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Learning analytics evolved from 
the increased opportunities to 
collect and make use of data 
about learning and learning 

contexts.

Gašević, D., Jovanović, J., Pardo, A., & Dawson, S. (2017). Detecting learning strategies with analytics: links with self-reported measures and academic performance. 
Journal of Learning Analytics, 4(2), 113–128. doi:jla.2017.42.10
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Ifenthaler, D. (2020). Change management for learning analytics. In N. Pinkwart & S. Liu (Eds.), Artificial intelligence supported educational technologies (pp. 261–272). 
Cham: Springer.
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Peña-Ayala, A. (Ed.) (2014). Educational data 
mining. Cham: Springer.

Educational data mining 
(EDM) refers to the process 

of extracting useful 
information out of a large 

collection of complex 
educational datasets.

Learning Analytics use static and 
dynamic information about 

learners and learning 
environments – assessing, 

eliciting, and analysing it – for 
real-time modelling, prediction, 

and support of learning 
processes, learning 

environments, as well as 
educational decision making

Ifenthaler, D. (2015). Learning analytics. In J. M. Spector 
(Ed.), The SAGE encyclopedia of educational technology 

(Vol. 2, pp. 447–451). Thousand Oaks, CA: Sage.
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Benefits from learning analytics 
include three perspectives: 
summative, real-time, and 

predictive.

Ifenthaler, D. (2015). Learning analytics. In J. M. Spector (Ed.), The SAGE encyclopedia of educational technology (Vol. 2, pp. 447–451). Thousand Oaks, CA: Sage.
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Summative Real-time/
Formative

Predictive/
Prescriptive

Governance

• Apply cross-ins.tu.onal 
comparisons 

• Develop benchmarks 
• Inform policy making 
• Inform quality assurance 

processes

• Increase produc.vity 
• Apply rapid response to 

cri.cal incidents 
• Analyse performance

• Model impact of 
organisa.onal decision-
making 

• Plan for change management

Organisation
• Analyse processes 
• Op.mise resource alloca.on 
• Meet ins.tu.onal standards 
• Compare units across 

programs and facul.es

• Monitor processes 
• Evaluate resources 
• Track enrolments 
• Analyse churn

• Forecast processes 
• Project aFri.on 
• Model reten.on rates 
• Iden.fy gaps

Learning design
• Analyse pedagogical models 
• Measure impact of 

interven.ons 
• Increase quality of curriculum

• Compare learning designs 
• Evaluate learning materials 
• Adjust difficulty levels 
• Provide resources required by 

learners

• Iden.fy learning preferences 
• Plan for future interven.ons 
• Model difficulty levels 
• Model pathways

Teacher
• Compare learners, cohorts 

and courses 
• Analyse teaching prac.ses 
• Increase quality of teaching

• Monitor learning progression 
• Create meaningful 

interven.ons 
• Increase interac.on 
• Modify content to meet 

cohorts’ needs

• Iden.fy learners at risk 
• Forecast learning progression 
• Plan interven.ons 
• Model success rates

Learner
• Understand learning habits 
• Compare learning paths 
• Analyse learning outcomes 
• Track progress towards goals

• Receive automated 
interven.ons and scaffolds 

• Take assessments including 
just-in-.me feedback

• Op.mise learning paths 
• Adapt to recommenda.ons 
• Increase engagement 
• Increase success rates 

Ifenthaler, D. (2015). Learning analytics. In J. M. Spector (Ed.), The SAGE encyclopedia of educational technology (Vol. 2, pp. 447–451). Thousand 
Oaks, CA: Sage.
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CURRICULUM
Requirements
Learning	design
Sequencing
Learning	objectives
Learning	outcomes
Assessment
Evaluation INSTITUITION

Strategies

GOVERNANCE
Decision-making

ONLINE	LEARNING	
ENVIRONMENT
Learning	path	&	time
Interaction	data
Content	navigation
Discussion	activity
Assessment
Performance
Ratings
Satisfaction

LEARNER	
CHARACTERISTICS
Interest
Prior	knowledge
Academic	performance
Standardised	inventories
Competencies
Socio-demographic	data
Social	media	preferences
Learning	strategies

TEACHER
CHARACTERISTICS
Domain	knowledge
Beliefs
Learning	philosophies
Classroom	management
Ability	grouping
Learning	support

LEARNING	
ANALYTICS	ENGINE
Pedagogical	theories
Data	mining
Structured	data
Unstructured	data
Natural	language	
processing
Algorithms
Validation
Comparison
Patterns
Prediction

REPORTING	
ENGINE
Dashboard
Heatmap
Statistics	and	graphs
Automated	report

PERSONALISATION	
AND	ADAPTATION	
ENGINE
Visualisation
Prompts
Scaffolding
Feedback
Recommendation
Gamification

Ifenthaler, D. (2015). Learning analytics. In J. M. Spector (Ed.), The SAGE encyclopedia of educational technology (Vol. 2, pp. 447–451). Thousand Oaks, CA: Sage.
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Sclater, N., Peasgood, A., & Mullan, J. (2016). Learning analytics in higher education: A review of UK and international practice. Bristol: JISC.
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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. doi:10.1007/s11423-020-09788-z
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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. doi:10.1007/s11423-020-09788-z

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

Table 1. Summary of key publications focusing on learning analytics for supporting study success 
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Table 2. Summary of learning analytics indicators mapped to three data profiles 

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. 
doi:10.3991/ĳai.v2i2.15639
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Indicators for learning analytics 
need to include reactive and non-

reactive data collection, i.e., 
multimodal data for supporting 
learning, teaching, and study 

success.

