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Online Learning has become widespread

2

A MOOCs platform
(massive open online 
courses)

A videotelephony 
software

A Coding Exercises 
Platform

An online 
discussion forum



Learning at scale, flexible locations and times

Time
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Space Scale 



Learning at scale, flexible locations and times

Time
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Space Scale 

Make learning tailored to individual 
students a grand challenge!



Why personalized learning?

5Aleven, Vincent, et al. "Instruction based on adaptive learning technologies." Handbook of research on learning and instruction (2016): 522-560.

knowledge
( Koedinger,. Stamper, McLaughlin, & 
Nixon, 2013;)

problem-solving 
strategies, errors
(Adams et al., 2014)

Cognitive

motivation
(D'Mello, Lehman, Pekrun, & 
Graesser, 2014)

self-regulation 
skills
(Aleven & Koedinger, 2002)

Non-cognitive



Learning at scale, flexible locations and times

Time

6

Space Scale 

How could we achieve personalized 
online learning?



Learning Data is a Comunication Channel
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Learning Data

e.g. Mouse movement data



Online Learning Platforms and Data
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Problem-solving data Click-stream data Video and audio 
communication data

Online discussion data



Research Goal
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Help learners and educators to find insights from learning 
data and use the insights to make decisions for achieving 
personalized online learning.



● Focus more on cognitive skills instead of non-cognitive 
variables (e.g., motivations, self-regulation skills)
Learning factor analysis (Cen et al., 2006) Performance factor analysis (Pavlik et al., 2009)

● Algorithms’ outputs are not easy to interpret
Deep knowledge tracing (Piech et al., 2015) Explanatory models for educational data (Liu et al., 2017)

Related Work on Learning Analytics

10



Data
Visualization

Human 
Computer 
Interaction

Education
Technology

AI

My Approach
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Design and build human-
centered data-driven 
systems for achieving 
personalized online 
learning.



Why human-centered data-driven systems?

12

AI Algorithm Human Decision MakingData

Learners’ needs Educators’ domain knowledge

data-driven interfaces 
(e.g., data visualization)



Challenges

● Learners have different aspects that change over time

● Learners and educators are not data analysts

● Different learning scenarios:
○ Learning data is voluminous and heterogeneous
○ Learners and educators have different tasks

13
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QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) SeqDynamics (EuroVIS 2020)

AlgoSolve (CHI 2022) “Gaming the 
system”(L@S 2020)

Predication (LAK 2020)
Mobile MOOCs (CHI 2022,
Best Paper Award)

BlockLens (L@S 2022)

Visual Analytics K-12  (VIS 
2019, Best Poster Award)

Data

Planning Reflecting

Learners (learning loop)

Understanding 
and Analyzing Redesigning

Distributed Tutorship (LAK 
2022)

Persua (CSCW 2022)

Performing

Educators (design loop)

Zimmerman, Barry J. "Self-regulated learning and academic achievement: An overview." Educational psychologist 25.1 (1990): 3-17.
Aleven, Vincent, et al. "A new paradigm for intelligent tutoring systems: Example-tracing tutors." International Journal of Artificial Intelligence in Education 19.2 (2009): 105-154.
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Zimmerman, Barry J. "Self-regulated learning and academic achievement: An overview." Educational psychologist 25.1 (1990): 3-17.
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Aleven, Vincent, et al. "A new paradigm for intelligent tutoring systems: Example-tracing tutors." International Journal of Artificial Intelligence in 
Education 19.2 (2009): 105-154.
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Data

Educators (design loop)

Planning Reflecting

Learners (learning loop)

Understanding
and Analyzing

Redesigning

QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) Persua (CSCW 2022)

Performing

How data can be used for learners to 
plan, perform, and reflect on their 
learning?

How data can be used for 
educators to improve the design 
of learning materials?
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Data

Educators (design loop)

Planning Reflecting

Learners (learning loop)

Understanding
and Analyzing

Redesigning

QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) Persua (CSCW 2022)

Performing

How data can be used for learners to 
plan, perform, and reflect on their 
learning?



