tion tools made to assist teaching on the MOOCs and analysis
of the course in general. Visualization tools can greatly improve
the efficiency with which students acquire knowledge of more
difficult imagery (Ilves et al., 2018). At the same time, the analysis
of course helps instructors and administrators to have a grasp
of the overall curriculum and compare the learning impact of
different teaching methods (Citra and Wahyuni, 2021).

To construct a structured, comprehensive taxonomy, we de-
fine a design space for describing each online learning task. We
utilized a traditional visualization analysis pipeline (Keim et al.,
2008) around three key components: data types, visualization
techniques, and interactive methods. In addition, we are also
inspired by other surveys (Guo et al., 2021; Shi et al., 2020) to
specifically categorize data types, visualization techniques, and
interactive methods based on the collected papers.

Data types. According to the different data attributes, this
paper summarizes five typical data types, including network data,
text data, high-dimensional data, spatio-temporal data, and mul-
timedia data. Network data(N) is commonly utilized for social net-
work analysis without hierarchical relationships (He et al., 2018).
Text data(T) is provided by the content of the learners’ postings
in the forum (Fu et al., 2017), including semantic information
about the learners. High-dimensional data(HD) contains multiple
independent attributes to describe the learners’ attributes. Spatio-
temporal data(ST) includes a large amount of behavioral data con-
taining temporal information. Multimedia data(M) is composite
data formed by text, graphics, images, and other media data. Re-
searchers analyze MOOCs videos to predict learner performance
and enable teachers to take steps to intervene quickly (Mubarak
et al., 2021).

Visualization techniques. In this paper, the literatures are
ivided into six parts in visualization techniques.
Network Visualization(NV) is a common visualization form in

nline learning, which analyzes the social relationships among

roups of learners. Learner group network visualizes by nodes
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nd edges, which enable effective observation of the behav-
or of the learner group (Mubarak et al., 2021; Schwab et al.,
017). Common visual representations are node-link diagrams
nd force-guide diagrams. Text Visualization(TeV) mainly includes
wo visualization methods, one is text visualization based on
ord frequency statistics, the other is text visualization based
n semantics. Exploring learners’ posting behavior and post-
ng content in forums requires semantic analysis of text (Chen
t al., 2016a). Temporal Visualization(TV) emphasizes the process
f developing content evolution based on time. It is common to
ecord learners’ learning sequences to analyze learners’ behav-
oral preferences (Xia et al., 2020b). Common visual representa-
ions are stacked flow charts and chord charts. Geographic Visual-
zation(GeoV) addresses the multidimensional, dynamic, and asso-
iative features implied in geospatial data for analysis. Geospatial
ata are typically applied to analyze learner distribution and
earner characteristics in different regions in online learning visu-
lization (Chen et al., 2016a). Chart Visualization(CV) is frequently
tilized to describe the distribution of learner characteristics and
equences of learning behaviors. Researchers color-code scatter
lot points to express whether learners’ postings are positive
r negative (Wong et al., 2015; Xia et al., 2020a). Glyph Visual-
zation(GV) represents the properties of different data variables
hrough a set of visual attributes (shape, size, color, orientation).
u et al. (2018) design group glyphs and set glyphs to describe
he multifaceted nature of group features.

Interactive methods are the process of user-data conversa-
ion that enhances the user’s understanding of the visualization
ystem. By analyzing the visual tasks of online learning, we group
ll interactive methods into the following four categories: Selec-
ion & Exploration(S&E), Filtering & Navigation(F&N), Connection &
aving(C&S), and Encoding & Reconfiguration(E&R). Users can click
nd hover to explore the learning behavior of interest (Li et al.,
021). Zooming and panning are used to discover discrete points
n clusters of learning behaviors and thus navigate to users with
nusual behavior (Mu et al., 2019). In behavior analysis, when
sers need to select clusters of learners for comparative analysis,
hey can take snapshots to save the current class of learners’
earning behaviors and compare the differences between the
wo classes of learners’ learning behaviors by connecting (Chen
t al., 2020). Users choose different encoding schemes interac-
ively to observe the impact of each aspect on learners (Xia et al.,
019a), providing managers with different perspectives on the
istribution of learners to analyze the causes of learner behavior.
Overall, based on a non-exhaustive search of existing literature

eview related to visualization for online learning, we summarize
our types of online learning tasks, including learning behavior
nalysis, learning behavior prediction, learning pattern explo-
ation, and assisted learning. For each online learning task, we
ave specifically broken down the common data types, visualiza-
ion techniques, and interactive methods. The example papers are
hown in Table 1.