Blikstein, P., & Worsley, M. (2016). Multimodal learning analytics and education data mining: using computational technologies to measure complex learning tasks. 
Journal of Learning Analytics, 3(2), 220–238. doi:10.18608/jla.2016.32.11
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(So far) no wide-scale 
organisational implementation of 

learning analytics exist.

Buckingham Shum, S., & McKay, T. A. (2018). Architecting for learning analytics. Innovating for sustainable impact. EDUCAUSE Review, 53(2), 25–
37.
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Learning	
analytics	
specialist

Information	
management	
architect

Database	
analyst

LMS	specialist Data	scientist Learning	
designer

No	staff 1-5	staff 6-10	staff More	than	10	staff

Data	warehouse Automated	data	
reporting

Interactive	
dashboards

Personalised	
help

Automated	
essay	scoring

Social	network	
analysis

No Yes

Ifenthaler, D. (2017). Are higher education institutions prepared for learning analytics? 
TechTrends, 61(4), 366–371. doi:10.1007/s11528-016-0154-0
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Gibson, D. C., & Ifenthaler, D. (2017). Preparing the next generation of education researchers for big data in higher education. In B. Kei Daniel (Ed.), 
Big data and learning analytics: Current theory and practice in higher education (pp. 29–42). New York, NY: Springer.

Awareness
• Logfile
• Reporting

Experimentation
• Cross-system 

integration
• Visualisation / 

Dashboards

Implementation
• Dashboards for 

stakeholders 
(learner, teacher, 
etc.)

• Adaptive support

Transformation
• Change in learning 

culture
• Sharing of 

information 

Maturity level of learning analytics
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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. doi:10.1007/s10758-014-9226-4
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Customise	your	learning	centre	by	adding	and	moving	tiles

MY STUDY CENTRE

TO	 CONTENT

0	--- - - - -- -- -- %	correct	- -- -- -- -- -100

Learning	 challenges	 1

Learning	 challenges	 2

Learning	 challenges	 3

Learning	 challenges	 4

CLASS	PERFORMANCE	 by	Sub-Learning	Challenges

RECOMMENDED	 READING

Many research studies have clearly demonstrated the importance of
cognitivestructures as thebuildingblocks of meaningful learning and
retention of instructionalmaterials. Identifying thel earners’ cognitive
structures will help instructors to organize materials, identify
knowledgegaps, and relat enew m aterials to existing slots or anchors
within thelearners’ cognitiv estructures. Thepurposeof our empirical
investigation is to track thedevelopment of cognitivestructures over
time. Accordingly,wedemonstratehow various indicators …

TAKE	 PRE-TEST

PREDICTED	 COURSE	MASTERY

degree	of 	mastery	- - - - - -- -- -- -- -- -- -- -- -- -- -- ->

GET	 HELP

… … …

REPLY

LATEST	 CONVERSATION

How	can	I	identify	an	appropriate	
research	 question	or	topic	within	the	
area	 of 	school	organisation?

Can	you	operationalise	school	
organisation?

ACTIVITIESPEER	 ASSESSMENT

Introduction	to	Research	Skills

Wiki	 entry	research	 methodologies

Post	your	research	question	to	forum

Assignment	qualitative	 research	methods…

Self-
assessment

Dynamic	content	
recommendation

Performance	
level

Personalise	
environment

Visual	signals

Highlight	social	
interaction

Predictive	
course	mastery

Recommended	
activities

Schumacher, C., & Ifenthaler, D. (2018). Features students really expect from learning analytics. Computers 
in Human Behavior, 78, 397–407. doi:10.1016/j.chb.2017.06.030
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Schumacher, C., & Ifenthaler, D. (2018). Features students really expect from learning analytics. Computers in Human Behavior, 78, 397–407. 
doi:10.1016/j.chb.2017.06.030
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Klasen, D., & Ifenthaler, D. (2019). Implementing learning analytics into existing higher education legacy 
systems. In D. Ifenthaler, J. Y.-K. Yau, & D.-K. Mah (Eds.), Utilizing learning analytics to support study 
success (pp. 61–72). New York, NY: Springer.

General 
Data 
Protection 
Regulation
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Ifenthaler, D., & Schumacher, C. (2019). Releasing personal information within learning analytics systems. In D. G. Sampson, J. M. Spector, D. Ifenthaler, 
P. Isaias, & S. Sergis (Eds.), Learning technologies for transforming teaching, learning and assessment at large scale (pp. 3–18). Cham: Springer.
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Drachsler, H., & Greller, W. (2016). Privacy and analytics - it's a DELICATE issue. A checklist for 
trusted learning analytics. Paper presented at the Sixth International Conference on Learning 
Analytics & Knowledge, Edinburgh, UK. 
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Ifenthaler, D. (2020). Change management for learning analytics. In N. Pinkwart & S. Liu (Eds.), Artificial 
intelligence supported educational technologies (pp. 261–272). Cham: Springer.
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Literacy.
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Sampson, D. G., Papamitsiou, Z., Ifenthaler, D., & Giannakos, M. (in press). Educational data 
analytics literacy. Cham: Springer.

Educational Data Literacy (EDL) is the ethically responsible 
collection, management, analysis, comprehension, 

interpretation, and application of data from educational 
contexts
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