PeerLens: Peer-inspired Interactive 
Learning Path Planning in Online 

Question Pool

Meng Xia, Mingfei Sun, Huan Wei, Qing Chen, Yong Wang, 
Lei Shi, Huamin Qu, Xiaojuan Ma

CHI 2019

19



• A collection of questions for learners to practice their knowledge online 

Math Programming Driving license

What is an online question pool?

20



What to do next? What 
sequence to follow?

21

Motivation

Questions Pools:
● No pre-determined syllabus
● A lengthy list indexed by their 

problem IDs
● Hidden intents

Learners:
● Different learning scenarios
● One learner’s learning 

scenario may be changing



(Drachsler et al., 2008) Content-based (e.g., Chu et al., 2011), Collaborative Filtering (e.g., Toledo et al., 2018), 
Hybrid approach (e.g., Salehi et al., 2013)

=> We lack the problem label information for use

Deep learning models (e.g., Piech et al., 2015), other models, such as Markov Chain (e.g., Rajapakse and Ho, 
2005; Sarukkai 2000; Huang et al., 2009) 

=> Learners’ intent is not well considered, and no explanation is 
provided for the results

Related work: Educational Recommendation Techniques

22

How learning data can be used for planning the learning path?



A user-centered design process

● Four participants: two question pool designers and two users

● Requirements gathering iteratively for three months

○ R1: Find peers for a target learning scenario.

○ R2: Compare with peers’ performance to understand the gap.

○ R3: Offer flexible learning path suggestions with explanations.

○ R4: Provide convenient interaction and intuitive visual designs.

23
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PeerLens System overflow
1 2 3 4
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System overflow
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How to quantify learner’s performance?

1/5 => Hard problem

Accept rate: 1/5 => Still a hard problem?

P1

P2

Q1

Q1

Difficulty of the questionsR1: Find peers for a target 
learning scenario.
R2: Compare with peers’
performance to understand 
the gap.

Accept rate?



Submission type: the way a learner submits a question. 

incorrect correct• Captures learners’ knowledge proficiency and attitute
• Enables the inference of question difficulty level

How to quantify learner’s performance?

27
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6 6

How to recommend?

28

R1: Find peers for a target 
learning scenario.
R2: Compare with peers’
performance to understand 
the gap.
R3: Offer flexible learning 
path suggestions with 
explanations.



How to recommend?

29

R1: Find peers for a target 
learning scenario.
R2: Compare with peers’
performance to understand 
the gap.
R3: Offer flexible learning 
path suggestions with 
explanations.
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System overflow
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Yellow diamond plot: selected peers          Blue diamond plot: learner himself 

Visual Design: Peer Selection View
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Visual Design: Learning Path View
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Visual Design: Learning Path View
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Visual Design: Learning Path View
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Visual Design: Learning Path View
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Learner’s 
performance



Visual Design: Learning Path View
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Peers’
performance



Visual Design: Learning Path View
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Visual Design: Learning Path View
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Visual Design: Learning Path View
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Slide



Visual Design: Learning Path View

41



Evaluation

42

RQ1: Is peer data useful?
RQ2: Is visualizing more suggestions helpful for planning 
compared to only one path?  
RQ3: Does visualizing more suggestions using the 
proposed visualizations increase complexity?



Baseline system (List View) Primitive PeerLens (Only provide one path)

Evaluation: Controlled User Study

43

18 CS students：

● determine the starting question under a specific learning scenario
● find the next question to solve given an existing historical learning path



Informativeness

Decision making

Visual design

System Usability

Evaluation: Questionnaires

44



Informativeness Decision-making

Results: Using peer data is useful (RQ1)
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Informativeness Decision-making

Results: Visualizing more suggestions is useful (RQ2)

46



Visual designs System usability 

Results: Visualizing more suggestions using the 
proposed visualizations did not increase the 
complexity (RQ3)

47



With PeerLens, we enable 
students to use peer data to 
plan their own learning path 
by suggesting and 
visualizing multiple paths.

