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THEORY INFORMED  
LEARNING ANALYTICS  



 

Counts don’t count much if 
decontextualized 

 

Wilson, T.D. (1999). Models in information behaviour research. Journal of Documentation, 55(3), 249 – 270. 



How do strong and weak effect 
translating network position into 

performance? 

Joksimović, S., Manataki, A., Gašević, D., Dawson, S., Kovanović, K., de Kereki, I. F., “Translating network position into 
performance: Importance of Centrality in Different Network Configurations,” In Proceedings of the 5th International 
Conference on Learning Analytics & Knowledge (LAK 2016), Edinburgh, Scotland, UK, 2016 (in press). 



Joksimović, S., Manataki, A., Gašević, D., Dawson, S., Kovanović, K., de Kereki, I. F., “Translating network position into 
performance: Importance of Centrality in Different Network Configurations,” In Proceedings of the 5th International 
Conference on Learning Analytics & Knowledge (LAK 2016), Edinburgh, Scotland, UK, 2016 (in press). 
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 Centrality ⇏ less constraints and more benefit 

 Importance of contextual factors 

 Triads as the fundamental unit of analysis 

Simmel’s theory of social interactions 



Platform: Coursera 

Courses: Code Yourself! (English), ¡A Programar! 
(Spanish) 

Certificate: 50% for the coursework; 75% - distinction 
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Note: * p<.05; ** p<.01; *** p<.001 

Analysis of the estimates for the two ERG models 
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In order to provide meaningful visualizations, estimates for betweenness centrality were multiplied by 100 (only 

for the presentation purposes) 
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Learning analytics is about learning 

 

Learners construct knowledge 

Learners are agents 

 
  

 Winne, P. H. (2006). How software technologies can improve research on learning and bolster school reform. 
Educational Psychologist, 41(1), 5–17. 



Learning analytics is about learning 

 

Conditions, Operations, 
Products, Evaluation, Standards 

(COPES) 
  

 
Winne, P. H. (1997). Experimenting to bootstrap self-regulated learning. Journal of Educational Psychology, 89(3), 
397-410. 



Gašević, D., Dawson, S., Rogers, T., Gašević, D. (2016). Learning analytics should not promote one size fits all: The effects 
of course-specific technology use in predicting academic success. The Internet and Higher Education, 28, 68–84. 

Learning context 

 

Instructional conditions shape 
learning analytics results 



Predictive Power Diversity 
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Learner agency 

Kovanović, V., Gašević, D., Joksimović, S., Hatala, M., Adesope, S. (2015). Analytics of Communities of Inquiry: Effects 
of Learning Technology Use on Cognitive Presence in Asynchronous Online Discussions. The Internet and Higher 
Education, 27, 74–89. 

 

More time online does not 
always mean better learning 



Learner profiles – use of LMS 

Kovanović, V., Gašević, D., Joksimović, S., Hatala, M., Adesope, S., “Analytics of Communities of Inquiry: Effects of 
Learning Technology Use on Cognitive Presence in Asynchronous Online Discussions,”  The Internet and Higher 
Education, 2015 (submitted). 

Large effect sizes  
(1.4-2.5 σ) on 
critical thinking and 
academic success 



PROCESS NATURE OF LEARNING 



 

How students study with 
technology?  

 



 

Categorization 
Deep and surface approaches to learning 

Trigwell, K., & Prosser, M. (1991). Relating approaches to study and quality of learning outcomes at the course 
level. British Journal of Educational Psychology, 61(3), 265-275. 



 

Significant role of instructions on 
approaches to learning 

Trigwell, K., Prosser, M., & Waterhouse, F. (1999). Relations between teachers’ approaches to teaching and 
students’ approaches to learning. Higher Education, 37(1), 57–70.  



 

Effects of students’ own decisions 
 

Internal conditions 
(e.g., metacognition and motivation) 

 

 

 

 

 
Bjork, R. A., Dunlosky, J., & Kornell, N. (2013). Self-Regulated Learning: Beliefs, Techniques, and Illusions. Annual 
Review of Psychology, 64, 417-444. doi:10.1146/annurev-psych-113011-143823 



 

Student profiling 
Unsupervised approaches 

 

 

 

 
Lust, G., Elen, J., & Clarebout, G. (2013). Students’ tool-use within a web enhanced course: Explanatory 
mechanisms of students’ tool-use pattern. Computers in Human Behavior, 29(5). 



 

Sequences of activities 
Sequence or process mining, HMMs, etc. 