. Behavior analysis

Behavior analysis is highly significant for students, instructors,
nd administrators. In brief, learning behavior analysis assists
tudents in reflecting on and improving their learning perfor-
ance, helps instructors to adjust their lesson plans, supports
dministrators in comparing different teaching methods and bet-
er adapts platform resources. We classify learning behaviors
nto collaborative learning behaviors and autonomous learning
ehaviors. The example papers are shown in Fig. 2. We observe
large amount of text data in learner behavior analysis. It is due
o the researchers exploring the content of students’ postings in
he forum. Text visualization is a favored visual representation for
ollaborative learning behaviors. In addition, filtering & navigation
s also used for text visualization.
25
Table 1
Examples of papers on visualization and visual analytics of online learning are
sorted by time.

4.1. Data types

As the behavior of students learning to interact on online fo-
rums is concerned with the transfer and exchange of information,
the network is frequently seen when students interact (Wong
et al., 2018). Network data is available to describe the relationship
between keywords in the forum (Hsu et al., 2017; Wong and
Li, 2016), students and forum information (Wong et al., 2018),
the hierarchical relationship between forum topics (Bull et al.,
2016; El-Assady et al., 2018; Kuosa et al., 2016), interactions
between students (Tervakari et al., 2014), learning behaviors be-
tween students the transformation (Coffrin et al., 2014), and the
interaction between students and problems (Wei et al., 2020).
Text data such as keywords and forum content assist instructors
in understanding student learning behavior and knowledge ac-
quisition. As it provides information on text clusters including
student emotions (Schubert et al., 2018), study notes (Nakayama



G. Zhang, Z. Zhu, S. Zhu et al. Visual Informatics 6 (2022) 22–33

c
W
c
t
d
a
2
2
2
l
s
2
c
2
2
e
s
e

Fig. 2. Visualizations of learning behavior analysis. (1) The links between lecture videos can be represented as a network (Zhao et al., 2018). (2) VUSphere (He et al.,
2018) applies chart visualizations to analyze student video utilization. (3) iForum system (Fu et al., 2017) is designed to visualize MOOCs forums. (4) PeakVizor (Chen
et al., 2016a) visualizes the interaction peaks in the MOOCs video clickstream.
et al., 2012) and more. Text data plays an active role in forum
ontent research (Atapattu et al., 2016; El-Assady et al., 2018;
ei et al., 2020; Wong and Li, 2016). The analysis of text data

an provide instructors with keywords for students in the forum
o understand misconceptions (Hsu et al., 2017) and monitor stu-
ents’ semantic information in group work (Vivian et al., 2015). In
ddition,researchers explore the course information (Chen et al.,
016a), course content (Schwab et al., 2017; Tervakari et al.,
014; Zhao et al., 2018), and learning materials (Kuosa et al.,
016). Spatio-temporal data are crucial for describing student
earning behavior. Spatio-temporal data include log data about
tudent interaction behavior (Fu et al., 2018; Gómez-Aguilar et al.,
015; Mazza and Dimitrova, 2007; Wong et al., 2015), video
lick streams (He et al., 2019b; Mubarak et al., 2021; Shi et al.,
015; Wang et al., 2016), problem solving trajectories (Wei et al.,
020; Xia et al., 2021, 2020b), mentioning exchange data. Liu
t al. (2014). Meanwhile, spatio-temporal data include spatial data
uch as students’ geographical distribution (Chen et al., 2016a; He
t al., 2018; Suntiwichaya et al., 2018). High-dimensional data is

used to analyze student learning behavior include student pro-
files (Xia et al., 2021), the number of posts (Gómez-Aguilar et al.,
2015), and student grades (Xiaohuan et al., 2013). Multimedia
data is one of the essential data for online learning. Students’
main learning behaviors depend on multimedia data to be gener-
ated. (Hasnine et al., 2021; Muñoz-Merino et al., 2015), course
videos (Miyakita et al., 2019; Shi et al., 2015; Xia and Wilson,
2018), invigilation video (Li et al., 2021), interactive slides,course
notes (Nakayama et al., 2012). These behavioral data are well
worth studying.