48

Sequential event-based learning, e.g., other question pools, MOOCs, etc.
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Data

Educators (design loop)

Planning Reflecting

Learners (learning loop)

Understanding
and Analyzing

Redesigning

QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) Persua (CSCW 2022)

Performing

How data can be used for learners to 
plan, perform, and reflect on their 
learning?



Persua: A Visual Interactive System 
to Enhance the Persuasiveness of 
Arguments in Online Discussion

Meng Xia, Qian Zhu, Xingbo Wang, Fei Nie, Huamin Qu, 
Xiaojuan Ma

CSCW 2022

50



Background

● Real-time adaptive feedback
● Critical thinking skills, e.g., arguments writing, a major element of 

learning framework 2030 by the Organization for Economic Co-
operation and Development (OECD)

51
Wambsganss, Thiemo, et al. "AL: an adaptive learning support system for argumentation skills." CHI 2020.



Background

52

What are the 
difficulties for users 
to write persuasive 
arguments and what 
we can learn from 
the existing data?



Needs-finding Stage

A needs-finding survey with 
123 online forum users

53

R1: Provide examples and support filtering by 
persuasive strategies
R2: Display and compare the composition of different 
persuasive strategies
R3: Show the logical structure of the arguments
R4: Offer visual augmented feedback for the 
arguments writing



Related Work

Wambsganss, Thiemo, et al. "AL: an adaptive learning support system for argumentation skills." CHI 2020.
54

Lacking guidance on 
persuasive strategies



Taxonomy of Argument Components

Classical persuasive strategies of Aristotle, and Rapp, 2002 and Carlile et al., 2018

55

Semi-structured 
interviews with five 
domain experts on 
debating competitions

Rapp, Christof. "Aristotle’s rhetoric." (2002).
Carlile, Winston, et al. "Give me more feedback: Annotating argument persuasiveness and related attributes in student essays." Proceedings of the 56th Annual Meeting of 
the Association for Computational Linguistics (Volume 1: Long Papers). 2018.



Taxonomy of Argument Components

Rapp, 2002 and Carlile et al., 2018

uses facts, logic, or reasoning

56



Taxonomy of Argument Components

arouse people’s emotions

57Rapp, 2002 and Carlile et al., 2018



Taxonomy of Argument Components

build up speaker’s credibility

58Rapp, 2002 and Carlile et al., 2018



Taxonomy of Argument Components

describes a concrete example

59Rapp, 2002 and Carlile et al., 2018



Persuasive Strategies Mining

1. Converting the sentences into high-dimensional vector representations: 
BERT language model

2. Is claim or premise or non-argument? a multi-class classification task
3. Does a premise support a claim? a binary classification task
4. What are the persuasive strategies applied? a multi-label classification 

60

164 discussion threads with 1269 
sentences coving eight topics and 
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Persua



62

Input View
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Input View



Node View
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Here’s too many people already



Example View
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Compare View
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Case Study

Before:
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Case Study

After:Before:



User Study
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36 participants (20 males, 16 females)
Baseline: 18 Persua: 18

Baseline Persua(Wambsgans et al., CHI 2020)



Tasks & Results: Submit more times and more 
persuasive

Improvements on tasksSubmissions times on tasks

70



Perusa detects and visualizes
persuasive strategies
differences from peer data to 
nudge learners and provide 
examples for them to refer to.

71

Component-based learning, e.g., analyze and visualize code structures and provide 
code examples to student
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Data

Educators (design loop)

Planning Reflecting

Learners (learning loop)

Understanding
and Analyzing

Redesigning

73

QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) Persua (CSCW 2022)

Performing

How data can be used for learners to 
plan, perform, and reflect on their 
learning?



RLens: A Computer-aided 
Visualization System for Reflecting 

Language Learning Progress Under 
Distributed Tutorship

Meng Xia, Yankun Zhao*, Jihyeong Hong*, Mehmet Hamza Erol*, 
Taewook Kim, Juho Kim

L@S 2022

74



Background

Online language tutoring platforms (e.g., Cambly) are becoming 
increasingly popular.

