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Learning analytics 
in 2002?

Over 86% of all hits to 
the LMS during the six 
semesters of the 
bachelor program 
occurred from outside 
the university 
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Ifenthaler, D., & Widanapathirana, C. (2014). Development and validation of a learning analytics framework: Two case studies using support vector machines. 
Technology, Knowledge and Learning, 19(1–2), 221–240. https://doi.org/10.1007/s10758-014-9226-4 

https://doi.org/10.1007/s10758-014-9226-4
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Schumacher, C., & Ifenthaler, D. (2018). Features students really expect from learning analytics. Computers in Human Behavior, 78, 397–407. 
https://doi.org/10.1016/j.chb.2017.06.030 
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Ifenthaler, D. (2021). Learning analytics for school and system management. In OECD (Ed.), OECD digital education outlook 2021: pushing the frontiers 
with artificial intelligence, blockchain and robots (pp. 161–172). OECD Publishing. 
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N = 1,030,778 enrolments

Ifenthaler, D., & Widanapathirana, C. (2014). Development and validation of a learning analytics framework: Two case studies using support 
vector machines. Technology, Knowledge and Learning, 19(1–2), 221–240. https://doi.org/10.1007/s10758-014-9226-4 

Indicators

https://doi.org/10.1007/s10758-014-9226-4
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Ifenthaler, D., & Yau, J. Y.-K. (2020). Utilising learning analytics to 
support study success in higher education: a systematic review. 
Educational Technology Research and Development, 68(4), 1961–
1990. https://doi.org/10.1007/s11423-020-09788-z 

https://doi.org/10.1007/s11423-020-09788-z
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Author Country Sample (N) Demographic 
background

Key purpose of the 
study

Variables Operationalized study 
success measure

Interventions Research rigor

Aguiar, et al. (2014) USA 29 First-year 
Engineering 
students

Identification of 
retained and 
dropout students

ePortfolio logins; hits; 
submissions

Engagement from students’ 
electronic portfolios

N/A weak

Andersson, et al. (2016) Sweden 66 Online 3d-graphics 
students

Prediction of course 
completion

Number and frequency of 
posts; lengths of posts

Mention of predicting course 
performance via activities 
posted on online forum

N/A weak

Aulck, et al. (2017) USA 24,341 First-year STEM 
students

Prediction of course 
completion

Demographics; pre-college 
entry information 
(standardized test scores, 
high school grades, parents’ 
educational attainment, and 
application zip code); 
complete transcript records

No mention of measuring 
study success, only the 
prediction of dropout

N/A weak

Bukralia, et al. (2014) USA 1,376 First-year students Prediction of 
student dropout

Academic ability; financial 
support; academic goals; 
technology preparedness; 
demographics; course 
engagement and motivation; 
course characteristics

No operationalisation of study 
success measure

N/A weak

Bydzovska, & Popelinsky 
(2014)

Czech Republic 7,457 Informatics students Prediction of pass/
fail in courses in 
relation to social 
behaviour

Study-related data; social 
behaviour data; data about 
previously passed courses

No operationalisation of study 
success measure

N/A weak

Cambruzzi, et al. (2015) Brazil 2,491 Online Mathematics 
students

Prediction of 
student dropout

Interactions between 
students in forum

Adequate pedagogical actions 
that need to be taken if at-risk 
students are located

Set of pedagogical 
actions which are 
individualised 
depending on each 
of the students’ 
weekly reports

moderate

Carroll & White (2017) Ireland 524 First-year students Prediction of 
learning behaviour

Lecture, tutorial, online 
scheduled attendance; print, 
online access to learning 
materials

No operationalisation of study 
success measure

Rigorous attendance 
requirements, 
assessment 
prompted 
engagement

weak

Carter, et al. (2017) USA 140 Informatics students Prediction of 
student performance

Programming activities; 
students’ grades on 
individual assignments; 
students’ overall assignment 
average; students’ final 
grades

Programming behaviour N/A moderate

Casey & Azcona (2017) Ireland 111 Computer science 
students

Prediction of low 
performing students

No. of successful or failed 
compilations; no. of 
connections; time spent; 
slides coverage

No operationalisation of study 
success measure

Structure students 
learning so that 
students can front-
load their online 
work

moderate

Indicators

https://doi.org/10.1007/s11423-020-09788-z
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Ifenthaler, D., & Widanapathirana, C. (2014). Development and validation of a learning analytics framework: Two case studies using support 
vector machines. Technology, Knowledge and Learning, 19(1–2), 221–240. https://doi.org/10.1007/s10758-014-9226-4 