4.2. Visualization techniques

Collaborative learning behaviors refers to the learning be-
havior of students interacting or discussing with others, as op-
posed to independent learning behavior. For this survey, we
categorize student discussion in forums (Oliveira et al., 2010)
and group work (Wong et al., 2018) as collaborative learning.
Node-link diagrams are common network visualization views.
The node-link visualization supports the discovery of connections
in discussion threads from forum interactions (Wong et al., 2018).
The ThreadReconstructor (El-Assady et al., 2018) was proposed by
El-Assady et al. The tool visualizes a threaded conversation in a

discussion forum, with the relationship between replies to two

26
posts represented by two nodes and the arc between them. Text
visualization is applied to reveal the topic of a forum post (At-
apattu et al., 2016). The keywords that appear more frequently
are amplified through the word cloud so that users can quickly
discover valid information (Hsu et al., 2017). Log data with a tem-
poral attribute can be displayed with a spiral timeline (Gómez-
Aguilar et al., 2015) to show the global time pattern of the
course projected each week. Chart visualization includes bubble
charts (Zarra et al., 2018) and pie charts (McGrath, 2011) to depict
discussion topics and user session clusters. A novel embedded
glyph visualization that responds to students’ problem-solving
logic, engagement, and problems encountered (Xia et al., 2021).
To explore user groups in forum discussions.

Autonomous learning behaviors are student-led behaviors
that result in continuous change (improvement and sublimation
of knowledge and skills, methods and processes, emotions and
values) for the individual through reading, listening, and inquiry.
There are some specific examples of independent learning, such
as students watching videos (He et al., 2019b), answering ques-
tions (Minematsu et al., 2020; Xia et al., 2020a), and game-based
learning (Vidakis et al., 2019). Text visualizations can present
basic course information to assist instructors in exploring stu-
dent learning behaviors to keep abreast of course content (Chen
et al., 2016a). Animated narrative visualizations (Wang et al.,
2016) allow presenting video clickstream data. Xia and Wilson
(2018) use heatmaps presenting student engagement in course
videos. Geographic visualization is typically utilized to locate the
geographic location of active users in the system (He et al.,
2018; Suntiwichaya et al., 2018). Chart visualization such as bar
charts (Xiaohuan et al., 2013), line charts (He et al., 2019b) and
scatter diagrams (Muñoz-Merino et al., 2015) are common in the
act of exploring independent learning. They are commonly used
to describe the efficiency of students’ learning. Learners’ behavior
can be presented using a glyph visualization. For example, Li
et al. (2021), design a suspect type of overall risk glyph to assess
student behavior in examinations.

4.3. Interactive methods

Visual analytics of learning behavior takes selection & explo-
ration as the first step in the analysis. Users mark information
of interest by clicking on (Mazza and Botturi, 2007; Schubert

et al., 2018) and swiping (Gibbs et al., 2006; Mazza and Dimitrova,
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Fig. 3. Visualizations of learning pattern exploration. (1) BlockLens describes changes in learning sequences over time using sankey diagrams (Tsung et al., 2022).
(2) Researchers (Xia et al., 2020b) use glyph visualization to compare different learning paths. (3) The calendar view (Shi et al., 2015) shows the popularity of the
selected video over time. (4) Ruiz et al. (2016) design the emoticons to capture students’ attention. (5) ViSeq system (Chen et al., 2020) explore learning patterns
with chord diagrams. (6) Xia et al. (2021) deform a diagram to describe the logic of student problem solving.
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2003). Filtering & navigation allow users the flexibility to analyze
the data of interest, including performing zooms (Mazza and Dim-
itrova, 2003; Oliveira et al., 2010) and pans (Wong et al., 2018).
Buder et al. (2015) evaluate three visual filters for navigating the
forum content to help learners find the forum content of interest
efficiently and quickly. Connection & saving method is usually
mplemented in systems with multiple coordinated views (He
t al., 2018; Xia et al., 2021), and iForum supports interactive
inking to associate the matrix diagram with the top bar (Fu
t al., 2017). When the administrator has a basic understanding
f the learning behavior, coding and reassignment is performed.
tapattu et al. (2016) explore different visualization views by
hanging variables.

. Learning pattern exploration

Learning model exploration aims to find ways in which stu-
ents learn across a range of learning behaviors. Learning pattern
xploration can be further divided into learning path analysis and
tudent digital profiling. Student path analysis is based on the
earning process of students in online learning platforms (Zou
t al., 2020), including behavior pattern analysis in the writing
rocess (Liu et al., 2014) and process analysis in the systematic
uestion and answer (Xia et al., 2020a). Student digital pro-
ile is used to provide a summary description of students by
agging learners and facilitating teachers or administrators to
ccurately provide instructional support and services to different
roups of learners. Specifically, we categorize issues into solving
kills (Xia et al., 2021), student performance (Coffrin et al., 2014;
u et al., 2021), grades (Li et al., 2015; Xiaoya et al., 2009), and
motions (Schubert et al., 2018) as indicators that make up the
igital portrait of students. The example papers are shown as
ig. 3. Spatio-temporal data and high-dimensional data account for
large portion of learning model exploration. Therefore, temporal
isualization and chart visualization are used for exploring learning
aths and student digital portrait analysis.