 

 

 

 

 
Reimann, P., Markauskaite, L., Bannert, M. (2014). e-Research and learning theory: What do sequence and process 
mining methods contribute? British Journal of Educational Technology, 45(3), 528-540. 



 

What learning strategies do 
students follow  

while using technology? 
 

 

 

 



 

Do learning strategies of students 
change over time  

while using technology? 
 

 

 

 



Context  

Year one engineering course in computer systems 
at University of Sydney 

Enrolment: 300 students 

One lecture (2 hours) + one tutorial (2 hours) +  
one lab (3 hours)  

Assessment: midterm + final + project 

Flipped classroom with 100% digital content 



 



 



 



 



 



 



 



 



Features 

 
 

ACE number of times a student expanded a part of the course page with 
exercise or a problem to solve 

EQT.CO the number of correctly solved multiple choice questions (MCQs) 
embedded in the lecture materials 

EQT.IN number of incorrectly solved MCQs embedded in the lecture materials 
EQT.SH number of times the student requested to see solution to MCQs 

embedded in the lecture materials 
EXC.CO number of correctly solved exercises/problems 
EXC.IN number of incorrectly solved exercises/problems 
VEQ.CO number of correctly solved MCQs associated with the course videos 
VEQ.IN number of incorrectly solved MCQs associated with the course videos 
VEQ.SH number of times the student requested to see solution to MCQs 

associated with the course videos 
VID.PA number of times the course videos were played 
VID.PL number of times the course videos were paused 

 



Analysis 

 
 

 

Agglomerative hierarchical clustering  
 based on weekly data 

 

Latent class analysis for course pathways 

 

Hidden Markov models (multinomial) 

  



Results – Week 2 

 
 

Cluster 1: Disengaged (64, 23.5%) 
Cluster 2: The Most Engaged (41, 15.1%) 

Cluster 3: Exercise-focused (69, 25.4%) 
Cluster 4: Engaged and high-performing (98, 36%) 

N = 272 



Results – Week 6, pt. 1 of 2 

Cluster 1: Highly engaged, exhibiting ‘guessing’ behavior, 
focused on MCQs in lecture materials (55, 19.1%) 
Cluster 2: Highly engaged, exhibiting ‘guessing’ behavior, 
focused on video-related activities (33, 11.5%) 

N = 287 



Results – Week 6, pt. 1 of 2 

Cluster 3: Engaged, but low performing (49, 17.1%) 
Cluster 4: Disengaged (113, 39.4%) 
Cluster 5: Engaged and well performing;  
low in video-related activities (37, 13%) 

N = 287 



Pre-midterm study approaches 

Class 1 (35.4%) 
  
Exercise-focused -> Exercise-focused -> Exercise-focused -> 
Exercise-focused, exhibiting ‘guessing’ behavior -> Disengaged 
 
Class 2 (11.8%) 
 
The Most Engaged -> The Most Engaged -> The Most Engaged | 
Engaged and high-performing ->  
The most engaged, but not effective -> Highly engaged, 
exhibiting ‘guessing’ behavior | Disengaged 



Pre-midterm study approaches 

Class 3 (36.1%)  
  
Engaged and high-performing -> The Most Engaged | Engaged 
and high-performing -> Engaged and high-performing -> Engaged 
and high-performing | Exercise-focused and high-performing -> 
Highly engaged, exhibiting ‘guessing’ behavior, focused on MCQs 
in lecture materials | Disengaged  
 
Class 4 (16.7%) 
 
Disengaged -> Disengaged -> Disengaged | Engaged and high-
performing -> Disengaged -> Disengaged 



Effects on grades 

 

 

 

 

 
Differences (midterm) *: c1 > c4; c3 > c2; and c3 > c4 

Differences (final)*: c3 > c2 
 

 

*Kruskal-Wallis test followed by Mann-Whitney U test 

Midterm exam Final exam 



From/To Disengaged     Comprehensive use Regular use Strategic use 

Disengaged 0.2426 0.2713 0.1183 0.3678 

Comprehensive use 0.1310 0.4765 0.1970 0.1958 

Regular use 0.2007 0.2380 0.2335 0.3279 

Strategic use 0.1480 0.1267 0.0764 0.6489 

 

Transition matrix (probabilities) - 
HMM 



LINKS OF LEARNING PROCESSES 
AND PRODUCTS 



 

How are learning strategies 
associated with  

quality of learning products 
while using technology? 