Static 
indicators

Dynamic 
indicators

Dynamic 
indicators

Static 
indicators

https://doi.org/10.1007/s10758-014-9226-4
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Yau, J., & Ifenthaler, D. (2020). 
Reflections on different learning 
analytics indicators for supporting 
study success. International 
Journal of Learning Analytics and 
Artificial Intelligence for Education, 
2(2), 4–23. https://doi.org/
10.3991/ĳai.v2i2.15639 

Table 2. Summary of learning analytics indicators mapped to three data profiles 

https://doi.org/10.3991/ijai.v2i2.15639
https://doi.org/10.3991/ijai.v2i2.15639
https://doi.org/10.3991/ijai.v2i2.15639
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Reflections on indicators for learning 
analytics identify a majority of data-

driven approaches.

Yau, J., & Ifenthaler, D. (2020). Reflections on different learning analytics indicators for supporting study success. International 
Journal of Learning Analytics and Artificial Intelligence for Education, 2(2), 4–23. https://doi.org/10.3991/ijai.v2i2.15639 

https://doi.org/10.3991/ijai.v2i2.15639
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26 dimensions 
including 228 

indicators

Hemmler, Y., & Ifenthaler, D. (2022). Four perspectives on personalized and 
adaptive learning environments for workplace learning. In D. Ifenthaler & S. 

Seufert (Eds.), Artificial intelligence education in the context of work (pp. 27–
39). Springer. https://doi.org/10.1007/978-3-031-14489-9_2 

https://doi.org/10.1007/978-3-031-14489-9_2
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39). Springer. https://doi.org/10.1007/978-3-031-14489-9_2 

https://doi.org/10.1007/978-3-031-14489-9_2
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Hemmler, Y., & Ifenthaler, D. (2022). Four perspectives on personalized and 
adaptive learning environments for workplace learning. In D. Ifenthaler & S. 
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39). Springer. https://doi.org/10.1007/978-3-031-14489-9_2 
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Hemmler, Y. M., Rasch, J., & Ifenthaler, D. (2022). A categorization of 
workplace learning goals for multi-stakeholder recommender systems: A 

systematic review. TechTrends. https://doi.org/10.1007/s11528-022-00777-y 

5 dimensions 
including 43 
indicators

https://doi.org/10.1007/s11528-022-00777-y
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Learning analytics indicators need 
to address specific persisting 

dilemmas in the measurement of 
change.

Ifenthaler, D. (2010). Zur Notwendigkeit einer systematischen Erfassung von Bildungsverläufen. Methodologische Anforderungen 
einer Veränderungsmessung. Lehrerbildung auf dem Prüfstand, 3(Sonderheft), 86-105. 
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Over-correction-
under-correction 

dilemma.
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Ifenthaler, D. (2010). Zur Notwendigkeit einer systematischen Erfassung von Bildungsverläufen. Methodologische 
Anforderungen einer Veränderungsmessung. Lehrerbildung auf dem Prüfstand, 3(Sonderheft), 86-105. 
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Unreliability-
invalidity 
dilemma.

Physicalism-
subjectivism 

dilemma.
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Is there enough intra-individual 
learner variability on the indicator to 

justify the need for analytics?
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Learning designers need to be 
enabled to translate pedagogical 
constructs into data modalities, 

and vice versa.

Ifenthaler, D., Gibson, D. C., & Dobozy, E. (2018). Informing learning design through analytics: Applying network graph analysis. 
Australasian Journal of Educational Technology, 34(2), 117–132. https://doi.org/10.14742/ajet.3767 

https://doi.org/10.14742/ajet.3767
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Ifenthaler, D. (2021). Learning analytics for school and system management. In OECD (Ed.), OECD digital education outlook 2021: pushing the frontiers 
with artificial intelligence, blockchain and robots (pp. 161–172). OECD Publishing. 
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Educational Data Literacy (EDL) is 
the ethically responsible collection, 

management, analysis, 
comprehension, interpretation, and 
application of data from educational 

contexts.

Papamitsiou, Z., Filippakis, M., Poulou, M., Sampson, D. G., Ifenthaler, D., & Giannakos, M. (2021). Towards an educational data 
literacy framework: enhancing the profiles of instructional designers and e-tutors of online and blended courses with new 
competences. Smart Learning Environments, 8, 18. https://doi.org/10.1186/s40561-021-00163-w 

https://doi.org/10.1186/s40561-021-00163-w
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