.1. Data types

Network data refers to the trajectory of students’ participation
n numerous learning activities (Coffrin et al., 2014; Tervakari

t al., 2014). Text data associated with the learning mode is m

27
mainly designed to describe basic student information and learn-
ing content, such as student ID (Mu et al., 2019) and practice
questions (Xia et al., 2021). High-dimensional data enriches the
appearance of students and contributes to the construction of a
digital portrait of them (Xia et al., 2022; Xiaohuan et al., 2013;
Xiaoya et al., 2009) explore the impact of emotions on academic
performance and categorize students’ emotions during learning
into six positive emotions (enjoyment, hope, pride, confidence,
excitement, and interest) and six negative emotions (anxiety,
anger, shame, hopelessness, boredom and frustration). Spatio-
temporal data is essential for describing learning paths (He et al.,
2018; Liu et al., 2014; McGrath, 2011). Hasnine et al. (2021)
analyze multimedia data such as student participation in interac-
tive lecture videos to extract students’ emotions, detect student
engagement and enrich the digital portrait of students.

5.2. Visualization techniques

Learning paths refer to the routes and sequences of learning
activities. In online learning, student learning paths are com-
monly explored to analyze student learning preferences (Cui
et al., 2021; Li et al., 2015), learning styles (Williams and Con-
lan, 2007) and to extract salient learning paths to generalize
a category of learners (Chen et al., 2020). Network visualization
provides a clear picture of the relationships among learning
behaviors. The utility of state transition diagrams as well reveals
how differences in curriculum and assessment design affect stu-
dent engagement patterns (Coffrin et al., 2014). Learning paths
are normally achieved and visualized by converting time series
into symbolic representations. LearnerVis (He et al., 2019a) visu-
alizes the learning process of time characteristics, it allows users
to customize student groups to compare differences in student
engagement and time management. Geographical visualization is
pplied to show the distribution of learners (Shi et al., 2015).
akayama et al. (2012) use line charts to visualize the extent of
overage of instructor terminology to understand students’ learn-
ng paths in the course. Students are represented by glyphs (Li
t al., 2015). Researchers design a student score based on a
usical pentatonic score (Chang et al., 2022) to help users gain a
eneral impression of students.
Student digital portrait is an abstraction of labeled student
odels based on student learning data. Student portraits are
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ivided into student group portraits and individual student por-
raits (Vivian et al., 2015). The student group portrait is based
n a clustering system that clusters the behavioral characteristics
f different groups and provides multi-dimensional data analysis
verlooking the characteristics of the student group (Xiaohuan
t al., 2013). The individual student profile is the ‘big picture’
f the students’ personal appearance so that administrators can
ailor their teaching to the students’ individual labeling charac-
eristics and ultimately achieve personalized management (Chen
t al., 2020). Network visualization contributes to the description
f the students’ image in social relationships (Tervakari et al.,
014). Graphical layouts can identify and visualize groups of
tudents with similar characteristics and thus explore patterns
f student success, failure, and repetition. By visualizing time-
eries data such as students’ logbook data and learning behaviors,
tudents’ probability of dropping out of school (Wortman and
heingans, 2007) and their performance (Gómez-Aguilar et al.,
015; Xia et al., 2022; Tervakari et al., 2014; Trimm et al., 2012)
an be analyzed. Ruiz et al. (2016) design innovative square-based
isualizations to show the balance of negative/positive emotions
or individuals and groups.

.3. Interactive methods

Instructors select and explore data to discover student learn-
ng path characteristics (Denny, 2013; Shi et al., 2015) and sup-
ort users to retrieve detailed course outlines after selecting a
ourse (Mu et al., 2019). By filtering, navigating, and reconfiguring
arious visual forms, learning patterns that are not easily detected
re uncovered. Gómez-Aguilar et al. (2015) utilize advanced in-
eractive filtering to display enhanced information about student
ngagement. Moreover, the filtering allows for quick filtering out
f unwanted information. The administrator selects parameters
or parallel coordinate mapping, sorts the attributes by clicking
n the axis heads, and reorders them by dragging the axes (Kwon
nd Lee, 2016). MOOCad (Mu et al., 2019) supports associative
nteraction between the exploration view and the personal path
iew. BlockLens (Tsung et al., 2022) and ViSeq (Chen et al., 2020)
nclude a snapshot panel that allows administrators to easily
apture both holistic and individual sequence views. In addition,
hey both support switching between individual and multiple
tudent learning modes. The visual analytics system proposed
y Xia et al. (2019b) supports both correlation analysis across
ttributes and detailed visualization of user mouse movements.