75



Background

These online language tutoring platforms:

Provide temporary jobs for native speakers to 
work as part-time tutors

Enable language learners to have 1-1 speaking sessions 
with native speakers anytime and anywhere

76



Distributed Tutorship

My previous work analyzed 15,959 learners’ data on one of these 
platforms and identified that learners actively distribute their learning 
time with different tutors during the learning process, which was defined
as distributed tutorship.
(Xia et al., 2022)

Day 1/tutor 1        Day 2/tutor 2         Day 3/tutor3        Day 4/tutor 4       Day 5/tutor 5                Day …

Xia, Meng, et al. "Understanding Distributed Tutorship in Online Language Tutoring." LAK22: 12th International Learning Analytics and Knowledge Conference. 2022.
77



There is suggestive evidence that more distributed tutorship might 
introduce lower learning improvement.
(Xia et al., 2022)

Distributed Tutorship

78

An online English tutoring platform. On Ringle, learners can choose 
tutors and class time for 1:1 online speaking sessions.

16 learners, who have learnt from more than one tutor.

Xia, Meng, et al. "Understanding Distributed Tutorship in Online Language Tutoring." LAK22: 12th International Learning Analytics and Knowledge Conference. 2022.



Challenge: Feedback Discontinuity

Grammar

Fluency

Vocabulary

Learners are unaware of their 
common language issues (e.g. tense 
errors) and they are not sure whether 
they have corrected the issues or not, 
since previous corrections are not 
tracked by different tutors.

79



Learners’ corrective actions according to tutors’ feedback

● Two apple -> Two apples

● “uh”

● “She always tries to think positively.” -> “She is always so 
optimistic.”

80

NLP: Feedback uptake behaviors
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Visualization: Feedback uptake behaviors



RLens detects feedback uptake 
behaviors and visualizes the 
learning progress to keep 
consistency when learning 
under distributed tutorship.

82

Learning scenarios with subjective feedback from different teachers.
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Our collaborator, Ringle, uses some of the algorithms and interface design on 
their platforms. The company now serves for 100,000+ users over the world.



Data

Educators (design loop)

Planning Reflecting

Learners (learning loop)

Understanding
and Analyzing

Redesigning

84

QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) Persua (CSCW 2022)

Performing

What if the existing learning materials and data online didn’t 
cover different learners’ needs?
What if the learners are too young to use the learning 
analytics? 



Data

Educators (design loop)

Planning Reflecting

Learners (learning loop)

Understanding
and Analyzing

Redesigning
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QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) Persua (CSCW 2022)

Performing

How data can be used for 
educators to improve the 
design of learning materials?
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QLens: Visual Analytics of Multi-step 
Problem-solving Behaviors for 

Improving Question Design

Meng Xia, Reshika Palaniyappan Velumani, Yong Wang, Huamin Qu,
Xiaojuan Ma

TVCG 2021



A Multi-step Problem

87



Motivation

Question Designer 88

Problem-
solving 

logic

Engagement 
level

Difficulties

● Four domain experts
○ Question designers (E1, E2)

○ System developer (E3)

○ Project manager (E4)



Iterative Design Process - Animation

89



Iterative Design Process - Heatmap

90



Iterative Design Process - AOI trasition graph

91Visual Analytics of Student Learning Behaviors on K-12 Mathematics E-learning Platforms (Xia et al., VIS 2019) Best Poster Award

students with incorrect answers

https://www.xiameng.org/vis19e-sub1091-i6.pdf


Iterative Design Process - AOI trasition graph

92

students with incorrect answers

Visual Analytics of Student Learning Behaviors on K-12 Mathematics E-learning Platforms (Xia et al., VIS 2019) Best Poster Award

students with correct answers

https://www.xiameng.org/vis19e-sub1091-i6.pdf


Step1: ,,,,Mark
Step2: Paul,,,,Mark  
Step3: Paul,Helen,,,Mark   
Step4: Paul,,Helen,,Mark       
…