 

 

 

 



 
 

 

 

CLAS – Collaborative Lecture 
Annotation System 



Self-reflections in video annotations 
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Learning strategy 
-transition graphs- 

 

Student A  
(course 2 – graded) 

Student B 
(course 4 – non-graded) 



Transition graphs 
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Reflection 

 

Specificity associated with 
expertise development 



Reflection specificity 

 

Observation,  
Motive/Effect, and Goal 



 

Goal specificity 

 
d) Goal 

 



SCALING UP  
QUALITATIVE METHODS 





Cognitive presence 

Triggering event 

Exploration 

Integration 

Resolution 

Garrison, D. R., Anderson, T., & Archer, W. (2001). Critical Thinking and Computer Conferencing: A Model and Tool to 
Assess Cognitive Presence. American Journal of Distance Education, 15(1), 7-23. 



 

Manual analysis is labor intensive 



Cognitive presence classifier 

Random forest  
Features:  Named entities, LIWC features, LSA features Coh-Metrix features, and contextual 
Cohen’s κ = 0.65 

Kovanović, V., Joksimović, S., Waters, Z., Gašević, D., Kitto, K., Hatala, M., Siemens, G. (in press). Towards Automated 
Content Analysis of Discussion Transcripts: A Cognitive Presence Case. In Proceedings of the 5th International 
Conference on Learning Analytics & Knowledge (LAK 2016), Edinburgh, Scotland, UK, 2016. 



Cognitive presence classifier 

Kovanović, V., Joksimović, S., Waters, Z., Gašević, D., Kitto, K., Hatala, M., Siemens, G. (in press). Towards Automated 
Content Analysis of Discussion Transcripts: A Cognitive Presence Case. In Proceedings of the 5th International 
Conference on Learning Analytics & Knowledge (LAK 2016), Edinburgh, Scotland, UK, 2016. 



MIXING ANALYTICS METHODS 



Network learning analytics 



How does language shape  
network centrality and performance? 

Joksimović, S., Dowell, N., Skrypnyk, O., Kovanović, V., Gašević, D., Dawson, S., Graesser, A. C. (under  review). 
Exploring the Accumulation of Social Capital in cMOOC Through Language and Discourse,” International Review  of 
Research in Online and Distance Learning.  



xMOOC study approach 
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Betweenness centrality 
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xMOOC Performance models 
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NEW SOURCES OF DATA 



 

Physiological measurement and 
wearables 



 

Eye gazing to track the sync of 
students with video lectures in 

MOOCs 

Sharma, K., Caballero, D., Verma, H., Jermann, P., & Dillenbourg, P. (2015). Looking AT versus Looking THROUGH: A Dual 
Eye-tracking study in MOOC Context. In Proceedings of Computer Supported Collaborative Learning.  



 

Dual eye gazing to track  
student collaboration success 

Sharma, K., Caballero, D., Verma, H., Jermann, P., & Dillenbourg, P. (2015). Looking AT versus Looking THROUGH: A Dual 
Eye-tracking study in MOOC Context. In Proceedings of Computer Supported Collaborative Learning.  



 

Dual eye gazing to track  
student collaboration success 

Sharma, K., Jermann, P., Nüssli, M. A., & Dillenbourg, P. (2013). Understanding collaborative program comprehension: 
Interlacing gaze and dialogues. In Proceedings of Computer Supported Collaborative Learning (CSCL 2013). 



 

Multi-modality Lab at North Carolina State University (courtesy of Roger Azevedo) 



Ideally suited 
method 
Not ideally suited 
method 
Ideally suited method, 
but context dependent 

Azevedo, R. (2015). Defining and measuring engagement and learning in science: Conceptual, theoretical, 
methodological, and analytical issues. Educational Psychologist, 50(1), 84-94. 

Capturing and 
measurement of 
engagement-
related processes 



CONCLUSION 



 
 

 

Process nature of learning 
- beyond coding and counting - 

 
 

 

 

 

 
van der Aalst, W. (2012). Process mining: Overview and opportunities. ACM Transactions on Management 
Information Systems (TMIS), 3(2), 7. 



 
 

 

Scaling up qualitative analysis  

 
 

 

 

 

 



 
 

 

Approaches to mixing data sources 
and analysis methods 

 
 

 

 

 

 



 

More granular trace data for  

real-time feedback 

Yudelson, M. V., Koedinger, K. R., & Gordon, G. J. (2013, January). Individualized Bayesian knowledge tracing 
models. In Artificial Intelligence in Education (pp. 171-180). Springer Berlin Heidelberg. 



 

Can we make more dynamic and 
self-adaptive models?  



 

Better instrumentation and 
measurement needed 



 

Design principles and effects of 
analytics-based feedback 



 

Ethics and privacy in  
learning analytics 



 

Many thanks! 