. Behavior prediction

Behavior prediction has significant implications for learners.
etention rates for MOOCs are poor due to the diversity of online
earners (Moreno-Marcos et al., 2018). We can divide behavior
redictions in MOOCs into two categories, including student per-
ormance prediction and learner exception prediction. Student
erformance prediction focuses on certificate earner (Cobos and
alla, 2017), score prediction (Zou et al., 2020), and learning
ath prediction (Xu et al., 2021). Student exception prediction
ncludes dropout and mood (Shi et al., 2021). The example papers
re shown in Fig. 4. In behavior prediction the data are more
erived from spatio-temporal data, utilizing temporal visualization
o analyze the learning sequences over time.

.1. Data types

Behavior prediction analysis is commonly used in sequence
atasets for anomaly detection (Mu et al., 2019), automatic as-
essment (Li et al., 2020), and procrastination prediction (Xu et al.,
021). MOOCs platforms develop rapidly and produce a great
28
number of datasets. Researchers (Li et al., 2020; Mu et al., 2019;
Wei et al., 2020; Weiand and Manssour, 2015) use types of tech-
niques to extract activities in MOOCs data. These activities form
sequence datasets, which hidden the characteristics and regular
patterns of students’ behaviors. Analyzing these patterns can help
teachers implement formation teaching measures to improve the
quality of student performance (Tsung et al., 2022). The char-
acteristics of students’ interactions and the similarity between
online questions are taken into consideration (Wei et al., 2020)
to strengthen the prediction quality of students performance.
Behavior prediction analysis is widely used for high-dimensional
datasets to implement teaching tasks and enhance learning. To
enhance teaching and learning, Zou et al. (2020) use machine
learning techniques and clustering algorithms to predict students’
score levels for carrying an early warning. Facing the evolution
academic path of students and courses, Auvinen et al. (2015) dis-
cover hidden patterns and trends to help teachers rapidly analyze
and improve the teaching–learning process. Behavior prediction
analysis is ubiquitous in network datasets for clustering and rela-
tionship mining. Wong and Li (2016) use a text-mining analytical
technique and construct KeyGraphs to predict students’ academic
performances level.

6.2. Visualization techniques

Network visualization assists teachers in monitoring learner be-
havior to predict learner performance and take timely interven-
tion. Mubarak et al. (2021) employ a bipartite graph layout (Zhao
et al., 2021) to draw the node-link graph, where the learners
and video nodes represent two separate groups in the graph, and
each edge represents their interaction (i.e. the learners’ behaviors
in the video clickstream data). Each cluster of nodes is marked
with a different color to indicate group membership and how
the cluster interacts with a particular video (Mubarak et al.,
2021). Wortman et al. set the start of each course as a ‘virtual’
node and drew a visual view of the network by linking data
from the previous course to the next course for understand-
ing students’ propensity to drop out (Wortman and Rheingans,
2007). Text visualization is commonly applied in the predictive
analysis of MOOCs forum data (Chen et al., 2016b; Mu et al.,
2019). Wong and Li (2016) utilize a software tool called Polaris
to visualize KeyGraphs. The visualization of learning sequences
is a crucial part of predictive analysis. Some researchers have
described changes in learning sequences over time using sankey
diagrams with circular links (Tsung et al., 2022). Auvinen et al.
utilize heat maps to show predictions of success based on student
behavior (Auvinen et al., 2015). Kayanda and Machuve (2020)
display primary and secondary school dropouts through geo-
graphic visualization. where users can move the slider to see the
dropouts by year and hover over specific areas to see specific
numbers. Chart visualization is an indispensable part of predictive
nalysis. Bars are provided to represent the dropout rates of
oys and girls in each region (Kayanda and Machuve, 2020),
he different distributions of learners with the same attributes
e.g. average time spent studying per week) (Mu et al., 2019;
u et al., 2021), statistics showing the total number of posts
er day (Chen et al., 2016b), and the characteristics mentioned
n the course videos (Mubarak et al., 2021). Shi et al. chart
he relationship between help-seeking emotions and students’
nrollment performance in online learning (Shi et al., 2021). The
dvantages of visualizing the learning process are evident, as it
an create conditions for learning and reduce dropout rates by
roviding feedback to students about learning behaviors, learning
ontent, learning activities, and learning communities. Examples
nclude radar charts presenting task schedules, course learning,
nd line charts presenting learning engagement trend charts (Zou
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Fig. 4. Visualizations of learning behavior prediction. (1) PeerLens (Xia et al., 2019a) recommends customized and adaptable practice question sequences for individual
earners. (2) The glyph employs a circular design with a fan-encoded prediction model (Sun et al., 2020). (3) The learning sequences are analyzed by an anomaly
etection algorithm (Mu et al., 2019). (4) Martins et al. (2018) analyze the effects of presenting students’ illustrations of their behavior in an online learning
nvironment.
t al., 2020). Researchers design glyph visualizations to depict the
predictive performance of different models. The bar-based and
doughnut-based designs used in Dropoutseer represent weekly
learning patterns and the average number of videos viewed by
students, with modifications to the common pie chart used to
represent different click popularity and distribution performance
along the timeline (Chen et al., 2016b).