For each student: 

1 2 3 4 5 6

7 8 9 10 11

For each question: 

2 11 4 7 3 8 8 9 …
1

2

3

4

93

1. Data preprocessing: Recover the Steps
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McBroom, Jessica, et al. "A data-driven method for helping teachers improve feedback in computer programming automated tutors." International Conference on 
Artificial Intelligence in Education. Springer, Cham, 2018.
Wang, Yiting, Walker M. White, and Erik Andersen. "Pathviewer: Visualizing pathways through student data." Proceedings of the 2017 CHI Conference on Human 
Factors in Computing Systems. 2017.

Not scalable with a very large states.



2. Data Analysis - State Transition Model

Step: one drag-and-drop

Stage: number of 
correct conditions

Step1: ,,,,Mark                       Stage 0
Step2: Paul,,,,Mark               Stage 1          
Step3: Paul,Helen,,,Mark     Stage 2
Step4: Paul,,Helen,,Mark     Stage 2
…

95

Condition 2
Condition 1

Condition 3
Condition 4



3. Visualization - State Transition Visualization

Stage

Step0 1 2 3 4

0

1

2
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Stage

Step

0

1

2

3. Visualization - State Transition Visualization

0 1 2 3 4
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Stage

Step

0

1

2

3. Visualization - State Transition Visualization

0 1 2 3 4
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Stage

Step

0

1

2

3. Visualization - State Transition Visualization

0 1 2 3 4
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101
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Mark stands ahead of Paul.
Helen stands ahead of Jane.
Paul stands behind Helen but ahead of Luke.
No boy is next to another boy in the line.
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Overview



104

Comparison View



Evaluation

• Cases studies with four domain experts during the 
development

• Semi-structured interviews with another three domain 
experts (two questions designers form a different 
education company, one senior manager); each interview 
lasts about 1.5 hours

Introduce 
system

Introduce 
three cases

Free 
exploration

Answer 
questions 105



Evaluation

“The insights from Transition View will be very useful for the 
question designer (for example to decide which question is 
more suitable for which grade students) and the system 
developer.”

“As more and more learning activities conducted are online, it 
was also very useful to compare students from different 
schools (e.g., international and local ones) or regions.”

“The on-the-fly guidance is what we expected but needs 
more considerations.”

--- E6

--- E5

--- E5

System 
usefulness

“It is so clear to view the problem-solving process using 
the visualization like this (Transition View).” --- E7

Visual design & 
interactions

Positive

Neutral

Negative

Overall, all experts confirmed the usefulness and the 
intuitiveness of the system.

106
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QLens visualizes learners’
multi-step problem-solving 
processes to help educators 
improve learning materials.

Multiple-step problem solving, e.g., how different test cases/rules are satisfied in 
coding exercises.
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Our collaborator, TrumpTech, uses QLens to improve questions design. The 
company now serves more than 500 schools in Hong Kong.



Conclusion

109

How data can be used for learners and educators 
in achieving personalized online learning?



Conclusion

Domain situation: formative studies to understand
target users’ requirements: educators and students

Data/task abstraction:
Data: event sequence data
Tasks: representation, summarization, comparison

Learning behavior modelling:
Learning materials: difficulty level, test knowledge
Students: cognitive skills, non-cognitive variables

Visual encoding: justify alternative designs; address 
interaction; show the data step by step

Lab study, deployment, and post-study interviews

Iterative design with educators and students

110Munzner, Tamara. "A nested model for visualization design and validation." IEEE transactions on visualization and computer graphics 15.6 (2009): 921-928.
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Enable learners and educators to find insights from 
learning data and use the insights to make decisions for 
achieving personalized online learning.