6.3. Interactive methods

To select groups of students based on one or more similarities,
researchers typically use queries to assist users in exploring in-
teractively (Wortman and Rheingans, 2007). MOOCad (Mu et al.,
2019) permits users to learn sequences with attribute constraints
by querying them and linking all views together to assist users in
identifying the corresponding elements. Researchers have found
that providing timely feedback (e.g. highlighting, fading in and
out, and highlighting) after swiping and filtering data attributes
can be beneficial to users who are unfamiliar with the sys-
tem (Chen et al., 2016b). The researcher collapsed the data to save
space by clicking on a line that would expand to show details
of all students (Weiand and Manssour, 2015). Filtering apply to
analyze all attributes of the clustered learners (Chen et al., 2016b).
EduVis (Jordão et al., 2016) allows information filters to be added
and removed at any stage. To enable administrators to focus on
specific choices (Martins et al., 2018), a filtering mechanism has
developed by Martins et al. Similarly, the filtering mechanism
enables searches for specific students or resources (Weiand and
Manssour, 2015) Connection and saving reduce pointless switch-
ing back and forth. To facilitate comparisons between individual
students and multiple students, BlockLens (Tsung et al., 2022)
allows instructors to switch between ‘select individual’ and ‘select
group’ modes. To assist users in differentiating predicted metric
performance, DFSeer (Sun et al., 2020) utilizes a circular glyph
design as the default option. Users can interactively switch to a
bar chart based glyph design. At the same time, DFSeer provides
three sliders for users to adjust the weight, variance, and number
of prediction accuracy. Reallocation facilitates predictive analytics
from a different point of view (Weiand and Manssour, 2015; Chen
et al., 2016b). The axes in the DropoutSeer system are ranked
according to their importance in the current prediction model and
29
also support the user to adjust the order of the axes (Chen et al.,
2016b). In the analysis of student clustering, the user is allowed
to reconfigure the clustering results.

7. Assisted learning

Assisted learning is designed to support students in apply-
ing visual tools to enhance learning and assist instructors and
administrators in analyzing the status of courses and projects.
At the same time, visualization effectively contributes to stu-
dents learning lessons that are not easily understood, such as
algorithms (Karavirta and Shaffer, 2015; Matin et al., 2018), and
molecular structures (Nickels et al., 2013). We observe that as-
sisted learning tends to target both instructor and learner, and
online learning tools play a role in both the instructor’s teaching
and the learners’ learning process. Most of the data in assisted
learning task is high-dimensional, and the researchers design glyph
visualization to improve the readability of subject knowledge.

7.1. Data types

Text data provides an evaluation of the online platform by on-
line learners (Tubman et al., 2019) and includes a huge amount of
teaching resources (Venkatarayalu, 2018; Zhang and Sun, 2008).
High-dimensional data consists of multiple attributes containing
information about the context of the course. List of courses, list
of students, course professor, and grades for course as examples
of high-dimensional data to assist analysis (Martins et al., 2018).
Spatio-temporal data provides details of timestamps and IP ad-
dresses. MOOCViz (Dernoncourt et al., 2013) categorizes students
according to the IP addresses from which they access the website
and explores how different groups of students in the course
utilize different types of resources. Zhang et al. visualize knowl-
edge on a range of multimedia data, such as text, video, audio,
flash, and PowerPoint, to assist students in easily understanding
the relationships between concepts (Zhang and Sun, 2008). Kim
and Xia (2022) select MOOC videos from five online learning
platforms and propose guidelines for designing mobile-friendly
MOOC.
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.2. Visualization techniques

The node-link diagram visualizes the course structure. To as-
ist administrators in understanding the course model, Jordão
t al. (2016) propose a solution based on two linked views,
ne based on node-links and the other on a multi-matrix rep-
esentation. Text visualization for analysis of problem sets (Ilves
t al., 2018), MOOCs contributions (Tubman et al., 2019). Ilves
t al. conducted an experimental analysis of text visualizations
nd graphical visualizations, and the study show that graphical
isualizations had better learning outcomes (Ilves et al., 2018).
emporal visualization reveals the overall learning progression of
he course (Anderson et al., 2014; Jordão et al., 2016; Martins
t al., 2018). For example, Xia et al. (2022) present two line charts
ide by side to compare and assist students in understanding
heir overall learning progress. Geographic visualization shows
he ratio of the number of students who receive a certificate
n each country/region for both courses to the number of stu-
ents enrolled in the course (Dernoncourt et al., 2013). Heat
ap visualization of error frequencies to show the frequency of

earning activities (Mazza and Dimitrova, 2007; Xia et al., 2020a,
022) and to understand the important concepts in the course.
dditional chart visualizations, such as linear charts, are provided
o track changes in the distribution of tutors and tutors Xia et al.
2022). Novel glyph visualization increases students’ motivation
nd interest in learning (Anderson et al., 2014; Matin et al.,
018; Paiva et al., 2018). For example, Anderson et al. design
adges as a motivational tool for participation in the MOOCs, and
he study found that the use of badges increased student forum
articipation (Anderson et al., 2014).

.3. Interactive methods

A variety of visual tools assist users in learning (Matin et al.,
018; Paiva et al., 2018; Tubman et al., 2019; Venkatarayalu,
018) and exploring course information (Ilves et al., 2018; Jordão
t al., 2016). When the administrator clicks on the node of inter-
st, relevant data that was not originally visualized is displayed.
artins et al. (2018) analyze student course and degree informa-

ion by selecting a course by clicking and dragging, which would
ause all other courses to disappear, thus allowing the admin-
strator to focus on a specific selection. Filtering is commonly
pply to filter the data (Martins et al., 2018; Tubman et al., 2019).
Lens (Xia et al., 2022) provides a filter panel from different
erspectives (e.g. tutor, topic, session, date, etc.) to facilitate
ontinuous tracking of learners’ progress. PresentaBALL (Nickels
t al., 2013) supports user-driven navigation, including redirec-
ion to other text sections and activation of modeling functions
uch as highlighting sections of the molecule, changing the rep-
esentation to a more detailed level, or moving the camera to
predefined viewpoint for pressure. A few visualization tools

upport associative saving. The system proposed by Martins et al.
2018) allows users to analyze cross-sectional data already to
nderstand the evolution of degrees and courses over time. Addi-
ionally, the system also supports drop-down lists to filter degree
nformation. The user interactively adjusts parameters to change
he visualization (Venkatarayalu, 2018), for example by providing
ata to the algorithm to change (Karavirta and Shaffer, 2015).
ubman et al. (2019) regroup the MOOC contributions into a word
loud, when users click on a word, the word cloud is redrawn
ccording to the selected word.

. Discussion and challenges

In this section, we discuss our findings and challenges regard-
ng data types, visualization techniques, and interactive methods
cross in the four online learning tasks.
30
Data types. High-dimensional data can effectively analyze on-
line learning tasks from multiple perspectives, providing a variety
of features for detecting online learning tasks. Learning behavior
is often presented through data with temporal and spatial at-
tributes, it is often used in combination with other data types.
The above two data types account for a relatively high percentage
of all data. Network data are mostly used for behavioral analysis
nd are widely available in social networks between instructors–
tudents, and students–students. Multimedia data, which consists
ainly of video data, is an important component of MOOCs
latforms. Analysis of media data can include learner learning
ctivities and identify anomalies for a timely response. A large
mount of text data exists in MOOCs forums and learning ma-
erials, and the mining of text data can reveal hidden learning
atterns.
Challenges of data type. There are limitations to the data cur-

ently available for the analysis of online learning. Obtaining more
omprehensive information about learners remains a significant
hallenge, and as a result, learners cannot be contextualized to
rovide a more in-depth explanation of learner behavior.
Visualization techniques. Among visualization, chart visual-

zation and temporal visualization are more common, which also
oincide with more high-dimensional and temporal data. Re-
earchers use chart visualization to represent learner learning
ehaviors, and chart visualization can visually explain learners’
earning patterns. Temporal visualizations are popular in showing
earner learning behaviors over time because it maximizes the
xplanation of learner learning habits. In comparing visualiza-
ion techniques applicable to online learning tasks, we found
hat glyph visualization is suitable for visualizations for behavior
nalysis and learning pattern exploration. Intelligent visualization
esign can better satisfy the needs of users in exploring online
earning.