Data

Educators (design loop)

Planning Reflecting

Learners (learning loop)

Understanding
and Analyzing

Redesigning

QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) Persua (CSCW 2022)

Performing



● More Comprehensive
● More Actionable
● More Effective
● More Context-aware

112

Future Research Direction



Peerlens
(CHI 2019)

Persua
(CSCW 2022)

Predication
(LAK 2020)

AlgoSolve
(CHI 2022)

Distributed Tutorship
(LAK 2022)

QLens
(TVCG 2021)

SeqDynamics 
(EuroVIS 2020)

BlockLens
(L@S 2022)

Visual Analytics K-12
(VIS 2019, Best 
Poster Award)

Mobile MOOCs 
(CHI 2022, Best 
Paper Award)

Event Sequence

Text
RLens
(L@S 2022)

Video

113

More Comprehensive

Code



More Comprehensive - Education data visualization library

Important factors to be considered and explored comprehensively

114

Target users
e.g. educators, learners

Data Types
e.g. mouse trajectory, event 
seqence, code, text, 
video/audio, facial expression, 
body gestures, performance

Data Tasks
e.g. summarization, comparison, 
trend, correlation

Time dimension
Real-time analysis, offline 
analysis



Learners (learning loop)
Educators (design loop)

More Actionable

How to push forward learning 
analytics towards learning design?
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QLens: Learning analytics

CTAT (cognitive tutor authoring tools): 
Learning design

More Actionable



More Effective

117

How to infer learners’ accurate 
knowledge level and 
psychology status?



More Effective

Learner-AI collaboration: Reason the Knowledge Level and psychology status
118

Multiple Rounds Conversations/Interactive Knowledge Map Other data



More Context-aware

Educators (design loop)

Planning

Learners (learning loop)

Performing

What are the needs, challenges, and opportunities of personalized online 
learning in contexts other than desktop?

Desktop only

119



Learning in AR?
● Exploring Interactions with Printed Data 

Visualizations in Augmented Reality (Tong et al., TVCG 

2023, Honorable Mention Award)

Learning in VR?
● Cinematography Education on a Soundstage in 

VR (Xian et al., VR 2023 poster)

● VR Story for Awareness of Covid Spread Threats 
(ongoing)

● Towards an Understanding of Asymmetric 
Collaborative Visualization on Problem-solving 
(Tong et al., VR 2023)

Other opportunities, e.g., on-the-go 
learning, digital twin campus? 120

More Context-aware - Immersive Online Learning



Intelligent tutors on smartphones
(4-year IES project; ongoing)

Mobile-Friendly Content Design for MOOCs: 
Challenges, Requirements, and Design Opportunities
(Kim et al., CHI 2022; Best Paper Award)

Interactions on 
intelligent tutors?

121

More Context-aware - Ubiquitous Online Learning



Immersive

122

Ubiquitous Synchronized Informal Collaborative

Mobile-Friendly Content Design for 
MOOCs: Challenges, Requirements, and 
Design Opportunities (Kim et al., CHI 
2022; Best Paper Award)

- Towards an Understanding of 
Asymmetric Collaborative Visualization 
on Problem-solving VR2023

- Exploring Interactions with Printed Data 
Visualizations in Augmented Reality 
(Tong, et al., VIS 2022; Honorable 
Mention Award)

More Context-aware

Stationary PC envrionment
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Bias-Aware Design for Informed 
Decisions 
(Zhu, et al., CSCW 2022)

Explaining Air Quality Forecast for 
Verifying Domain Knowledge using 
Feature Importance Visualization
(Palaniyappan, et al., IUI 2022)

How about other scenarios like personal health data analysis, 
investment data analysis, searching engine analysis?

More Broad - Enhance Personalization in Other Domains



Welcome to my lab!
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Join me @Texas A&M 

Send me your CV!

mengxia@andrew.cmu.edu
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Homepage: https://www.xiameng.org

Human-centered Data-driven Systems for Personalized 
Online Learning

Data

Educators (design loop)

Planning Reflecting

Learners (learning loop)

Understanding
and Analyzing

Redesigning

QLens (TVCG 2021)RLens (L@S 2022)Peerlens (CHI 2019) Persua (CSCW 2022)

Performing

mengxia@andrew.cmu.edu

Apply here!

https://www.xiameng.org