Challenges of visualization techniques. Online learning tasks
an contain multiple heterogeneous temporal events. For exam-
le, MOOCs platform data is diversified and includes text, images,
nd videos. These data record each type of event at different
ampling rates and do not display different patterns of events. It
rings challenges to aggregate data from different sources. Most
xisting visualization techniques choose to display a selection
f data, which is challenging to perform integrated analysis of
ultiple learning tasks. To solve this problem, a visual analytics

ramework needs to be developed.
Interactive methods. Selected & exploration has been the most

opular interactive analysis method in visual analytics of online
earning tasks. Most assisted learning tools to provide the user
ith an overview and user drill down to the details as required.
he second popular interactive method is filtering & navigation,
hich fits the visual information seeking mantra: ‘‘Overview first,
oom and filter, then details-on-demand’’ (Shneiderman, 2003).
bserving different online learning tasks, visualization systems
hat study learning pattern exploration often use filtering to mine
earners for significant learning patterns. Connection & saving is
mployed in comparing differences in learning behavior across
earners.

Challenges of interactive methods. As the complexity of data
s exponentially increased, interactive methods play an important
ole in visual analytics techniques. Encoding & reconfiguration
llows to leverage and process data, which is a deeper level of
ata-human interaction. Encoding & reconfiguration is of interest
o the visualization community. However, few of these interac-
ions have been applied to current research. For visual analytics,
t is a challenge to effectively utilize interactive methods.

Overall, most online learning visualization research is de-
igned to help instructors and administrators better understand
he recommendation and predicted dropout rates. Fewer visu-
lization works are designed to help learners understand their
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earning for improvement. Most studies in visualization of online
earning have focused on behavior analysis, followed by explor-
ng learning patterns and assisted learning, with relatively few
tudies focusing on behavior prediction.

. Future work

With the rapid growth of the internet, online learning is be-
oming increasingly popular and many researchers have realized
he importance of applying visualization techniques to under-
tand online learning. However, there are still challenges to be
ddressed in future research. We discuss several directions that
e believe are important and promising.
Learner Isolation. In our discussions with experts, they men-

ion that a large part of the high dropout rate is due to learner
solation. Online learning amplifies the isolation of learners and
t is essential to address how learners feel isolated in the learning
rocess. We can utilize visualization techniques and interactive
ethods to help learners feel less isolated and increase retention
f online learning.
Multiple Forecast. For online learning dropout prediction,

new machine learning techniques (Yuan et al., 2021; Shah et al.,
2021) and predictive models can enhance the predictive power.
Researchers can consider additional predictive outcomes such
as predicting learning efficiency (whether students learn at a
good pace), and learner expectations. More importantly, most
researchers focus on univariate predictions and cannot predict
multiple variables and establish links between them.

Instructor Behavior Analysis. We found that most of the
analysis of online learning behaviors was directed at student
behavior. There is less analysis of the instructor’s clickstream on
the online platform. The instructor’s repost rate on the forum
and the time spent uploading the course have an impact on the
learners. In future work, more analysis of faculty members could
be conducted to help administrators evaluate faculty members.

Enhanced Interpretability. Researchers provide personalized
advice for MOOCs learners, most of which ignore interpretability
and cannot inform learners why they are receiving such advice, or
empower users to modify it. For example, Zhao et al. (2018) assist
flexible learning through semantic visual exploration and oppor-
tunity sequences for MOOCs video recommendation. However,
this study only applies to MOOCs videos that have a predeter-
mined order and the user’s choice does not contribute to the next
recommendation for system.

10. Conclusion

In this paper, we analyze relevant papers on the latest ad-
vances and have conducted an in-depth study of online learning
tasks based on expert advice. Our survey presents trends and
preferences for online learning tasks, data types, visualization
techniques, and interactive methods. We also discuss challenges
and future work in this paper which provides a forward-looking
perspective to inspire readers. Finally, we design a web-based
exploration browser for users to facilitate locating papers of their
interests. We believe that our work provides a good overview of
the use of visualization in online learning.
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